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Abstract. This paper presents the experiments and fuel reloads optimization of the Jules Horowitz
research Reactor (JHR) using a genetic algorithm coupled with a convolutional neural network. At the end
of a cycle, the most burned fuel elements will be removed and replaced by fresh fuel elements. Since the
purpose of this reactor is to conduct experiments, it is crucial to reach experimental performances. With
this aim, the goal was to find the best location for each fuel element for the next cycle, i.e. the optimal
core configuration that satisfies not only operations and safety constraints but also experimental goals.
The analysis was based on an algorithm using two Python libraries: PyGAD for the genetic algorithm and
TensorFlow for the convolutional neural network, thus providing a simple implementation of the method.
It has been shown the convolutional neural network predicts the core parameters in 12 ms with a low error.
Moreover, the genetic algorithm converges toward an optimal core configuration in a very short computa-
tion time (∼7.5 minutes) as well. This paper demonstrates that the combination of a convolutional neural
network and a genetic algorithm allows obtaining the optimal core configuration for a research reactor in
particular to maximize its experimental performances.

1 Introduction

The Jules Horowitz Reactor (JHR), currently under con-
struction at the Cadarache CEA site, is a unique 100 MW
research reactor that will be used to test materials and
fuels under irradiation in support of current and future
nuclear reactors [1]. The production of radioisotopes for
nuclear medicine and non-nuclear industry will also be
ensured. At the end of an operation cycle in the JHR, the
most depleted fuel elements of the core will be removed
and replaced by fresh fuel elements in order to hold the
duration of the next cycle. In order to minimize radioac-
tive waste, the fuel elements have to be depleted as much
as possible. Moreover, experimental performances that
depend on the reload pattern have to be reached. Thus,
the main challenge is to find the best location of each fuel
element in the reactor core for the next cycle so that safety,
economical and experimental constraints are satisfied.

This type of optimization problems was initially
heuristically approached by “nuclear reload design engi-
neers” with intuition and field computations [2]. However,
the development of numerical approaches brought so sig-

∗ e-mail: guillaume.ritter@cea.fr

nificant improvements that it now appears more efficient
to rely on artificial methods [3].

Since 1990s, the researchers have proposed different
optimization methods for nuclear core reload problems
such as simulated annealing algorithms, tabu search algo-
rithms, evolutionary algorithms, particle swarm optimiza-
tion, and ant colony optimization [4]. Among these meth-
ods, genetic algorithms are commonly chosen for this opti-
mization problem. It was introduced for the search of an
optimal fuel arrangement within a power reactor core (e.g.
[2,5]). Another study showed good results in terms of pre-
cision and computational cost for the fuel management
optimization of a PWR [6]. The approach was also suc-
cessfully adapted to research reactors where an objective
function was used to maximize the effective multiplica-
tion factor and minimize the power peaking factor [7].
Besides, reference [8] presents the definitions of the basic
concepts of genetic algorithms for the reload problem and
applied them as an example to the BN type Russian reac-
tor. Reference [9] proposed new geometric genetic oper-
ators and fitness function construction. Multiobjective
optimization of the core reloading pattern of PARR-1 was
also made using a genetic algorithm coupled with Monte
Carlo methods [10]. The effective multiplication factor and
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thermal neutron flux were maximized while the power
peaking factor and position of control fuel elements were
constrained. Furthermore, a multiobjective optimization
for a TRIGA type research reactor was successfully com-
pleted [11] where three parameters where optimized: the
effective multiplication factor was maximized, the center
fuel temperature was minimized, and the departure from
nucleate boiling ratio was maximized. This last study used
a genetic algorithm coupled with neutronics and thermal-
hydraulics codes that was able to converge toward an opti-
mal core configuration.

The use of machine learning methods has increased
especially in nuclear engineering. These methods are used
to solve different problems such as health and monitoring,
radiation detection and optimization [12]. In particular,
artificial neural networks have been used to predict PWR
core parameters [13], fuel cycle scenarios [14] or some bur-
nup calculations [15]. In another study, a neural network
was also used to predict core characteristics such as peak-
ing factor, cycle length and maximum burnup in order to
improve optimization efficiency [16]. A recent study has
also investigated various artificial neural network architec-
tures to predict the cycle length of a typical PWR with a
very good accuracy [17]. Convolutional neural networks,
that are a type of networks used for computer vision, were
introduced in the 2020s to predict core parameters [18].
They showed significantly higher performances than arti-
ficial neural network. Another study combined computer
vision approaches and modular neural network to success-
fully predict the target neutronics parameters [19]. To cur-
rent knowledge, convolutional neural networks have not
yet been used for both core parameters and experimental
performances prediction.

Furthermore, some studies already combined genetic
algorithms optimization methods and machine-learning
methods to reduce computation time for the core reload
problem. A study developed a genetic algorithm to search
for the optimal core configuration of PWR and an arti-
ficial neural network to predict several core parameters
[20]. Recently, a study used this time a convolutional neu-
ral network and a genetic algorithm to optimize the fuel-
reloading pattern of a PWR [21]. The study showed that
the optimal configuration was obtained in a very short
time (∼20 minutes). Lastly, [22] used a similar method to
rapidly obtain the fuel reloading patterns for HPR-1000.
However, to current knowledge, the method coupling a
genetic algorithm with a convolutional neural network has
never been used for research reactors, especially to meet
experimental expectations.

Facing an optimization problem, several options can be
envisaged [4]. A cognitive and heuristic approach would
be sound in the first place. It uses physics observations
and heuristics rules that provide helpful guidance toward
an operational configuration and above all a justification
for the final choice. However, this strategy can seldom
be exhaustive and is not necessarily closest to the opti-
mum [2]. A formal mathematical approach would thus go
beyond a handful of intuitions. Previous studies have con-
verged on Genetic Algorithms which has been used as a
basis for this paper. It has been coupled with a surro-
gate model to find an optimal JHR core configuration. A

Fig. 1. Outline of the ADELINE test device (not to scale).

core configuration is defined by the position of each fuel
element in the core. Since there are 34 fuel elements in
the JHR, there are 34!/10! = 81.36 × 1030 possible con-
figurations obtained by shuffling 10 new fuel elements in
the core. The choice of using a genetic algorithm coupled
with a fast and reliable surrogate model was made because
it allows converging toward a good enough configuration
with very low computational time [8]. It was assumed
convolutional neural networks would best match the con-
straints of speed and reliability in this study. An optimal
configuration is one that optimizes the fuel use: the Begin-
ning of Cycle effective multiplication factor Keff should be
maximized to ensure the cycle duration. The JHR includes
different locations, where test devices will be placed to test
experimental fuels. The JHR core is surrounded by a large
neutron reflector made of beryllium and water, providing
an intense thermal flux to experiments. In particular, the
ADELINE irradiation loop, which is located in this reflec-
tor, will contain one PWR experimental rod [23]. This
device will be placed on a so called displacement system
in order to create power ramps in order to experimentally
reproduce PWR incidents. Thus, an optimal core config-
uration is one that also maximizes the linear power in the
experimental rod Pexp. Eventually, an optimal configura-
tion is one that satisfies safety constraints: the maximal
power peaking Factor F3D should be lower than 2.76.

2 Problem description

The ADELINE irradiation loop, that will be placed in
the reflector, is dedicated to study the behaviour of fuel
rods undergoing power ramps transients [23]. Since the
device is placed on a displacement system, different types
of power ramps can be performed with this device. They
allow defining reliable Stress Corrosion Cracking-Pellet
Cladding Interaction failure thresholds [23]. Figure 1
shows a radial cut of the ADELINE test device. The exper-
imental fuel rod, in red on Figure 1, is placed at the cen-
ter of the device and surrounded by a dark blue cooling
circuit that reproduces PWR conditions. Pressure, safety
and carrier tubes, in green, are nested inside each other.

The JHR operates on a 27 Equivalent Full Power Days
cycle length basis. The reactivity is controlled with the
help of 23 control rods. These neutron absorbers include
2 separate groups. Power steering absorbers stand in the
middle of the core and are used for divergence and in
any power adjustment phase. Moreover, the consecutive
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extraction of each among 19 compensation absorbers is
used to keep the reactor critical in spite of the reactivity
loss caused by fuel burnup. Eventually, additional safety
absorbers are always out of the core during operations and
will be triggered by any safety event. For the search of an
optimal core configuration, the extraction sequence of the
compensation absorbers was fixed.

The JHR uses 34 mechanically identical high-enriched
fuel elements. The depletion and isotopic composition of a
fuel element at the end of a cycle depends on its position
in the core during each new cycle. A typical fuel element
configuration is arbitrarily set after several out-in reloads
providing an equilibrium situation as shown in Figure 2. It
shows a typical heatmap of burnups for each fuel element
in the JHR core. Fuel cell numbers are shown at the top
of each fuel element location, while fuel element burnup
is added below. It shows yellow fresh elements that have
reached a maximum burnup of 32 GWd/t at the End Of
their first Cycle. Fuel elements with one, two or three addi-
tional cycles have burnups of about 60, 90 or 120 GWd/t
respectively. The JHR core has room for 37 fuel cells, but
3 of them will be occupied by experiments instead of fuel
elements. In this study, these 3 locations are filled with
dummy test devices and leave empty spaces on visual rep-
resentations.

From this End Of Cycle core configuration, the most
burned fuel elements are removed and replaced by 10 fresh
fuel elements. The “reload engineer” challenge is to find
the optimal core configuration for the next cycle by deter-
mining the best location for each fuel element for a par-
ticular objective.

In our case, the fuel reload pattern optimization is
multi-objective. In order to hold the cycle duration, the
Keff is maximized. Furthermore, to reach the desired
experimental performances, the linear power in the exper-
imental rod is maximized. Since the safety heat removal
limits could be exceeded by the fuel reloading pattern,
the power peaking factor F3D is minimized and con-
strained by the safety limit value. These three parameters
are jointly optimized: an optimal configuration of the core
would consist in a high Keff , a high linear power Pexp in
the experimental rod and a low power peaking factor F3D
below the safety limit value.

3 Methodology

3.1 Core physics calculations

3.1.1 Main configuration

In order to analyze on a physics point of view the opti-
mal core configuration, a preliminary neutronics study was
made. The goal is to investigate, understand and justify
the impact of the core configuration on experimental per-
formance. For this purpose, core physics calculations were
made with TRIPOLI-4 R©, a continuous-energy radiation
transport Monte Carlo code developed by CEA [24]. For
this preliminary study, the reference core is filled with 34
initially high-enriched fuel elements each with a burnup
of 50.7 GWd/t which corresponds to an average burnup

of core fuel elements in a typical equilibrium situation.
The reflector is filled with beryllium and dummy experi-
ments except for the ADELINE test device. This device
is placed next to the core and contains one experimen-
tal rod. The experimental rod is fresh and 5% 235U mass
enriched corresponding to a typical PWR rod enrichment
used in experiments. The compensation control rods are
placed at their critical position. 109 neutron histories are
simulated.

3.1.2 Sensitivity studies

Numerically optimizing core parameters will use several
different ways. However, it seemed necessary to start
the old fashion way, with the basic physics observations,
like a “reload design engineer” [2]. This preliminary way
included the following sensitivity studies. The sensitivity
of target parameters is developed according to either the
absorbers insertion in the core or the burnup of each fuel
elements. The sensitivity to absorbers insertion is applied
to compensation and power steering control rods. This
case corresponds to Beginning Of Cycle conditions. The
sensitivity to local fuel elements burnup considers several
configurations. This case corresponds to Middle Of Cycle
conditions. These studies will also contribute to a better
understanding and justification of the results provided by
numerical methods, some of which may be Physics blind.

3.2 Genetic algorithm

In order to find the optimal core configuration, a genetic
algorithm was used, considering it provides satisfactory
results for reload problems [8,11]. The general principle,
the operators and the parameters of the algorithm, as well
as the fitness function are presented below.

3.2.1 General principle

Genetic algorithms are used to solve optimization prob-
lems by applying biologically inspired processes based on
the theory of evolution by natural selection [25]. Biolog-
ical terminology is traditionally used to describe these
algorithms. An individual is a possible solution to the
optimization problem. A group of individuals constitutes
a population. Each individual is unique and character-
ized by its genotype, which contains the properties, i.e.
the genes, of this individual. Genetic algorithms converge
toward better solutions at each iteration using the prin-
ciples of inheritance and adaptation. Inheritance is the
transmission of the properties to offspring while adapta-
tion characterizes the fitness of an individual to its envi-
ronment. At each iteration of the algorithm, the popula-
tion is called a generation.

The algorithm starts by randomly selecting individu-
als to create the initial population. The fitness of each
individual in this population is evaluated through a fit-
ness function that depends on the optimization problem.
The individuals with the highest fitness values are then
selected from the population. A new population is gen-
erated from these selected individuals through genotypes
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Fig. 2. Burnup map of the JHR core at the End Of a typical equilibrium Cycle and location of the ADELINE test device. The
fuel cell location number is framed above while the burnup of the fuel element is specified below.

crossover and mutation. During the crossover operation,
the genotype of the selected individuals are combined to
generate new offspring, while during the mutation opera-
tion, the genotype of the offspring is randomly modified.
The next iteration of the algorithm uses the population
made from the offspring. This new generation then goes
through the evaluation, selection, crossover, and mutation
operations. The algorithm goes on until the desired num-
ber of generations are reached.

For this study, the open-source Python library PyGAD
was used [26]. PyGAD allows building genetic algorithms
for both single-objective and multi-objective optimiza-
tion problems. Different types of selection, crossover, and
mutation operators are implemented in PyGAD.

3.2.2 Genetic algorithm operators and parameters

In this study, a genetic algorithm built with the PyGAD
library was used to converge toward optimal core config-
urations. In this genetic algorithm, different core configu-
rations are represented each by a unique genotype. Each
of the 24 burned and 10 fresh fuel elements is numbered
from 1 to 34 and can be inserted in any of the 34 fuel
cells depicted in Figure 2. These numbers are the genes
of the individuals. Each individual owns 34 genes. The
genotype is a list of the fuel elements numbers where the

indices of the numbers correspond to the fuel cell loca-
tions defined in Figure 2 (Fig. 3). For example, the geno-
type [3, 34, . . . , 2] means that location 001 in the core
is filled by fuel element numbered 3, location 101 is filled
by fuel element numbered 34 and location 318 is filled by
fuel element numbered 2. Duplicate genes are not allowed:
one fuel element cannot be placed at two locations at the
same time.

The parents are selected through the tournament selec-
tion technique. Several tournaments among randomly
selected individuals in the population are made and the
individuals with the best fitness are selected. The selected
individuals, i.e. the parents, are not kept in the new gen-
eration. A two-points crossover operation technique [11]
is performed as follows: the genes between two randomly
selected points in the parent’s genotype are swapped to
create two children as shown in Figure 3. The used muta-
tion operation is the swap mutation where two randomly
selected genes are swapped as shown in Figure 3. In other
words, the location of two random fuel elements are inter-
changed in the core. The mutation rate is fixed at 5%.
The best solution in the population is kept in the next
generation. It means that the fitness of the best solution
in the population will only remain stable or increase after
each generation.
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Fig. 3. Genotype and operators of the genetic algorithm.

The size of the population is fixed to 20 since the size
of this present reload problem is smaller than reload prob-
lems in other published works where the population size
was fixed from 40 to 200 [11]. The number of parents mat-
ing is fixed to 10. It means that 10 solutions in the pop-
ulation will be selected as parents. It has been observed
that less parents mating increased the execution time of
the algorithm and lead to less optimal core configurations.
The number of generations are fixed at 500, where the
algorithm seemed to have converged over an optimal core
configuration.

3.2.3 Fitness function

The best solution to this reload problem consists of a core
configuration that maximizes Keff and Pexp and minimizes
F3D. The fitness function is constructed with the weight-
ing method as follows (Eq. 1):

F = W1(Keff − 1) + W2Pexp + W3(2.76− F3D) (1)

where W1, W2 and W3 are the weights factors of Keff , Pexp

and F3D respectively. Keff and the F3D are constrained:
Keff should be larger than 1 to hold the cycle duration and
safety limits impose a F3D lower than 2.76 for the JHR.
The weights influence the impact of the parameters on
the fitness value. Adjustments were made to find weights
that allow each of the three parameters to have an equal
impact on the fitness value. The following weights were
chosen: W1 = 500, W2 = 0.03, and W3 = 50.

3.3 Convolutional neural network

In order to predict the three neutronics parameters Keff ,
Pexp and F3D for a particular core configuration, a surro-
gate model is used. This surrogate model is a convolutional
neural network. The general principle, the implementation
and parameters of the model, and the training and vali-
dation procedures are presented below.

3.3.1 General principle

A convolutional neural network is a type of neural network
that learns features of an image trough filter optimization.

It is traditionally used for image processing and computer
vision [3,27]. In a typical neural network, each neuron in
the input layer is fully connected to the ones in the hid-
den layers, whereas, in a convolutional neural network, the
neurons in the hidden layers are only connected to a small
part of the neurons in the input layer. In other words, in
a convolutional neural network each neuron in the hidden
layers represents only a small region of the input image.
Using a convolutional neural network for image process-
ing allows reducing the number of weights that would have
been used in a classical neural network. Thus, overfitting
is prevented and training is easier. Furthermore, because
convolutional neural networks detect features in an image,
the geometric structure of the input image is taken into
account by the network to do the final prediction.

A convolutional neural network is made up of dif-
ferent layers presented in Figure 4. In input, a convolu-
tional neural network takes a tensor with shape [number
of images, image height, image width, image depth]. These
inputs then pass through a convolution layer to become
feature maps. In a convolution layer, input images are
convoluted with filters: the filters are slided across the
image and all pixels of the covered region are summed
and weighted by the filter. The feature map obtained after
a convolution exactly reflects where an input image is
being most similar to the filter. The feature map is then
activated with an activation function to introduce non-
linear properties in the model. A Rectified Linear Unit
(ReLU) activation function is commonly used in a con-
volutional neural network. This function is defined as fol-
lows: ReLU(x) = max(0, x). After convolution and activa-
tion layers, the feature map then passes through a pool-
ing layer. Pooling is a down sampling operation and is
used to reduce the dimensionality of feature maps. Small
regions of pixels in the feature maps are condensed into
a single pixel. The dimensionality of input images is thus
reduced by passing through the successive layers of the
model. The complexity of learned features increases after
each layer: first layers detect simple features whereas last
layers detect complex shapes. In a convolutional neural
network, each neuron is a pixel of a feature map and
the weights the network is learning are the values in the
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Fig. 4. Principle of a convolutional neural network.

filters. After several convolution, activation and pooling
layers, the feature maps are flattened. Dense fully con-
nected layers are placed before the output layer. The shape
and activation of the output layer depend on the problem.

During the learning process, the network updates the
weights by passing the training dataset through the net-
work at each iteration or so called epoch. During an epoch,
a loss function that returns the difference between pre-
dicted and target value is minimized with an optimizer.
This optimizer adjusts the weights and learning rate to
reduce the loss of the model.

For this study, the open-source Python library Keras
[28] was used within the open-source framework Tensor-
Flow [29]. Keras allows building standard and convolu-
tional neural networks since commonly used neural net-
work blocks such as layers, activation functions, and opti-
mizers are implemented in it.

3.3.2 Network architecture

In this study, a convolutional neural network was built to
predict the continuous variables Keff , Pexp, and F3D from
burnup maps of the core. This a multiple output regression
problem that takes a matrix in input. The burnup maps
are images of the core where a fuel element is represented
by one pixel whose color depends on the burnup of the
fuel element. The pixels are placed to be representative
of the core geometry (Fig. 5). The size of the images, or
so called burnup maps, is 13× 13. The outputs are three
continuous scalars: normalized Keff , Pexp, and F3D.

The architecture of the network is presented in
Figure 6. The network takes in input tensors which shape
is [13, 13, 1]. Then, there is a convolution layer with 34
filters of size 3×3 each activated with the ReLU function.
A pooling layer downscaling by a factor of 2 is placed after
this convolution layer. Then, another ReLU activated con-
volution layer with 68 filters of size 3×3 is placed. After a
flattening layer, there is a dense layer containing 34 neu-
rons. These neurons are again ReLU activated. There are
three output layers of one neuron each that are fully con-
nected to the ones in the dense layer and not activated as
the activation function is linear.

Fig. 5. Input image.

The Adam optimizer was chosen. It is a stochastic
gradient descent method where first and second order
moments are adaptively estimated [28]. It is traditionally
used for machine learning, as it is computationally effi-
cient. The Mean Squared Error (MSE) loss function was
chosen (Eq. 2). This is a standard loss function for regres-
sion problems that returns the squared difference between
target and predicted values [30].

MSE =
1
N

N∑
i=1

(
ytargeted

i − ypredicted
i

)2

. (2)

3.3.3 Training, validation and evaluation

In order to train the model and evaluate its performances,
the dataset is divided in three groups: training, valida-
tion and evaluation. During the learning process, only the
training data passes through the network. At each epoch,
in order to watch for overfitting, the network is “vali-
dated” i.e. the network predicts the outputs of the val-
idation data with temporary weights and compares them
with the targeted outputs. Once the network parameters
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Fig. 6. Chosen convolutional neural network architecture.

are converged after several epochs, the model is evalu-
ated: the network predicts the outputs of the evaluation
data and compares them with the targeted outputs.

The total computation power available for this study
corresponds to 250 TRIPOLI-4 R© calculations belonging
to 5 different families. Each family corresponds to a dif-
ferent BOC fuel equilibrium configuration each following
a different out-in reload process. There are therefore 5
sets of 34 fuel elements that have each a given burnup.
For each set, 50 different BOC core configurations were
created by placing each of 34 fuel elements of the set at
a random location in the core. The size of the dataset
available for training, validation and evaluation is thus
250. The 5 families are generated from a first cycle JHR
core starting with 34 fresh fuel elements and operating
with regular out-in reloads. The following assumptions
determine each of the 5 specific sets: the first set cor-
responds to BOC n◦6 with 10 fresh fuel elements. The
second corresponds to BOC n◦7 with 12 fresh fuel ele-
ments. The third, fourth and fifth correspond to BOC n◦8
with respectively 8, 10 and 12 fresh fuel elements. For
each set, the burnup distribution is determined with core
burnup calculations. Depending on the situation, there
are more or less depleted fuel elements. The model was
trained with these 5 different sets in order to predict
the three parameters of interest (Keff , Pexp, and F3D)
in the largest range of situations. The global algorithm
can thus be used to generate any reload from any EOC
situation.

For training and validation, 90% of the data is ran-
domly selected among which 10% is dedicated to valida-
tion. The remaining 10% is used for the evaluation of the
model. The model is trained on 100 epochs.

The training data were obtained through TRIPOLI-
4 R© core physics calculations. For each calculation, the core
is filled with 34 initially high-enriched fuel elements each
with a burnup adapted to the desired configuration. The
reflector is filled with beryllium and dummy experiments
except for the ADELINE test device. This device is placed
next to the core and contains one experimental rod. The
experimental rod is fresh and 5% 235U mass enriched. The
calculations are made at the Beginning Of the Cycle. The
control rods dedicated to reactivity loss compensation are
placed at their Beginning Of Cycle position. 2.5 × 108

histories are simulated. One calculation takes on aver-
age 1.8 hours on 256 CPU running @ 2.45 GHz. Keff , Pexp

and F3D are automatically extracted from the calculation
results with a dedicated Python script. These calculations
provide the value of these three parameters corresponding
to as many core configurations.

In order to enhance the performances of the convolu-
tional neural network, all training, validation and evalu-
ation data are normalized. The inputs, that is to say the
burnup maps, are divided by 120 since no fuel element
with a burnup higher than 120 GWd/t will be loaded in
the core. The outputs are normalized with the following
method: ynorm = y−min

max−min . The value of the maximum
and minimum selected for each parameter are gathered in
Table 1.
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Table 1. Minimum and maximum for the normalization
of the three parameters.

Keff Pexp [W/cm] F3D

Min 1.0 1000 1.0
Max 1.1 1800 2.8

To evaluate the model, the Mean Absolute Percentage
Error (MAPE) was observed [30]. It is a measure of the
prediction accuracy and it is defined as follows (Eq. 3):

MAPE =
1
N

N∑
i=1

|ytargeted
i − ypredicted

i |
ytargeted

i

× 100. (3)

3.4 Global procedure to find the optimal core
configuration

Eventually, in order to find the optimal core configuration
corresponding to the defined criteria, the convolutional
neural network is coupled with the genetic algorithm in
a code written in Python. The flowchart presented in
Figure 7 shows the different steps of the algorithm:

1. the convolutional neural network that serves as surro-
gate model to obtain Keff , Pexp and F3D from burnup
maps is trained and evaluated.

2. The initial population is generated by randomly choos-
ing possible core configurations among all possible con-
figurations.

3. All core configurations present in the current popula-
tion are evaluated through the fitness function. The
fitness function calls the surrogate model to predict
Keff , Pexp and F3D from the core configurations.

4. Parents are selected through tournament selection
operator.

5. The offspring population is created by the two-points
crossover and swap mutation operators.

6. The algorithm goes on and starts over at step n◦2.
7. The algorithm stops when the number of generation is

reached.

4 Results and discussion

4.1 Preliminary neutronics study

The preliminary neutronics study showed different inter-
esting Physics results. Table 2 shows the results for the
compensation and power steering control rods sensitiv-
ity study. It gives the linear power in the experimental
rod and the percentage of contribution to experimental
performance of the ADELINE test device compared to a
reference case. Table 2 shows that extracting a compen-
sation control rod in front of the test device and inserting
one on the core side opposite to the test device increases
the experimental performance by 23% in the affected test

Fig. 7. Flow diagram of the algorithm.

device. It also shows that extracting a power steering con-
trol rod within its operating range in front of the test
device and inserting the other ones increases the experi-
mental performance by 2.7% in the affected test device.
In both cases, a flux tilt is performed which explains the
increase of the linear power in the experimental rod.

Table 3 shows the results for the burnup sensitivity
study and gives the linear power in the experimental rod
and the percentage of contribution to experimental perfor-
mance in the ADELINE test device compared to a refer-
ence case. It shows that placing fresh fuel elements in front
of the test device increases its experimental performance
by 13%, whereas placing depleted fuel elements decreases
it by 13%. Moreover, fresh fuel elements located near the
test device (locations 205 ans 206) will increase experi-
mental performance whereas putting them in the center
and on the side opposed to the device (locations 101 and
106) will decrease it. On the contrary, depleted fuel ele-
ments located near the test device will decrease experi-
mental performance whereas putting them in the center
and on the side opposed to the device will increase it.
Summarizing these results, it appears that placing fresh
fuel elements in front of the test device and depleted fuel
elements in the center and on the side opposed to the
device will maximize the linear power in the experimen-
tal rod. It is confirmed by the fact that placing fresh fuel
elements right in front of the device and depleted ones in
the center increases the performance by 23%. It should be
noted that other locations for fresh or depleted fuel ele-
ments have been explored but only the ones that maximize
or minimize experimental performance have been kept in
Table 3.

4.2 Surrogate model convergence and results

For all the 250 core configurations calculated with
TRIPOLI-4 R© for the training, validation, and evaluation
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Table 2. Linear power and contribution to experimental performance of the ADELINE test device for several core
configurations.

Core configuration Maximal linear power [W/cm] Contribution [%]

Compensation rods:
1558 Reference

309 inserted and 317 extracted
Compensation rods:

1912 +23%
309 extracted and 317 inserted
Power steering rods:

1891 Reference
all placed at 40 cm
Power steering rods:

1942 +2.7%
206 at 50 cm and others at 35 cm

Table 3. Linear power and contribution to experimental
performance of the ADELINE test device for several core
configurations.

Core configuration Maximal linear power Contribution

[W/cm] [%]

All 50.7 GWd/t 1548 Reference
308 and 309: 0 GWd/t

1756 +13%
others: 50.7 GWd/t

308 and 309: 120 GWd/t
1353 −13%

others: 50.7 GWd/t

205 and 206: 0 GWd/t
1667 +7.7%

others: 50.7 GWd/t
101 and 106: 0 GWd/t

1433 −7.4%
others: 50.7 GWd/t

205 and 206: 100 GWd/t
1458 −5.8%

others: 50.7 GWd/t

101 and 106: 100 GWd/t
1617 +4.5%

others: 50.7 GWd/t
308 and 309: 0 GWd/t

1876 +21%001, 101, 106 : 100 GWd/t
others: 50.7 GWd/t

Table 4. Different network architectures loss.
Training loss Validation loss

One 2D convolution layer 34 filters

Keff 0.045E−3 0.41E−3

Pexp 0.19E−3 2.0E−3

F3D 0.34E−3 2.6E−3

Chosen network configuration Keff 0.055E−3 0.26E−3

Two 2D convolution layers Pexp 0.19E−3 2.3E−3

34 and 68 filters F3D 0.42E−3 1.7E−3

Six 2D convolution layers Keff 0.34E−3 1.3E−3

First layer: 34 filters Pexp 0.15E−3 4.4E−3

Others: 68 filters F3D 0.33E−3 1.5E−3

of the surrogate model, Keff is between [0.993, 1.065] and
on average the uncertainty at one sigma is 0.007%; Pexp

is between [1181, 1924] W/cm and on average the uncer-
tainty at one sigma is 1.093%; F3D is between [2.14, 2.84]
and on average the uncertainty at one sigma is 1.022%. It
can be observed that different core configurations result in
different values for these three parameters. The convolu-
tional neural network was trained with 203 TRIPOLI-4 R©

calculations. The training takes 12 s for 100 epochs with a
CPU running @ 3.60 GHz.

Fig. 8. Training and validation loss.

The number of filters and their size, and the number
of layers have been chosen so that the predicted parame-
ters of the test data are the closest to the target values.
Table 4 presents the MSE loss (Eq. 2) for the three param-
eters of interest for different network configurations. With
less filters or layers, the network is underfitting: it is not
able to predict the parameters correctly. Indeed, Table 4
shows that the validation loss is greater for less layers or
filters. On the other hand, if the network is more com-
plex, with a lot of layers or a lot of filters, it becomes
overfitting. It means that the network is able to well pre-
dict the training data but not the validation data. Indeed,
for more layers or filters, Table 4 shows that the loss
is low for training data but greater for validation data.
Thus, it is a matter of finding a fair middle point between
underfitting and overfitting by choosing the number of
layers and filters of the network. This involves finding
the network configuration for which the loss of the val-
idation data is minimal, as it is the case for the chosen
configuration.

Figure 8 shows the training and validation loss, that
is the mean squared error, as a function of epochs. Both
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Fig. 9. Training results of the convolutional neural network.

training and validation loss decrease and converge toward
zero. It means that the algorithm converges and that the
network manages to learn from the training data: the
model is not underfitting. The fact that the validation loss
is above the training loss means that the network will pre-
dict training data better than validation data. Neverthe-
less, the gap between training and validation loss remains
small so the network will be able to efficiently predict new
data. Moreover, the gap between training and validation
loss remains constant and is not increasing. It means that
the model is not overfitting, thus it will predict new data
correctly.

The model was evaluated on 25 core configurations
randomly selected among the 250 initial calculations.
These configurations were not used for the training and
validation of the model. The MAPE of Keff is 0.237%;
that of Pexp is 2.02%; and that of F3D is 1.91%. There-
fore, the model is considered a good predictor of the three
parameters of interest (Fig. 9).

4.3 Genetic algorithm results: optimal core
configuration

The genetic algorithm explored 104 new core configura-
tions over 500 generations. For each of these configura-
tions, Keff , Pexp and F3D were predicted with the convo-
lutional neural network. Figure 10 shows the evolution of
the average over all the population of the three parameters
Keff , Pexp and F3D depending on the generation number.
The Keff parameter has globally an increasing tendency
especially during the first 25 generations (Fig. 10a). The
Pexp parameter has also globally an increasing tendency
especially during the first 50 generations (Fig. 10b). On
the other hand, the F3D parameter has a decreasing ten-
dency especially during the first 20 generations (Fig. 10c).
It can be observed that the genetic algorithm achieves
the goal of maximizing Keff and Pexp and minimizing
F3D.

Figure 11 presents the fitness value of the best solu-
tion in the population depending on the generation num-
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Fig. 10. Evolution of the parameters as a function of the generations.

Fig. 11. Fitness as a function of the generations.

ber. The fitness value increases with the number of gen-
erations. The increase is initially strong for the first 50
generations then weaker for the following generations.
This is consistent with the fact that Keff and Pexp are
strongly increasing during the first 50 generations while
F3D is strongly decreasing. The fitness value converges
toward a value of 110.9. This figure shows that the genetic
algorithm converges toward an optimal core configura-
tion that has the highest fitness value. Since the algo-
rithm has converged and the fitness value is not increas-
ing much anymore, the algorithm is stopped after 500
generations.

Figure 12 shows the optimal core configuration
obtained with the genetic algorithm coupled with the con-
volutional neural network. This configuration is the one
that has the highest fitness value in the population at
the five hundredth generation. The convolutional neu-
ral network predict Keff = 1.051, Pexp = 1739, and
F3D = 2.09. The 10 fresh fuel elements, that have a
burnup value of zero, are placed in the following loca-
tions: 203, 206, 207, 208, 209, 307, 308, 309, 310, and 311.
The fresh fuel elements are located at the core periph-
ery, to the left, next to the test device. The moderately
depleted fuel elements are located in the core center and
in the periphery to the bottom right, on the side opposed
to the test device, where depleted fuel elements are also
located. Moderately depleted fuel elements are placed on
the upper right. This optimal core configuration is con-
sistent with the preliminary neutronics study for which
results are commented above. Indeed, fresh fuel elements
are placed in front of the test device and depleted ones in
the core center on the opposite side in order to maximize
Pexp.

Eventually, a TRIPOLI-4 R© calculation was made to
verify the three parameters Keff , Pexp and F3D of the
optimized core configuration. Table 5 shows the results
and the absolute percentage errors between the values pre-
dicted by the convolutional neural network and TRIPOLI-
4 R© calculation. It can be observed that the optimal core
configuration has a F3D below the safety limit and a Keff

that is maximized.
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Fig. 12. Optimal core configuration at the beginning of the next cycle. The fuel cell location number is framed above while
the burnup of the fuel element is specified below.

Table 5. Optimal core configuration parameters.
Parameters CNN TRIPOLI-4 Absolute

percentage error [%]

Keff 1.051
1.047

0.395
σ [%] = 0.00646

Pexp [W/cm] 1739
1786

2.63
σ [%] = 1.02

F3D 2.09
2.34

10.4
σ [%] = 0.519

5 Conclusion

This study is dedicated to the fuel reloads of the Jules
Horowitz Reactor. The goal was to find the optimal core
configuration for the next cycle by maximizing the reac-
tivity Keff , the linear power Pexp in a test device, and
by minimizing the safety parameter F3D. The idea is to
replace the most burned fuel elements considered at an
equilibrium composition with 10 fresh fuel elements. The
optimal configuration consists in finding the best location
for each fuel element in the core.

A genetic algorithm was used to converge toward the
optimal core configuration by selecting the fittest con-
figurations and creating new ones with the two-points

crossover and swap mutation techniques. The higher Keff

and Pexp are and the lower F3D is, the higher the fitness
will be. The genetic algorithm parameters were fixed with
the help of previous studies and adapted to the current
problem. A population size of 20, a mutation rate of 0.05,
and a number of 10 mating parents were chosen. After 500
generations, the algorithm converged.

For each core configuration explored by the genetic
algorithm, the three neutronics parameters Keff , Pexp and
F3D where obtained with a convolutional neural network.
The network was trained and evaluated from 250 initial
TRIPOLI-4 R© calculations. In input, the network takes
a burnup map of the core and then predicts the three
parameters of interest. The network predictivity is effi-
cient because the associated MAPE uncertainty is 0.237%
for Keff , 2.02% for Pexp, and 1.91% for F3D.

It can be concluded that a genetic algorithm coupled
with a convolutional neural network can be efficiently used
to find an optimal core configuration where the Keff is
maximized, where the linear power in the test device is
maximized and where the F3D is below the safety limit.
Moreover, the optimal core configuration is obtained in
∼7.5 minutes considering that the initial 250 TRIPOLI-
4 R© core calculations have already been performed and the
convolutional neural network has been trained.
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TRIPOLI-4 R© core calculations have shown in the
preliminary Physics analysis that the control rods posi-
tion along the cycle has an impact on experimental per-
formances. However, only one control rods extraction
sequence was considered in this study. Thus, a perspective
of this work could consist in using a genetic algorithm cou-
pled with a convolutional neural network to optimize the
extraction sequence of the control rods dedicated to the
reactivity loss compensation. The challenge would then be
to find an optimal control rods extraction sequence that
optimizes the use of fuel fissile content and experimen-
tal performances while ensuring that safety limits are not
exceeded.

Glossary

Acronym/Terms Definition
ADELINE Advanced Device for Experimenting

up to Limits Irradiated Nuclear fuel
Elements

BOC Beginning Of Cycle
CEA French alternative energies and Atomic

Energy Commission
CNN Convolutional Neural Network
CPU Central Processing Unit
EOC End Of Cycle
F3D Power peaking Factor
JHR Jules Horowitz Reactor
Keff Effective multiplication factor
GA Genetic Algorithm
GWd/t Gigawatt-day/tonne (unit of the

burnup)
MAPE Mean Absolute Percentage Error
MSE Mean Squared Error
Pexp Linear power in the experimental rod
PyGAD Genetic Algorithm Python library
PWR Pressurized Water Reactor
ReLU Rectified Linear Unit function

TRIPOLI− 4 R© Continuous-energy radiation
transport Monte Carlo code
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