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Abstract

To improve the marketability of novel microreactor designs, there is a need for automated and optimal control
of these reactors. This paper presents a methodology for performing multi-objective optimization of control
drum operation for a microreactor under normal and accident conditions. Two different case studies are
used where the control drum configuration is optimized for the reactor to be critical with some desired power
distribution that would satisfy peaking limits. In addition to these objectives, one case study seeks to minimize
control drum travel distance where the other maximizes control drum differential worth. A surrogate model for
power distribution is developed based on a feedforward neural network. The process for determining weights
for scalarization of the multi-objective optimization problem is also detailed. Six optimization algorithms:
evolutionary strategies, differential evolution, grey wolf optimization, Harris hawks optimization, moth flame
optimization and particle swarm optimization, are all applied to these cases and the results analyzed. All
algorithms demonstrated optima-seeking behavior and could present reasonable optima in minutes. The moth
flame optimization algorithm was found to perform particularly well on both cases. Overall, it was found that
the algorithms capable of supplying the best optima were also the most consistent. Finally, the found optima
were verified with the original model used to train surrogates.

Keywords: FEvolutionary Optimization; Swarm Optimization; Nuclear Reactor Control; Multi-objective

Optimization; Surrogate Modeling; Microreactor

1. Introduction

To reach net-zero emissions, nuclear and renewable energy sources need to increase production in order to
offset greenhouse gas emitting technologies. However, the energy market still favors coal, oil, and natural gas
power plants in most cases due to their comparatively cheaper construction and operational costs; resulting
in more nuclear power plant closures. The current situation puts more pressure on the nuclear industry to

innovate by developing small modular (SMRs) and microreactors that are cheaper to build, safer to operate,
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and faster to license and construct [1]. A major design goal of these new reactors is automated and optimal
operation of their systems to ensure economic and safe performance [2].

Optimization, at various levels of complexity and cost, exist in every part of the nuclear engineering field
including reactor core design [3, 4], reactor safety [5] and operation [6, 7, 8]. In the field of reactor design, in
[9], the authors conducted a study where parameters for a gas-cooled fast breeder reactor core were optimized
for various objectives such as kcyy, breeding ratio and maximum burnup. At the assembly level in both
2D [10] and 3D [11] geometries, a physics-informed framework was developed where reinforcement learning
algorithms are used to optimize boiling water reactor bundles. In these studies, reinforcement learning was
either used as a direct optimizer [10] or as a tool to guide the search of evolutionary algorithms to focus
on feasible regions that satisfy problem constraints [11]. In terms of reactor safety, one study [12] applied
a fast optimization algorithm to optimize the shielding structure of light water reactors. It was found that
well-designed optimization algorithms lead to more accuracy in the final result.

In some sense, optimization in the field of reactor control is seen as an essential aspect of the economic via-
bility of SMRs and microreactors. Efficient operation is required to offset the loss of economy-at-scale savings
that smaller-capacity reactors experience [13]. The study by [14] details the state of economic analyses for
SMRs which includes a proposition for shared control systems of multi-module reactors to reduce operations
and maintenance costs but would require sophisticated control systems. Optimization in the field of reactor
control can take many forms. In model predictive control, optimization must be performed in real time to
determine an optimal control system response to achieve some performance objective. In [15], the optimiza-
tion problem is solved using quadratic programming, this is fairly common in model predictive control [16].
Quadratic programming is efficient but only works for a quadratic objective functions. More sophisticated
optimization strategies can be used for other control strategies such as fuzzy-PID [17, 18]. In [19], a fuzzy-
PID control strategy for the H.B. Robinson nuclear power plant was designed and tested using point reactor
models and good performance was observed. PID-based control strategies typically perform very well but are
limited to single-input-single-output systems. For control system design, the study [20] used combinatorial
optimization on control system design for core k.¢¢, rod worth and anti-shadowing effects while ensuring re-
actor safety by enforcing minimum rod group worth. With more algorithm-focused studies, the work of [21]
demonstrated the use of different particle swarm optimization (PSO) variants on both a reactor core design
problem and a fuel loading problem for the Angra-1 nuclear reactor. Another study by [22] demonstrated
a hybrid PSO strategy which combines a modified Nelder-Mead simplex algorithm with PSO on pressurizer
design and pressurized water reactor (PWR) secondary loop operation.

Evolutionary and swarm algorithms [23] are well-known for optimization due to their advantages of inherent
randomness to enhance exploration, scalability in high dimensions, orientation for parallel search, and gradient-
free characteristics. Although there are many differences between evolutionary and swarm algorithms, we
will focus on a major difference, which is the use of the crossover operators. Evolutionary algorithms such

as genetic algorithms (GA) [24], evolutionary strategies [25], and differential evolution [26] exhibit special
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crossover operators that mix population individuals to generate new offspring. These crossover operators
mimic the evolution and genetic exchange in human or animals. The swarm algorithms do not support this
feature, instead, the weak individuals try to improve themselves by either observing and following the other
fittest individuals in the swarm or by employing nature-inspired mutation operators. For example, particle
swarm optimization [27] is a famous swarm algorithm, where each particle is influenced by its local best
position and by the global best position in the swarm. In addition, the grey wolf optimizer [28] employs
nature-inspired steps of hunting, searching for prey, and attacking prey to improve the wolf positions, while
the leadership hierarchy is controlled by the top four wolves in the group. Other swarm algorithms relevant
to this study are Harris hawks optimization [29], and moth flame optimization [30].

The contribution of this work is three-fold. First, we demonstrate the value of multi-objective optimization
and machine learning in optimizing the operational performance of advanced nuclear reactor reactivity control
systems. Since advanced reactors including microreactors are new, significant optimization and analysis of
their design and applications are required to ensure safe and economic performance. Second, we use empiricism
to determine the weights of the multi-objective function and supervised learning to build surrogate models
to accelerate and increase the efficiency of the optimizer. Third, we deploy and benchmark a variety of
evolutionary and swarm algorithms by investigating their tendencies for exploration and exploitation to find
an optimal reactor control drum configuration. The methodology is demonstrated using two case studies.
First, under conditions where one control drum is inoperable, the configuration of the remaining control
drums in a microreactor are optimized to achieve core criticality with a favorable power distribution. Next,
with all drums fully functional, the control drum positions are optimized in the same microreactor for nominal
operation.

The remaining sections of this paper are organized as follows: Section 2 presents the mathematical theory
of nuclear reactor control and modeling and simulation tools used in this work. In Section 3, the methodology
of this work is described, that includes machine learning methods, formation of the multi-objective function,
and the evolutionary/swarm optimizers. The results of this paper are presented and discussed in Section 4,

followed by the work summary in Section 5.

2. Reactor Models

The case studies featured in this work are focused around the HOLOS-Quad reactor design [31]. This
reactor is designed with modular construction where separate units can be transported independently and
assembled at the deployment site. Some parameters of the core design were selected in a design optimization
process where a genetic algorithm was used to minimize reactor weight and maximize core lifetime [32, 33].
The version of the HOLOS core design used in this paper is detailed in [34]. To summarize, the HOLOS-Quad
core is a 22 MWt high-temperature gas-cooled microreactor (HTGR) which is controlled by 8 cylindrical
control drums. The core uses TRISO fuel particles contained in hexagonal graphite blocks for moderation.

The graphite blocks have channels which allow for helium gas to provide cooling. A labeled cross sectional



80

85

90

view of the core is given in Figure 1 to show the geometrical layout of the HOLOS-Quad core.
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Figure 1: Geometrical layout of major components of HOLOS-Quad reactor.

Of particular importance in this study is the function of the control drums. These drums control core
reactivity by rotating to vary the proximity of the B4C on a portion of their outer edges to the fueled region of
the core. These control mechanisms have been proposed in many microreactor designs due to their compactness
[35, 36, 37] and are also in use at the Advanced Test Reactor facility at Idaho National Laboratory [38, 39].
One challenge associated with control drums is that the core power shape will shift in response to changes in
the orientation of the control drums. This causes the prediction of control drum reactivity worths for arbitrary
configurations to be nontrivial. The model used in this study to predict control drum worths for arbitrary
configurations is described in detail in [40]. These changes in core power shape can also lead to undesired
power peaking. Therefore, another model is developed in this study to predict core quadrant powers. The
model to predict core reactivity and the model to predict core quadrant powers are described in the upcoming

Section 2.1 and Section 2.2.

2.1. Control Drum Reactivity Worth Model

There are 8 control drums which can rotate a full 360° to control the reactor. In core operation, the
reactivity required by the control drums will be a function of the dynamic characteristics of the reactor such

as fuel temperature, moderator temperature, xenon concentration, and burnup. Characterizing these feedback
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mechanisms is not the goal of the current study. Instead, given a target reactivity, this study seeks to optimize
the positions of the 8 control drums independently to fit a particular power shape. We also consider a second
case that seeks to maximize differential worth of the control drum configuration. The motivation for this is
that a larger differential worth gives the control system more flexibility given the constraints of the maximum
control drum rotation speeds. These control drum worths can be predicted using a Monte Carlo transport code
(such as Serpent [41]) by creating a model of the core and rotating the control drums to the desired orientations.
Unfortunately, the computational time required for this approach makes it infeasible when thousands of drum
worth estimations are needed for a single optimization problem. As such, the model described in [40] is used
in this work for calculating the control drum reactivity worth.

This hybrid control drum worth model (HDWM) provides control drum worth estimates in milliseconds
that have been evaluated to have a 50 pcm mean absolute error. The perturbation-based model is comprised
of two components, a physics-based component that captures the reactivity effect from the flux incident on
the control drum and a statistical component to capture higher-order effects that arise from core-power shape
shifts brought about from control drum rotations. One of the drawbacks of this model is the large up-front
cost of training the statistical component of the model. In [40], it was shown that the most accurate form of
the model took 70 Serpent model evaluations to train. Although this is significantly less than the thousands
of Serpent calculations required to run the optimization algorithms shown in this study if the HDWM was
not used, it is still an important consideration. One additional benefit of the model form of HDWM is that
differential drum worths can be estimated with similar computational cost by simply differentiating the model

with respect to a particular drum rotation angle. The derivation for this is shown in Appendix A.

2.2. Quadrant Power Model

Another important reactor parameter that should be monitored for safe and economic operation is the
quadrant power tilt ratio (QPTR). This parameter is reflective of the differences in power distribution in
each quadrant of the core. QPTR can be calculated by dividing the maximum quadrant flux by the average

quadrant flux as follows

4 xmax (P, P, P3, Py)
Pl +P2+P3+P4

QPTR = (1)
According to the Westinghouse Technology Systems Manual [42], a QPTR exceeding 1.02 requires that the
reactor power be reduced to reach required safety margins. During reactor operation, this quantity is monitored
using two sets of excore detectors positioned in sets of four in the upper and lower regions of the core. Although
typically used in PWRs, it is thought that this measure should be appropriate for the HOLOS-Quad core due
to its cylindrical symmetry. where P; indicates the flux in the i-th core quadrant. As with the control drum
reactivity worth, it is infeasible to use a full core transport model to calculate this quantity for the large
number of control drum angle configurations that are needed to run an optimization algorithm. Therefore, in

this study we use a deep feedforward neural network that is trained on a dataset with about 3000 samples after
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using reactor symmetries to multiply samples. Each sample in this dataset has 8 control drum angles where
each angle was selected from a uniform random distribution spanning -180° to 180° and the corresponding
fluxes in each of the four quadrants is calculated using the Serpent code. The considerably larger dataset
is needed because of the larger number of degrees of freedom associated with general statistical models such
as deep neural networks (DNN). Using this data, a DNN was trained using the classical Keras/Tensorflow

framework in Python [43]. The neural network can be expressed as
P17P2;P33P4:DNN(i'75) (2)

where 8 = (W,b) are the network weight and bias parameters to be determined, respectively, while Z is a
vector of the eight control drum angles, i.e. Z = [6;,6s,...,05]. The DNN consists of an input layer, multiple
hidden layers, and output layer. The output of each hidden layer can be calculated by applying the activation

function over the multiplication of the weights and the layer inputs, and then adding the bias term as follows
hi=gi(Wih;_y +b;), (3)

where g;(.) is the activation function for hidden layer i, which is a mapping function to model the relationship
between the input and the output. Rectified Linear Unit (ReLU) is a typical activation function for DNN.
W is the weight matrix, h;_; is the output of the previous hidden layer, and b is the bias or intercept term.
After completing the forward propagation step in all layers, the predicted output (§) can be calculated, which

allows determining the loss function such as the mean absolute error (MAE)

12 .
i=1

where y is the target output and n is the number of training samples generated by Serpent. For each training
step, the errors in Eq.(4) are propagated backwards through their gradient values, where the weights of each
layer are updated according to the loss gradient such that in the next batch of samples, the loss function is
more likely to be minimized. The backpropagation step can be trained by gradient descent or using more
advanced techniques such as the Adam optimizer (adaptive moment estimation)[44]. Adam optimizer has a
hyperparameter called learning rate, which controls the step size the optimizer takes while searching for the
minimum of the loss function. Every full forward and backward pass through the dataset is called an epoch,
and the DNN network needs to be trained for many epochs to achieve satisfactory accuracy. The dataset is
passed to the DNN in several batches with a mini-batch size (e.g. 8, 16, 32) to allow multiple model updates,
and also accommodate the computer memory. The dataset is split into training and test sets to avoid model
overfitting to the training data. Also, a small validation set is held from the training set to allow on-the-fly
validation of the model during training. A typical size of the validation set is 10%-20% of the training set,

depending on the number of available samples.
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We utilize two hyperparameter search methods including grid and random searches to find the optimal
number of layers, nodes per layer, learning rate, and batch size. In addition, we benchmark the performance
of the DNN model against other machine learning methods through developing other quadrant power models

using random forests, decision trees, and linear regression.

3. Methodology

The methodology adopted in this work is illustrated by the flowchart in Figure 2. The reader can notice
that Section 2 already covered the HDWM and quadrant power models. The remaining parts of the flowchart
are described in this section. Also it is worth mentioning that the flowchart is executed twice for the two case

studies considered in this work.
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Figure 2: Flowchart of the methodology used in this work

3.1. Case Studies

Two separate optimization problems relevant to the control of the HOLOS-Quad microreactor were devised.
In both cases, the reactivity required for the core to reach criticality is determined with a cold, zero-power
configuration (room-temperature core and zero flux). The first case study, referred to as case study A (CSA),
involves evaluating the possibility for reactor operation given that one of the drums becomes immobilized in
the inward-facing direction. In this orientation, the immobilized drum will have inserted its maximum negative
reactivity worth to the core. From a safety standpoint, core operation is more feasible than if the drum was
immobilized in the outward facing direction. However, it is still important that the reactor power shape

remains relatively uniform across the core. As such, the QPTR should be minimized. With this scenario, two
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parameters can be identified that will be controlled using the orientations of the remaining control drums:
reactivity and QPTR. The reactor should be able to reach criticality with a minimal QPTR. Furthermore,
one additional objective is introduced into CSA where the maximum travel distance of the 8 drums from fully
inserted should be minimized. In the practical sense, this behavior is desired to minimize the wear on the
control drum drive mechanisms.

In the second case study, referred to as case study B (CSB), a control drum configuration will be found
which brings the reactor to critical while maximizing the total differential worth of all drums. The result
from this analysis may reflect an optimal control drum configuration for nominal reactor operation. Of course,
this optimization is performed for a cold, zero-power core but the same logic applies for the full power case.
The motivation for maximizing the total differential worth of all drums is that it provides a controller the
greatest range of possible reactivity injections given a small amount of time due to the upper limit on drum
rotation speed. One additional objective will be introduced to CSB that the QPTR should be as close as
possible to 1.02 with the highest power quadrant set to the upper right quadrant. This objective is introduced
to eliminate symmetry from the problem and provide a more complex search space for the optimization

algorithms. Mathematical formulations for the optimizations of both case studies are given in Section 3.2.

3.2. Objective Function Formulation

Without loss of generality, multi-objective optimization can be formulated as follows:

min F(z) = (f1(Z), f2(2), ., fi(2))

subject to,

gi(Z) =20, 1=1,2,...,m, (5)
hj(2)=0, j=1,2,...,p,

k>2,

where k is the number of single objective functions, g;(Z) is an inequality constraint, m is the number of
inequality constraints, h;(Z) is an equality constraint, and p is the number of equality constraints. The set
of solutions Z that satisfies all constraints defines the feasible region €2, i.e. % € €. In this application, Z is a
vector in R® where each element corresponds to the rotation angle of a control drum. In addition, there are
three objectives to be optimized, i.e. k = 3, while there are no explicit equality (h) or inequality (g) constraints
in this problem. Nevertheless, an implicit constraint is imposed on the input space, where each drum angle in
2 is allowed to vary between -180° to 180°.

Multi-objective optimization proves to be a challenge due to the possibility for competing objectives. In
any nontrivial multi-objective optimization problem, the # which optimizes one objective will not be the same
Z which optimizes another. The set of solutions for which any improvement in one objective will result in the
deterioration of another objective is called a Pareto front. In the case studies presented here, it is necessary to

select a single & which can be considered the solution to the optimization problem. Therefore, some additional
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criteria must be applied to the optimization problem to select a single solution from the set of solutions
contained in the Pareto front. Here, a technique called scalarization will be used [45]. Scalarization uses a
single composite objective to represent the collective interests of each individual objective. Typically—and
as is done in this study—the set of objectives represented by (f1(Z), f2(Z), ..., fx(Z)) can be combined into a

single objective using a weighted summation:

k
F(z) = Z +w; fi (%) (6)

The process of selecting the set of weights (wy,ws,...,w) is problem-specific. They are given for the case
studies contained in this work in Section 4. For objectives to be maximized, a negative sign is placed in front
of the weight. Furthermore, it is often ideal to scale the results of (f1(Z), f2(Z), ..., fx(Z)) to ensure that the
outputs are all roughly comparable in scale. In this study, if fl(i) corresponds to the unscaled objective,
fi,maz corresponds to the maximum value of the objective and flmm corresponds to the minimum possible

value of the objective, then the scaled objective can be given as:

fi,maw - fi7min

fi(@) = (7)

Next we describe how each of the objectives used in the case studies is formulated. The maximum and
minimum values of the unscaled objectives were estimated when a bound was not obvious. In the end, this
has little effect on the results as any shortcoming in these estimations will be accounted for when selecting
the weights for scalarization. First, the criticality objective for both CSA and CSB is identical. The unscaled

criticality objective can be written mathematically as:

fc(f) = |pstart - P(j)| (8)

p(Z) is calculated with the the hybrid worth model and pgtqr¢ is the required reactivity for initial cold critical
conditions. For scaling, fc,mm = 3308 pcm and fqmm =0 pcm. This objective should be minimimzed for both
CSA and CSB.

Next, the QPTR objective for both cases is different. For CSA, a QPTR of 1 is desired. Therefore, the

quadrant powers (Py, Py, P3 and Py) should all be equal. Mathematically, this objective can be written as :

fo(#) = Z

R 1

S P& 4 ®)

The quadrant powers are estimated with the neural network described in Section 2.2. In this case, fp’mam =
0.0345 and fp,mm = 0. This objective is minimized for CSA.
For CSB, a QPTR of 1.02 is desired where quadrant 1 has 25.5 % of the total reactor power while the
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remaining three quadrants evenly split 74.5% power. Mathematically, this can be expressed as:

23

1=2

Py (2)

Pi(#) 0745
Z?:l Pj(f)

Z?:l Pj(f) 3

fo(Z) = - 0.255 (10)

Here, fpmaw =0.0345 and fp,mm = 0. For CSB, as with the previous objectives, this objective is minimized.
The final objective for CSA will be the travel distance of the farthest traveling drum. Here, it is desired

that the travel distance is minimized. Mathematically, this can be formulated as:
fa(@) = (|| (11)

The simple form of this equation is due to the fact that all drums are set to start at the inward-facing (or
T = 6) direction. In CSA, this objective will be minimized. This means that, fd’mw =180° and fd,mm =0°.

The final objective for CSB will be the differential worth. This can be formulated as:

8

ful@) =)

i=1

dp(Z)

dz;

(12)

dp(2)

Here, ==

is the differential worth of the i-th control drum and is calculated using the derivative form of the

hybrid model. Here, fw’mm = 3800 I]’r;g“ and fw,mm = OI;ZI;. fw,maz was calculated by running an independent,
single objective optimization problem to estimate the maximum possible total drum worth. Unlike the previous

objectives, this objective will be maximized in CSB.

3.3. NeuroEvolution Optimization with Reinforcement Learning (NEORL)

NEORL is a set of implementations of hybrid algorithms combining neural networks and evolutionary com-
putation based on a wide range of machine learning and evolutionary intelligence architectures [46]. NEORL
has been developed by some of the authors of this current study. NEORL offers algorithms for large-scale
optimization problems relevant to operation and optimization research, engineering, business, and other dis-
ciplines.

In this work, we utilize various optimization algorithms from NEORL. First, we used the implementation
of differential evolution (DE) and evoluationary strategies (ES) to represent evolutionary algorithms. Second,
we utilize the implementation of the grey wolf optimizer (GWO), Harris hawks optimization (HHO), particle
swarm optimization (PSO) and moth flame optimization (MFO) as examples of swarm algorithms. This work
offers an opportunity to test a variety of NEORL algorithms in a practical application.

Aside from the optimization algorithms, we utilize the algorithm parameter tuning capabilities of NEORL,
mainly grid search, to tune the parameters of the prescribed algorithms. Additionally, these methods are used
to tune the neural network hyperparameters (e.g. number of nodes, number of layers, learning rate) for the

quadrant power surrogate model described in Section 2.2.

10
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Regarding the optimizer hyperparameters, for DE, we tune the population size, mutation weight, and
crossover probability. For ES, we consider tuning number of individuals to survive to the next generation
(1), mutation probability, and crossover probability. For PSO, the cognitive speed constant, the social speed
constant, number of particles in the swarm, and speed mechanism are tuned. It is worth highlighting that
NEORL supports three different PSO variants which we consider in the tuning process. These are PSO with
constriction coefficient [47], PSO with time-varying inertia weighting [48], and PSO with global local best

inertia [49]. For the other swarm algorithms, we tune the population size.

4. Results and Discussion

4.1. Quadrant Power Model Results

Following both grid and random hyperparameter searches, the final results of the optimum DNN architec-
ture are listed in Table 1. The DNN features 5 layers, ReLU activation, a constant learning rate of 9.00E-04,
and mini-batch size of 8. The inputs to the DNN are the 8 drum angles, while the outputs are the four
quadrant powers, which are then used to calculate QPTR. The training and validation losses for this DNN are
plotted in Figure 3, showing very good convergence trend and negligible overfitting (i.e. training and validation
losses are close). Lastly, in Table 2, we benchmark the DNN model against other machine learning methods
in modeling the relative quadrant power. Obviously, the DNN model carries impressive metrics compared
to random forests, decision trees, and linear regression, through achieving larger R? and smaller MAE and
RMSE in the test set compared to other methods. Therefore, we can certainly use the current DNN model in
the optimization process.

Table 1: DNN optimized hyperparameters for the quadrant power model

Ttem Value
Number of layers 5
Number of nodes per layer 437, 258, 101, 75, 35
Activation function ReLU
Learning rate 9.00E-04
Loss function MAE
Batch size 8
Number of epochs 200
Training data 2404
Test data 600
Validation Split 0.2

Table 2: Comparison of testing metrics for different quadrant power models

Method Test MAE  Test RMSE ~ Test R?
Deep Neural Network (DNN)  4.62E-04 6.05E-04 0.98
Random Forest (RF) 1.68E-03  2.11E-03 0.75
Decision Trees (DT) 2.75E-03 3.57E-03 0.29
Linear Regression (LR) 3.41E-03 4.23E-03 0.00

11
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Figure 3: Convergence of the training and validation losses for the DNN quadrant power model.

4.2. Scalarization and Weight Selection

In Section 3.2, three objectives each for CSA and CSB were presented in mathematical terms. The concept
of scalarization was also introduced which is a method to combine the three objectives into a single objective
function by making some F'(Z) which is a linear combination of the individual objectives. The formation of
F(Z) requires weights to be assigned to each of the objectives to assert their relative importance. Although
each of the objectives is scaled to fall roughly within the 0 to 1 range, differences in the distributions of these
objectives within those ranges prevent weights being immediately assigned by some perceived importance of
each parameter. Instead, the optima that a particular set of weights may yield need to be analyzed in order
to determine the appropriateness of that set of weights. This can be done by running many independent
optimizations and generating distributions of the objective for the solution set. Analysis of the solution set is

application specific, some considerations when determining the appropriateness of the weights are given below:

e Objective Importance: The more important objectives (as determined by expert opinion) should be
prioritized. The reported optima should yield satisfactory results for important objectives before other

objectives.

e Objective Competition: Some objectives may directly compete with one another. Identifying interacting

objectives may help focus the weight selection process by focusing on these interacting objectives.

e Optima Consistency: Complex optimization algorithms often do not yield identical optima. Solution

consistency may be increased with certain sets of weights.

e Solution Set Modality: Perhaps a specific case of optima consistency, some sets of weights may cause
the solutions for a single set of weights to group into distinct groups of optima. This can cause unpre-

dictability in the reported optima from the algorithm and should typically be avoided.

12
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Being the first step in the optimization process, the best algorithm with optimally performing parameters
has not yet been found. Fortunately, in this early step, the optimization algorithm does not change the
mapping of the individual objectives into the space of F(Z). Therefore, the optimization algorithm used in
this step should have minimal effect on the selected weight set. As such, ES with 150 generations is used for
both CSA and CSB. There is no specific reason ES is used here, other algorithms could have been used as
well.

The results from performing around 900 independent optimization routines for each of three separate sets
of weights for CSA is given in Figure 4. In this figure, each row of plots corresponds to one of the objectives
associated with CSA. Each column corresponds to a different set of weights where w,. is the weight assigned
to the scaled f., w, is assigned to f, and wq to fgq. Although more sets of weights were run, these three
were selected for display as a platform for discussion. First, as the weights for a particular objective increase,
the reported optima tends to favor that objective. For example, moving from left to right, w. increases
which causes the distribution of fc to group more tightly near 0. However, this is not necessarily always
true. Interactions between objectives can cause unpredictable behavior in the optima distributions. Note how
between column 1 and column 3 w, decreases while the mean of the distribution for f, tends to decrease as
well. This is counter-intuitive because, at first glance, the decreasing w, should diminish the importance of
this objective. However, the results show that the decrease in wy weakens the competing objective fd which
allows for better fp despite the decreased wy,.

From this figure, the set of weights were w. = 0.50,w, = 0.40 and wq = 0.10 is preferred over the other
weights. With this set of weights, both fc and fp tend to group nearer to 0 at the expense of fd. fd is the
objective associated with the travel distance of the drum which is of minimal importance compared to the
other objectives. Furthermore, the slightly more favorable fc objectives associated with column 3 comes with
the large cost to fp compared to column 2. In fact, there is a notably different distribution associated with f,,
between these two columns. For further analysis of these two optima groups, Figure 5 is provided. The plot
given in the left portion of this figure shows the strong competition between the fd and fp objectives. This can
be seen from the negative correlation between these two objectives, a more favorable result in fd tends to lead
to a less favorable result in fp and vice-versa. Regardless, it is clear that the [w. = 0.50,w, = 0.40,wq = 0.10]
weight set results in more favorable optima for the fp objective—the more important objective between the
two shown in the plot. In the right portion of Figure 5, the mean optimal drum positions are shown. A drum
angle of 0° corresponds to the drum position where the absorbing material is fully facing the core, all drum
angles are contained in -180° to 180°. Therefore, the absolute value of the drum angle is indicative of how
withdrawn the absorbing material is from the core. The standard deviations of the optima locations are also
shown with error bars. Overall, the angle of drum 1 has the largest differences between the two weight sets.
The weight set which places the lower importance on fd favors optima with a less withdrawn control drum
in position 1. Being the drum which tends to have the largest rotation angle, fd will seek to minimize the

rotation angle of this drum alone. These deviations are similar for each drum across both weight sets so there
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Figure 4: Objective histograms calculated with multiple independent optimization routines run for three weights for CSA.

is no clear benefit to be gained by selecting a particular set of weights for any advantage in the consistency
of the optima results. Moving forward, [w. = 0.50,w,, = 0.40, wq = 0.10] will be used for CSA due primarily to
the favorable balance observed in the fp and fc objectives.

The results from performing around 900 independent optimization routines for each of three separate sets
of weights for CSB is given in Figure 6. These distributions are more consistent across the different weight sets
than those for CSA. The general shape of the distributions for a fixed objective do not change across weight
sets. For fc, an exponential-shaped distribution forms as w, is increased. For fp, the peak of the distribution
roughly follows what is expected based on w,. That is, lower w), values lead to distributions with higher
fp values. Finally for f,,, the width of the distribution increases as w,, is decreased. Although the peak of
the distributions associated with this objective do tend to decrease as w,, decreases, the weight set with the
smallest w,, still yields acceptable objectives. For all objectives, the mean of an objective distribution responds
predictably to a change in the weight of the corresponding objective. As such, the selection of weights is more

straightforward in this case. [w. = 0.55,w, = 0.40,w,, = 0.05] is selected because it gives strong results for fp
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while having a minimal effect on fc. Moving forward, [w. = 0.55, w, = 0.40, w,, = 0.05] will be used for CSB.
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4.8. Algorithm Parameter Selection

For both CSA and CSB, an optimal parameter search for six algorithms was performed. The results of

this search are shown in Table 3 and Table 4. This parameter search was done using a simple grid-based

20 procedure, minimal computational time was dedicated to this task as computational time is better spent

focusing on the optimization problem itself, not on the optimization of the algorithm—provided it shows

reasonably competitive performance. Also, some algorithms (e.g. ES, PSO, DE) have more parameters to

tune than the others, which could highlight that parameter search difficulty is also algorithm-dependent.

The number of tunable parameters defines the dimension of the search space for the tuning process, making

25 the computational cost of tuning these parameters very expensive for large numbers of parameters. The

reader should notice that the selection of these tunable parameters came from the authors’ experience of their

sensitivity on the algorithm performance.

Table 3: Parameters for six optimization algorithms for CSA.

Algorithm Abbreviation Parameter Value
Evolution Strategies ES I 25
crossover probability 0.6
mutation probability 0.3
Differential Evolution DE population size 20
mutation weight 0.4
crossover probability 0.3
Grey Wolf Optimization GWO population size 45
Harris Hawks Optimization HHO population size 55
Moth Flame Optimization MFO population size 55
Particle Swarm Optimization PSO number of particles 30
cognitive speed constant 2.15
social speed constant 2.15

speed mechanism

time-varying inertia weighting

Table 4: Parameters for six optimization algorithms for CSB.

Algorithm Abbreviation Parameter Value
Evolution Strategies ES 7 30
crossover probability 0.7
mutation probability 0.3
Differential Evolution DE population size 40
mutation weight 0.9
crossover probability 0.2
Grey Wolf Optimization GWO population size 30
Harris Hawks Optimization HHO population size 30
Moth Flame Optimization MFO population size 30
Particle Swarm Optimization PSO number of particles 50
cognitive speed constant 2.15
social speed constant 2.10

speed mechanism

time-varying inertia weighting
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4.4. Algorithm Objective Comparisons

Here, the search strategies of these six optimization algorithms will be compared to one another. Despite
the identical purpose for these algorithms—that is to minimize F(2Z)—the approach that each algorithm
uses can vary dramatically. A useful approach when analyzing these algorithms is qualitatively placing their
behavior on a spectrum of exploration versus exploitation. Exploitative behavior in an algorithm will rely on
knowledge of the objective function obtained in past function evaluations to form some guess for the location
of the optima and aggressively pursue this speculated optima with new function evaluations. This behavior
makes algorithms susceptible to local optima entrapment where the algorithm will prematurely converge to a
local optima and miss the global optima of the function. Exploratory behavior in an algorithm will not actively
seek out the optima of the objective function, instead, it will simply seek to further explore the input space.
This behavior can potentially cause algorithms to never converge to an optima at all. It is the problem-specific
balance of these two behaviors which makes a particular algorithm perform better than others.

Figure 7 and Figure 9 show some statistics surrounding the objective function solutions over each generation
for the six algorithms for CSA and CSB, respectively. In the context of evolutionary and swarm optimization
algorithms the fitness of an individual in a generation is equal to the objective function evaluated at the
location of that individual. The generation average (gen. ave.) fitness is shown with the green line for each
algorithm. This quantity is defined as the average fitness of all individuals in an algorithm in a generation.
The 1-0 bound around the generation average (gen. 1-0) fitness is also shown. This is calculated by taking
the standard deviation of the fitness values of all individuals in a population. The maximum (gen. max) and
minimum (gen. min) fitness for each generation are shown as well. Each of these algorithms was allotted 10,000
function evaluations to perform the optimization, the total number of generations run is adjusted accordingly.

Separately, Table 5 and Table 6 are given to characterize the reported optima from these algorithms applied
to CSA and CSB, respectively. Due to the randomness associated with these algorithms, the reported optima
can be different for each run of the optimization algorithm. As such, 50 independent optimization routines
were performed for each of the six algorithms. The only difference between the 50 runs is the random seed
which changes the initial population guess every run. Both the mean and standard deviations in the final best
fitness are reported.

For the results associated with CSA seen in Figure 7, there is very different behavior between the six
algorithms. On the extremes, MFO exhibits the most exploitative behavior out of all algorithms. Around
generation 50, the heterogeneity in the population quickly decreases which is indicative of convergence to an
optima. ES also demonstrates exploitative behavior because the mean fitness of the population drifts close
to the minimum population fitness relatively early on in the optimization process. However, the mutation
operator consistently perturbs selected individuals to the end of the problem preventing the maximum fitness
of the population to converge to its mean. This maintains some degree of exploratory behavior for this
algorithm late into the optimization process, despite the predominantly exploitative behavior demonstrated

in this context. On the other side, DE and PSO maintain diversity in their populations until the end of the
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optimization process. As compared to the other algorithms, the large generation 1-o and generation average
seen in these algorithms demonstrates consistent exploratory behavior. Moving on to HHO, this algorithm
shows a significant shift in its behavior which occurs around generation 100. This shift is characteristic of
the HHO algorithm where, as described by [29], a transfer from an exploration to an exploitation phase
generally occurs as a function of generation number. In the exploration phase, a large degree of heterogeneity
is maintained in the population that is rapidly lost when transitioning to the exploitation phase. Finally, GWO
demonstrates a seemingly linear reduction in its population heterogeneity in that the population average, 1-o
and maximum all decrease linearly with respect to generation number. Again, this is a characteristic of GWO
that is captured in a parameter denoted as a in [28]. Mathematically well-described in the aforementioned
paper, a is essentially the allowable proximity of individuals in a population to the predicted optima. This
parameter is decreased linearly as a function of generation, hence the roughly linear decrease in population

diversity as a function of generation.
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Figure 7: Generation characteristics for optimization algorithms for CSA.
Now, the behavior of the reported optima for CSA will be discussed as shown in Table 5. The rankings
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for best mean optima is MFO as best, then DE, ES, GWO, PSO and finally HHO. Interestingly, this ranking
is similar if standard deviation is ranked: DE, MFO, ES, PSO, GWO, then HHO. These results suggest that
there are clear better choices for optimization algorithms for CSA because DE and MFO give the best optima
with the most consistency. Furthermore, ES, DE and PSO required more effort to obtain tuned parameters as
shown in Section 4.3 because they had more parameters to tune. The cost of obtaining these tuned algorithm
parameters can be very high. From these results, there is no clear advantage that algorithms containing more
tuneable parameters have on those with less. In fact, the best performing algorithm—MFO—only has a single
parameter. Therefore, these results suggest that for this application, the extra computational effort required
to tune parameters for ES, DE and PSO may not be justified as they offered no clear performance advantage
over the other algorithms with only a single parameter (GWO, HHO, MFO). Instead, this computational effort
should be spent on running more generations for the actual optimization problem. Another interesting point of
discussion is how some algorithms tend to prioritize different objectives despite the scalarized objective function
F being the same for all algorithms. For example, MFO consistently reports optima where fc is well-below
those shown by any other algorithm. To a lesser extent, PSO demonstrates similar behavior for fc. Both of
these algorithms also consistently show the worst value for f; where every optimization routine resulted in the
worst-possible value for this objective at 180°. This may be the result of how the characteristics of the search
space interact with the search behavior of the algorithm. As an example of differing search behaviors, the
GWO algorithm tends to have individuals move in a grid-like pattern around the predicted optima mimicking
the circling behavior of wolves while the HHO algorithm has individuals travel directly at the predicted optima

mimicking a hawk’s dive towards prey.

Table 5: Statistics from 50 independent optimization routines performed with six algorithms for CSA.

Algorithm  Statistic F fe [pem] I fa [°]

ES Mean 0.1286 5.156  2.434 x1073 179.6

Std. 8.185 x10™%  4.722  6.964 x107* 1.049

DE Mean 0.1259 18.06  2.016 x1073 179.2

Std. 5.622 x10™%  20.62  5.348 x107* 2.054

GWO Mean 0.1368 2.150  3.143 x107° 180.0
Std. 1.383 x1072  5.343  1.176 x10™®  7.018 x1072

HHO Mean 0.1495 14.82  4.900 x1073 161.5

Std. 1.604 x1072  50.15  1.455 x1073 16.81

MFO Mean 0.1253 0.2202  2.175 x1073 180.0
Std. 7.725 x107  0.3730  6.672 x107*  1.154 x1072

PSO Mean 0.1395 0.7930  3.397 x1073 180.0

Std. 1.117 x1072 2.437  9.646 x107* 0.000

Next, the convergence of each objective for MFO will be analyzed for CSA. MFO is chosen for analysis
here because it yielded the best mean F' value out of all the methods chosen. The behavior of each objective
as a function of F(Z) evaluations for a single optimization routine is shown in Figure 8. Early on, the
optimization routine finds the fd = 180° that was observed in Table 5. fc and fp are continually updated

during the remainder of the optimization process as new optima for F' are found. Moving forward through
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the optimization, the best F' is monotonic in that the best value for F' is only replaced when a new, lower
value for F' is found. On the other hand, the trends associated with other objectives do not necessarily require
monotonicity. An improvement in the running optima can result in an increase in one objective provided
that the overall value of F decreases. This is the reason for the nonmonotonic behavior in f, throughout the

optimization process. From this figure, it is clear that all objectives converge to reasonable values.
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Figure 8: Objective convergence for MFO optimization performed on CSA. Black indicates characteristics of the running best
optima, gray indicates areas still being explored by the optimization algorithm.

Now, on to the results associated with CSB. Figure 9 shows the population characteristics as a function
of generation number for the six algorithms. In general, algorithms seem to demonstrate similar behavior as
they did for CSA. More specifically, ES shows the same homogeneous populations, with the population mean
and maximum fitnesses lying much closer to the minimum fitness for the majority of the optimization process.
MFO again demonstrates little exploration because the population becomes homogeneous very early in the
optimization process. GWO and HHO demonstrate similar behavior as their counterparts shown in CSA, with
the linear transition from exploration to exploitation seen in the case of GWO and the sharp transition for
HHO. DE is the most exploratory of all the algorithms, maintaining population heterogeneity until the end
of the optimization routine. However, PSO demonstrates stronger exploratory characteristics then it did for
CSA. The generation 1-o stays relatively large despite the generation average coming close to the generation
minimum at the end of the optimization process.

Moving on to the results shown in Table 6 the algorithms ranked for the best mean F' to worst mean F' are:
ES, MFO, GWO, PSO, HHO, DE. As demonstration of the no free lunch theorem [50], the performance of
these different optimization algorithms is application specific. These rankings are different from the rankings

in CSA. In general, the no free lunch theorem states that no single optimization algorithm performs better

20



395

400

—— gen. ave. gen. 1-o = gen. max + gen. min

ES

Ftness

L L. ':._ i
; .‘\.'-t:::-'-,v‘.‘? LAl S

T T T T T T
150 200 250 O 50 100 150 200
GWO HHO

o 4
un
(=)
=
=
[=]

Ftness

T T T T T T
0 100 200 300 0 100 200 300
MFO PSO

Ftness

T T T T T T
0 100 200 300 0 50 100 150 200
Generation Generation

Figure 9: Generation characteristics for optimization algorithms for CSB.

than all others for all possible optimization problems. Here, this means that the optimization algorithms
that perform well on CSA are not necessarily the ones that perform the best on CSB. That being said, MFO
performs well in both cases. As such, with more exploration, it may be possible to identify an optimization
algorithm which performs better for a broader set of optimization problems concerning control drum position
optimization. As was done for CSA, the rankings for the spread in reported optima (from least to most spread)
are ES, PSO, MFO, DE, GWO, HHO. Again, this ranking is moderately similar to the ranking for the mean
F, indicating that the algorithms which report the best optima are also the most consistent, making ES the
clear choice. Furthermore, the prioritization of fc demonstrated by PSO and MFO is apparent in CSB. This
was observed in CSA as well.

For deeper analysis of the best performing algorithm, Figure 10 is given which shows the progression of
each objective associated with an optima as a function of number of F(Z) evaluations in a ES optimization
calculation. As with Figure 8, the black lines show the objectives associated with the running best optima.

The black line must be monotonically decreasing for F' but can increase for particular objectives if another
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Table 6: Statistics from 50 independent optimization routines performed with six algorithms for CSB.

Algorithm  Statistic F fe [pem] I Jw [pem/°]

ES Mean  -2.736 x1072 5.113 1.400 x1074 29.02
Std. 5.015 x1073 6.512 9.268 x107° 44.97

DE Mean  -1.032 x1072 25.07 7.155 x107% 24.91
Std. 6.651 x1073 21.99 3.634 x10~* 5.296

GWO Mean  -2.391 x1072 2.831 2.016 x107% 26.34
Std. 1.274 x1072 5.052 6.685 x107* 4.655

HHO Mean  -1.601 x1072 4.817 6.991 x107* 27.50
Std. 1.355 x1072 9.367 8.154 x107* 5.364

MFO Mean  -2.404 x1072 1.302 x10™* 6.991 x1076 22.98
Std. 5.591 x1073  4.868 x10™*  4.260 x107° 5.304

PSO Mean  -1.948 x1072 0.3613 2.666 x107° 19.01

Std. 5.310 x1073 0.8164 9.344 x107° 4.814

objective is reduced for a new best optima. The results shown here indicate that the objectives may be less
competitive in CSB than those in CSA, in general, the trends are more monotonic. This is also seen in Section
4.2 where weight selection for CSB was more straightforward than it was for CSA. Also, F' seems to stabilize
earlier in the algorithm as compared to CSA. This was verified with multiple independent runs. This may
suggest an easier optimization problem overall. Interestingly, exploration in the fc and fp is observed until the
end of the algorithm by the thickness of the gray area associated with the plot showing this objective into the
end of the optimization process. From around 4000 function evaluation onward, the explored domain seems
to fail to achieve the strong fp objective found early in the routine. This can be seen by the gap between the
black line and grey area in the plot for this objective. This may suggest that the algorithm struggled to find
domains where F' was optimized in a way that led to strong f;, objectives. The final reported optima have

reasonable values for each objective.

4.5. Optima Verification

For completeness, the validity of the surrogate models should be evaluated at the reported optima. One
important aspect of any surrogate model is that the accuracy of the model can vary in different parts of its
domain. Often in optimization, highly specific parts of the input domain are sought out because of their
desirable characteristics which may result in domains where the surrogate models are less accurate than
expected if the model error is evaluated on the global scale. As such, two final optimization calculations
were performed for CSA and CSB using MFO and ES, respectively. Due to the nature of the Monte Carlo
calculation method associated with the Serpent model, there are uncertainties associated with the final results.
At the optima reported for CSA, the surrogate model overpredicted criticality by 74 pcm + 13 pcm. This
misprediction is reasonably within the understood model errors described in [40]. The QPTR reported by the
surrogate model is 1.011, the QPTR reported by Serpent is 1.010 with negligible uncertainty from the Monte
Carlo calculation method. Again, this misprediction is reasonably within the known model errors described
in Table 2. From these results, the use surrogate models did not result in any unpredictable behavior from

CSA. At the optima reported by CSB, the surrogate model underpredicted criticality by 54 pcm + 13 pem,
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Figure 10: Objective convergence for ES optimization performed on CSB. Black indicates characteristics of the running best
optima, gray indicates areas still being explored by the optimization algorithm.

which certainly lies in the expected model errors. The surrogate model predicted a QPTR of 1.020, the QPTR
reported by the surrogate model is 1.019 with negligible uncertainty from the Monte Carlo calculation method.
Again, this error is small. Finally, the differential worth predicted by the surrogate model was verified using a
central difference approximation using two different simulations from the Serpent code. The differential worth
reported by the surrogate model is 29.24. pem/°, the differential worth approximated using Serpent is 31.85
pem/°+ 0.55 pem/°. These values show strong agreement between the surrogates and the high-fidelity Monte
Carlo Serpent calculations. Overall, the results from the surrogate model predictions at the optima agree very

well with those from the Serpent model.

5. Conclusions

In this paper, six optimization algorithms are demonstrated on two nuclear engineering problems specific
to the operation of microreactors. They both involve optimizing control drum configurations to yield favorable
operating conditions. The optimization problem referred to as CSA is based on a scenario where one control
drum becomes inoperable. In this scenario, three objectives are identified for safe operation of the reactor: (1)
criticality, (2) even power distribution quantified by the QPTR and (3) minimal control drum travel distance.
The next optimization problem referred to as CSB centers around normal operation where the three objectives
are: (1) criticality, (2) target power distribution quantified by QPTR and (3) maximum control drum worth.
For both cases, scalarization is used to assimilate the three objectives into a single objective function F.

Following this, the six optimization algorithms applied to this objective function are:
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Evolution Strategies (ES) [25]

Differential Evolution (DE) [26]

Grey Wolf Optimization (GWO) [28]

Harris Hawks Optimization (HHO) [29]

Moth Flame Optimization (MFO) [30]

Particle Swarm Optimization (PSO) [27]

For both CSA and CSB, all algorithms demonstrated some ability to reasonably traverse the search space
and report optima. For CSA, the MFO algorithm performed the best, although all algorithms reported
reasonable optima. For CSB, the ES algorithm performed the best. Furthermore, it was observed in both
cases that, in general, the algorithms which provided the best mean optima are also those which had the least
spread of the reported optima. This makes it easier to identify the best algorithm for a particular problem
because the algorithm which has the potential to report the best optima is also the most consistent. Finally,
the optima found by CSA and CSB were run through the original Serpent model used to train the surrogate
models to verify results. Strong agreement was observed between the objectives predicted by the surrogate

models and those calculated using Serpent.
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Appendix A. Derivation of Differential Worth Model

To begin, the equations relating to the integral worth model will be presented. These are well-described
in [] but will be briefly reviewed here. To begin, there is the integral worth model which can be described by

the equation given in Equation A.1.

N

Ap= D E(y) ( Loond @ @2as= [ (ﬁ)?dﬁ) (A1)
n A MO A’ "9%,

Here, each term in the summation represents the contribution of the n-th drum of N total drums to the change

in reactivity. In the case of the current design iteration for the HOLOS-Quad concept, N = 8. (™) (v) is a

linear function with respect to - which captures the tendency for power shifts to occur in the core. ~ is a

vector of albedo variables which can be calculated according to Equation A.3. Each element in = is the albedo

of each control drums.

T
7:[7<0) MO 7(N)] (A.2)

1= [ (@) (A-3)

57(") is a normalized flux shape function which describes the shape of the inward current on the surface of
the n-th control drum. 95472) and @X;}) are domains of angular coordinate variables which describe the surface
of the n-th control drum in the unperturbed configuration which span the absorbing surface and reflecting
surface respectively. The same can be said about 954”) and @fﬁ) except for the perturbed configuration.

The explicit form of f(")('y) used in this study is given in Equation A.4. Here, (™ is a vector of fitted

coeflicients which must be determined using a training set.

(M () =yTa (A-4)
where
T
7*:[1 NORNORES 7(N)] (A.5)
T
a<">:[ag”> o™ ol aﬁy)] (A.6)
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The full expression for the differential worth model is given as:

N
dAp (n) d (k) —(n) (7)2 i—(n)(3)2
= 2 o N Lo d @B~ [ ) (A7)
n,n+k A TAy Ar 4o
b _d 1 (5 (3)2d4 (k) (3)2
Af A’ Ag
+( B (yyw (A.9)
First, for #‘fk) [’y(”)] when n = k:
d o) o™
(M) 2 _-(n)[gn) | & ° i—(n) [ g(n) _ -
46k [+ =i (9 5 )+] (9 5 n==k (A.10)

here, 8™ is the drum rotation angle of drum n and a(™ is the coating angle of drum n. In the case where

n+k:

d_r,m]-0 k Al
¥7I0) [7 ]— n+ (A.11)

For W),

d
(k) _ ~(B) (8)2d3 — ~(k) ( 3)2
w® - l Lo P8 [ i P) dﬂ] (A.12)
A A6 A’ Ag
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