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since small perturbations could break the delicate balance between different parts

of the scenario. In this work, the robustness-against-unecertainties-of-an-optimized

optimization of an uncertainty European-based sustainable transition scenario has
been studied. This scenario, which has been analyzed with the TR_EVOL nuclear

fuel cycle simulator system, aims-to-reduee-is aimed at reducing the transuranic
inventory masses while keeping the fuel cycle costs. To that end, an extension
of the DEMO evolutionary multiobjective algorithm has been implemented within
TR_EVOL for allowing the inclusion of constraints and uncertainties with a method-
ology that can be used by any fuel cycle simulator. Results show the importance of
coupling optimization and uncertainty analyses due to the suboptimal and unstable

solutions that can be obtained if not considered jointly. In addition, the uncertainties

shrink the decision space. It was found that in the-presenee-of-uneertainties-their
_presence the transuranic mass can be reduced and stabilized by a factor ranging

between 65%—71% with an increase of the cost of 16%—18.5% after 300 years
of operation by using advanced systems when compared with an open fuel cycle
strategy.
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1 | INTRODUCTION

The complexity of the nuclear fuel cycle has driven the development of nuclear fuel cycle simulators. These tools have become
crucial for researchers and policy makers and are extensively used for predicting and evaluating the performance, viability and

sustainability of a particular electronuclear scenario in the mid and long term''2, This approach implies that the desired scenario
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is firstly parametrized in terms of a set of particular input parameters and then, when the simulation is completed, different
metrics measuring the quality of the solutions are obtained. These metrics can include, among others, the consumption of natural
uranium, the radiotoxicity of the spent nuclear fuel or the levelized cost of electricity. Nonetheless, in decision making the inverse
problem is presented. The desired outcomes of the scenario are firstly defined, and given a relaxed set of initial conditions,
the best case fulfilling the requirements has to be found. Taking into account the large design space that can be explored, it is
clear that this is not an easy task. For that-this reason, in the recent years nuclear fuel cycle simulators have been upgraded for
performing optimization analyses in an automatized way without user interaction (see for example=#).

Additionally, uncertainty analyses in fuel cycle simulations have recently gained attention tee-=°Z, In general, these studies
show that the uncertainties might impact on the robustness of the scenarios since perturbations mightcould break the equilibrium
balance between different facilities or processes. This aspect is crucial in optimization studies since during the optimization {that

isrprocess (minimization or maximization) preeess-certain materials stocks (e.g. the Pu required to manufacture fast reactor fuel

can be pushed to the limit beyond which the scenario is no longer viable due to a lack of material, producing a broken scenario.

be-satisfied-due-to-atack-of-material-Therefore, if the scenario has been optimized without uncertainties (replacing for example

the random variables by their expectation or reference values), there is no guarantee that when input parameters are selected
from random sampling, the scenario will remain stable and/or viable.

Some studies have been conducted by the nuclear fuel cycle community for-aceounting-for-the-to investigate effect of uncer-
tainties in optimization problems. For example, Kunsch® uses a multiobjective stochastic linear programming for evaluating the
best policy for the light water reactors (LWR) spent nuclear fuel (SNF). In another work, Lee® performs a sensitivity analysis
in a case aimed to find the best growth pattern in a scenario consisting of LWR and sodium fast reactors (SFR) ;-also employ-
ing linear programmingtee. In Hays"", a transition scenario from LWR to fast breeder reactors is optimized with the simulated
annealing algorithm, showing also the effect of varying the uranium conversion ratio or the costs. Nevertheless, linear program-
ming techniques assume that the objective function and constraints can be expressed in linear form. This cannot be assumed in
general, as Passerini'l' shows by comparing the results of a multiobjective transition nuclear scenario solved with linear pro-
gramming and a genetic algorithm. Hence, global optimization techniques should be chosen. In addition, given that changes in
the input parameters have the ability to transform the results of the optimization as the mentioned works have shown, it is clear
that the uncertainties must be part of the optimization problem so their effect in the objectives can be eapturedassessed.

In this work, a methodology te-for solving an optimization problem while considering the uncertainty in input parameters is
discussed. In general, in multiobjective problems there is not a single optimal solution but a collection of them since improving
one objective may be at the expense of worsening another. Under this consideration, a solution it is said to dominate another

solution if it improves at least one objective without degrading the others. The set of all dominant solutions form the so-called



SKARBELI ET AL. | 3

Pareto front. In order to obtain this front, the Transition Evolution code (TR_EVOL) nuclear fuel cycle simulation system 213 has
been upgraded with an evolutionary algorithm able to solve multiobjective constrained optimization problems. The constraints,
i.e. the conditions that have to be fulfilled, are embedded in a penalty function. In addition, in order to handle uncertainties, the
expectation of the random functions are evaluated.

This methodology has been applied to an advanced European transition scenario in which Generation IV technologies are
added to a LWR fleet with the objective of reaching the best sustainable scenario. A scenario is defined to be sustainable if it can

be perpetuated indefinitely in time because the inventories have been stabilized. The preblem-main objective of this work is to

solve, in the presence of uncertainties, an optimization problem to find a scenario minimizing the cost and stabilizing the TRU
inventories according to the sustainability definition. The problem has been solved with and without uncertainties, analyzing
the robustness of the solutions and comparing both results in order to show the limitations of ignoring the uncertainties durin

the optimization.

2 | SCENARIO DESCRIPTION

The scenario chosen for this study is based on the one investigated under the CP-ESFR project (Collaborative Project for a
European Sodium Fast Reactor(CP-ESFR)1#, Framed in a European collaborative strategy, the scenario defined in this project
considers an initial fleet of Generation II LWR that is replaced by a fleet consisting of only SFR systems with a middle phase
where European Pressurized Reactors (EPR) and SFR coexist in order to produce enough Pu for feeding the SFRs. In this paper,
we have redefined this scenario with the objective of pursuing both minimization of the transuranic (TRU) inventories and
minimization of costs. For this reason, the SFR design has been adapted to act as a burner instead of as a breeder reactor. Fur-
thermore, Accelerator-Driven Subcritical systems (ADS) have been introduced for burning the minor actinide (MA) inventories,
in particular Am, Np and Cm. The flowchart of this new scenario is shewn-sketched in Fig. E—}&de%eﬁbeﬁvsvggm the main
facilities and stocks of materials of the cycle as well as the connections between them. As indicated in the figure, this scenario

which starts in year 2010 and ends in 20362300, contains three differentiated phases:

1. Initial phase (2010-2040): the fleet consists entirely of Pressurized Water Reactors (PWR) using either Uranium Oxide
(UOX) or Mixed Oxides (MOX) fuel (denoted respectively as PWR(UOX) and PWR(MOX)). There also exists a legacy

inventory of SNF which accounts for the current European legacy (see Table@in E[) Given that this is a representation

of an existing fleet, this will be the shortest phase.

2. Burning phase (2040-2100): the initial fleet gradually transitions during 20 years (2040-2060) to a new one consisting

of EPR, SFR and ADS systems, with the objective of burning as much TRUs as possible. After this replacement, the
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FIGURE 1 Main facilities in the scenario. The circles corresponds to the different reactor technologies, the diamonds to the
stocks of materials and the boxes represents the facilities.

composition of the fleet remains stable between 2060 and 2100. The phase extends over one generation of nuclear power

lants (assuming an operating life of 60 years).

3. Stabilization phase (2100-2300): starting in year 2100 the burner fleet composition is readapted in order to reach a sus-
tainable level in which the TRU inventories do not increase nor decrease. This transition also has a duration of 20 years

(from 2100 to 2120) after which no further modifications are made to the fleet. The phase will be simulated for 200 years

in order to have enough time to observe the stabilization of the inventories.

During the whole scenario, the electricity production is fixed at 800 TWh, per year as in the CP-ESFR scenario. In the
first phase, 43.83 TWh_/year are produced by the PWR(MOX) systems while the rest comes from the PWR(UOX). The pewer
energy share of PWR, EPR, SFR and ADS reactors in the forthcoming phases are the free parameters which are going to be

optimized in order to fulfill the scenario objectives (minimization of TRU inventories and costs). They will be precisely defined

in Section[2.5] In Sections|2.1]to[2.4] the fuel cycle parameters are specified. H-these-parameters-are notexplicitrefereneedWhen
no reference for the values of the parameters is explicitly provided, they must be taken as assumptions of our study.
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TABLE 1 Reactor features.

Reactor Power (GW.) Thermal eff. (%) Load factor (%) Core mass (tyy) Burn-Up (GWd/ty,,)

PWR(UOX) 1.008 34.0 80.84 79.462 50.0
PWR(MOX) 1.008 34.0 80.84 79.067 45.0
EPR 1.652 36.0 90.00 123.513 55.0
SFR 1.440 40.0 90.00 78.120 100.0
ADS 0.154 40.0 87.00 5.325 78.3

2.1 | Reactor technologies

Main reactor parameters are shown in Table[l] In the case of the PWR(UOX), PWR(MOX) and EPR reactors, these specifications
were taken from the CP-ESFR project. On the other hand, the SFR is based on the ESFR-SMART (European Sodium Fast
Reactor Safety Measures Assessment and Research Tools) project design'’ while for the ADS, the EFIT (European Facility for

tl()

Industrial Transmutation) concept® was selected. The operating life of the units has been assumed to be 60 years in all cases.

2.2 | Fuel specification

The fuel specifications can be found in Table@ The UOX and EPR fuels are made-produced from U, .. The Pu recovered from
the reprocessed UOX SNF is mixed with depleted uranium and is monorecycled in MOX fuels by the PWR-systems-PWRs_
until their complete decommission at the erding-end of the first transition between the initial and the burning phase (year 2060).
During the burning and stabilization phases, all the Pu and MA are multirecycled and reused as part of the SFR (using Pu and
Ugep) and ADS (Pu, Np, Am and Cm) systems fuels. If there is not enough multirecycled Pu for these systems, the monorecycled
stock will be used, as depicted with the dashed line in Fig[I] The Pu content of the SFR fuel, calculated according to the
Baker&Ross equivalent methodZ, has been increased compared to the original design in order to have a Pu burner reactor. This
flexibility is already available in some reactors, like for instance the Japanese SFR which can be changed from low breeder to
high breeder modifying its assembly design and cycle length!®. Note that in our case, the modification will surely impact on the
safety coefficients of the reactor. However, as this issue is beyond the scope of this work in the following we will assume that

the reactor design remains unchanged with no safety concerns. Finally, the fabrication time is two years, and the cooling period

is set to 5 years (same than CP-ESFR scenario).

2.3 | Reprocessing

Homogeneous reprocessing has been considered in this study. UOX SNF reprocessing starts with the scenario (in year 2010)
while MOX SNF reprocessing starts in year 2035. Both the initial SNF legacy and the SNF produced by the PWR-PWRs during

the scenario are reprocessed in these plants. For the SFR and ADS fuels, it has been assumed that all the material is reprocessed
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TABLE 2 Fuel specifications

Parameter Value
235U enrichment for UOX 4.20%
235U enrichment for EPR 4.50%
235U enrichment tails 0.25%
Pu content for MOX 8.65%
Pu equivalent content for SFR  16.36%
Pu/MA content for ADS 45/55%

TABLE 3 Main parameters of the reprocessing plants.

Spent Fuel Max. amount (t;,,) First year

UOX 2000 2010
MOX 850 2035
SFR 0o —
ADS 0 —

after the 5-years cooling period. The main assumptions used for the reprocessing plants can be found in Table[3] The reprocessing

losses for all fuels are set to 0.1%.

2.4 | Introducing the uncertainty

Given the unclear position the nuclear energy will play in the European electricity mix, two major assumptions of this scenario
have been considered to be affected by uncertainties. The-first-one-is-First, that the energy production of the nuclear fleet will
remain constant at 800 TWh, /per year during the burning and stabilization phases. Second, the maximum reprocessing capacity
of the cycle is-set at 2850 t;y, plus the ability of reprocessing all the SFR and ADS SNFs. The lack of knowledge in-the-nuelear
energy-future-about the future of the nuclear energy, and thus of both assumptions, will be parametrized with an (arbitrary)
variation of +£10% of the values described in the previous lines in order to show the impact uncertainties have in the optimization

problem.

2.5 | Defining the objective function

As stated above, the objective of this study is to obtain the optimum sustainable scenario. However, this statement must be
precisely defined since the optimum scenario could be determined depending on multiple criteria. For this study, the TRU
inventory masses and the fuel cycle cost at the end of scenario in year 2300 are considered. The TRU inventory masses will be
measured as the total Pu and MA masses present at all the stages of the cycle depicted in Fig. [T] (fabrication and reprocessing

plants, reactor cores and storage facilities). Reprocessing losses are not included in the inventories.
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TABLE 4 Cost of each technology from the bibliography and fleet values considering 60 years of operating life. No EPR
information was available in“Y, so for this particular work, LWR costs are assumed also for EPR since according to B both are
quite similar.

Reference® Reference? Average
Capital Oo&M Capital Oo&M
Tech. Fleet/Fleet Fleet/Fleet Fleet/Fleet
(EKW,) (€/(kW,y)) EPR O ($/kW,)  ($/(KW, y)) EPR EPR
EPR 3002 75 1 4300 72 1 1
SFR 3902 86 1.21 4700 78 1.09 1.15
ADS 14760 223 3.75 13900 319 3.83 3.80

Regarding the nuclear fuel cycle cost, it will be measured as the relative cost of the proposed scenario with respect to a LWR
fleet in an open fuel cycle with the same installed power. In order to estimate this relative cost, only investment capital and
operation & maintenance (O&M) have been considered, since in similar scenario studies they have been shown to account for
80% of the nuclear electricity costs'. Thus, as a first approximation fuel and decommission, dismantling & disposal costs will
not be considered in this study. Tableoutlines the-these capital and O&M costs, obtained from'®2". In this way, the cost of each
fleet has been estimated from the sum of the capital costs plus O&M costs during 60 years of reactor operational life. Relative
costs calculated as the average of the two provided references in this way with respect to a fleet consisting only of LWRs are
given in the last column of the table. Finaly—the-The figures provided for the scenario cost are obtained by integrating this
relative cost from the beginning of the burning phase to the end of the scenario.

Besides, there are two implicit constraints in this scenario. The first one, related with the lack of materials during the simulation

(scenario breaking), demands that the-TRU-massneeded-there must always be some stock of TRUs available for new fuel

W\,\axsmpumono/multi and MA stocks fi\r,ly

fabrication

The second one is a consequence of the sustainability goal: the inventories have to be stabilized and thus they can neither
increase nor decrease along the years. The first ease-condition can be mathematically described with an equality constraint which
reflects that no additional mass should be added to the scenario in order for it to be implementable, that is m,3q = 0. For the
stabilization, the condition will be described with an inequality constraint demanding that the ehange-variation in the TRU mass
inventories must be less than certain value per year or period of time. It has been assumed, to limit the computational cost of the
constraint, that this change must be less than a ton for the last ten years of the simulation. Hence, given that the simulation ends
in year 2300, this constraint will be defined as Amppy(x) 1= Y, |mi(x,t = 2300) — m;(x,t = 2290)| with i € {Pu,MA}. This

expression has been broken down into its components to avoid solutions in which Pu and MA change in opposite directions in
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such a way their sum fulfills the condition. In this manner, the optimization problem can be mathematically expressed as

. . madd(x) = O,
min (mTRU(x), Cost(x)) subject to (D)
xR Ampgy(x) < c,

in which x are the energy shares of each technology during the burning and stabilization phases and ¢ = 1 ton the maximum

variation assumed.

3 | METHODOLOGY

In order to solve the optimization problem, an evolutionary algorithm has been implemented in TR_EVOL. This kind of algo-
rithms generates a set of candidate solutions which are iteratively updated according to a series of stochastic operators. With these
operators, at each step of the iterative process a new set of candidate solutions is generated after selecting the most promising
ones obtained in the previous step while rejecting the worst. In this way, the solutions move randomly through the search-space
but focusing on those regions that have been preven-found to produce the best results.

In particular, the Differential Evolution for Multiobjective Optimization (DEMO) algorithm”!' has been implemented in
TR_EVOL. It is an extension of the Differential Evolution (DE) method proposed by Storn and Price?223in which the selection
of the best solutions is achieved with a mechanism based on Pareto ranking (a solution grouping based on their dominance) and
crowding distance sorting (a measurement of the density of solutions surrounding a given point). Furthermore, the algorithm has

24 in which the solutions with the lowest penalty

been adapted in this work for handling constraints via the € level comparison
violation are preferred. This penalty violation is measured with a function constructed from the square sum of constraints of the

problem and thus for the problem defined in Eq. (I) it can be defined as
2
P(x) 1= max (0, Amppy(x) — ¢)” + mygq(x)>. Q)

Ta-It is worthy to remark that in general it is not possible to know in advance #f-whether there exists any feasible solution, that
is, a solution that fulfills all the constraints. However, with the methodology presented in the previous lines, if it does not exist,
it can be easily identified since the problem will eventually converge towards the minimum (but not zero) value of ¢(x) given
that the € level comparison always selects the solutions with the minimum penalty.

Besides, in the presence of uncertainties, the evaluation of a set of input parameters does not produce a single value. Instead
a probability density function is obtained which in general will be unknown. Notice that as the constraints have to be fulfilled
for all the possible values there is not guarantee that the solution obtained without uncertainties will remain stable nowwhen
the uncertainties are considered. In order to optimize this stochastic problem, the Sample Average Approximation (see for

example®) will be used. It consist on minimizing the expected value of the random function by using its Monte Carlo estimate.
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However, since this estimate has to be calculated for every candidate solution, to reduce the computational effort in this study
only parametric variations will be employed. As in this case two variables are considered to have uncertainty, the expected value
of the random functions will be approximated by

E [f(x.£.&)] %%(f(x,fo,ng D f(x,f;,f;)>, 3)

i,j€{m,M}

0/m/M

i

being f(x) the objective and penalty functions to be optimized, x the set of input parameters that have to be found and &

the stochastic variables i at the parametric variations which are reference, minimum and maximum values respectively.

4 | RESULTS

In this section the results of the optimization problem are presented. The discussion has been divided in three different parts.
In a first approximation, the scenario has been optimized without considering uncertainties (Sec. 4. 1). These solutions will be
identified as the reference solutions, and once obtained, their robustness will be analyzed in Sec. @ Finally, in Sec. @] the
scenario has been optimized again but introducing this time the uncertainties in the energy production and the reprocessing
capacity.

It is important to note that due to the metaheuristic nature of the optimization algorithm, there is no guarantee that all the
possible solutions are found. In order to overcome this issue, the problem has been solved several times and the multiple solutions
have been combined. In particular, nearly a million simulations have been run for this study. Nonetheless it should be mentioned

that this number strongly depends on the desired precision of the final solution.

4.1 | Reference solution without uncertainty

The results of the optimization problem (i.e. fuel cycle cost and TRU masses at the end of the scenario), are plotted in Figure 2]
The vertical and horizontal axes are identified with the relative cost and TRU inventories masses when compared to an open fuel
cycle strategy respectively. Grey points corresponds to each feasible solution obtained with the DEMO optimization algorithm
while the coloured curve (the meaning of the different eotorscolours will be explained in Sectionf.2) represents the Pareto front
formed by the dominant solutions. An L-shaped dependence between the scenario cost and the TRU inventory masses can be
observed. This has an easy explanation: in order to reduce the TRU inventory more transmutation technologies (SFRs and ADSs)

have to be included in the scenario increasing thus the cost. It can also be observed that for values of TRU mass/TRU mass

below ~0.272 the cost of further reducing the TRU mass rises sharply; from the slopes of the Pareto front it can be concluded
that in this region burning an extra ton is nearly 20 times more expensive. The reason for this behaviour will be explained below.

Finally note that the cost axis has been normalized to the cost of an open cycle in which the initial fleet is replaced by only EPR



10 SKARBELI ET AL.

' —— Stabilization and mass
L ' — Stabilization ]

- i Evaluated points -
119— : —

Cost/Costpg
T

I
N
)

115—

7\‘\\\‘\\\‘:\\\‘\\\‘\\\‘\\\‘\\\‘\\\r_‘
0.26 0.28 03 0.32 0.34 0.36 0.38 04 0.42

TRU mass/TRU mass.p

FIGURE 2 Pareto front of the optimization problem. The two eeters-colours which are separated by the vertical line, correspond
to the different penalty violations of the reference case when uncertainties are considered (more details can be found in Sect..2)).
In grey, the set of feasible (but non-dominant) solutions obtained with DEMO.

systems as explained in Sec. @ For this EPR-only scenario, ~8100tons- t of TRU will be accumulated by year 300 in all stages
of the scenario including the SNF legacy of Table Hence, with an increase of 15%—20% in the electricity cost, the TRU
stocks can be reduced by a factor that ranges between 60%—75% respectively when compared with an open fuel cycle strategy.

Pareto optimal front solutions in the input parametric space can be found in Fig.[3] This scatter matrix plot represents, for the

Pareto-selations-solutions in the Pareto front described above (in red or blue in [2)), all the pairwise relationships between the

two objectives (TRU and cost minimization) and the input parameters that are being optimized (energy share of each fleet by
technologys; the phase is indicated with the subscript indicating-the-phase--e.g. ADS, means the-fraction of ADS during the
burning phase and SFR; means the SFR fraction during the stabilization phase). Under this representation the Pareto front of
Fig.[2]is placed on the Subfigure (5,1). a-this-mannerThe interest of Fig. [3]is that, for a given point, it is possible to determine
the set of input values that lead to that particular solution by projecting horizontally or vertically over the rest of the figures. For
instance, the elbow previously discussed appearing when the relative cost is 1.16% and the relative TRU 0.27% (Subfig. (5,1))
is achieved when SFR, = 40% (Subfig. (1,1) or Subfig. (5,2)), SFR; = 38.8% (Subfig. (2,1)), ADS, = 0% (Subfig. (3,1)) and
ADS, = 4.8% (Subfig. (4,1)).

In all subfigures, two well differentiated branches can be observed, indicating that the Pareto-optimal solutions can be

elassified-in-divided into two different groups for which the correlations between the inputs and the observables decompose

into more simple dependencies. For this particular case, it was found that it4

its-the classification can be performed according to the TRU inventory mass. This is illustrated in the figure with the different
eetorscolours, being each group solution defined as Orange < 0.272 TRU mass/TRU massgpr < Blue. Looking at the Sub-
fig. (5,1), this-these groups can be interpreted as those solutions minimizing the TRU inventories (orange) or the cost (blue). Note
that this interpretation is arbitrary in the sense that thereis-ne-although the groups are clearly separated, there is not technical cri-

teria for se
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w-defining the solutions fulfillin
TRU mass/TRU mass < 0.272 as the ones reducing the TRU inventories. Anyway, with the chosen clustering the correla-

tions for each group are almost linear and each branch can be clearly identified (with the exception of Subfig. (4,4) in which an
overlying region in the zero energy region is observed). For example, in order to maximize the reduction of TRU inventories,
during the burning phase the energy share of the SFR has to be between ~ 34%—42% (Subfigure (1,1)), while for the ADS this
number ranges between 0%—4% (Subfig. (3,1)), existing a negative correlation between both variables (Subfig. (3,2)). On the
other hand, the cheapest scenarios are obtained when no ADS are installed in the burning phase (Subfig. (5,4)) and the num-
ber of SFR is kept as low as possible (Subfig. (5,2)). Additionally, now the reason for the sharp cost increase observed below
TRU mass/TRU massgpe~0.272 of FRU-in the Pareto front in Fig. [2] becomes clear: it is produced by the introduction of ADS
during the burning phase as it is showed by the orange points in Subfig. (5,4)show.

Finally, it can be noticed that for all solutions, the ADS energy share in the stabilization phase increases when compared to
the burning one: in the first case, the values are tower-bounded-bounded by min ADS; = 4.8 while in the latter it is verified
that max ADS, = 4 —Fhis-an thus ADS; > ADS, for all of them. Since the MA are only consumed in the ADSs this implies
that the MA consumption in the stabilization phase (in which by definition inventories do not increase nor decrease) is higher
than in the burning one, during which the inventories must therefore accumulate. This can be explained by a shortage in the
stock of the materials used for the fabrication of the ADS fuels: as there is not enough TRU mass during the deployment of the
ADS fleet (when the TRU demand is higher), the number of units that can be installed in this phase is limited by the inventories
availability during this first transition. Consequently, the MA reduction of the scenario is constrained. This effect will become

clearer with the discussion of the results in the forthcoming section.

4.2 | Robustness of the solutions

Once the solutions have been obtained, their robustness is studied by introducing the uncertainties in the total energy production
and the reprocessing capacity. To this end, for each solution obtained in the previous section, the parametric average described in
Eq. (@) is calculated and the constraint violation is analyzed as a measurement of their robustness. In this work, it was obtained
that none of the solutions of the Pareto front was stable. All of them violate the stabilization constraint, while a small subset
(depicted in red in Fig. [Z) also required an additional mass in order to avoid scenario breaking, hence violating both constraints.
The solutions that only violate the stabilization constraint are represented in blue. It should be clear that the vertical line in Fig. 2]
only separates solutions located in the Pareto front. The reference non-dominant feasible solutions (i.e. grey points) that will
violate the additional mass constraint in the presence of uncertainties could be located either to the left or to the right of this
vertical line. Anyway, the red subset corresponds to the solutions minimizing the TRU inventories, since they push the stocks to

the limits in order to achieve the higher TRU reduction it is understandable and expectable that they violate this mass constraint.
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FIGURE 3 Pairwise plot of the two objectives and the input optimization parameters.The different eelors-colours group the

solutions by the values of the objective functions.

This evidences the complexity of dealing with uncertainties: the process may lead to a suboptimal solution and, worse than that,

there is no guarantee that this solution will be stable. Nonetheless, it should be pointed out that there exist solutions more stable

than others in the sense that they only violate one of the two constraints. Therefore, if the inequality constraint were relaxed no

penalty will occur for the blue solutions of the figure.
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FIGURE 4 Plutonium stock (top) and burning energy share (bottom) for two of the scenarios in the Pareto front of Fig.|2| The
shaded areas represents the transition between the different phases.

Fig. E| shows an example of two unstable reference scenarios ef-located on the Pareto front. In the top figure, the Pu stock
mass used-available for fuel fabrication (see Fig. [I) is represented for one of the setutions-scenarios minimizing the cost and
that will violate the stabilization constraint when uncertainties are considered (blue line, corresponding to one of the solutions
in the blue region of Fig. EI), and another solution that minimizes the TRU inventories (red line) and that will violate both the
stabilization and the need of additional mass. The bottom figure shows the energy share of the burning technologies (ADS and
SFR) for the same cases.

In the red scenario, the Pu stocks begins to accumulate when the UOX reprocessing plant starts its operation in year 2010,
and then the slope increases when the MOX plant starts in 2035. All the initial SNF UOX and MOX inventories are completely
reprocessed by years ~2040 and 2085 respectively, which explains the ehange-changes in the trend observed in the curve: as
less material is recovered, for the same TRU consumption the Pu-stock-deereasesrate of increase of the Pu stock is reduced.
In addition, during the two transitions between phases, the Pu stock is reduced due to the large consumption the deployment
of new reactors (the new cores need to be fabricated and since the number of units is increasing, the demand of new fuel
corresponds to a larger number of reactors than the ones from which the SNF can be recycled). As the increase in the fraction
of burning technologies (SFR and ADS) is larger in the transition from the initial phase to the burning phase (2040-2060)

than in the transition from the burning to the stabilization phases (2100-2120) as the bottom figure indicates, the reduction in
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FIGURE 5 Comparison of the Pareto front with and without uncertainties.

Pu stock is more important during the first transition. Note that, as the Pu stock is completely exhausted at around year 2062,
small perturbations may produce a lack of material breaking the scenario. Aside from this effect occurring at transitions, for-this
easein this scenario, the Pu during the rest of the burning phase cannot be consumed (on the contrary, it is accumulated) due to
a limitation in the burning technologies (ADS/SFR) that can be installed in-thefleet-to avoid a shortage of material. This can be
observed again in the bottom graph noticing that the ADS and SFR energy share is higher during the last phase.

For the blue case neither ADS nor SFR reactors are deployed during the burning phase so the Pu inventories increase steadily
during this phase. Hence, no scenario breaking can occur for this case although the stabilization of the inventories could be
compromised in the presence of uncertainties. Obviously, as there are no burner reactors in the burning phase, the Pu inventories

at the end of the scenario are much larger than for the previous case.

4.3 | Including the uncertainties

In this section the optimization problem is solved taking into account the uncertainties in the energy production and the repro-

cessing capacity, minimizing the expected values of the objectives functions approximated with Eq. (3) and averaging the penalty

function too. The results will be compared with those obtained in Section @f&not to establish a relation between both cases
but to identify the problems derived-arising from not taking into account the uncertainties in-a-firstinstance-from the beginning.
The solutions are shown in Fig. [5]and Fig. [f] Fig. [5] compares the new Pareto front obtained with uncertainties (continuous
line) with the Pareto front of Fig. 2] represented with the dashed line. The new Pareto front is located inside the region of non-
dominant but feasible solutions obtained in the case without uncertainties (grey dots of Fig. |Z[) Consequently-the-This is due_
to the fact that the case with uncertainties takes up a smaller region in the objective space than the case without uncertainties.
This region that now is not accessible, corresponds to feasible solutions in the reference case for which the constraints cannot

be fulfilled in the presence of uncertainties.
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FIGURE 6 Scatter plots between cost and input parameters plus TRU inventories for the uncertainty case (in estercolour). In
grey, the results of the reference case discussed in Sect. @

The solutions in the input parameter space are shown in Fig. |§|with the eolored-coloured points in blue and orange, and the grey
dots being the results of the reference case (without uncertainties, last row in Fig. E[) For the shake of clarity, only the scatter plot
between the cost and the other variables is represented; note that as in the previous case Fig.[5]corresponds to Fig.[6] 1. Focusing
on the blue and orange results, again two major clusters can be observed: Orange < 0.301 TRU mass/TRU massgpp < Blue.
Following the interpretation introduced in the previous section this can be identified again with TRU minimization (orange)
and cost minimization (blue). For this particular case, the uncertainty solutions exhibit the same shape that was obtained in
Section[.T|but extending over a smaller region of the input parameter and objective spaces, so similar conclusions can be derived:
the cost of the scenario increases linearly as the TRU mass is reduced until some point after which the trend changes sharply as
a consequence of the introduction of ADS reactors. Finally, the blue solutions are almost coincident in the objective space with
a region of the reference front, (although the case without uncertainties is always below), being the case with uncertainties a
small region of the reference calculation. As the blue part of the Pareto front is very close to the reference one, the elbow of the
L-shaped new front is located approximately at the frontier that was defined in the previous section, which divided the solutions
based on the penalty violation (the vertical line is the same in both Fig. [5|and Fig. 2).

In general, the effect of the uncertainties is to shrink the solutions space: now the mass can only be reduced in a factor that
ranges between 65%—71% with a cost increase of 16%—18.5%. From the comparison between the Pareto fronts, it can observed
that for both the TRU and cost minimization, there are solutions that are now lost when compared to the reference case. As it was
explained in the previous section, those solutions minimizing the TRU inventories violate the additional mass constraint in the
presence of perturbations. Consequently, as the TRU reduction is limited when compared to the reference case, the maximum
energy share of the ADS+SFR technologies during the burning phase must be lower when compared to that case, as the obtained
results show when the eetored-coloured solutions are compared with the grey ones in Fig. @2 and Fig. @4. In the case of the
lost solutions minimizing the costs, this effect is produced by the stabilization constraint. However, whereas the violation of
the additional mass can be easily identified with an underlying physical effect (an excessive ADS+SFR energy share during the

burning phase), for the stabilization condition no further explanation was found.
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Finally, despite the fact that the results in both the reference and the uncertainty cases exhibit the same shape, some differences
can be identified. Although in Figs.[6]2 to[6]4 the blue dots are very close to the dots of the reference calculation, in the case of
the ADS share during the stabilization phase (Fig.[6]5) the solution lies in a region that is not accessible from the reference case.

This agrees with the results of the previous section in which none of the reference solutions were found to be robust against

perturbations. Moreover, it illustrates the problem of ignoring the uncertainties during the optimization process: by doing so
certain solutions that seems valid without uncertainties are not longer correct when they are considered. However, an important

remark is the existence of an overlapping region between all input parameters but the installed power fraction of ADS during
the stabilization phase. This-The existence of this region indicates that the scenario can be corrected: if the reference input
parameters were chosen in this zone, it would be possible to readapt the scenario in the presence of uncertainties towards an
optimum sustainable state by changing the number of ADS during the stabilization phase. In this way, from a decision making
point of view, there exist solutions more interesting than others given their ability of readaptation since if the input parameters

were firstly chosen in these regions, it would be possible to correct the scenario before the stabilization phase occurs.

S | CONCLUSIONS

The complexity of nuclear fuel cycle scenarios has driven in the recent years the development of automatic optimization tools
that are able to obtain the best scenario or set of scenarios when precise objectives are pursued, a key task in decision making.
Nonetheless, these analyses cannot be decoupled from the uncertainty ones since perturbations can break scenario equilibriums
between facilities as several studies have shown. In this work, a methodology for optimizing electronuclear scenarios in the
presence of uncertainties has been presented. To this end, the TR_EVOL fuel cycle code has been upgraded with the DEMO
evolutionary multiobjective algorithm which was further extended for handling constraints and uncertainties. This methodology
has been applied to an advanced and sustainable nuclear scenario consisting of EPR, ADS and SFR systems and EWR-LWRs
in the initial phase. The optimization problem aims to find the fleet shares of each technology that minimize both the TRU
inventories and the cost after 300 years. Additionally, the energy production and the reprocessing capacity of the plants were
assumed to be variables affected by uncertainty.

In a first approach, the two-objective optimization problem has been solved without considering uncertainties. It was found
that it was not possible to minimize both objectives simultaneously. The Pareto front obtained indicates that the TRU inventories
can be reduced by a factor that ranges between 60%—75% implying a cost increase of 15%—20% respectively when compared
to an open fuel cycle strategy. However, a posterior analysis shows that these solutions were unstable, and thus the imposed
scenario constraints will not be longer fulfilled in the presence of uncertainties. In this way, the uncertainties not only lead to a

non-optimum solution but also compromise the robustness of the scenarios.
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Secondly, the problem has been solved considering this time the effect of the uncertainties. Results have shown that their
effect is to shrink the Pareto front when compared to the previous case as a consequence of constraint violation: the TRU
reduction now ranges between 65%—71% while the cost between 16%—18.5%. Additionally, the pewer-energy shares of the
different technologies in the optimum solutions in the case with uncertainties are different than in the case without, although
in some cases an overlapping region exists. Consequently, if these input-parameters-energy shares were firstly chosen in these
regions, it would be possible to correct the scenario.

The obtained results evidence the fact that uncertainties play a major role in scenario optimization and must therefore be
taken into account beforehand to ensure the reliability of the obtained solutions. Besides, the methodology presented can be
implemented by any fuel cycle simulator able to perform a large number of simulations in a feasible amount of time. Although
this approach is automatic, future works should focus on the massive data analysis required for identifying the physical process

that constraints the solutions.

How to cite this article: A. V. Skarbeli, F. Alvarez-Velarde, and V. Bécares , (YEAR), TITLE, Int. J. Energy Res., VOLUME.

APPENDIX
A INITTIAL SNF LEGACY

The initial spent nuclear fuel legacy inventories of the scenario are provided in Table The data has been extracted from'%,

and has been disaggregated by year of inclusion and fuel type.
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TABLE A1 Initial SNF stock per year of inclusion in the scenario and fuel type.

UOX fuel (t) MOX fuel (t)
Year 2010 2022 2010 2022
LAy 5.40 0.25 0.20 0.15
235U 207.50 78.50 2.00 2.70
26y 148.50 40.20 0.40 0.50
28y 27384.00 8247.30 1308.40  920.00
ZNp 19.10 5.70 0.30 0.30
238py 8.00 2.00 2.30 1.00
23%Py 170.90 49.30 29.90 19.20
240py 75.20 21.00 20.40 14.60
241py 39.30 6.70 9.80 3.00
242py 23.30 5.50 7.50 4.50
2 Am 12.30 6.70 4.10 5.20
23 Am 5.90 1.40 2.00 0.90
242Cm 0.20 0.00 0.00 0.00
24Cm 1.80 0.40 0.90 0.20
25Cm 0.10 0.04 0.10 0.06
Fission Products 1327.60 363.00 57.10 40.00
Total 29429.10 8827.99 144540 1012.31

ACRONYMS

ADS
CP-ESFR
DE
DEMO
EPR

HM
LWR
MA
MOX
O&M
PWR
SFR

SNF
TR_EVOL
TRU

UOX

Accelerator-Driven Subcritical System

Collaborative Project for a European Sodium Fast Reactor

Differencial Evolution

Differential Evolution for Multiobjective Optimization

European Pressurized Reactor

Heavy Metal

Light Water Reactor
Minor Actinides

Mixed Oxides

Operation & Maintenance
Pressurized Water Reactor
Sodium Fast Reactor
Spent Nuclear Fuel
Transition Evolution code
Transuranic

Uranium Oxide
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