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Abstract

Nuclear microreactors are proposed for remote communities, industrial facilities, and data centers, but their economics
remain commercially unproven. Without an operating fleet, first-of-a-kind (FOAK) to (n)th-of-a-kind (NOAK) cost pro-
gression relies on bottom-up estimates, scaling assumptions, and assumed learning, leaving overnight capital cost (OCC)
among the least-established inputs in direct levelized cost of electricity (LCOE) comparisons. Rather than prescribing OCC,
this work asks: what OCC must a microreactor fleet reach for its generation cost to equal the fossil generation it replaces?
Fleets of 13-, 10-, and 5-MWe Holos-Quad, Aalo-1, and eVinci units are dispatched against measured 2025 coal, natural-gas
combined-cycle, and gas-peaking generation from DTE Electric in Southeast Michigan. Because capital cost does not affect
hourly merit order, replacement cost is linear in a common capital multiplier (m), enabling break-even (m∗) from one dis-
patch. Ten metaheuristics algorithms screen mixed fleets over ten seeds using 1,000 evaluations per run. Selected economic
candidates contain only Aalo-1 units: 185, 111, 35, and 124 for coal, combined-cycle gas, gas peaking, and combined cases.
Using midpoint fossil costs from Lazard’s 2026 LCOE+, corresponding NOAK break-even OCCs are 6,484, 1,063, 2,414, and
8,918 $/kW. Replacement fraction alone does not determine the threshold: combined-cycle replaces 96.73% of target energy
yet supports the lowest positive multiplier, whereas the combined fleet replaces 29.32% and supports the highest, demon-
strating the importance of utilization and displaced-source cost. Candidate-specific reactor references are then evaluated
using nonlinear model predictive control. All fleets satisfy hourly-linear tracking and remain below 1% under a separate
Midcontinent Independent System Operator (MISO)-informed 5-min sensitivity, although the coal case reaches the 0.5 de-
grees/s drum-rate limit. These OCCs are economic break-even targets, not future-cost predictions; coal and combined-case
Aalo-1 thresholds fall within generic microreactor cost ranges reported by the Nuclear Energy Institute.

Keywords: Fleet Dispatch; Levelized Cost of Electricity; Capital Cost; Nuclear Microreactors; Optimization;

Break-even Analysis

1. Introduction

Electricity demand in the United States has increased sharply in recent years, driven in part by the expansion
of data centers and new industrial loads [1]. At the same time, coal units are being retired or considered for
replacement, including units in the DTE Electric system [2], which is the largest electric utility in Michigan, United
States. Any replacement resource must supply electricity when needed while remaining economically competitive
and supporting the transition away from fossil generation. Nuclear energy is one option because it provides high-
capacity and low-carbon generation. However, conventional nuclear plants have large unit sizes, long construction
schedules, and high initial capital requirements. These limitations have supported the development of small modular
reactors (SMRs) [3] and, more recently, nuclear microreactors [4].

Microreactors are generally designed for smaller power output, factory fabrication, transportability, and re-
duced on-site construction. These features make them relevant to remote systems, industrial facilities, military
installations, data centers, and hybrid energy systems. Their main economic limitation is capital cost. Bottom-
up estimates remain high on a per-kW basis, and no commercial fleet has yet produced the learning needed to
confirm the nth-of-a-kind (NOAK) values used in long-term studies [5, 6]. This creates a problem for the normal
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techno-economic approach. When viability is evaluated at an assumed overnight capital cost (OCC), the conclusion
depends strongly on the input that is also one of the least certain.

Existing microreactor economic studies generally assume reactor cost as an input. Market studies compare
a specified reactor cost against diesel or other high-cost alternatives and then identify where deployment may
be competitive [3, 4]. Bottom-up cost work instead develops the capital and operating inputs needed for those
comparisons [7]. The Microreactor Optimization Using Simulation and Economics (MOUSE) framework provides
the component-level first-of-a-kind (FOAK) and NOAK estimates used in the present analysis [6, 8]. In each case,
the reactor cost is treated as an input, and the resulting conclusions depend on that assumed value.

A separate body of work examines fossil replacement and coal-to-nuclear transitions. These studies screen sites,
identify infrastructure that may be reused, and evaluate the cost and community effects of replacing retiring coal
generation with nuclear capacity [9]. The reactor technology and its cost are normally fixed before the site is
evaluated. The question asked here is different. The fossil-generation profile is fixed from measured operation,
while the fleet size and the capital cost it can support are calculated as results.

Reactor flexibility is another part of the problem. Economic dispatch can assign a power trajectory to each
unit, but it does not show that the reactor model can follow that trajectory under actuator limits. Microreactor
load-following studies have developed sliding-mode, proportional–integral–derivative (PID), and nonlinear model
predictive controllers (NMPC) for control-drum systems [10]. Deep reinforcement learning has also been applied
to the same general control problem [11]. These studies test reactor behavior but do not determine the fleet-level
cost threshold. Economic studies tend to assume the operating behavior instead. The two analyses are therefore
connected here, but they are not nested inside the same optimization loop.

The analysis uses DTE Electric as the test system. DTE Electric serves approximately 2.3 million customers
in southeastern Michigan and operates 12.4 GW of generating capacity, of which 8.1 GW is fossil fired [12]. The
utility has committed to ending coal generation in 2032, and its Monroe plant alone supplied more than 30% of its
2025 power plant generation. It also reports that it is monitoring modular nuclear reactors among the emerging
technologies that may support future clean generation. Hourly operation of every affected unit is publicly reported,
which makes the fossil profile a measured input rather than a modeled one.

This work asks the inverse economic question. Instead of assuming an OCC and asking whether a microreactor
fleet is competitive, it asks what OCC would make the fleet competitive with the fossil generation it replaces. The
question can be answered directly because the units are dispatched in order of marginal generation cost, defined
as fuel plus variable operation and maintenance. Capital cost does not change that order. Scaling the capital cost
of every unit by a common multiplier therefore leaves the merit order, hourly generation, capacity factors, and
displaced fossil energy unchanged. Only the annualized capital term changes, so the break-even multiplier follows
from one dispatch.

The break-even OCC is a fleet result rather than a reactor value by itself. A small fleet replaces only the
highest-cost fossil generation, but its early units remain close to FOAK cost. A larger fleet experiences greater cost
reductions through learning, but it reaches lower-cost fossil generation and may operate at a lower capacity factor.
These effects work against each other. The fleet with the highest supported capital cost therefore lies between a
very small and a fully replacing fleet, and neither fleet size nor replacement percentage is fixed in advance.

There is also a non-capital floor. Fixed operation and maintenance, fuel, variable operation and maintenance,
and the cycling charge associated with hourly startup and shutdown events are paid even when OCC is reduced
to zero. When these costs are already above the displaced fossil-generation cost, no positive OCC can achieve
break-even. This is not a failure of the inverse method. It indicates that capital cost is not the only cost component
that would need to change. Consequently, the main contributions of this work are as follows:
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• An inverse economic formulation is developed to solve for the required OCC rather than assume it.

• The levelized replacement cost is shown to be exactly linear in a common capital multiplier, so the break-even
multiplier of an hourly dispatch follows from a single evaluation.

• Mixed fleets are screened with several optimization algorithms, while each pure design is also checked by
complete integer enumeration.

• Fleet size, capacity factor, and fossil-generation replacement are reported as results rather than as imposed
targets.

• The economically selected fleet is passed to a candidate-specific worst-day reactor-level screen that preserves
the unit-level hourly dispatch and tests online load following under explicit control-drum limits.

After we review some related studies in Section 2, the remainder of the paper follows the two analysis levels.
Section 3 defines the candidate reactor designs and presents the annual fleet-level methodology, including the
load profiles, cost progression, merit-order dispatch, cycling charge, inverse cost formulation, and optimization
screening. Section 4 gives the reduced-order reactor model, nonlinear model predictive control formulation, worst-
day reference construction, and controller tuning. The economic and reactor-level results are then presented
separately in Section 5 before their combined implications and limitations are discussed in Section 6. Section 7
concludes and sets out possible extensions.

2. Related Work

The present work draws from several areas outside microreactor economics and reactor control. These include
power-system dispatch and planning, fossil-generation displacement, generation-portfolio optimization, and break-
even cost analysis. This section reviews these areas and identifies how they relate to the inverse fleet-cost problem
considered in this study.

2.1. Power-System Dispatch and Planning

Power-system optimization includes both planning and operational problems. Capacity-expansion models de-
termine future investments in generation, storage, and transmission resources [13], while economic-dispatch models
allocate generation among available units according to operating costs and system constraints. Unit-commitment
formulations further incorporate startup and shutdown costs, minimum up- and down-times, ramp-rate limits, re-
serve requirements, and binary operating decisions [14]. Uncertainty in demand, renewable generation, fuel prices,
and unit availability has also motivated stochastic unit-commitment approaches [15].

Because these optimization frameworks often rely on repeated evaluation of computationally intensive engi-
neering models, considerable effort has been devoted to reducing their computational cost. Recent advances in
reduced-order modeling and digital twins have improved the efficiency of engineering analyses. Variational digital
twins [16], physics-informed digital twins with active learning [17, 18], and reduced-order reconstruction tech-
niques based on simplified matching pursuits [19] enable efficient representation of complex physical systems for
optimization and uncertainty quantification.

The present work adopts a different level of abstraction because the objective is to evaluate thousands of
candidate microreactor fleets rather than reconstruct detailed power-system operation. The measured DTE Elec-
tric fossil-generation profile is therefore treated as the replacement target, and candidate microreactors are dis-
patched according to marginal generation cost. Startup and shutdown costs, binary commitment decisions, reserve
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constraints, and other unit-commitment features are intentionally omitted, providing the hourly generation and
utilization required for fleet-level inverse economic analysis while maintaining computational efficiency.

2.2. Fossil-Generation Displacement and Replacement

A substantial body of work has examined the displacement of fossil generation by wind, solar, energy storage,
and other low-carbon technologies. These studies generally compare the cost of the entering resource with the
operating or levelized cost of the conventional generation it displaces, showing that the economic benefit depends
on both the quantity and type of fossil generation replaced.

Merit-order models provide one approach for quantifying this effect. Jain and Shrimali combined measured
utility schedules with a merit-order model to estimate the economic impact of renewable generation, demonstrating
that the value of additional generation declines as progressively lower-cost thermal resources are displaced [20]. Sim-
ilarly, the Coal Cost Crossover analysis compared continued coal operation with replacement by nearby renewable
resources and energy storage across the United States [21]. Recent studies have also employed surrogate-assisted
methods to evaluate integrated energy systems under uncertain operating conditions, emphasizing that economic
value depends strongly on system operation rather than aggregate energy production alone [22].

The present work adopts the same displaced-generation perspective but considers fleets of nuclear microreactors.
Coal, combined-cycle gas, and gas-peaking generation are treated as separate replacement targets because they differ
in hourly operating profiles and generation costs. Consequently, the supported reactor capital cost depends on both
the source and timing of the displaced generation. In the combined replacement case, microreactor generation first
displaces the highest-cost fossil generation before progressively replacing lower-cost sources. As a result, replacing
more energy does not necessarily increase economic value, and replacement fraction alone is insufficient to determine
the supported capital cost.

2.3. Optimization of Generation Portfolios

Optimization has been widely applied to generation expansion, hybrid energy systems, reactor design, and
operational planning using mathematical programming and metaheuristic algorithms. While mathematical pro-
gramming is effective for structured optimization problems, evolutionary and swarm-based methods are well suited
for nonlinear, mixed-variable, and simulation-driven applications.

In nuclear engineering, population-based optimization has been successfully applied to boiling water reactor fuel
bundle optimization [23], physics-informed reinforcement learning for nuclear assembly design [24], multi-objective
optimization of microreactor reactivity control systems [25], hybrid energy-system sizing [26], and multiphysics
reactor optimization [27]. High-fidelity neutronic and thermal-hydraulic analyses have also been coupled to deter-
mine burnup-dependent operating conditions for heat-pipe microreactors [28, 29]. These studies demonstrate the
flexibility of metaheuristic optimization for computationally intensive nuclear engineering problems.

Meaningful comparisons between optimization algorithms require consistent benchmarking because performance
depends on factors such as evaluation budget, stopping criteria, random initialization, and constraint handling [30].
Accordingly, the present work evaluates multiple optimization algorithms under identical computational budgets
and repeated random seeds. The optimization variables consist only of the integer fleet sizes of the three candidate
microreactor designs, while reactor ratings, learning assumptions, cost parameters, and measured fossil-generation
profiles remain fixed.

Complete enumeration is additionally performed for each pure-design fleet to verify the optimizer results. Unlike
previous studies that primarily optimize reactor design, reactor control, or multiphysics performance, the proposed
framework optimizes discrete microreactor fleet composition while directly solving for the maximum overnight
capital cost supported by displaced fossil generation through inverse economic analysis.
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2.4. Break-Even and Inverse Cost Analysis

Most techno-economic studies evaluate candidate energy technologies by assuming capital and operating costs
before calculating system cost or economic competitiveness. Consequently, the conclusions depend directly on
technology costs that often remain uncertain for emerging energy systems. A smaller body of work instead adopts
an inverse perspective by determining the cost or performance required for a technology to become economically
competitive.

Li et al. determined break-even capital costs for generation technologies using a capacity-expansion model,
identifying the cost thresholds at which candidate technologies entered the optimal generation portfolio [31]. Similar
inverse approaches have been developed for energy storage by estimating the capital cost supported by avoided
operating costs and grid services [32], identifying cost and performance requirements for long-duration storage
[33], and backcasting the cost targets needed for storage and firm low-carbon resources to become economically
competitive [34, 35]. These studies demonstrate that inverse techno-economic analysis identifies technology targets
rather than evaluating assumed designs.

Within nuclear engineering, however, economic studies have largely retained the conventional forward approach.
Alonso et al. evaluated the competitiveness of small modular reactors by assuming reactor capital costs [36], while
the MOUSE framework estimates FOAK and NOAK costs from component-level manufacturing models [6]. In
parallel, recent advances in surrogate modeling [37], digital twins [16], physics-informed digital twins [17, 18],
and reinforcement learning for autonomous microreactor control [38, 39, 40] have improved reactor analysis and
operation, but they do not address the inverse economic question of determining the capital-cost thresholds required
for competitive fleet deployment.

The present work applies inverse techno-economic analysis to dispatched fleets of nuclear microreactors. Mea-
sured fossil-generation profiles and source-specific generation costs are fixed, while fleet composition, annual uti-
lization, displaced fossil generation, and supported capital cost are determined as optimization results. Because the
common capital multiplier does not affect the marginal-cost dispatch order, hourly generation and displaced fossil
energy remain unchanged for a fixed fleet, making the levelized replacement cost exactly linear in the multiplier.
The break-even OCC can therefore be obtained from a single annual dispatch evaluation rather than repeated
techno-economic simulations.

The resulting OCC represents an economic target rather than a prediction of future construction cost. Positive
values identify the maximum capital cost supported under the assumed operating conditions, whereas negative
values indicate that non-capital costs alone exceed the value of the displaced fossil generation. Although previous
studies have addressed dispatch, fossil replacement, optimization, reactor economics, and AI-enabled reactor anal-
ysis separately, the authors did not identify prior work that combines measured source-specific fossil-generation
profiles, unit-by-unit FOAK-to-NOAK cost progression, discrete mixed-fleet optimization, and a direct analyti-
cal solution for the supported reactor OCC. The proposed framework integrates these elements while separately
verifying that the economically selected fleet configurations satisfy reactor-level dynamic control constraints.

3. Methodology

Figure 1 summarizes the analysis framework used in this study. A candidate fleet is first defined by the numbers
of Aalo-1, Holos-Quad, and eVinci units. Each physical unit is assigned its position along the FOAK-to-NOAK
cost progression, and the resulting fleet is dispatched against the selected 2025 DTE fossil-generation profile. The
dispatch determines the annual microreactor generation, realized capacity factors, displaced fossil energy, and
startup and shutdown events, while the corresponding capital and non-capital costs are calculated for the same
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fleet. These quantities are combined in the inverse break-even formulation to obtain the capital multiplier m∗

supported by that candidate.
The mixed-fleet composition is searched using metaheuristic optimization methods, with each run limited to

1,000 fleet evaluations. The candidate with the largest m∗ is retained as the selected economic fleet. Because the
selected fleets in the present analysis contain only Aalo-1 units, a complete integer enumeration of the corresponding
pure-design problem is also performed as a follow-up check of the selected unit count. The reactor-level calculation is
performed only after the economic fleet has been selected. Its physical-unit hourly dispatch is retained to identify
the candidate-specific most-variable day and construct the power references used for the NMPC load-following
screen.

Figure 1: Analysis framework used in this study. Candidate fleets are evaluated using annual merit-order dispatch and inverse break-
even cost analysis, after which the selected economic fleet is used to construct the candidate-specific worst-day reference for reactor-level
verification.
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3.1. DTE Electric Data

DTE Electric is used as the test system for the present analysis. Publicly available 2025 operating data are
processed to construct hourly generation profiles for the fossil resources considered in the replacement cases. Coal,
natural-gas combined-cycle, and gas-peaking generation are retained as separate source categories so that their
different operating profiles and economic values can be represented explicitly.

3.1.1. DTE Electric generation fleet

DTE Electric owns 12,414 MW of generating capacity, all located in Michigan [12]. Table 1 gives the breakdown
by source as of December 31, 2025. Fossil units account for 8,145 MW, or 65.6% of the total, and coal is the largest
single category at 4,100 MW. The three fossil categories in the table are the basis for the replacement cases evaluated
in this study.

Table 1: DTE Electric installed generating capacity by source in Michigan, United States, as of December 31, 2025.

Category Source Capacity Share
(MW) (%)

Fossil Coal 4,100 33.0
Natural-gas combined cycle and steam 2,092 16.9
Natural-gas peaking 1,953 15.7

Subtotal 8,145 65.6

Nuclear Fermi 2 1,141 9.2

Renewable Wind 1,597 12.9
Solar 395 3.2

Subtotal 1,992 16.0

Storage Pumped hydro 1,122 9.0
Battery 14 0.1

Subtotal 1,136 9.2

Total 12,414 100.0

The reported values are summer net ratings rather than nameplate capacity, except for wind and solar.

3.1.2. DTE fossil-generation profiles

The economic analysis uses processed 2025 hourly generation profiles for coal, natural-gas combined cycle, and
gas peaking in the DTE Electric system. The underlying operations data are taken from the U.S. Environmen-
tal Protection Agency Clean Air Markets Program Data (CAMPD) system [41]. The three profiles are shown
superimposed in Fig. 2.
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Figure 2: Processed 2025 hourly fossil-generation profiles for the DTE Electric system used as replacement targets in the economic
analysis. The figure shows coal, natural-gas combined-cycle, and gas-peaking generation over the 8,760 hours of the study year using
operations data from the U.S. Environmental Protection Agency Clean Air Markets Program Data (CAMPD) system [41]. The coal,
combined-cycle, and gas-peaking cases use the corresponding individual profiles, while the combined coal-and-gas case uses the sum of
the three source-specific profiles while retaining their separate fossil-cost layers.

Table 2 gives the annual energy and peak output of each profile. Coal supplies 67.6% of the fossil energy in the
study year.

Table 2: Measured 2025 DTE fossil-generation profiles used in the economic analysis.

Source Energy Peak
(TWh) (MW)

Coal 25.05 4,761
Natural-gas combined cycle 8.50 1,200
Gas peaking 3.49 2,094

Total fossil 37.05 7,823

The total fossil peak is lower than the sum of the individual peaks because the three sources do not reach their
maxima in the same hour. Four replacement cases are evaluated: coal, combined-cycle gas, gas peaking, and the
combined coal-and-gas profile. For case q, the target generation is

Lq(t) = ∑
s∈Sq

Ls(t), (1)

where Sq contains the fossil sources included in that case. The combined case retains the source-specific layers
instead of using a generic grid source.

The values in Table 3 are from Lazard’s Levelized Cost of Energy+ (LCOE+) 2026 Version 19.0 report [42]. The
midpoint fossil-generation costs are used in the main analysis, while low and high values are used for sensitivity.
These values represent generic U.S. new-build cost benchmarks rather than plant-specific operating costs for the
existing DTE fleet.

3.2. Economic Model

3.2.1. Candidate reactor designs

Three representative microreactor designs are included in this study based on publicly available vendor and
technical information. Holos-Quad is a high-temperature gas-cooled microreactor (GCMR) developed by HolosGen
[43, 44]. It is a modular and transportable reactor concept intended to provide compact power generation with
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Table 3: Fossil-generation cost assumptions used in the inverse cost analysis.

Source Low Midpoint High
($/MWh)

Coal 72.0 124.5 177.0
Natural-gas combined cycle 51.0 90.0 129.0
Gas peaking 144.0 210.0 276.0

passive safety and heat removal. Aalo-1 is a 30 MWth/10 MWe sodium-thermal reactor developed by Aalo Atomics.
The current public design uses UO2 ceramic fuel, graphite moderation, and liquid sodium coolant [45]. The
Microreactor Applications Research Validation and Evaluation (MARVEL) project is an Idaho National Laboratory
(INL)-led experimental microreactor program developed as a test bed for microreactor operation, control, and
integration rather than as a commercial reactor design. Because detailed vendor dynamic parameters are not
public, the reactor-level Aalo-1 branch is represented by a MARVEL/MOUSE liquid-metal thermal microreactor
(LTMR) proxy assembled from public INL data [46, 6]. The proxy provides the reduced-order dynamic parameters
used in this study and should not be interpreted as the current Aalo-1 fuel, coolant, or material specification.
eVinci is a heat-pipe microreactor (HPMR) developed by Westinghouse [47]. It uses passive heat pipes to transfer
thermal energy from the core without a conventional pumped primary-coolant system and is designed for factory
fabrication, transportable deployment, and extended operation between refueling [48]. The reactor-level eVinci
branch uses a public HPMR/generic heat-pipe microreactor (gHPMR) proxy that retains the heat-pipe thermal
structure and available design characteristics without representing proprietary vendor data [29, 49].

The economic values for the GCMR, LTMR, and HPMR designs are derived from the corresponding models in
the MOUSE framework [6]. These values are used as representative economic inputs and should not be interpreted
as vendor quotations or exact cost estimates for Holos-Quad, Aalo-1, or eVinci. The rated electrical capacities
used in the fleet model are shown in Table 4. The model rating is used for dispatch and annual energy, while the
reference rating defines the published bottom-up cost basis before the adjustment of Section 3.2.2. Although this
study considers three representative microreactor designs, the proposed framework is readily scalable to additional
designs.

Table 4: Modeled unit ratings and corresponding MOUSE economic proxies.

Design Economic proxy Symbol Reference rating Model rating
(MWe) (MWe)

Holos-Quad GCMR PH 6.00 13
Aalo-1 LTMR PA 6.20 10
eVinci HPMR PE 2.52 5

For a fleet with unit counts NH , NA, and NE , the installed capacity is

Pcap = NHPH +NAPA +NEPE . (2)

The economic model can contain many physical units of each design. The reactor-level layer preserves the hourly
dispatch assigned to those physical units on the selected most-variable day. Units with identical hourly profiles
are grouped only to avoid repeated controller solves, and the multiplicity of each profile is restored when the fleet
response is reconstructed. This keeps the dynamic reference tied directly to the economic dispatch without requiring
the reactor controller to be solved inside every annual fleet evaluation.
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3.2.2. Microreactor cost basis and unit progression

The microreactor cost inputs are based on the bottom-up Idaho National Laboratory cost work [5, 6]. The
associated component-level implementation is provided through the MOUSE framework [8]. The LTMR, GCMR,
and HPMR values are used as representative economic proxies for Aalo-1, Holos-Quad, and eVinci, respectively.
They are not vendor quotations, and the adjustment described below is intended to place the three proxies on a
common fleet-model basis rather than reconstruct an exact vendor design.

The published MOUSE cost totals are reported as per-kW values using reference electrical ratings of 6.2 MWe

for LTMR, 6.0 MWe for GCMR, and 2.52 MWe for HPMR. Applying these per-kW values directly to the modeled
ratings of 10, 13, and 5 MWe would scale every account with unit output, including accounts that are represented
as direct dollar costs and are not tied to reactor rating. The reference per-kW value is therefore converted back to
a total before the unit rating is changed.

The published reference cost is separated into a rating-insensitive portion and a portion that scales with reactor
rating. Let cref denote the published cost in $/kW or $/kW-yr, Pref the published electrical rating, P the modeled
rating, and Cfix the rating-insensitive amount in $ for capital costs or $/yr for fixed annual costs. Both ratings are
expressed in kW in Eq. (3) to match the per-kW cost basis, although reactor ratings are quoted in MWe elsewhere
in the paper. The adjusted cost is

cadj = (cref −
Cfix

Pref
) +

Cfix

P
. (3)

The first term retains the scalable portion of the published cost on its original per-kW basis, while the second
term distributes the rating-insensitive portion over the modeled reactor rating.

The adjustment changes the relative capital basis because the ratings do not move by the same proportion.
Every modeled unit is larger than its reference, so the fixed dollars are spread over more output and every per-kW
cost falls. Aalo-1 moves the least and therefore gains the least: its NOAK OCC falls by 15.9%, against 22.7% for
Holos-Quad and 22.8% for eVinci. The resulting values are listed in Appendix B. This treatment is representative:
it does not reproduce the component geometry, mass, material, or account-specific scaling exponents of a new
bottom-up calculation.

The source cost model reports both overnight capital cost (OCC) and total capital investment (TCI). Across the
FOAK and NOAK values considered here, TCI is only approximately 2.00–2.32% higher than the corresponding
OCC. The present analysis therefore uses OCC as the capital-cost basis for both the annualized capital charge
and the inverse cost calculation. The small difference between OCC and TCI is neglected relative to the broader
uncertainty in early-stage microreactor cost estimates. This also keeps the calculated break-even value directly
interpretable as an OCC threshold.

After the rating adjustment, cost component z of design j and cumulative unit k is interpolated geometrically
between the FOAK and NOAK endpoints[50],

zj,k = zj,FOAK (
zj,NOAK

zj,FOAK
)

log2(k)/ log2(NL)
, 1 ≤ k < NL, (4)

with zj,k = zj,NOAK for k ≥ NL and NL = 100. The cost preprocessing separates each design into learning and
non-learning components before Eq. (4) is applied. For capital, only the learning portion of overnight capital cost
(OCC) is interpolated between the FOAK and NOAK endpoints; the design-insensitive capital portion is held at
its FOAK value. O&M is treated in the same form. Fixed O&M (FOM) is split into learning and non-learning
portions, with the O&M staff account, embedded security allocation, and regulatory fee kept outside the learning
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curve. Fuel and variable O&M (VOM) are combined into the variable-cost category; the current input basis has no
separate non-learning variable component. This keeps the explicitly design-insensitive accounts from being reduced
by the build-sequence learning curve while retaining a compact six-component cost representation. The geometric
path is still a simplified build-sequence assumption, since actual industry learning would depend on production
volume, account type, supply-chain repetition, design stability, and project delivery [50].

The main case uses one unit per site, K = 1. In the sensitivity analysis, the embedded security account is shared
among K co-located units; no other capital, staffing, fuel, or maintenance component is shared.

For unit u, the annualized reference capital cost is calculated using the capital recovery factor (CRF),

Ccap,u = CRF(r,L)OCCu Pu, (5)

where OCCu is in $/kW, Pu is the rated electrical power in kW, and the dimensionless CRF converts the initial
capital cost into an equivalent annual cost in $/yr over the reactor lifetime,

CRF(r,L) =
r(1 + r)L

(1 + r)L − 1
. (6)

The analysis uses r = 7% and L = 60 years. The annual non-capital cost is

Cnoncap,u = FOMu Pu + (c
fuel
u + cVOM

u )Eu, (7)

where FOMu is in $/kW-yr, cfuelu and cVOM
u are in $/MWh, and Eu is the annual dispatched energy in MWh, so

that FOM cost is carried by installed capacity while fuel and variable O&M are carried by dispatched energy. Both
Ccap,u and Cnoncap,u are annual costs in $/yr.

OCC is used as the single capital-cost basis in both the annualized capital charge and the reported break-even
threshold. The learning model therefore carries the learning and non-learning portions of OCC directly, together
with the corresponding fixed and variable operating-cost components.

3.2.3. Merit-order dispatch

Every candidate fleet is expanded into individual learned units. The marginal generation cost of unit u is

cmarg
u = cfuelu + cVOM

u , (8)

where cfuelu and cVOM
u are in $/MWh, and the reactors are sorted from the lowest to the highest value of Eq. (8).

Capital cost and FOM do not determine the hourly dispatch order. Each reactor may be dispatched between zero
and rated output, so the output of unit u at hour t is

Pu,t =min[max(Lt − ∑
v≺u

Pv,t , 0) , Pu] , (9)

where v ≺ u denotes reactors ahead of u in merit order, Lt is the hourly target in MW, and Pu is rated electrical
power in MWe. The total fleet output is therefore

P fleet
t =min(Lt, ∑

u

Pu) . (10)

A zero hourly endpoint is treated as an off state for the economic commitment schedule. The annual energy of unit
u is Eu = ∑t Pu,t∆t with ∆t = 1 h. Startup and shutdown events are counted from consecutive hourly outputs. A
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startup occurs when Pu,t−1 = 0 and Pu,t > 0, while a shutdown occurs when Pu,t−1 > 0 and Pu,t = 0. The annual
sequence is treated cyclically by connecting the final hour of the year to the first.

A generic nuclear startup cost of 107.86 $/MW-event in 2019 dollars is taken from the Argonne reactor-size
study [51]. The same value is assumed for shutdown, and both are escalated to the 2026 cost basis using the
Consumer Price Index for All Urban Consumers (CPI-U) [52], giving cstart = cstop = 140.89 $/MW-event. The
annual cycling cost is

Ccyc = ∑
u

Pu (cstartN
start
u + cstopN

stop
u ) , (11)

where Pu is the rated electrical power of unit u in MW, N start
u and N stop

u are the annual numbers of startup and
shutdown events, and cstart and cstop are the corresponding cycling-cost coefficients in $/MW-event. The cycling
cost therefore increases with both unit rating and the number of zero-to-positive and positive-to-zero transitions
in the hourly dispatch.

After the fleet output is calculated, its electricity is credited against fossil sources in descending order of midpoint
levelized cost of electricity (LCOE). In the combined case the order is gas peaking, coal, and gas combined cycle.
This is an economic replacement allocation; it does not reconstruct the actual commitment or retirement order of
specific DTE units.

3.2.4. Inverse break-even formulation

For one fixed fleet, define the capital coefficient, the non-capital floor, and the displaced-cost target,

A =
Ccap

EMR
, (12)

B =
Cnoncap +Ccyc

EMR
, (13)

c̄rep =
∑s csE

rep
s

EMR
, (14)

where Ccap = ∑uCcap,u and Cnoncap = ∑uCnoncap,u are the fleet capital and non-cycling non-capital costs in $/yr,
Ccyc is the annual startup/shutdown cost of Eq. (11), EMR is the annual microreactor generation in MWh, and
Erep

s is the replaced generation of fossil source s in MWh at cost cs in $/MWh. The capital coefficient A, the
non-capital floor B, and the target c̄rep are therefore all in $/MWh. A common dimensionless capital multiplier m
is applied to the reference capital path. Since m does not appear in the marginal-cost merit order, the dispatch,
cycling events, realized capacity factors, and displaced fossil quantities do not change with m. The cycling charge
therefore remains part of the fixed non-capital floor, and the microreactor cost over its served energy is exactly
linear,

LCOEMR(m) = Am +B. (15)

with LCOEMR in $/MWh. At break-even, the microreactor LCOE equals the average cost in $/MWh of the
displaced fossil generation c̄rep.

LCOEMR(m
∗
) = c̄rep = Am∗ +B (16)

The break-even multiplier m∗ is

m∗ =
c̄rep −B

A
, A > 0, (17)
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The coefficient A is positive by construction for any nonempty fleet because the annualized reference capital cost
and generated energy are both positive. The break-even OCC of design j is

OCCBE
j =m∗OCCref

j . (18)

Here OCCref
j is the reference overnight capital cost in $/kW and m∗ is dimensionless, so OCCBE

j is also in
$/kW. The LCOE at break-even is therefore not a second independent model output; it is a consistency relation
that places the result on the same $/MWh axis as the Lazard ranges. A negative m∗ is retained: it means B > c̄rep,
so the fleet costs more than the displaced fossil generation before any capital charge is added. A negative OCC is
not physically implementable, but its magnitude shows how far the case is below zero-capital break-even.

3.2.5. Metaheuristic screening

The mixed-fleet decision vector is
N = (NA,NH ,NE) ∈ Z3. (19)

The three entries are nonnegative integer unit counts. The optimizers minimize

F (N) = −m∗(N). (20)

The decision vector contains reactor counts only. The unit ratings, cost inputs, and learning path of each design
are fixed in Section 3.2.2, and the hourly dispatch of Section 3.2.3 follows from the counts, so the fleet composition
is the only free choice in the annual model. The number of units per site is held at K = 1 rather than optimized,
because m∗ is non-decreasing in K under the security-sharing model of Section 3.2.6 and an unconstrained search
would return the upper bound of K in every case. The effect of K is reported as a sensitivity instead. Each entry
of N is bounded using the number of units required for that design alone to cover the peak of the corresponding
target profile,

Nmax,j = ⌈
maxtLq(t)

Pj
⌉ + 1, (21)

where the additional unit provides a small margin above peak coverage. The bound is calculated separately for
each replacement case and reactor design. Designs with lower unit ratings therefore receive larger count bounds,
while cases with larger target peaks allow more units. These bounds define the limits of the mixed-fleet search
rather than requiring the selected fleet to cover the full target peak.

The multiplier is used rather than the break-even OCC because it is common to all three designs. The break-
even OCC of Eq. (18) is defined against a single design-specific reference cost, so a mixed fleet has no single
OCC to scale, while m∗ remains a single scalar for any composition. Maximizing m∗ therefore selects the fleet
that supports the highest capital cost relative to its own reference path. The screening is implemented with
the NeuroEvolution Optimization with Reinforcement Learning (NEORL) optimization framework [53, 54]. Ten
methods within NEORL are adopted and compared: differential evolution (DE) [55], particle swarm optimization
(PSO) [56], grey wolf optimizer (GWO) [57], whale optimization algorithm (WOA) [58], Harris hawks optimization
(HHO) [59], simulated annealing (SA) [60], tabu search (TS) [61], the prioritized replay evolutionary and swarm
algorithm (PESA) and its modern variant (PESA2) [62], and the ensemble of differential evolution variants (EDEV)
[63]. Each method is repeated for seeds 1 through 10, and the objective wrapper limits each run to 1,000 fleet
evaluations.

The unique fleet candidates evaluated across all algorithm and seed combinations are compared by m∗ within
each replacement case. The candidate with the largest m∗ is retained for the downstream sensitivity and reactor-
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reference calculations. When different optimizer and seed combinations return the same fleet composition and the
same m∗, they represent the same economic solution. Algorithm-level mean, spread, and frequency of finding the
selected composition are reported separately to describe search consistency.

3.2.6. Security-cost sharing sensitivity

The economic analysis can select fleets containing tens to hundreds of microreactor units. For fleets of this size,
placing every reactor at a separate site is unlikely to represent how a multi-unit deployment would be organized.
Several units may instead be co-located and share costs that are associated with the site rather than with an
individual reactor. In the adopted cost model, the security account is the main cost that can be identified directly
as shareable between co-located units. A units-per-site sensitivity is therefore included to determine how sharing
this cost changes the break-even capital threshold.

The main case uses one reactor per site, or K = 1, so that every reactor carries a full security allocation. Larger
values of K represent co-located sites in which one security allocation is shared among multiple reactors.

K is not an optimization variable. The multiplier m∗ is non-decreasing in K, and no term in the model penalizes
a larger site. An optimizer would therefore return the upper bound of K in every case, and that bound would be
set by the search range rather than by the economics. K is instead swept over a fixed range and reported as a
sensitivity.

Only the embedded security allocation is shared. The remaining fixed O&M accounts are tied to the individual
reactor or already carry an internal pooling assumption. Sharing them again at the site level would count the same
economy twice. The sensitivity therefore represents only the portion of the co-location benefit associated with the
explicitly shareable security account. Other possible site-level savings are not modeled.

The sweep is applied to the fleet already selected in Section 3.2.5. The unit counts, dispatch, and displaced
energy do not change with K. If up to K units share one security allocation, the number of site allocations is

Nsite = ⌈
N

K
⌉ , (22)

and the retained security share per unit is
fsite =

Nsite

N
. (23)

Here N is the total reactor count of the fleet and K is the number of co-located reactors sharing one allocation, so
Nsite is a count and fsite is a dimensionless fraction between 1/K and 1. The sensitivity uses K = 1,2,5,10,15,20,
and 40.

4. Description of Reactor Models

This section presents the reactor-level portion of the analysis. Section 4.1 defines the point-kinetics, reactivity-
feedback, xenon, and thermal models used for the three reactor designs. Section 4.2 gives the nonlinear model
predictive control formulation and actuator constraints. Section 4.3 describes how the hourly economic dispatch is
converted into candidate-specific reactor references, and Section 4.4 presents the controller tuning and worst-day
replay used for the dynamic screen.

The total reactivity of Eq. (28) has two parts. The control system supplies an external reactivity, and the fuel,
moderator, coolant, and xenon states supply feedback. This section describes the external term, since it is the only
actuated quantity in the reactor-level model.

A conventional plant moves control rods linearly through the core. The designs considered here instead rotate
cylindrical drums seated in the outer region of the core. Each drum carries a boron carbide absorber over part of
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its circumference and reflector material over the remainder. Rotating a drum changes how close the absorber sits to
the fueled region, which changes the absorption cross section seen by the core. Holos-Quad uses eight drums, and
Aalo-1 and eVinci use twelve. The physical drums can be actuated individually, while the reduced-order controller
represents the selected active drums using a common bank angle.

Figure 3: Control-drum arrangement of the Holos-Quad microreactor, reproduced from [10]. The two configurations illustrate the
limiting orientations of the rotating control drums surrounding the fueled region. Rotation changes the absorber orientation relative
to the core and therefore changes the external reactivity available for power control. The reduced-order reactor model represents this
behavior through the nonlinear drum-worth relation of Eq. (29).

Figure 3 shows the two limiting positions. At full outward rotation the absorber faces away from the fueled
region and reactivity is at its maximum. At full inward rotation the absorber faces the fueled region and reactivity
is at its minimum. The angle convention places θ = 0○ at the fully inserted position.

First-order perturbation theory relates the drum reactivity to the absorption perturbation [64],

ρ =
δΣa

Σa +DB2
, (24)

where δΣa is the perturbation to the macroscopic absorption cross section, Σa the unperturbed absorption cross
section, D the diffusion coefficient, and B the geometric buckling. The drum reactivity is therefore proportional
to the change in absorption that rotation produces. Integrating over the rotation gives the raised-cosine worth of
Eq. (29).

Two drum properties set the maneuvering capability of a design. The integral drum worth is the reactivity
difference between the fully withdrawn and fully inserted positions, summed over the active drums. It bounds how
far the reactor can be moved from its initial power. The values used here are listed in Table A.1. The maximum
drum rate θ̇max is the fastest rotation the actuator can produce. It bounds how quickly that reactivity can be
inserted and therefore sets the achievable ramp rate. The analysis uses θ̇max = 0.5 degrees/s for all three designs,
applied through Eqs. (39) and (40).

4.1. Reduced-order Reactor Model

The reactor-level model follows the point-kinetics and thermal-feedback structure used in previous microreactor
load-following work [10, 64]. Its purpose is to provide a fast plant model whose dominant time constants are
physically representative, so that the maneuvering capability of the three designs can be compared on a common
basis.
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The state vector is
x = [n̄ C̄1 C̄2 ⋯ C̄6 X I Tf Tm Tc]

T
, (25)

which collects twelve states: the normalized reactor power n̄ = n/n0, where n is the neutron density and n0 is the
reference neutron density at rated power; the six normalized delayed-neutron precursor concentrations C̄i = Ci/Ci,0,
where Ci,0 is the corresponding equilibrium precursor concentration at the rated-power reference state; the 135Xe
and 135I concentrations X and I; and the fuel, moderator, and coolant temperatures Tf , Tm, and Tc. Power is
carried in per-unit form so that a single controller structure and reference trajectory apply to all three designs
regardless of rating.

The six-group point-kinetics equations are [65]

dn̄

dt
=

ρ − β

Λ
n̄ +

6

∑

i=1

βi

Λ
C̄i, (26)

dC̄i

dt
= λi (n̄ − C̄i) , i = 1, . . . ,6, (27)

where Λ is the prompt-neutron generation time, β the total effective delayed-neutron fraction, βi and λi the
fraction and decay constant of precursor group i, and ρ the total reactivity. Equation (26) balances prompt
production against the delayed neutrons returned by precursor decay, while Eq. (27) relaxes each group toward the
instantaneous power at its own rate.

The total reactivity contains control-drum, temperature, and xenon feedback,

ρ = ρd(θ) + αf(Tf − Tf0) + αm(Tm − Tm0) + αc(Tc − Tc0) −
σX

Σf
(X −X0). (28)

where αf , αm, and αc are the fuel, moderator, and coolant reactivity coefficients, Tf0, Tm0, and Tc0 are the
corresponding reference temperatures at rated power, σX is the microscopic absorption cross section of 135Xe, Σf

is the macroscopic fission cross section, and X0 is the equilibrium xenon concentration at the rated-power reference
state.

The integral drum worth is represented by

ρd(θ) =
ρmax

2
[1 − cos(

πθ

180
)] − ρss. (29)

where θ is the drum rotation angle in degrees, ρmax the total integral worth available at θ = 180○, and the factor
π/180 converts the angle to radians. Rotating a drum changes how much of its boron absorber faces the fueled
region, and first-order perturbation theory gives the resulting worth this raised-cosine shape [64]. Here ρss is the
steady-state drum reactivity required to hold the reactor critical at the rated-power reference drum angle θ0. The
equilibrium xenon concentration X0 appearing in Eq. (28) is evaluated at the same rated-power reference state.

dI(t)

dt
= γIΣfvn0n̄(t) − λII(t), (30)

dX(t)

dt
= γXΣfvn0n̄(t) − λXX(t) + λII(t) − σXvn0n̄(t)X(t), (31)

where I(t) and X(t) are the iodine-135 and xenon-135 concentrations, γI and γX are their respective fission yields,
Σf is the macroscopic fission cross section, v is the average thermal-neutron speed, n0 is the reference neutron
density, n̄(t) is the normalized neutron density, λI and λX are the iodine and xenon decay constants, and σX is
the microscopic xenon absorption cross section.
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A lumped three-temperature model represents fuel, moderator, and coolant feedback,

mfcf
dTf

dt
= ffP0n̄ −Kfm(Tf − Tm), (32)

mmcm
dTm

dt
= (1 − ff)P0n̄ +Kfm(Tf − Tm) −Kmc(Tm − Tc), (33)

mccc
dTc

dt
=Kmc(Tm − Tc) −Qrem(Tc), (34)

where m and c with the corresponding subscript are the mass and specific heat of each node, Kfm and Kmc

are the fuel-to-moderator and moderator-to-coolant heat-transfer coefficients, ff is the fraction of fission power
deposited in the fuel, P0 is the rated thermal power of one unit, and Qrem is the heat removed from the coolant
node. Heat flows through the three nodes in series, and the products mc together with the coefficients with the
time increments determines how strongly thermal feedback resists a commanded ramp. Holos-Quad and Aalo-1
use a convective coolant-removal coefficient. The eVinci proxy uses a heat-pipe removal coefficient to represent its
passive heat-transfer path [48, 66]. For Holos-Quad and Aalo-1, heat removal is represented by

Qrem = 2ṁcc(Tc − Tin), (35)

which places the nominal coolant node at the mean of the inlet and outlet temperatures. For the eVinci-like
heat-pipe branch,

Qrem =Khp(Tc − Tsink), (36)

where Tc is the heat-pipe coupling node and Tsink is the condenser-side sink temperature.
These parameter sets are reduced-order comparison models and are not vendor-validated licensing models but

are sufficient to capture power maneuvering for our load following studies. The numerical parameters used in the
reactor models are listed in Appendix A. The Aalo-1 and eVinci parameter sets are comparative proxy values and
should not be interpreted as vendor-validated design data. The authors developed these parameter sets to the best
of their ability using the publicly available data.

4.2. Nonlinear model predictive control

Model predictive control is an optimal control strategy for constrained systems. At each sampling instant it
predicts the reactor response over a finite horizon, solves for the input sequence that minimizes a cost over that
horizon, applies only the first drum position, and repeats the calculation from the new state [67]. The drum position
and rate limits therefore enter the controller as constraints rather than as saturation applied after the command is
calculated.

Nonlinear model predictive control uses the nonlinear reactor model directly in the prediction step [10]. This
is useful here because the point-kinetics equation contains the product ρn̄, the xenon equation contains a neutron-
density-dependent burnout term, and the drum worth is nonlinear in angle. The full reactor state is propagated
internally by the prediction model, while the controlled output is the normalized reactor power n̄. The manipulated
control input is the angular position of the active control-drum bank, θ. The NMPC therefore searches over a
sequence of allowable future drum positions and uses the nonlinear reactor model to determine the corresponding
power response over the prediction horizon.

The objective used at each controller update is

J =
Np−1
∑

k=0
Q (n̄k+1 − n̄ref

k+1)
2
+

Nc−1
∑

j=0
Rθ2j +

Nc−1
∑

j=1
Rd (θj − θj−1)

2
. (37)
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where J is the scalar cost assigned to a candidate control sequence, Np is the prediction horizon, and Nc is the
control horizon. The first term measures the predicted tracking error between reactor power and the requested
reference. The weight Q therefore determines how strongly the controller prioritizes power tracking. The second
term penalizes large control-drum angles through R, which limits the tendency of the optimizer to use unnecessarily
large drum positions to reduce tracking error. The third term penalizes changes between consecutive drum positions
through Rd and therefore discourages rapid changes in the planned control sequence. Together, the three terms
define the tradeoff between tracking accuracy, drum position, and drum movement. The interpolated reference at
the current controller step is held over the prediction horizon.

The drum position and rate constraints are

0 ≤ θpredj ≤ 180○, (38)

−θ̇maxTs ≤ θ
pred
0 − θprev ≤ θ̇maxTs, (39)

−θ̇maxTs ≤ θ
pred
j − θpredj−1 ≤ θ̇maxTs, j = 1, . . . ,Nc − 1. (40)

The first constraint defines the physical input space of the control drums, from the fully inserted to the fully
withdrawn position. The second limits the first predicted move relative to the drum position applied during
the previous controller step, while the third applies the same rate limit between subsequent positions within the
control horizon. These constraints represent the finite actuator speed and prevent the optimizer from producing
unrealistically fast changes in external reactivity. With a maximum drum rate of 0.5 degrees/s and a controller
interval of Ts = 60 s, the drum position can change by at most 30○ during one controller update. A requested power
change that would require a faster drum motion must therefore be followed with some tracking error rather than
by violating the actuator limit.

The constrained problem is solved by sequential least-squares programming. The prediction and control horizons
are Np = 5 and Nc = 2, and the controller interval is Ts = 60 s, corresponding to 5-min and 2-min prediction and
control horizons. The nonlinear state equations are propagated with an implicit backward differentiation formula
(BDF) integrator over each interval. With Nc = 2, two future drum positions are optimized at each controller update,
while the reactor response is predicted over five controller intervals. Only the first optimized drum position is applied
before the NMPC problem is solved again from the updated reactor state. This keeps the same general receding-
horizon structure as the reference microreactor NMPC implementation while allowing the economic schedule to be
replayed over a full day [10].

4.3. Economic dispatch reference and worst-day selection

The reactor-level reference is constructed only after the economic optimization has selected a fleet. This keeps
the dynamic calculation tied to the operating schedule that produced the economic result rather than applying the
same prescribed transient to every candidate fleet. Let Pd,h denote the total dispatched fleet power on day d at
hour h. The variability of each day is calculated as

Vd =

22

∑

h=0
∣Pd,h+1 − Pd,h∣ , (41)

where Vd represents the total movement of the fleet during the day. The metric sums the magnitude of each
consecutive hourly change, so repeated increases and decreases in output are retained rather than considering only
the largest single ramp. The day with the largest Vd is selected for the reactor-level screen. Because the hourly
fleet output depends on both the selected reactor counts and their merit-order dispatch, the resulting most-variable
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day is specific to each economic replacement case.
After the most-variable day is selected, the day index is omitted for clarity. The annual economic calculation

dispatches individual physical reactors, and this unit-level information is retained when the reference is transferred
to the reactor model. The fleet output is therefore not redistributed equally among the reactors at reactor time
resolution. Instead, each physical unit follows the hourly endpoints assigned to it by the economic dispatch.
Between hours h and h + 1, the reference of unit u is reconstructed by linear interpolation,

Pu(t) = (1 − α)Pu,h + αPu,h+1, α =
t − th
3600

, (42)

where Pu,h and Pu,h+1 are the dispatch values of unit u at the two hourly endpoints. Within each hour, α increases
from zero to one, giving a continuous power reference between the two economic-dispatch points rather than an
instantaneous change at the hour boundary. The reference contains 25 hourly endpoints: the 24 points of the
selected day together with the first endpoint of the following day. The additional point completes the interpolation
of the final hour.

The same interpolation is preserved at the fleet level. Let Ph denote the total fleet output at hour h of the
selected day. Summing the individual unit references gives

∑

u

Pu(t) = (1 − α)Ph + αPh+1, (43)

so the sum of the physical-unit references remains equal to the interpolated hourly fleet schedule. This is important
because the economic dispatch may contain units at full power, units at partial power, and units that are off during
the same hour. Redistributing the aggregate fleet output would remove this merit-order structure and could create
reactor trajectories that were not present in the economic calculation.

The hourly schedule also contains transitions between online and off states. An interval is treated as online load
following only when both hourly endpoints are positive. A zero-to-positive interval defines a startup boundary, a
positive-to-zero interval defines a shutdown boundary, and a zero-to-zero interval remains off. These classifications
are retained from the economic schedule, while NMPC is applied only to positive-to-positive intervals. The reactor
calculation therefore tests whether an already-online unit can follow the power changes assigned by the economic
dispatch; it does not model reactor startup or shutdown. Startup and shutdown remain part of the economic
calculation through the cycling-cost treatment.

Several physical reactors may receive exactly the same sequence of hourly dispatch values. Units of the same
design with identical 24-point profiles are therefore grouped so that the same NMPC calculation does not have to
be repeated. One representative trajectory is simulated for each unique profile, and its response is multiplied by
the number of physical units represented by that profile when the fleet response is reconstructed. This grouping
reduces computational effort only and does not change the unit dispatch or the total fleet reference. The hourly-
linear reference is the primary reactor-level check because it is constructed directly from the temporal resolution
available in the annual economic dispatch. A second MISO-informed reference is included only as a higher-resolution
load-following sensitivity. Public 5-min MISO Real-Time Cleared Offers data provide a normalized within-hour
shape that is rescaled around each hourly economic-dispatch fleet value and then interpolated to the 60-s NMPC
interval. The MISO-informed trajectory is therefore used as a surrogate for additional intra-hour variation rather
than as a reconstruction of DTE operation. The matching and reconstruction details are given in Appendix D
[68].
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4.4. Evolution-strategy controller tuning and worst-day replay

The NMPC weights are tuned offline using the evolution strategy (ES) implementation in NEORL [53, 54]. ES
provides a derivative-free search over bounded continuous variables and has also been applied through NEORL
to microreactor control-drum optimization [25]. The active drum counts are fixed at 8 for Holos-Quad, 8 for the
Aalo/LTMR branch, and 12 for the eVinci/HPMR branch. For a selected active subset, the available integral worth
is scaled from the full-bank value in Table A.1 in proportion to the number of active drums, and the selected drums
are represented by the common bank angle θ. The tuning vector for an active design i is

zi = [log10Qi, log10Ri, log10Rd,i] , (44)

with

2 ≤ log10Qi ≤ 10, (45)

−8 ≤ log10Ri ≤ 1, (46)

−4 ≤ log10Rd,i ≤ 1. (47)

The logarithmic variables allow all three controller weights to be searched over several orders of magnitude. During
NMPC operation, Qi, Ri, and Rd,i are fixed while the controller solves for the future drum sequence. During
tuning, the three logarithmic weights are the decision variables and each candidate is evaluated from its closed-loop
tracking response.

For each reference basis, a continuous 1-h online window is selected from the most demanding positive-to-positive
portion of each candidate-specific day. The hourly-linear case uses the interval containing the largest hourly fleet
change, while the MISO-informed sensitivity uses the 1-h interval with the largest cumulative power movement
in the reconstructed 5-min reference. Startup and shutdown boundaries are excluded. If a selected fleet contains
more than one reactor design, each design is tuned separately using only the cases in which that design has an
online load-following interval. Tracking error is measured using the mean absolute percentage error (MAPE), and
the tuning objective is

Fi(zi) =max
c∈Ci

MAPEi,c(zi), (48)

where Ci is the set of applicable replacement cases for design i. The 0.5 degrees/s drum-rate limit remains enforced
within each online NMPC solution, and a worst-case tuning MAPE below 1% is used as the tracking criterion.

The ES search uses λ = 60 individuals, µ = 30 survivors, a crossover probability of 0.6, a mutation probability
of 0.3, blend crossover with α = 0.5, and 10 generations. Eight parallel workers evaluate the population. These
settings give 660 outer objective evaluations for each active reactor design. The hourly-linear case uses the bounds
of Eqs. (45)–(47). The two reference bases are tuned independently so that the higher-resolution sensitivity does
not alter the controller used for the primary hourly-linear check.

The selected controller weights are then held fixed within their respective reference basis while all changing
online intervals are replayed to reconstruct the full candidate-specific day. In a mixed fleet, each physical unit uses
the controller tuned for its own design, and units with identical profiles remain grouped only for computational
efficiency. Dynamic tracking error is evaluated only on the time points belonging to simulated positive-to-positive
intervals. The reported comparison uses fleet MAPE, maximum absolute fleet tracking error, and maximum drum
rate for both reference bases. The resulting calculations are online load-following capability screens and do not
model reactor startup or shutdown.
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5. Results

This section presents the annual economic results and the candidate-specific worst-day references obtained from
the selected fleets. The economic results come from the merit-order dispatch, cycling-cost, and inverse break-even
model of Section 3, evaluated on the 2025 DTE profiles with midpoint fossil costs unless a range is stated. The
worst-day references are constructed from the same unit-level dispatch using Section 4.3. Interpretation of the
economic results and their connection to the reactor-level workflow is given in Section 6.

5.1. Break-even results: selected fleets and per-design thresholds

The mixed-fleet screening and the exact single-design enumeration were run for each of the four replacement
cases. In every case, the selected fleet from the NEORL screening contains only Aalo-1 units, and the same Aalo-1
unit count is obtained from the single-design enumeration. Table 5 reports the complete single-design results for
all three reactor designs. The Aalo-1 rows therefore also correspond to the selected mixed-fleet results, while the
Holos-Quad and eVinci rows show the best pure-design result for the same replacement case. The table gives the
unit count, installed capacity, break-even multiplier m∗, break-even OCC at the FOAK and NOAK reference costs,
replaced-energy fraction, and realized fleet capacity factor (CF).

Table 5: Break-even results for all three designs at midpoint fossil-generation costs from the exact single-design enumeration. The
Aalo-1 rows also correspond to the selected mixed-fleet results. Negative values indicate that the non-capital cost floor is above the
displaced fossil cost; they are not feasible negative construction costs.

Design Case Units Capacity m∗ FOAK OCC∗ NOAK OCC∗ Replaced CF
(MW) ($/kW) ($/kW) (%) (%)

Aalo-1 Coal 185 1850 0.629555 14,087 6,484 63.83 98.66
Gas combined cycle 111 1110 0.103166 2,309 1,063 96.73 84.58
Gas peaking 35 350 0.234395 5,245 2,414 40.49 46.15
Coal and gas 124 1240 0.865866 19,375 8,918 29.32 100.00

Holos-Quad Coal 158 2054 0.521247 12,043 5,061 70.11 97.61
Gas combined cycle 87 1131 −0.045977 −1,062 −446 98.28 84.33
Gas peaking 31 403 0.055520 1,283 539 45.27 44.82
Coal and gas 136 1768 0.736341 17,013 7,149 41.76 99.89

eVinci Coal 954 4770 −0.623762 −29,574 −12,516 100.00 59.95
Gas combined cycle 241 1205 −0.841257 −39,886 −16,880 100.00 80.54
Gas peaking 210 1050 −0.435339 −20,641 −8,735 85.40 32.45
Coal and gas 196 980 −0.587891 −27,874 −11,796 23.17 100.00

The design comparison is consistent across the four replacement cases. Aalo-1 gives the highest positive break-
even multiplier in every case and is the design retained by the mixed-fleet screening. Holos-Quad remains positive
for coal, gas peaking, and the combined coal-and-gas case, but its combined-cycle threshold is negative. eVinci has
a negative threshold in all four cases. A negative m∗ means that the non-capital cost floor, including fixed O&M,
fuel, variable O&M, and the cycling charge, is already above the average cost of the fossil generation displaced by
that fleet. In those cases, reducing OCC alone cannot produce break even.

Among the selected Aalo-1 fleets, the combined coal-and-gas case gives the largest multiplier (m∗ = 0.866) at an
approximately 100% capacity factor while replacing 29.32% of the target energy. The gas combined-cycle case gives
the smallest positive multiplier (m∗ = 0.103) while replacing 96.73% of its target energy. This shows that a larger
replacement fraction does not necessarily support a larger capital threshold. The cost of the displaced generation
and the utilization of the fleet are more important than the replacement fraction by itself.

Figure 4 shows the original, replaced, and remaining generation for the selected Aalo-1 fleet of each case. In
the coal and combined cases the fleet forms a nearly constant block below the load; in the combined-cycle case
the fleet capacity sits near the upper range of the load; and in the gas-peaking case the fleet band lies above the
intermittent load for much of the year.
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(a) Coal. (b) Gas combined cycle.

(c) Gas peaking. (d) Combined coal and gas.

Figure 4: Hourly fossil-generation replacement by the selected Aalo-1 fleet for each replacement case at midpoint fossil-generation costs.
The original fossil-generation profile, the portion replaced by microreactor generation, and the remaining fossil generation are shown
over the 8,760-h study year. The selected fleets contain (a) 185 Aalo-1 units for coal, replacing 63.83% of annual target energy; (b)
111 units for gas combined cycle, replacing 96.73%; (c) 35 units for gas peaking, replacing 40.49%; and (d) 124 units for the combined
coal-and-gas case, replacing 29.32%. The different profiles show that the amount of energy replaced depends on both the installed fleet
capacity and the hourly shape of the fossil-generation target.

5.2. Sensitivity to fossil cost and comparison against Lazard v19.0

The selected Aalo-1 fleets were re-evaluated at the low, midpoint, and high fossil costs of Table 3, holding the
fleet count fixed and changing only the displaced fossil cost. Table 6 reports the resulting NOAK break-even OCC.
At the low costs, the coal and combined cases remain positive; at the high costs, all four cases are positive.

Table 6: Aalo-1 NOAK OCC∗ sensitivity to fossil-generation cost ($/kW).

Case Low Midpoint High

Coal 630 6,484 12,339
Gas combined cycle −2,475 1,063 4,600
Gas peaking −348 2,414 5,177
Coal and gas 2,780 8,918 15,057

The microreactor fleet LCOE is compared with the Lazard 2026 LCOE+ Version 19.0 conventional-generation
ranges in Figure 5 [42]. Two features of the comparison are relevant.

The break-even targets are low relative to the Lazard new-build U.S. nuclear range. The coal and combined-
cycle markers fall below the lower bound of the Lazard U.S. nuclear range, so the fleet would have to reach a cost
below that of new conventional nuclear to break even in those cases. The gas-peaking marker is the only one that
falls inside the nuclear range, because gas peaking is the most expensive displaced source in the study.

The distance between the endpoint bands and the break-even markers differs sharply by case. The coal and
combined coal-and-gas rows are much closer to break even than the two gas rows. These endpoint bars are
illustrative all-FOAK and all-NOAK bounds; the inverse thresholds themselves use the learned build sequence of
Eq. (4). The MOUSE cost basis is also presented by its authors as a design-stage estimate with scope for further
reduction [6].

5.3. Comparison with generic microreactor OCC estimates

The calculated break-even OCC values are economic thresholds rather than predictions of future reactor costs.
To place these thresholds in an external context, they are compared with the generic microreactor cost assumptions
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Figure 5: Levelized cost of electricity for the selected Aalo-1 fleets compared against the Lazard 2026 LCOE+ Version 19.0 conventional-
generation ranges [42]. The conventional-generation bars give Lazard’s unsubsidized new-build LCOE ranges. The microreactor bars
give the fleet LCOE when every unit is evaluated at the NOAK and FOAK reference OCC endpoints. The marker on each microreactor
row is the break-even LCOE, which is equal to the average cost of the fossil generation displaced by that fleet. The endpoint bars
provide an LCOE-scale comparison and should not be interpreted as the capital multiplier of the learned build sequence used in the
inverse-cost calculation.

published by the Nuclear Energy Institute (NEI) [69]. The NEI study used a first-unit overnight capital cost range
of 10,000–20,000 $/kWe. Its learning scenarios produced 50th-reactor costs ranging from 3,996 $/kWe under a high
learning rate to 14,973 $/kWe under a low learning rate. The first-unit range is treated here as a generic FOAK
benchmark, while the 50th-reactor range is treated as a mature-unit or NOAK proxy. These estimates are generic
and are not quotations for Aalo-1, Holos-Quad, or eVinci.

Only the replacement scenarios whose calculated break-even OCC falls within the corresponding generic range
are shown in Table 7.

Table 7: Calculated break-even OCC scenarios that fall within the generic NEI first-unit and 50th-reactor cost estimates [69]. Values
are shown in $/kW.

Generic cost benchmark Published range ($/kW) Replacement scenarios within the range ($/kW)

First unit—FOAK proxy 10,000–20,000 Coal: Aalo-1 (185 units), 14,087; Holos-Quad (158 units), 12,043
Coal and gas: Aalo-1 (124 units), 19,375; Holos-Quad (136 units), 17,013

50th reactor—NOAK proxy 3,996–14,973 Coal: Aalo-1 (185 units), 6,484; Holos-Quad (158 units), 5,061
Coal and gas: Aalo-1 (124 units), 8,918; Holos-Quad (136 units), 7,149

The NEI first-unit and 50th-reactor estimates are generic microreactor benchmarks rather than vendor quotations.

The coal and combined coal-and-gas cases place both Aalo-1 and Holos-Quad within the generic first-unit and
mature-unit ranges. These overlaps do not indicate that either design will necessarily achieve the calculated cost.
Rather, they show that the capital-cost levels supported by these replacement cases are within the range of generic
microreactor cost assumptions reported by NEI [69].

The remaining midpoint scenarios are outside the generic ranges. The Aalo-1 gas combined-cycle and gas-
peaking thresholds are below the lower bounds of both ranges. The Holos-Quad gas-peaking threshold is below both
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lower bounds, the Holos-Quad combined-cycle threshold is negative, and all eVinci cases have negative midpoint
break-even values. The eVinci values used in this study represent a generic heat-pipe microreactor cost archetype
and reduced-order reactor proxy; they are not Westinghouse cost quotations or vendor-validated eVinci parameters.

A design-specific comparison was also made using the Army G-4 mobile nuclear power plant study, which reports
cost estimates for a 13.266 MWe Holos Quad [70]. The study reports 2017 best-estimate OCC values of 9,488 $/kW
for FOAK and 5,535 $/kW for NOAK. After adjustment to June 2026 dollars using the Consumer Price Index for
All Urban Consumers (CPI-U), these values become approximately 12,926 and 7,541 $/kW, respectively [52].

The rating-adjusted Holos-Quad inputs that are used in this study are 23,105 $/kW for FOAK and 9,709 $/kW
for NOAK, both above the corresponding adjusted Army estimates. The adjusted FOAK value is above the
12,043 $/kW coal threshold but below the 17,013 $/kW combined-case threshold. The adjusted NOAK value
remains above the 7,149 $/kW combined threshold and the 5,061 $/kW coal threshold.

5.4. Units-per-site sensitivity

The sensitivity is applied to the selected Aalo-1 fleets of Table 5. The unit counts are held fixed and only the
number of reactors sharing one security allocation is changed, so the dispatch, replaced energy, and capacity factor
are identical at every K. The reported quantity is the change in the break-even threshold alone.

Security is the only account in the cost basis that is explicitly attributable to a site rather than to a reactor, so it
is the only cost for which co-location can be represented without introducing an assumption outside the reference.
It is not a small account. At the mature fixed O&M of the model it is 101.1 of 320.2 $/kW-yr, or about 32% of
the total, and about 79% of the fixed O&M that does not decline through learning. Sharing it is therefore the one
available measure of how much co-location could reduce the required capital cost.

Figure 6 shows all four cases over K = 1,2,5,10,15,20,40. The combined coal-and-gas case rises from m∗ = 0.866

at K = 1 to 0.984 at K = 40, the coal case from 0.630 to 0.753, gas combined cycle from 0.103 to 0.220, and gas
peaking from 0.234 to 0.333. On the NOAK reference basis the break-even OCC rises from 8,918 to 10,133 $/kW,
6,484 to 7,754 $/kW, 1,063 to 2,267 $/kW, and 2,414 to 3,431 $/kW.

The gain saturates early. Five reactors per site capture 82% of the total improvement available out to forty, and
ten capture 92%. The percentages are within one point of each other across all four cases. Beyond ten units the
ceiling of Eq. (22) dominates and further consolidation removes few remaining allocations. Most of the economic
benefit of co-location is therefore available at a small site, and a plant of tens of units per site is not required to
obtain it.

This is consistent with the direction taken by the Aalo-1 vendor, whose Aalo Pod product groups five Aalo-1
reactors into a single module [45]. At K = 5 the coal break-even OCC rises to 7,528 $/kW and the combined case
to 9,920 $/kW. The result here does not establish that five is the optimal grouping, since the model shares only one
account and imposes no siting or licensing limit. It does show that a module of that size sits in the range where
most of the modeled security-sharing benefit has already been captured.

The absolute gain is similar in all four cases, between about 1,017 and 1,270 $/kW from K = 1 to K = 40. The
shared cost is a fixed annual amount per reactor, so the improvement in the multiplier is the ratio of the security
saving to the fleet capital charge, and both scale with fleet size. The remaining spread follows fleet size through
learning: the 185-unit coal fleet has the lowest average capital cost per unit and the largest gain, and the 35-unit
gas-peaking fleet the smallest.

The relative gain differs sharply. The combined-cycle threshold rises by more than a factor of two, while
the combined coal-and-gas threshold rises by about 14%. A fixed absolute improvement matters most where the
threshold is smallest. Security sharing does not change the ordering of the four cases.
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Only the embedded security account is shared, so these values represent the portion of the co-location benefit
associated with that account rather than the full economic effect of co-location.

Figure 6: Sensitivity of the break-even capital multiplier m∗ to the number of microreactor units sharing one security allocation. The
selected fleet composition, hourly dispatch, replaced fossil energy, and realized capacity factor are held fixed while K is varied over 1,
2, 5, 10, 15, 20, and 40 units per site. At K = 1, each reactor carries a full security allocation; increasing K reduces only the embedded
security cost according to Eqs. (22) and (23). No other capital, staffing, fuel, or maintenance account is shared. The early flattening
of each curve shows that most of the modeled security-sharing benefit is obtained at relatively small values of K.

5.5. NEORL screening behavior

The mixed-fleet NEORL calculation uses ten optimizers, ten seeds, and a common budget of 1,000 fleet evalua-
tions per run. The same fleet bounds, objective function, and evaluation budget are used for every method. Several
optimizers find the same selected Aalo-1 fleet in each replacement case. DE, GWO, HHO, PESA2, and WOA find
the selected fleet in all four cases, while EDEV finds it in three. Across the ten methods, the selected composition
is found by six algorithms for coal, seven for gas combined cycle, six for gas peaking, and five for the combined
coal-and-gas case.

When different optimizer and seed combinations return the same fleet counts and the same m∗, they represent
the same economic solution. Other runs return either nearby Aalo-1 counts or mixed fleets with a lower m∗.
PESA, PSO, SA, and TS show larger variation across seeds under the same evaluation budget. The complete
mean, standard deviation, and best result for every algorithm are reported in Appendix C.

The NEORL calculation searches the full three-design fleet space, where the numbers of Aalo-1, Holos-Quad,
and eVinci units are all allowed to vary. The selected fleet in each replacement case contains only Aalo-1 units.
Once this pure-design result is obtained, the remaining problem becomes one-dimensional because the Holos-Quad
and eVinci counts are zero. A complete integer enumeration of the Aalo-1 count is therefore performed as a direct
check of the fleet size returned by NEORL. The enumeration gives the same Aalo-1 count in all four replacement
cases. It is used only to verify the pure-design solution identified by the mixed-fleet search and is not used to
determine the reactor design in advance.

5.6. Reactor-level load-following results

All four selected economic fleets contain only Aalo-1 units, so both reactor-level screens use the eight-drum
Aalo/LTMR branch. The hourly-linear and MISO-informed reference bases are tuned independently. For the
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hourly-linear replay, ES gives

Q = 1.2081 × 104, R = 1.36 × 10−4, Rd = 2.6058, (49)

with a worst-case 1-h tuning MAPE of 0.004557%. For the MISO-informed sensitivity, ES gives

Q = 2.1876 × 103, R = 1.0 × 10−6, Rd = 2.598 × 10
−3, (50)

with a worst-case 1-h tuning MAPE of 0.496988%. These weights are then held fixed within their respective
reference basis during the complete selected-day replay.

Table 8 compares the hourly-linear and MISO-informed results. The hourly-linear case is the direct verification
of the hourly economic-dispatch resolution. The MISO-informed case is a higher-resolution sensitivity and should
not be interpreted as a measured DTE trajectory.

Table 8: Reactor-level NMPC tracking results for the selected economic fleets using the hourly-linear economic-dispatch reference and
the MISO-informed 5-min sensitivity. Tracking error is evaluated only over simulated positive-to-positive online intervals.

Reference Case Fleet MAPE Max. error Max. drum rate
(%) (MW) (deg/s)

Hourly-linear Coal 0.000037 0.147151 0.004336
Gas combined cycle 0.000037 0.147246 0.004336
Gas peaking 0.000389 0.019814 0.002758
Coal and gas 0.000007 0.001453 0.001166

MISO-informed Coal 0.000173 0.540229 0.500000
Gas combined cycle 0.000106 0.048955 0.088465
Gas peaking 0.002691 0.938246 0.078547
Coal and gas 0.000014 0.219354 0.013265

All four hourly-linear cases remain well below the 1% tracking criterion and use only a small fraction of the
imposed drum-rate limit. Adding the MISO-informed 5-min variation increases both the tracking error and the
required drum motion, as expected from the sharper intra-hour changes, but the fleet MAPE remains below 0.003%
in every case. The coal sensitivity reaches the imposed 0.5 degrees/s drum-rate constraint, while the other three
cases remain below it. The result therefore does not show that the MISO-informed reference is a more accurate
representation of DTE operation; rather, it shows that the favorable tracking result is retained when the same
hourly power basis is subjected to substantially greater intra-hour variation.

Figure 7 shows the coal case as a representative comparison. The hourly-linear reference follows the resolution
of the economic dispatch, while the MISO-informed case contains the additional 5-min structure. The remaining
case plots and the MISO matching diagnostics are reported in Appendix D.

(a) Hourly-linear reference. (b) MISO-informed 5-min sensitivity.

Figure 7: Representative coal-case worst-day NMPC tracking. The hourly-linear case is constructed directly from the hourly economic
dispatch, while the MISO-informed case preserves the same hourly power basis and adds higher-resolution within-hour variation. The
MISO-informed trajectory is used as a load-following sensitivity and not as a reconstruction of measured DTE operation.
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6. Discussion

This section interprets the economic and reactor-level results together. The discussion first considers the break-
even capital thresholds and the roles of fossil-generation cost, cycling cost, fleet utilization, and reactor design. The
optimization and security-sharing results are then considered in terms of their effect on the selected fleets. The
reactor-level results are used to assess whether the corresponding economic dispatch can be followed within the
imposed control-drum limits. The main assumptions and limitations of both analysis levels are discussed last.

The screening and the design-specific enumeration both select Aalo-1 exclusively. Table 5 shows the same
ordering in every case: Aalo-1 has the highest positive break-even threshold, Holos-Quad is positive for coal, gas
peaking, and the combined case, and eVinci is negative throughout. Under the modeled cost inputs, Aalo-1 has
the lower FOAK capital basis and lower fixed O&M and fuel costs. Holos-Quad has a slightly lower NOAK capital
endpoint, but that advantage is not enough to offset its higher non-capital costs and separate learning sequence.
Adding a Holos-Quad or eVinci unit therefore does not provide a sufficient gain in displaced value to overcome the
corresponding capital and non-capital costs in the mixed-fleet screening. The eVinci result is worth isolating: its
fixed and fuel-plus-variable cost floor already exceeds the midpoint fossil cost, so even a zero capital multiplier does
not reach break even. This is a consequence of the selected cost archetype, study power rating, dispatch order, and
DTE profiles, and it should not be interpreted as a general comparison of reactor vendors.

The four cases show that a high replacement fraction does not translate into a high capital threshold. The
gas combined-cycle fleet replaces 96.73% of its target energy yet yields the lowest positive multiplier (m∗ = 0.103),
because combined-cycle gas has the lowest midpoint fossil cost and therefore the smallest margin above the mi-
croreactor non-capital floor. The combined coal-and-gas fleet replaces 29.32% of its target and yields the highest
multiplier (m∗ = 0.866), because it runs at a 100% capacity factor and, by the descending-cost credit order of
Section 3.2.3, displaces the most expensive fossil layers first. The gas-peaking case sits between them: it faces the
highest fossil cost target ($210/MWh) but its intermittent load caps utilization at 46.15%, so the capital charge is
spread over little energy. The controlling variables are therefore the cost of the displaced source and the utilization
the fleet can achieve against the load shape, not the fraction of the source replaced. This is the same behavior
seen in the replaced-load panels of Figure 4, where the near-baseload cases fill a flat block under the load while the
peaking case is stranded above an intermittent profile.

The inverse OCC is a threshold, not a prediction. The $6,484/kW Aalo-1 NOAK coal value means the fleet
would have to reach approximately this OCC or lower for its levelized replacement cost to equal the average cost of
the coal it displaces; it does not imply that Aalo-1 will reach this value. The Lazard comparison of Figure 5 places
this on the same $/MWh axis as the wider generation stack. As emphasized by Eq. (16), the break-even LCOE is
a consistency relation rather than a second independent output: it equals the displaced fossil cost by construction
and only serves to place the result on the Lazard axis. Negative thresholds carry information too; they indicate
that capital reduction alone is insufficient under the modeled fuel and O&M assumptions, so the non-capital cost
structure would also have to change.

The generic NEI comparison provides context for the magnitude of the calculated break-even OCC values [69].
The Aalo-1 and Holos-Quad coal and combined coal-and-gas thresholds fall within the reported generic first-unit
and mature-unit ranges. The remaining cases are below the lower bounds of the corresponding ranges or have
negative break-even OCC values. This overlap does not indicate that either design will achieve the calculated
cost; it only shows that some of the required capital-cost levels are consistent with a previously published generic
microreactor estimate.

The Holos-specific comparison provides a more direct example of how the inverse-cost thresholds can be in-
terpreted. The inflation-adjusted FOAK and NOAK estimates from the Army G-4 study are both substantially

27



below the rating-adjusted Holos-Quad cost inputs used in the present model. This suggests that the MOUSE-
based GCMR proxy used here represents a more conservative capital-cost basis for Holos-Quad than the earlier
Holos-specific estimate.

A lower cost than the reference input does not, however, automatically mean that every replacement case reaches
break even. Under the non-capital cost, dispatch, and fossil-cost assumptions used here, the adjusted FOAK value
of 12,926 $/kW remains above the 12,043 $/kW coal threshold but below the 17,013 $/kW combined-case threshold.
The adjusted NOAK value of 7,541 $/kW remains above the 7,149 $/kW combined threshold and 5,061 $/kW coal
threshold. The comparison remains approximate because the Army study and the present analysis do not use
identical cost boundaries, deployment assumptions, or non-capital inputs.

The optimizer comparison shows that several methods identify the same selected Aalo-1 composition, but not
every method does so under the common 1,000-evaluation budget. DE, GWO, HHO, PESA2, and WOA find the
selected fleet in all four replacement cases, while EDEV does so in three. Across the ten methods, the selected
composition is found by six algorithms for coal, seven for gas combined cycle, six for gas peaking, and five for the
combined coal-and-gas case. The pure-design enumeration is then used as a follow-up check of the Aalo-1 unit
count after the mixed-fleet search returns a pure-design solution. This provides a separate check on the selected
counts without implying that the complete three-design mixed-fleet space was exhaustively enumerated.

The selected fleets contain tens to hundreds of units. These are not near-term deployment recommendations;
they show the number of small units required to replace a meaningful part of a utility fossil profile at the selected
ratings. A commercial project at this scale would require a more detailed treatment of sites, outages, refueling,
shared balance of plant, staffing, licensing, construction schedule, and supply-chain capacity. The units-per-site
sensitivity illustrates one multi-unit benefit: sharing only the embedded security account raises the NOAK threshold
by about 1,017–1,270 $/kW between K = 1 and K = 40, with about 81–82% of that gain already captured at five
units per site. This should not be extrapolated to every fixed cost because different accounts scale per site, module,
reactor, or operating crew.

The dynamic layer is applied after the economic fleet selection and does not change m∗. The selected day
and physical-unit endpoints come from the same annual dispatch. Because all four selected fleets contain Aalo-1
units, the reactor-level calculation uses the same reduced-order Aalo/LTMR branch for every case. The primary
hourly-linear screen preserves the temporal resolution of the annual economic dispatch. A separate MISO-informed
sensitivity adds 5-min within-hour variation while keeping the hourly fleet-power basis fixed, and the controller is
tuned independently for the two reference bases.

The hourly-linear and higher-resolution results give the same qualitative conclusion. All four hourly-linear cases
track with very small error and remain well below the 0.5 degrees/s drum-rate constraint. The MISO-informed
trajectories are more demanding: the largest fleet MAPE is 0.002691% in the gas-peaking case, and the coal case
reaches the 0.5 degrees/s rate limit. The higher-resolution calculation is not a validation against measured DTE
sub-hourly operation because the MISO profiles are used only as temporal shape surrogates. Its purpose is narrower:
it shows that the favorable load-following result is not limited to the smooth hourly interpolation and is retained
when additional 5-min variability is imposed.

Several limitations bound our analysis and results. The annual dispatch has no binary commitment variable,
minimum up- or down-time, reserve requirement, refueling schedule, forced outage, or transmission constraint.
Startup and shutdown transitions carry an economic cycling charge, but the zero/nonzero hourly boundaries are
still algebraic commitment decisions rather than simulated reactor startup or shutdown sequences. A zero hourly
endpoint therefore should not be interpreted as evidence that routine shutdown and restart are physically feasible
on that schedule. Cost inputs are public archetype estimates rather than vendor quotations, adjusted to 2026 prices
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without account-specific labor, equipment, material, or fuel escalation indexes, and the FOAK-to-NOAK path is
an interpolation between two endpoint estimates rather than an observed commercial learning history. The generic
NEI comparison is also subject to differences in dollar year, plant scope, reactor maturity, production sequence,
and included cost accounts; overlap between the ranges is therefore contextual rather than a like-for-like validation.
On the optimization side, the ten metaheuristics share a common evaluation budget but not identical internal
search behavior. The selected Aalo-1 unit count is checked independently by exact integer enumeration after the
mixed-fleet search returns a pure-design solution, while the full three-design mixed-fleet space remains screened
heuristically.

The reactor-level analysis carries its own bounds. Its parameter sets are reduced-order comparison models
rather than vendor-validated safety models. The selected-day replay evaluates online positive-to-positive intervals
and does not model startup, shutdown, protection-system action, or accident behavior. The public DTE/CAMPD
data used in the economic model are hourly, so the hourly-linear reference cannot reconstruct observed intra-hour
DTE operation. The MISO-informed sensitivity partly addresses this temporal-resolution limitation by imposing
5-min variability while preserving the hourly economic-dispatch power basis, but the selected MISO profiles are
not measurements of the corresponding DTE units and should not be interpreted as a validation dataset. The
screen also evaluates the most variable 24-hour day rather than every hour of the year, so the resulting test
remains an online load-following capability check rather than proof of full annual operating feasibility. Finally, the
study computes cost targets and does not propose a specific method for reducing microreactor OCC or O&M; the
break-even thresholds indicate what must be achieved, not how.

7. Conclusions and Future Work

This study developed an inverse break-even cost analysis for microreactor fleets replacing fossil generation in
the DTE Electric system. The economic model calculates the capital multiplier at which the levelized microreactor
replacement cost equals the cost of the fossil generation actually displaced. Startup and shutdown transitions are
included as a generic nuclear cycling charge, while the dispatch remains an hourly merit-order model.

Using midpoint 2026 fossil-generation costs, Aalo-1 gives the highest positive NOAK threshold in all four cases.
The calculated values are 6,484 $/kW for coal, 1,063 $/kW for combined-cycle gas, 2,414 $/kW for gas peaking,
and 8,918 $/kW for the combined coal-and-gas profile. The selected fleets contain 185, 111, 35, and 124 Aalo-1
units, respectively. Holos-Quad remains positive for coal, gas peaking, and the combined case, while the eVinci
non-capital floor is above the displaced fossil cost in every midpoint case.

The result depends strongly on fossil cost and utilization. The combined case supports the highest threshold
because its selected fleet operates almost continuously and displaces the most expensive fossil layers first. The
combined-cycle case supports the lowest positive threshold even though most of its annual target energy is replaced.

The Aalo-1 and Holos-Quad coal and combined-case thresholds fall within the corresponding generic first-unit
and mature-unit microreactor cost ranges considered in the external comparison. This overlap provides context for
the magnitude of the calculated thresholds but does not establish that the reactor designs will achieve those costs.

The NEORL mixed-fleet screen and exact single-design enumeration identify the same best Aalo-1 counts. The
optimizer comparison also shows that some methods are more consistent than others under the same call limit.

The reactor-level workflow constructs candidate-specific selected-day references from each economic fleet. The
hourly-linear replay provides the direct check of the hourly economic-dispatch resolution, and all four cases remain
well below the 1% tracking criterion and the 0.5 degrees/s drum-rate limit. A separate MISO-informed 5-min
sensitivity introduces additional intra-hour variation while preserving the hourly economic-dispatch power basis.
Tracking remains below 0.003% fleet MAPE in all four sensitivity cases, although the coal case reaches the imposed
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drum-rate limit. The MISO-informed calculation is therefore interpreted as a higher-resolution load-following
capability test rather than as a reconstruction of measured DTE operation.

The controller effort itself does not enter the economic objective. Startup and shutdown transitions are already
represented through the generic cycling charge of Eq. (11), but the economic model does not include design-specific
startup trajectories, minimum up- and down-times, or other unit-commitment constraints. Future work can replace
the generic event charge with design-specific cycling costs and explicit commitment constraints for replacement cases
that contain frequent zero-to-positive and positive-to-zero transitions.

Finally, the framework is not specific to DTE. It requires an hourly generation profile by fossil source, a cost
for each source, and a set of reactor cost archetypes. Applying it to systems with a higher displaced cost, such as
island or remote grids served by diesel, would test whether the negative floors reported here are a property of the
reactor archetypes or of the comparatively low displaced cost of the DTE fossil fleet.
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Appendix A. Reactor-level model parameters

The parameters in this appendix are the numerical values used in the reactor-level model. The Holos-Quad
branch follows the adopted reduced-order load-following basis [10, 43]. The Aalo-1 branch uses the public 30 MWth/10 MWe

rating and a MARVEL/MOUSE LTMR dynamic proxy [45, 46, 6, 71]. The eVinci branch uses the 5 MWe/15 MWth

HPMR/gHPMR proxy lineage [48, 29, 66, 49]. These parameter sets are used for comparative load-following anal-
ysis and should not be interpreted as vendor licensing models.

For the Aalo/LTMR and eVinci/HPMR branches, Σf and Vf are defined on matching fuel bases. The Aalo
value is a one-group thermal fuel-material estimate based on U–ZrH fuel containing 30 wt% uranium at 19.75%
enrichment and a fuel density of 6.872 g/cm3; the corresponding LTMR fuel inventory gives Vf = 1.68003×10

5 cm3

[46, 6]. The eVinci-like value is homogenized over the tristructural isotropic (TRISO) fuel compact using the
uranium oxycarbide (UCO) content of the compact at 19.75% enrichment, and its matching compact volume is
1.14299 × 106 cm3 [48, 29, 49]. Both calculations use a 585.1-b thermal 235U fission cross section as the one-group
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Table A.1: Neutronic, poison, and control-drum parameters used in the reduced-order reactor models.

Parameter Symbol or unit Holos-Quad Aalo-1 eVinci

Rated electrical power Pe (MWe) 13 10 5
Reference thermal power Pr (MWth) 22 30 15
Full-bank drum count Nd,tot 8 12 12
Nominal drum angle θ0 (deg) 77.8 84.04 84.5
Full-bank maximum worth ρmax,tot 0.047 0.13727 0.14574
Prompt-neutron generation time Λ (s) 1.68 × 10−3 1.799 × 10−5 1.815 × 10−4
Total delayed-neutron fraction β 0.00480153 0.00753000 0.00664849
Macroscopic fission cross section Σf (cm−1) 0.3358 0.610397 0.148697
Fission-region normalization volume Vf (cm3) 8.000 × 104 1.68003 × 105 1.14299 × 106
Xenon absorption cross section σX (cm2) 2.65 × 10−22
Iodine yield γI 0.061
Direct xenon yield γX 0.002
Iodine decay constant λI (s−1) 2.87 × 10−5
Xenon decay constant λX (s−1) 2.09 × 10−5

modeling value and neglect the thermal 238U fission contribution [72]. The Holos-Quad value and 80,000 cm3

normalization are retained as the effective basis of the adopted reduced-order model rather than interpreted as a
geometric full-core volume.

Table A.2: Six-group delayed-neutron parameters used in the reactor models. Vector entries correspond to groups 1 through 6.

Parameter Holos-Quad Aalo-1 eVinci

βi

1.42481 × 10−4, 9.24281 × 10−4,
7.79956 × 10−4, 2.06583 × 10−3,
6.71175 × 10−4, 2.17806 × 10−4

2.40 × 10−4, 1.31 × 10−3,
1.31 × 10−3, 2.90 × 10−3,
1.25 × 10−3, 5.20 × 10−4

2.3238 × 10−4, 1.1992 × 10−3,
1.1459 × 10−3, 2.5692 × 10−3,
1.0591 × 10−3, 4.4271 × 10−4

λi (s−1)
1.272 × 10−2, 3.174 × 10−2,
1.160 × 10−1, 3.110 × 10−1,

1.400, 3.870

1.334 × 10−2, 3.270 × 10−2,
1.2086 × 10−1, 3.0365 × 10−1,

8.5312 × 10−1, 2.86517

1.3337 × 10−2, 3.2734 × 10−2,
1.2079 × 10−1, 3.0291 × 10−1,

8.5005 × 10−1, 2.8549

Table A.3: Effective lumped thermal parameters used in the three-temperature reactor models.

Parameter Unit Holos-Quad Aalo-1 eVinci

Fuel specific heat, cf J/(kgK) 977 374.238 1147.979
Moderator specific heat, cm J/(kgK) 1697 659.255 1905.802
Coolant/heat-pipe-node specific heat, cc J/(kgK) 5188.6 876.153 1001
Effective fuel mass, mf kg 2002 1154.541 2678.072
Effective moderator mass, mm kg 11573 316 14001.010
Effective coolant/heat-pipe-node mass, mc kg 500 48.671 368.569
Fuel heat fraction, ff – 0.96 0.97 0.97
Reference fuel temperature, Tf0 K 1105 872 1235
Reference moderator temperature, Tm0 K 1087 857 1200
Reference coolant/heat-pipe temperature, Tc0 K 985 748 1100
Coolant inlet / heat-sink temperature K 864 703 523.15
Coolant outlet temperature K 1106 793 –
Coolant mass flow rate, ṁ kg/s 17.5 380.451 0
Fuel feedback coefficient, αf K−1 −2.875 × 10−5 −5.28 × 10−5 −4.27 × 10−5
Moderator/solid feedback coefficient, αm K−1 −3.696 × 10−5 +1.22 × 10−5 −1.42 × 10−5
Coolant feedback coefficient, αc K−1 0 +1.60 × 10−6 0

For the LTMR proxy used to represent the Aalo-1 branch and the HPMR proxy used to represent the eVinci branch, Σf and Vf are
defined on matching fuel bases. The LTMR proxy uses a one-group thermal fuel-material estimate based on U–ZrH fuel, while the
HPMR proxy uses the corresponding homogenized TRISO fuel basis. The sodium–potassium (NaK) heat capacity is evaluated at the
748-K coolant-node temperature using the INL NaK correlation [73]. The Aalo moderator/solid coefficient is an effective nonfuel-solid
feedback mapped onto the lumped moderator node. For the eVinci/HPMR branch, Tc0 = 1100 K is the heat-pipe coupling node and
523.15 K is the condenser-side sink, so a conventional coolant outlet and bulk coolant flow are not used [49, 29]. The inter-node
conductances are calculated internally from the listed full-power states and are not independent inputs.

Appendix B. Microreactor cost inputs

Table B.1 lists the six cost components used in the learning model. The learning (L) components are interpolated
between the first-of-a-kind (FOAK) and nth-of-a-kind (NOAK) endpoints using Eq. (4); the non-learning (NL)
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components are held constant with build number. Capital is represented through the learning and non-learning
portions of OCC. Fixed O&M contains both learning and non-learning portions, while the variable-cost basis used
here has a zero non-learning component. All values are in 2026 dollars at the modeled ratings. The design capacity
factors are 0.9878 for Aalo-1, 0.9890 for Holos-Quad, and 0.9849 for eVinci.

Table B.1: Microreactor learning and non-learning cost inputs in 2026 dollars. Values are escalated from the 2024 INL bottom-up basis
[6, 8]. L and NL denote learning and non-learning components, respectively.

Design Basis OCCL OCCNL FOML FOMNL Var.L Var.NL

($/kW) ($/kW-yr) ($/MWh)

Aalo-1 FOAK 16,834.9 5,542.0 756.1 127.4 25.80 0
Aalo-1 NOAK 4,757.8 5,542.0 192.8 127.4 23.81 0
Holos-Quad FOAK 18,849.0 4,255.8 1,086.6 96.3 47.10 0
Holos-Quad NOAK 5,452.8 4,255.8 257.4 96.3 24.58 0
eVinci FOAK 38,325.4 9,087.4 1,902.5 254.8 293.78 0
eVinci NOAK 10,978.2 9,087.4 434.3 254.8 156.68 0

The two OCC columns sum to the total OCC used in Eq. (5); for example, the Aalo-1 FOAK and NOAK totals
are 22,377 and 10,300 $/kW.

Appendix C. NEORL screening summary

This appendix summarizes the mixed-fleet NEORL screening results used in Section 5.5. Each of the ten
optimization methods is run for ten seeds using the same case-specific fleet bounds and a common budget of 1,000
fleet evaluations per run. The mean and standard deviation are calculated from the best m∗ returned by each of
the ten seed runs. The “Best m∗” column gives the largest value found by that optimizer across the ten seeds,
together with the corresponding Aalo-1, Holos-Quad, and eVinci unit counts. The replacement fraction and fleet
capacity factor correspond to that best fleet.

The NEORL calculation searches the full three-design fleet space. The pure-design enumeration is not used to
generate the values in this appendix; it is applied only after the mixed-fleet screening returns a pure Aalo-1 selected
fleet, as a follow-up check of the selected Aalo-1 unit count. Identical fleet counts and m∗ values found by different
algorithms or seeds represent the same economic solution.

Table C.1: NEORL screening summary for the coal replacement case. Each optimizer was evaluated over ten seeds with a common
budget of 1,000 fleet evaluations per run.

Algorithm Mean m∗ Std. m∗ Best m∗ NA NH NE Replaced CF
(%) (%)

DE 0.629132 0.000357 0.629555 185 0 0 63.83 98.66
EDEV 0.629219 0.000501 0.629555 185 0 0 63.83 98.66
GWO 0.618724 0.034250 0.629555 185 0 0 63.83 98.66
HHO 0.569131 0.066379 0.629555 185 0 0 63.83 98.66
PESA 0.381017 0.052594 0.466588 160 14 5 62.44 98.82
PESA2 0.622829 0.021270 0.629555 185 0 0 63.83 98.66
PSO 0.242192 0.143095 0.502393 133 18 0 54.44 99.55
SA 0.146284 0.118306 0.314687 230 19 35 86.67 91.06
TS 0.438035 0.140037 0.629260 179 0 0 61.89 98.88
WOA 0.597063 0.052318 0.629555 185 0 0 63.83 98.66

Appendix D. Higher-resolution reference construction and tracking diagnostics

The MISO-informed calculation is included only as a higher-resolution sensitivity to the hourly economic dis-
patch. The MISO profile supplies normalized within-hour variation, while each hourly economic-dispatch fleet value
remains the power basis of the reconstructed reference. For the single-source cases, the selected resource minimizes
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Table C.2: NEORL screening summary for the coal and gas replacement case. Each optimizer was evaluated over ten seeds with a
common budget of 1,000 fleet evaluations per run.

Algorithm Mean m∗ Std. m∗ Best m∗ NA NH NE Replaced CF
(%) (%)

DE 0.859696 0.009333 0.865866 124 0 0 29.32 100.00
EDEV 0.861490 0.005685 0.865838 126 0 0 29.79 100.00
GWO 0.865866 0.000000 0.865866 124 0 0 29.32 100.00
HHO 0.839961 0.054612 0.865866 124 0 0 29.32 100.00
PESA 0.482707 0.078952 0.584980 4 172 11 54.80 99.42
PESA2 0.856911 0.022796 0.865866 124 0 0 29.32 100.00
PSO 0.262328 0.164721 0.663495 135 1 10 33.40 99.98
SA 0.181328 0.150522 0.542360 170 149 3 81.27 94.11
TS 0.532032 0.188377 0.848749 180 0 0 42.51 99.88
WOA 0.852913 0.040959 0.865866 124 0 0 29.32 100.00

Table C.3: NEORL screening summary for the gas combined cycle replacement case. Each optimizer was evaluated over ten seeds with
a common budget of 1,000 fleet evaluations per run.

Algorithm Mean m∗ Std. m∗ Best m∗ NA NH NE Replaced CF
(%) (%)

DE 0.102981 0.000559 0.103166 111 0 0 96.73 84.58
EDEV 0.101613 0.003142 0.103166 111 0 0 96.73 84.58
GWO 0.103166 0.000000 0.103166 111 0 0 96.73 84.58
HHO 0.088252 0.047163 0.103166 111 0 0 96.73 84.58
PESA 0.009300 0.029297 0.038888 112 3 2 99.84 82.89
PESA2 0.103166 0.000000 0.103166 111 0 0 96.73 84.58
PSO -0.110346 0.057602 -0.002021 121 3 5 100.00 76.18
SA -0.117219 0.072536 -0.032910 79 27 0 98.88 84.10
TS 0.033278 0.067911 0.103166 111 0 0 96.73 84.58
WOA 0.103166 0.000000 0.103166 111 0 0 96.73 84.58

Table C.4: NEORL screening summary for the gas peaking replacement case. Each optimizer was evaluated over ten seeds with a
common budget of 1,000 fleet evaluations per run.

Algorithm Mean m∗ Std. m∗ Best m∗ NA NH NE Replaced CF
(%) (%)

DE 0.233892 0.001060 0.234395 35 0 0 40.49 46.15
EDEV 0.232127 0.002907 0.234395 35 0 0 40.49 46.15
GWO 0.234395 0.000000 0.234395 35 0 0 40.49 46.15
HHO 0.180733 0.086405 0.234395 35 0 0 40.49 46.15
PESA 0.030829 0.057788 0.108786 42 4 1 51.32 42.92
PESA2 0.234395 0.000000 0.234395 35 0 0 40.49 46.15
PSO -0.093685 0.092672 0.083698 66 9 0 72.17 37.05
SA -0.170599 0.038001 -0.121157 133 6 34 97.89 24.75
TS 0.035571 0.140021 0.197130 36 1 0 42.62 45.59
WOA 0.216507 0.056565 0.234395 35 0 0 40.49 46.15

the normalized 24-h shape root mean square error (RMSE) among complete full-day candidates. For the combined
case, the active source layers on the selected day are matched separately and combined by daily energy share.

Table D.1: MISO shape-matching diagnostics used to construct the higher-resolution 5-min sensitivity reference.

Case Candidates Shape RMSE Shape correlation Selected MISO unit(s)

Coal 172 0.061132 0.984294 A3789
Gas combined cycle 167 0.024449 0.998253 A19218
Gas peaking 176 0.092625 0.998929 A3644
Coal and gas 169 0.130053 0.932433 coal:A5739; gas peaking:A5260

Figure D.1 illustrates the construction for the coal case. The 5-min MISO-informed points add within-hour
structure around the hourly economic-dispatch power basis, and the NMPC reference is then interpolated at the
60-s controller interval.
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Figure D.1: Coal-case construction of the higher-resolution sensitivity reference. The MISO-informed 5-min points are used only to
impose within-hour variation while the hourly economic-dispatch fleet values remain the reference power basis.
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