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ABSTRACT 

Computer-Aided Process Engineering (CAPE) has transformed how we analyze, design, and opti-
mize energy processes. Yet, even advanced models rest on uncertain ground: their reliability de-
pends on how well future operating environments are described—environments that are dynamic, 
complex, and deeply uncertain. In practice, uncertainty is often reduced to local parameter varia-
tions, driven by limited data, computational burden, and overconservative robust formulations. 
This narrow treatment creates a false sense of confidence: Designs that perform well in theory 
often fail in real-world operation. In a century marked by economic, climatic, and technological 
volatility, designing under uncertainty is no longer optional; it is essential. 

We have developed approaches that place uncertainty at the core of energy process modeling 
and design. This paper provides an overview of these methods and how uncertainty can be ex-
plicitly represented, quantified, and embedded into the design process. 

We present approaches to characterize uncertainties under data scarcity, including imprecise 
probabilities to distinguish between aleatory and epistemic uncertainty. To propagate uncertainty 
through computationally intensive models, we introduce surrogate-assisted techniques that ex-
ploit structural sparsity, enabling the analysis of systems with large numbers of uncertain inputs 
(100+) while mitigating the curse of dimensionality. These methods are integrated into optimiza-
tion frameworks that target expected performance, robustness, and, for the first time, antifragil-
ity—systems that can benefit from variability rather than merely withstand it. We illustrate these 
approaches across applications ranging from detailed process models to system-level energy 
analyses, advancing a shift in CAPE toward designs suited for an unpredictable world. 

Keywords: Uncertainty assessment, Robust design optimization, Process simulation, Antifragility. 

INTRODUCTION 

Computer-Aided Process Engineering (CAPE) tools, 
such as Aspen Plus, gPROMS, Thermoflex, and in-house 

high-fidelity thermodynamic simulators, have become 
central to process design and operation [1]. Engineers 
now evaluate complex heat integration networks, power-
to-X routes, carbon capture systems, and flexible plants 
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using nonlinear, tightly coupled models that embed ther-
modynamics, transport phenomena, and equipment con-
straints. These models can simulate performance with 
high accuracy, but they remain conditional on assump-
tions about their operating environment, such as varia-
tions in ambient temperature and humidity, cooling-water 
temperature, heat-transfer coefficients, fuel composition 
(carbon, hydrogen, lower-heating value), electricity 
prices, CAPEX and OPEX of emerging units, policy con-
straints, market regimes, and evolving sustainability tar-
gets. Despite this, uncertainty in many CAPE studies is 
still mostly handled through deterministic base-case op-
timization followed by local sensitivity checks or a small 
scenario sweep [2]. This approach persists for under-
standable reasons: (i) data about the operating environ-
ment is fundamentally incomplete which makes rigorous 
uncertainty characterization difficult [3], (ii) brute-force 
Monte Carlo becomes infeasible for expensive nonlinear 
flowsheets [4], and (iii) worst-case robust formulations 
often drive designs toward conservatism that is difficult 
to defend in engineering and economic terms [5]. This 
narrow treatment of uncertainty can create confidence in 
designs that are fragile when exposed to operational var-
iability and imperfect foresight. 

Over the past decade, we have developed methods 
that place uncertainty at the center of CAPE modeling 
and design. This paper documents a probabilistic uncer-
tainty workflow that we use for nonlinear, technology-
detailed CAPE models under limited information. We fo-
cus on uncertainty characterization under limited data, 
surrogate-assisted uncertainty propagation that remains 
tractable for expensive simulations, and robust design 
optimization that explicitly trades off expected perfor-
mance and sensitivity to variability. We also present an-
tifragility as a paradigm shift for optimization under un-
certainty and ways to address structural uncertainty, 
where uncertainty is not only about parameter values but 
also about what the problem formulation should be, for 
example when stakeholder preferences or acceptability 
thresholds are uncertain. Finally, we conclude this paper 
with a discussion and perspectives. 

A FRAMEWORK FOR UNCERTAINTY-
AWARE PROCESS DESIGN 

In this section, we present a framework for uncer-
tainty-aware process design (Figure 1). It covers meth-
ods for characterizing uncertainty, propagating uncer-
tainty and robust design optimization. 

Representing Uncertainty Under Limited Data 
Uncertainty characterization translates knowledge 

about the parameter variation into a mathematical repre-
sentation that will drive propagation and optimization. In 
CAPE, researchers repeatedly face the same obstacle 

[2]: Data about the operating environment is often 
sparse, inconsistent, or context-specific. For instance, 
electricity-price projections may exist only as a small set 
of scenarios, emerging unit costs may be based on few 
studies with incompatible assumptions, and ambient 
conditions may only be available at coarse data resolu-
tion. In this setting, analysts often default to common dis-
tributions such as uniform or normal [3]. In this way, they 
risk encoding strong assumptions, either by assigning 
zero probability to tail events or by extrapolating tails 
from limited central information. In nonlinear flowsheets, 
these assumptions can change optimized designs be-
cause feasibility, active constraints, and operating re-
gimes can switch across the uncertain domain [6].  

One way to represent uncertainty uses quantile-an-
chored parametric distributions by combining data with 
expert judgment. While frequently available, translating 
expert judgment into distributional parameters (e.g., 
mean, variance) is difficult: Even when experts can pro-
vide plausible ranges, they struggle to express how prob-
ability mass should be distributed within those ranges [7]. 
Expert sources are usually more consistent when asked 
for percentile statements [8]. Therefore, a pragmatic way 
is to elicit expert judgment on quantiles rather than at-
tempt to obtain full distribution parameters directly, such 
as “a pessimistic value that is likely exceeded in only 5% 
of the scenarios.” Moreover, if the modeler commits to a 
distribution type (e.g., a lognormal distribution to repre-
sent the future electricity price), two distinct percentiles 
determine a unique distribution (in the common case of a 
two-parameter type), so the resulting distribution is fully 
anchored to explicit expert statements [9]. To illustrate 
this approach, we elicited two percentiles and distribu-
tion types from expert reports and characterized the cor-
responding distributions for grid electricity price, wind 
speeds and electricity demand in the assessment of a 
wind-powered community [8]. 

A second representation uses imprecise probabili-
ties to treat distributional ambiguity explicitly. The same 
elicited quantiles may be consistent with a bounded dis-
tribution that has hard limits, or with a heavy-tailed dis-
tribution that assigns small but decision-relevant proba-
bility to extreme outcomes. When this ambiguity affects 
design choices, a single fitted curve can convey unwar-
ranted certainty. Probability boxes (p-boxes) address 
this by representing uncertainty as a family of admissible 
distributions bounded by lower and upper cumulative 
distribution functions [10]. This representation is particu-
larly useful when epistemic uncertainty dominates, be-
cause it treats uncertainty about the distribution itself as 
part of the model, not as an afterthought. It also supports 
a separation between aleatory variability, which reflects 
intrinsic randomness, and epistemic uncertainty, which 
reflects limited knowledge that could shrink with better 
information or clearer assumptions.  
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We used probability boxes to represent the operat-
ing environment of a hybrid renewable energy system 
comprising a photovoltaic array, batteries, a heat pump, 
and thermal storage. For electricity and heat demand, 
aleatory uncertainty represented irreducible variability in 
future demand, while epistemic uncertainty reflected lim-
ited knowledge of occupant behavior and reliance on 

generic demand profiles. Energy prices were treated 
analogously, with aleatory uncertainty capturing plausi-
ble market evolution and epistemic uncertainty capturing 
ambiguity in tariffs and supplier choice. We propagated 
these probability boxes through the system model and 
used the aleatory component to drive robust design op-
timization of the levelized cost of exergy, because this 

 

Figure 1: The schematic illustrates the proposed framework for uncertainty-aware process design. Experts first 
identify the parameters to be treated as uncertain (1). An optional expert-based screening may be applied to 
discard parameters expected to have negligible influence. Uncertainty is then characterized by combining data, 
projections, and expert judgment, using either precise probabilistic distributions or imprecise formulations when 
epistemic uncertainty is substantial (2). The optimization workflow then begins. An initial set of candidate designs 
is generated by exploring the design space, for example using Latin Hypercube Sampling (3). For each candidate 
design, the process model is evaluated under uncertainty by constructing a surrogate, typically a full or sparse 
Polynomial Chaos Expansion depending on model complexity and the number of retained uncertain inputs (4). 
Performance statistics such as the mean and variance, or bounds on these quantities in the imprecise case, are 
computed analytically from the surrogate and provided to a population-based metaheuristic optimizer as fitness 
values (5). The optimizer iteratively generates new design populations and updates the design set. After 
convergence, the resulting Pareto front quantifies the trade-off between expected performance and robustness 
(6). For selected Pareto-optimal designs, global sensitivity analysis is extracted analytically from the surrogate to 
identify the uncertain inputs that dominate performance variability and those with negligible influence (7). 
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variability cannot be reduced through additional infor-
mation and can only be mitigated through design 
choices. In contrast, we used global sensitivity analysis 
on the epistemic component to identify which uncertain 
assumptions most affected predicted performance and 
robustness, thereby indicating where additional infor-
mation would most effectively reduce decision-relevant 
uncertainty [11]. 

In practice, a precise probabilistic formulation is 
pragmatic, as it is simpler to implement, propagate, and 
communicate, but it necessarily collapses epistemic un-
certainty into a single predictive model. This is often ac-
ceptable for parameters such as ambient conditions, 
standardized fuel properties, or short-term market fluc-
tuations, where uncertainty is largely aleatory or where 
epistemic uncertainty is small relative to its effect on de-
sign decisions. We propose an imprecise representation 
when epistemic uncertainty is significant, meaning that 
uncertainty about the parameters or assumptions of the 
distribution itself is large enough to affect design conclu-
sions. Typical examples include electricity or carbon 
prices over multi-decadal horizons, CAPEX of emerging 
technologies, or demand projections driven by poorly 
specified user behavior. In such cases, explicitly separat-
ing aleatory variability, which must be mitigated through 
design, from epistemic uncertainty, which can be re-
duced through additional information or specification, 
avoids masking decision-relevant uncertainty, despite 
the added conceptual and computational complexity. 

Uncertainty Propagation and Quantification 
Once input uncertainties have been characterized, 

whether through precise or imprecise probabilities, the 
next step is to propagate that uncertainty through the 
model to quantify its impact on the outputs of interest. 
The most straightforward approach is Monte Carlo Sim-
ulation (MCS), which samples uncertain inputs from their 
assigned distributions, evaluates the model for each 
sample, and estimates output statistics. Although this ap-
proach is conceptually simple and asymptotically conver-
gent, it becomes impractical for many CAPE applications. 
MCS typically requires a large number (~103-5) of model 
evaluations to resolve output variability and tail behavior, 
while high-fidelity CAPE models are computationally ex-
pensive (minutes to hours) and often involve many un-
certain inputs (>10). As a result, naive Monte Carlo prop-
agation quickly becomes computationally intractable. 

An effective alternative is to move to surrogate-as-
sisted Uncertainty Quantification (UQ). The core idea is 
to replace numerous brute-force evaluations of an ex-
pensive simulator with a cheaper approximation that cap-
tures the dominant input–output relationships. Among 
available surrogate approaches, Polynomial Chaos Ex-
pansion (PCE) is particularly well suited to UQ because it 
represents model outputs as an expansion in orthogonal 

polynomials of the uncertain inputs [12]. Once a PCE sur-
rogate is trained, it can be evaluated orders of magnitude 
faster (typically milliseconds) than the original model. An 
additional benefit of PCE is that uncertainty propagation 
naturally yields statistical moments on the output (mean, 
variance) and a global sensitivity analysis can be per-
formed at negligible additional cost by exploiting the PCE 
coefficients. In practice, high Sobol’ indices guide where 
further knowledge is necessary. For example, we applied 
PCE to  the integration of Direct Air Capture (DAC) in a 
power-to-gas flowsheet to quantify uncertainty in energy 
efficiency, exergy efficiency and levelized cost under un-
certain ambient conditions, sorbent thermodynamics, 
electricity price, and CAPEX/OPEX. The resulting Sobol’ 
indices identified that electricity price and DAC CAPEX 
dominated the variance of levelized cost, while thermo-
dynamic model parameters and ambient conditions had 
a secondary influence on the overall performance [13]. 

In CAPE applications, the uncertainty space typically 
includes many input parameters, which makes a full PCE 
impractical because the number of required expansion 
coefficients, and thus training simulations, grows combi-
natorially with both polynomial degree (linked to the non-
linearity of the input-output relation) and the number of 
uncertain parameters. Dimensionality reduction is there-
fore unavoidable.  

Screening based on expert judgment or coarse sen-
sitivity checks provides a pragmatic first reduction, but it 
is inherently subjective and can overlook higher-order in-
teractions that only emerge in nonlinear regimes. Multi-
fidelity PCE strategies alleviate this by using low-order 
surrogates to rank influential inputs before constructing 
higher-order models, but their effectiveness depends on 
the reliability of these preliminary approximations, which 
can be poor when responses are highly nonlinear or dis-
continuous. In a long-term energy-system planning 
model with many uncertain techno-economic inputs, we 
used a low-order PCE as a preliminary step to reduce an 
initial set of uncertain parameters to a smaller set of crit-
ical parameters before building the higher-fidelity surro-
gate and revealed that a small subset of fuel-price and 
demand-growth assumptions dominated the uncertainty 
on the system costs [14].  

Sparse PCE addresses these limitations by integrat-
ing screening directly into surrogate construction, retain-
ing only influential polynomial terms and interactions 
while discarding the rest, thereby controlling dimension-
ality without requiring explicit pre-screening or multiple 
surrogate stages and significantly reducing the number 
of required training simulations [15]. We used sparse PCE 
for a Thermoflex®-based retrofit study of a large thermal 
power plant where 243 uncertain inputs made conven-
tional PCE infeasible, and the resulting Sobol’ indices 
showed that fuel composition, lower heating value, and 
boiler efficiency parameters dominated variability in 
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furnace temperature and efficiency, while most auxiliary 
parameters had negligible influence [16].  

PCE can also be applied when input uncertainties 
are represented through probability boxes. In a paramet-
ric p-box setting, uncertainty in the statistical moments, 
such as the mean and variance, is represented by uni-
formly distributed variables to reflect bounded epistemic 
uncertainty. For any specific realization of these param-
eters, a corresponding formulation of the aleatory uncer-
tainty is defined through the associated conditional dis-
tribution. Because this conditional formulation introduces 
dependence between epistemic and aleatory compo-
nents, the aleatory variable is rewritten in standardized 
form, and the physical input is reconstructed by combin-
ing this standardized variable with the sampled mean and 
variance. This reformulation represents the uncertain in-
put through a set of independent variables: one stand-
ardized variable capturing aleatory variability and uniform 
variables capturing epistemic uncertainty in the distribu-
tion parameters. A single PCE surrogate constructed on 
this augmented input space can then be sampled effi-
ciently to compute bounds on the output distribution, 
yielding the probability box of the model response with-
out resorting to a nested MCS [17]. In a PV–battery–heat-
pump system with thermal storage, we represented 
mixed aleatory variability (demand and weather evolu-
tion) and epistemic ambiguity (occupant behavior and 
cost assumptions) with parametric p-boxes, then used 
the augmented PCE to propagate output bounds while 
using the aleatory part for design objectives and the ep-
istemic part for sensitivity-guided information prioritiza-
tion, showing that aleatory demand variability primarily 
affected the robustness, while epistemic uncertainty in 
electricity tariffs and user behavior dominated the epis-
temic uncertainty on the optimized costs [11]. 

Designing for Robustness 
Design optimization under uncertainty is where all 

the pieces come together—and also where computa-
tional burden tends to peak. The goal is to identify design 
decisions (equipment sizes, operating conditions, etc.) 
that perform well across the range of uncertainties char-
acterized earlier. A specific type of optimization under 
uncertainty is Robust Design Optimization (RDO), where 
the mean and variance of the quantities of interest ob-
tained from UQ, such as costs, efficiencies and emis-
sions, define the optimization objectives and constraints. 

From a computational perspective, RDO inherits the 
computational cost of UQ. We therefore build on the sur-
rogate-based propagation strategies introduced in the 
previous section and embed them within an optimization 
loop [19]. For a given candidate design, the design varia-
bles are held fixed, and the PCE is constructed by sam-
pling the uncertain inputs around that design according 
to their prescribed probabilistic descriptions. Because 

the surrogate represents the full input–output map for 
that design, the statistical moments required for the ob-
jectives can be computed analytically from the PCE co-
efficients. Reliability-type constraints can be acquired in 
the same way by evaluating, for each design, the proba-
bility of violating constraints based on the propagated 
uncertainty [18]. In a high-fidelity RDO setting considered 
here, uncertainty propagation is thus performed sepa-
rately for each candidate design evaluated by the opti-
mizer. While this approach is computationally more de-
manding than global surrogates spanning both design 
and uncertainty spaces, it preserves accuracy in the 
presence of strong nonlinearities in the design space. 

The optimization itself is performed using gradient-
free, population-based algorithms, which are well suited 
to the black-box and often nonconvex nature of CAPE 
problems [20]. In our applications, multi-objective formu-
lations are solved using NSGA-II, with objectives being 
the mean and variance of the quantity of interest, such 
as cost, efficiency and emissions. The resulting Pareto 
front quantifies the trade-off between the expected per-
formance and robustness and provide a structured basis 
for optimized design selection. 

The validity of this approach depends on the relia-
bility of the surrogate models used during optimization. 
The fidelity is therefore enforced through an automated 
two-step procedure. First, the design space is explored 
using a space-filling sampling of the design variables, 
such as Latin Hypercube Sampling. For this initial set of 
designs, full PCEs are built for increasing polynomial or-
ders, and the worst-case leave-one-out error over all 
sampled designs is evaluated. The smallest polynomial 
order that meets a predefined accuracy threshold is then 
selected and fixed for the remainder of the optimization. 
During the RDO iterations, sparse PCEs of this order are 
constructed for each candidate design, and their accu-
racy is monitored using leave-one-out error and stabili-
zation of the estimated mean and standard deviation as 
training samples are added. If a candidate design leads 
to non-convergent or nonphysical model evaluations for 
one or more training samples, that design is classified as 
infeasible and assigned a penalized objective value. 

We implemented the full workflow in an open-
source framework called RHEIA [21] and applied it to sev-
eral CAPE applications with distinct process structures 
and decision variables. In a grid-connected photovoltaic 
system with battery and hydrogen storage, RDO shifted 
the preferred designs from photovoltaic-only systems 
toward battery and hydrogen storage when robustness 
was valued. For a community-scale system, the robust 
PV–battery–hydrogen design increased the mean lev-
elized cost of electricity from 269 €/MWh to 363 €/MWh 
(≈+35%), while reducing its standard deviation from 
55.6 €/MWh to 41.9 €/MWh (≈ −25%), explicitly trading 
expected cost for reduced sensitivity to electricity-price 
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uncertainty [19]. In a wind-powered power-to-ammonia 
plant, RDO revealed a clear trade-off between productiv-
ity and robustness: the design maximizing mean annual 
ammonia production achieved 3.2 times higher average 
output, but its standard deviation of annual production 
was 2.6 times larger than that of the robust design, indi-
cating substantially higher sensitivity to wind-speed and 
reactor-temperature uncertainties [22]. Finally, for a re-
newable-powered hydrogen refueling station and bus 
fleet, converting 54% of the diesel buses to hydrogen-
powered buses reduced the standard deviation of the 
levelized cost by 36%, reduced the mean carbon inten-
sity by 46%, and reduced its standard deviation by 51%, 
at the expense of an 11% increase in mean cost [23].  

Limitations 
The workflow has three main limitations related to 

computational cost, input dependency, and accuracy. 
First, the computational cost can still be high be-

cause the RDO loop requires building, validating, and 
sampling a surrogate for each candidate design. This 
nested structure can have computational overhead be-
cause of expensive models, large populations, many gen-
erations, and higher polynomial orders. 

Second, standard PCE construction typically as-
sumes independent uncertain inputs. Many CAPE prob-
lems feature correlated drivers (e.g., demand–price cou-
pling, weather covariation, or jointly evolving techno-
economic assumptions). Ignoring dependence can mis-
represent joint extremes, constraint-violation risk, and 
sensitivity indices. Accounting for dependence is possi-
ble (e.g., via transformations or copula-based modeling), 
but it introduces additional modeling choices. 

Third, PCE accuracy degrades when outputs are 
non-smooth or discontinuous in the uncertain inputs, 
which can arise from regime switching, active-constraint 
changes, phase changes, and feasibility boundaries. In 
these cases, moment estimates, tail metrics, and Sobol’ 
indices may become unreliable unless more complex sur-
rogate strategies are used (e.g., piecewise surrogates or 
classification-plus-regression), which reduces the sim-
plicity of the approach. 

EMERGING DIRECTIONS IN 
UNCERTAINTY-AWARE DESIGN 

While RDO provides a principled way to control sen-
sitivity to uncertainty, it implicitly treats uncertainty as a 
source of risk. As a result, optimization strategies that fo-
cus exclusively on robustness tend to penalize all varia-
bility symmetrically, which can suppress configurations 
that would perform better under favorable operating con-
ditions. In addition, RDO primarily addresses uncertainty 
in model parameters and implicitly assumes that the cho-
sen model structure and objective formulation capture all 

decision-relevant aspects. In practice, however, factors 
such as social acceptance and stakeholder preferences 
may be difficult, if not impossible, to encode, yet they can 
strongly influence whether an optimized design can be 
implemented. The following sections therefore examine 
two complementary extensions: antifragility, which ex-
plicitly accounts for asymmetric responses to variability, 
and approaches that address structural and preference 
uncertainty by exploring sets of near-optimal alternatives 
rather than a single solution. 

Antifragility: A Paradigm Shift in Designing 
Under Uncertainty 

Optimization under uncertainty in CAPE has tradi-
tionally focused on robustness, that is, identifying de-
signs whose performance is least sensitive to uncertain 
operating conditions. While effective when uncertainty is 
well characterized, this paradigm becomes limiting when 
the magnitude and structure of future techno-economic 
uncertainty are themselves poorly known. Moreover, ro-
bustness treats variability symmetrically: it controls 
downside risk, but it also suppresses upside opportunity.  

An emerging alternative is antifragile design, which 
shifts the objective from minimizing harm due to uncer-
tainty to exploiting favorable variability—an antifragile 
system does not merely withstand uncertainty; it benefits 
from it [24]. We have explored antifragility as an exten-
sion of RDO by introducing objectives that reward bene-
ficial variability rather than penalizing variability indis-
criminately [8]. One such metric is the Upside Potential 
Ratio (UPR), which favors designs that achieve substan-
tially better-than-average outcomes while still limiting 
unacceptable losses. For common performance indica-
tors, encouraging upside variability corresponds to the 
possibility of higher efficiency, lower cost, or lower emis-
sions than expected under nominal conditions. We also 
propose using the skewness of the performance distribu-
tion as an objective to quantify antifragility. Positive 
skewness indicates limited downside exposure com-
bined with rare but significant gains, and it captures how 
a design responds when the actual operating environ-
ment is more uncertain than anticipated. 

Embedding these objectives within a multi-objective 
optimization framework yields designs with qualitatively 
different behavior from conventional robust solutions. In 
the design of a wind turbine for a community, antifragile 
optimization led to larger installed capacity than the ro-
bust design, deliberately accepting worse median perfor-
mance and higher variability, but exhibited strongly 
asymmetric outcomes: when the actual uncertainty ex-
ceeded initial assumptions, it delivered substantially 
lower costs than both the deterministic and robust de-
signs [8]. In a residential heat-pump dimensioning case 
for a single-family dwelling, antifragile objectives simi-
larly shifted optimal designs away from those minimizing 
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median cost. Designs with higher antifragility featured 
larger thermal capacity and storage, which increased 
cost but limited downside exposure and enabled gains 
under volatile electricity prices and demand [25]. 

Addressing Structural and Preference 
Uncertainty 

Decision-makers are rarely concerned only with the 
parameters and objectives explicitly modeled. Factors 
such as social acceptance, siting constraints, permitting 
risk, or political feasibility are difficult, if not impossible, 
to encode quantitatively, yet they can strongly influence 
whether an optimized design can be implemented. As a 
result, presenting only a single optimized solution, or 
even a narrow Pareto front, can be misleading. It embeds 
one particular problem formulation and worldview, while 
masking structural uncertainty, that is, uncertainty about 
the appropriate system layout or decision framing. 

In the energy modeling literature, Modeling to Gen-
erate Alternatives (MGA) is an established response to 
this problem. MGA has been used primarily in Linear Pro-
gramming settings to produce sets of near-optimal solu-
tions that are structurally different, allowing decision-
makers to choose among alternatives when unmodeled 
preferences become important [26].  

Our work extended MGA concepts to nonlinear 
multi-objective optimization, generating portfolios of 
near-optimal designs under preference uncertainty and 
using these portfolios to reveal which design features are 
“must-haves” versus genuine degrees of freedom [27]. In 
practice, this was done by first computing the Pareto-op-
timal solutions and then solving additional optimization 
problems that were constrained to remain within a small, 
predefined degradation of the objective values while 
forcing variation in configuration choices and key design 
variables. The resulting set of designs was then analyzed 
by comparing configurations and parameter ranges 
across the ensemble. Applied to a Carnot-battery sys-
tem, this procedure showed that some design choices, 
such as recuperated subcritical Heat Pump–Organic Ran-
kine Cycle layouts for high-efficiency operation, ap-
peared systematically across all near-optimal solutions 
and can be considered must-haves. Other choices, in-
cluding temperature lift, superheating level, and specific 
operating points, varied widely with little impact on per-
formance, indicating real choices. However, further con-
vergence analysis and benchmarking are needed to as-
sess the effectiveness of the method, and additional de-
velopment of the post-processing is required to extract 
clearer and more compelling messages from the large 
volume of results. 

CONCLUSION 

Designing energy and process systems in an 

increasingly volatile operating environment requires un-
certainty to be treated as a core modeling and optimiza-
tion dimension rather than as a secondary sensitivity 
check. As operating environments become more volatile 
and assumptions harder to defend, design methods must 
explicitly acknowledge limited information, structural am-
biguity, and asymmetric responses to variability. In this 
paper, we presented a coherent workflow for uncer-
tainty-aware CAPE that spans uncertainty characteriza-
tion under limited information, surrogate-assisted uncer-
tainty propagation for computationally expensive mod-
els, and optimization frameworks that explicitly account 
for variability. Together, these methods advance a shift 
in CAPE from deterministic optimization toward design 
strategies that remain credible, informative, and actiona-
ble under uncertainty.  
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