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ABSTRACT 
Modular plant design requires assessing whether independently characterized process require-
ments and module capabilities are compatible—a challenge that established methods address in-
completely. Feasibility and flexibility analysis, as well as Quality by Design, typically assume inte-
grated single-domain models where all variables belong to one coherent description, yet modular 
design involves domains that originate from different sources, evolve independently, and connect 
through interface variables. This work proposes Quantified Constraint Satisfaction Problems 
(QCSPs) as a formulation for interface-level suitability assessment: universal quantification en-
codes properties that must hold across their entire admissible range (e.g., physical properties, 
uncertain or environment-dependent characteristics requiring robustness), while existential quan-
tification encodes variables where at least one feasible value must exist (e.g., critical process pa-
rameters, control inputs, configuration options). By operating over domain interfaces rather than 
requiring integrated system models, the formulation accommodates heterogeneous information 
sources within a common problem specification, with uncertainty handled through probabilistic 
intervals governed by a global confidence threshold. The framework supports both finite-domain 
solving on pre-evaluated datasets and numeric solving through on-demand model evaluation. A 
bioreactor suitability case study provides proof-of-concept, illustrating how the framework ac-
commodates realistic problem complexity and offering initial observations on method selection 
trade-offs. 

Keywords: Process Design, Design Under Uncertainty, Information Management, Interdisciplinary, Modelling 
and Simulations, Optimization

INTRODUCTION 
Modular plant design has emerged as a paradigm for 

flexible, reconfigurable production systems in process in-
dustries facing volatile markets or rapid scale-up needs 
[1, 2]. By composing standardized, pre-engineered 
equipment units rather than designing monolithic facili-
ties [3, 4], modular approaches have the potential to re-
duce engineering effort and support faster time-to-mar-
ket [5]. However, this introduces a fundamental chal-
lenge: assessing whether a given module is suitable for a 
specific process before committing to detailed engineer-
ing [6, 7]. 

Two established methods offer relevant founda-
tions. Feasibility and flexibility analysis evaluates 

whether process designs can maintain feasible operation 
under uncertainty [8, 9]. A key aspect within Quality by 
Design is the design space: the region of input variables 
and process parameters within which product quality is 
reliably met [10–12]. Despite their complementary 
strengths, neither directly addresses the module selec-
tion problem: determining whether independently char-
acterized process requirements and module capabilities 
are compatible. Both typically assume integrated single-
domain models, yet modular design involves domains 
that originate from different sources. 

Bridging this gap requires confronting several chal-
lenges. First, process requirements and module capabili-
ties may be characterized using different model types, 
information sources, and uncertainty representations. 

https://doi.org/10.69997/sct.186670
mailto:julian.pamperin@mailbox.tu-dresden.de


 

Pamperin et al. / LAPSE:2026.0410 Syst Control Trans 5:1650-1658 (2026) 1651  

Second, the interface between domains involves shared 
variables where semantic alignment introduces uncer-
tainty. Third, practical suitability assessment must ac-
commodate varying levels of detail: coarse screening 
across large module libraries demands different methods 
than detailed verification of selected candidates. 

This work proposes a framework that addresses 
these challenges by reformulating suitability assessment 
as a Quantified Constraint Satisfaction Problem (QCSP) 
operating over domain interfaces. The framework pro-
vides a unified problem description capable of integrating 
diverse information types, systematic handling of uncer-
tainties through interval specifications, and scalable as-
sessment procedures. The following sections describe 
the theoretical foundations, present solution procedures, 
and demonstrate the framework through a case study in 
bioprocess equipment selection. 

CONCEPTUAL FOUNDATIONS 
Assessing module suitability requires clarity on what 

is being compared and at what level of abstraction. This 
section establishes the conceptual structure: domains as 
bodies of knowledge, their diverse characterizations, and 
approaches for comparison. 

Domains and Abstractions 
A domain denotes a bounded, abstract description 

space in which variables, constraints, and relations are 
defined—a consistent viewpoint independent of physical 
realization. In module-based plant design, a separation is 
typically made between the (equipment-) module domain 
and the process domain [13, 14]. 

Each domain may be characterized through diverse 
means—mechanistic models, experimental data, 
datasheets, simulation results, or expert knowledge—
varying in fidelity, formalism, and the phenomena they 
capture. Crucially, characterizations from different do-
mains are often not directly comparable: a detailed dy-
namic model of a bioreactor and a Quality-by-Design de-
sign space for a cultivation process do not share a com-
mon language. 

Two strategies exist for enabling evaluation across 
domains. The first connects domain characterizations di-
rectly—for instance, coupling dynamic process and 
equipment models—and derives abstractions that evalu-
ate the joint system’s suitability for a given goal. This in-
tegrated approach permits analytical depth but intro-
duces complexity: proprietary interfaces must propagate 
uncertainties across subsystems, and metrics must ad-
dress the combined system. The second strategy, em-
phasized here, derives abstractions from individual do-
main characterizations independently, then assesses 
compatibility at the interface level. From process charac-
terizations, requirements are derived (e.g., operating 

ranges, quality specifications); from module characteri-
zations, capability metrics are extracted (e.g., operational 
envelopes). These transformations require analytical ef-
fort but yield quantities that are comparable without cou-
pling the underlying characterizations, sacrificing analyt-
ical depth for manageability and accepting conservatism 
in exchange for modularity. 

In practice, process and equipment characteriza-
tions are rarely created independently: experimental data 
emerges from specific equipment configurations, while 
equipment specifications are refined based on target 
processes. The framework accommodates such entan-
glement through uncertainty specifications on interface 
variables, allowing imperfect separation to be repre-
sented explicitly rather than assumed away. 

Assessment Scope 
Adopted from the concept of intra-modular safety in 

modular safety engineering [15, 16], this work introduces 
intra-modular suitability: the suitability of an individual 
module for a given process, assessed via boundary vari-
ables that characterize its interface with the environ-
ment. A module is considered intra-modularly suitable if 
its capability envelope covers the corresponding process 
requirements across all relevant boundary variables. If in-
tra-modular suitability is established for all modules 
within a configuration, system-wide suitability can be in-
ferred without further analysis. 

CSP FRAMEWORK FOR SUITABILITY 
ASSESSMENT 

The preceding conceptual foundations established 
the domains and the scope of the suitability assessment 
considered in this work. This section introduces a formal 
framework that operationalizes these concepts using 
QCSPs [17–19]. The following section relates the frame-
work to feasibility analysis and Quality by Design, pre-
sents the advantages of the CSP-based formulation, pro-
vides the formal QCSP definition with uncertainty han-
dling, and defines satisfaction semantics. 

Relation to Feasibility Analysis and Quality by 
Design 

The suitability assessment problem shares founda-
tional objectives with feasibility and flexibility analysis as 
well as Quality by Design: ensuring constraint satisfaction 
under uncertainty through appropriate use of degrees of 
freedom. Classical feasibility and flexibility analysis eval-
uates whether feasible operation can be maintained for 
all uncertain parameters 𝜃𝜃 within a specified set 𝑇𝑇 
through appropriate adjustment of control variables 𝑧𝑧 
given constraints 𝑔𝑔(𝑑𝑑, 𝑧𝑧, 𝑥𝑥, 𝜃𝜃) ≤ 0 [8, 20, 21]. Quality by De-
sign similarly distinguishes between material attributes 
and process parameters that define a design space 



 

Pamperin et al. / LAPSE:2026.0410 Syst Control Trans 5:1650-1658 (2026) 1652  

within which product quality is assured [10, 11]. Both 
frameworks implicitly encode a quantifier structure anal-
ogous to that of QCSPs: in flexibility analysis, uncertain 
parameters 𝜃𝜃 correspond to universal quantification ∀ 
(feasibility must hold across their entire range), while 
control variables 𝑧𝑧 correspond to existential quantifica-
tion ∃ (finding any feasible adjustment suffices). In Qual-
ity by Design, Critical Material Attributes (CMAs) typically 
relate to universal quantification as properties that must 
be tolerated across their specified ranges, while Quality 
Target Product Profiles (QTPPs), Critical Quality Attrib-
utes (CQAs), and Critical Process Parameters (CPPs) re-
late to existential quantification as targets where achiev-
ing any value within acceptable bounds suffices. 

However, neither method directly addresses the 
matching problem in module-based plant design. Both 
typically require an integrated model relating all variables 
within one coherent description. Performing a feasibility 
test for a given process-module combination therefore 
requires semantic alignment: the meaning encoded in de-
sign space characterizations must be transferred into a 
problem structure compatible with flexibility analysis. 
This translation is non-trivial and may need to be re-
peated for each combination, as these approaches are 
commonly implemented ad hoc rather than integrated 
into information model standards. While recently estab-
lished standards such as VDI/VDE/NAMUR 2658 (Module 
Type Package) [22] or DEXPI [23] provide structured rep-
resentations of equipment and process data, they do not 
prescribe a formal problem structure for suitability as-
sessment. An interface language is therefore needed that 
encodes the semantics of feasibility and flexibility analy-
sis and Quality by Design into a common problem speci-
fication. 

Advantages of CSP-Based Formulation 
QCSPs address this by providing a common inter-

face language for independently characterized domain 
constraints. Each domain translates its characterization 
into QCSP-compliant interval specifications; matching 
then operates on these specifications without requiring 
knowledge of underlying models. 

This interface-language property derives from sev-
eral characteristics of the CSP formalism. First, CSP for-
mulations treat all variables uniformly without requiring 
explicit differentiation between inputs, outputs, or other 
dependency structures. This uniformity shifts modeling 
complexity into the domain descriptions themselves, de-
coupling problem specification from solution strategy. 
The framework thus accommodates heterogeneous in-
formation sources—mechanistic models, empirical corre-
lations, experimental datasets, manufacturer specifica-
tions—without prescribing how these sources internally 
relate variables. 

Second, while the quantifier structure underlying 

feasibility and flexibility analysis and Quality by Design 
remains implicit in their problem formulations, the QCSP 
formalism makes this structure explicit and systematic. 
Variables are declared with their quantifiers as part of the 
problem specification, enabling direct expression of 
which conditions must be tolerated versus which repre-
sent degrees of freedom. This explicitness facilitates 
communication across domain boundaries and supports 
automated reasoning about suitability. 

Third, the formulation accommodates expressive-
ness beyond classical approaches. Quantifier semantics 
may depend on assessment context: a critical process 
parameter such as cultivation temperature is existentially 
quantified for single-product assessment (one feasible 
setpoint suffices) but universally quantified for multi-
product flexibility (all temperatures in the range must be 
achievable). The QCSP formulation handles such context 
shifts through quantifier specification rather than prob-
lem reformulation. Furthermore, discrete variables repre-
senting categorical choices (equipment variants, operat-
ing modes) integrate naturally alongside continuous var-
iables—a capability that flexibility analysis handles less 
directly. 

Fourth, integrating uncertainty directly into con-
straint specifications enables cleaner problem descrip-
tions and more generic uncertainty handling than ap-
proaches common in flexibility analysis or Quality by De-
sign. The formulation presented below embeds probabil-
ity distributions as first-class constraint elements, with a 
global confidence threshold governing the overall satis-
faction guarantee. 

The approach localizes transformation effort to do-
main boundaries: while defining the translation from do-
main-specific characterizations to QCSP specifications 
requires non-trivial effort, such effort is inherent when-
ever knowledge from different sources must be inte-
grated. The formalization provides a uniform interface 
that, once established, simplifies subsequent usage 
across different assessment contexts. Beyond binary 
satisfaction, CSP-based analysis can yield information 
analogous to flexibility analysis, including identification of 
binding constraints, feasible region characterization, and 
flexibility quantification through systematic constraint 
bound variation [24]. 

Quantified Constraint Satisfaction Problem 
Formulation 

The QCSP is defined as a tuple ⟨𝑋𝑋 ,𝐷𝐷,𝐶𝐶⟩ where: 

 𝑋𝑋 = {𝑋𝑋1, … ,𝑋𝑋�} is a set of variables 

 𝐷𝐷 = {𝐷𝐷1, … ,𝐷𝐷�} where each 𝐷𝐷� is the domain for 
variable 𝑋𝑋�, which may be continuous (𝐷𝐷� ⊆ ℝ) or 
discrete (𝐷𝐷� = {𝑣𝑣1, … , 𝑣𝑣�}) 

 𝐶𝐶 = {𝐶𝐶�,𝐶𝐶� ,𝐶𝐶�,𝐶𝐶�} is a structured set of constraints 
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Each constraint type serves a distinct role in the problem 
specification: The set 𝐶𝐶� contains interval constraints that 
bound individual variables: 

𝐶𝐶� = {(𝑄𝑄�,𝑋𝑋�,𝐵𝐵�): 𝑖𝑖 ∈ ℐ}    (1) 

where 𝑄𝑄� ∈ {∃,∀} denotes the quantifier specifying 
whether satisfaction is required for some (∃) or all (∀) val-
ues of the variable, 𝑋𝑋� ∈ 𝑋𝑋 is the constrained variable, and 
𝐵𝐵� specifies the constraint bound. The bound 𝐵𝐵� may take 
the form of either a deterministic interval [𝑙𝑙�,𝑢𝑢�] with 
𝑙𝑙�,𝑢𝑢� ∈ ℝ, or a probabilistic specification 𝑃𝑃�, i.e., a proba-
bility distribution from which operational bounds are de-
rived during solving. Deterministic intervals directly re-
strict a variable to a known range. Probabilistic specifica-
tions, by contrast, encode uncertain knowledge about 
the constraint—for example, a process viscosity require-
ment subject to measurement or modeling uncertainty, or 
an equipment limit known only within confidence bounds. 
The translation from a probability distribution to an effec-
tive interval depends on the global confidence threshold 
and the solving procedure, allowing the same problem 
specification to induce different operational constraints 
under different confidence requirements. 

The set 𝐶𝐶� restricts variables to specific discrete 
values: 

𝐶𝐶� = {(𝑋𝑋�,𝑉𝑉 �):𝑘𝑘 ∈ 𝒦𝒦}   (2) 

where 𝑉𝑉 � ⊂ 𝐷𝐷� is a finite set of allowed values for 
variable 𝑋𝑋�. These constraints represent categorical 
choices such as equipment variants, operating modes, or 
material selections. 

The set 𝐶𝐶� captures relational constraints among 
multiple variables: 

𝐶𝐶� = �(𝑡𝑡� ,𝑅𝑅�): 𝑗𝑗 ∈ 𝒥𝒥�    (3) 

where 𝑡𝑡� ⊆ 𝑋𝑋 denotes the scope of the constraint, i.e., the 
subset of variables involved, and 𝑅𝑅� ⊆ ∏ 𝐷𝐷���∈��

 defines 

the relation specifying the allowed combinations of val-
ues over that scope. The relation 𝑅𝑅� may be specified ex-
plicitly (e.g., as a lookup table or pre-evaluated dataset) 
or implicitly (e.g., through algebraic equations, differen-
tial equations, or trained surrogate models). This flexibil-
ity accommodates the diverse information types encoun-
tered in modular plant design. 

For any variable 𝑋𝑋� ∈ 𝑋𝑋, an optional associated dis-
tribution 𝑃𝑃�� may be specified, indicating that values of 𝑋𝑋� 
are known only probabilistically. The impact of such var-
iable-level uncertainty on constraint satisfaction is gov-
erned by the global confidence threshold. 

The constraint 𝐶𝐶� specifies the required confidence 
level for the overall problem: 

𝐶𝐶� = 𝛼𝛼global ∈ [0, 1)    (4) 

This threshold defines an upper bound on the probability 

with which a declared solution may violate one or more 
constraints. A high confidence requirement (e.g., 𝛼𝛼global =
0.01) demands that uncertainties be treated conserva-
tively, yielding solutions that are highly trustworthy but 
potentially restrictive. Larger values of 𝛼𝛼global permit more 
optimistic interpretations of uncertain constraints, ex-
panding the solution space. The global confidence con-
straint affects all probabilistic elements in the problem: 
interval constraints specified as distributions (𝐵𝐵� = 𝑃𝑃�) and 
variables with associated uncertainty (𝑃𝑃��). Deterministic 
constraints remain unaffected. The specific mechanism 
by which 𝛼𝛼global propagates to individual uncertain ele-
ments—for instance, through Bonferroni correction (as 
described in the case study) or more sophisticated allo-
cation schemes—is a solver concern rather than a prob-
lem specification concern. This separation ensures that 
the problem formulation remains independent of the so-
lution method. 

Satisfaction Semantics 
The QCSP is satisfied if a strategy 𝜎𝜎 exists for exis-

tentially quantified variables such that, for any assign-
ment to universally quantified variables, all constraints 
are satisfied with significance at least 𝛼𝛼global. 

Formally, let 𝑋𝑋∀ = {𝑋𝑋�:∃(𝑄𝑄�,𝑋𝑋�,𝐵𝐵�) ∈ 𝐶𝐶� with 𝑄𝑄� = ∀} 
denote the universally quantified variables, and 𝑋𝑋∃ = 𝑋𝑋\𝑋𝑋∀ 
the existentially quantified variables. The QCSP is satis-
fied if and only if: 

ℙ�∃𝜎𝜎:∏ 𝐷𝐷���∈�∃
 s.t. ∀𝐱𝐱∀ ∈ ∏ 𝐵𝐵�̃��∈�∀

: (𝐱𝐱∀,𝜎𝜎(𝐱𝐱∀)) ⊨ 𝐶𝐶� ≥

1 − 𝛼𝛼global    (5) 

where 𝐵𝐵�̃ denotes the effective interval for variable 𝑋𝑋� (ei-
ther the deterministic interval [𝑙𝑙�,𝑢𝑢�] or an interval derived 
from 𝑃𝑃� consistent with 𝛼𝛼global), and ⊨ 𝐶𝐶 indicates satisfac-
tion of all constraints in 𝐶𝐶. When 𝛼𝛼global = 0 and all con-
straints are deterministic, this reduces to classical QCSP 
semantics. When only existential quantifiers are present 
(𝑋𝑋∀ = ∅), the problem simplifies to a standard CSP. 

CASE STUDY 
This section demonstrates the framework through a 

proof-of-concept assessment of bioreactor suitability for 
cell cultivation processes. First, the solving procedures 
are presented; then, these procedures are applied to four 
representative scenarios. 

Solving Procedures 
The QCSP formulation admits various solving strat-

egies; the methods employed here prioritize simplicity to 
illustrate the connection between the problem formula-
tion and established techniques. More sophisticated 
solvers from flexibility analysis or constraint program-
ming can be substituted as problem complexity 
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increases, while the fundamental structure of QCSP solv-
ing remains unchanged. 

As noted above, constraint relations may be speci-
fied through pre-evaluated datasets (finite-domain solv-
ing via direct lookup) or model structures requiring com-
putation (numeric solving via on-demand evaluation). 
This distinction is decisive: these information sources en-
tail fundamentally different solver strategies and differ-
ent potentials for characterizing domain properties. 

For uncertainty handling, a spectrum of approaches 
exists between repeated sampling from probability dis-
tributions followed by solving CSP instances, and con-
servative treatment through worst-case bounds on con-
fidence intervals. The latter approach, employed here via 
Bonferroni correction, offers computational efficiency at 
the cost of conservatism. When multiple uncertain con-
straints must be satisfied jointly, the union bound con-
trols overall failure probability: if 𝛼𝛼global is the acceptable 
global significance level and 𝑁𝑁 constraints carry uncer-
tainty, allocating a budget 𝛼𝛼� to each constraint such that 
∑ 𝛼𝛼�
�
�=1 = 𝛼𝛼global guarantees that the global failure proba-

bility remains below 𝛼𝛼global. The simplest allocation divides 
𝛼𝛼global uniformly; more sophisticated schemes can assign 
stricter thresholds to critical constraints, enabling opti-
mized prioritization. For a constraint with probabilistic 
specification (e.g., Gaussian with mean 𝜇𝜇� and standard 
deviation 𝜎𝜎�), the effective interval becomes [𝜇𝜇� −
𝑧𝑧��/2𝜎𝜎�,𝜇𝜇� + 𝑧𝑧��/2𝜎𝜎�], where 𝑧𝑧��/2 is the critical value corre-
sponding to the allocated local significance level. This 
transformation converts probabilistic constraints into de-
terministic intervals suitable for standard constraint 
checking, while preserving statistical guarantees on the 
overall solution. 

For standard CSPs (only existential quantifiers), sat-
isfaction requires finding at least one assignment satisfy-
ing all constraints. The solving procedure applies a 
search strategy appropriate to the information type: for 
finite-domain problems, constraint propagation succes-
sively filters candidate points, or backtracking examines 
candidates sequentially with early termination upon find-
ing a valid assignment; for numeric problems, sampling-
based search (e.g., random or structured sampling) gen-
erates input configurations for on-demand model evalu-
ation. In both cases, uncertain constraints are checked 
against intervals derived from their associated distribu-
tions using the allocated local significance thresholds. 

For QCSPs containing universal quantifiers ∀, direct 
verification would require checking infinitely many value 
combinations within ∀-intervals—an intractable task. The 
approach adopted here decomposes universal con-
straints into boundary evaluations: each ∀-constraint on 
interval [𝑙𝑙�,𝑢𝑢�] generates sub-problems at the boundary 
values {𝑙𝑙�,𝑢𝑢�}, yielding 2|�∀| standard CSP sub-problems. 
Under a continuity assumption—that feasible regions 

form convex sets such that boundary feasibility implies 
interior feasibility—satisfaction of all boundary sub-prob-
lems guarantee satisfaction of the original QCSP. This as-
sumption holds for many physical systems but may yield 
false positives when solution spaces exhibit discontinui-
ties or non-convexities; such cases require explicit mode 
enumeration or conservative interior sampling. 

Algorithm 1 is a unified solving procedure. The algo-
rithm accepts a QCSP specification and returns a satis-
faction status. The SEARCH subroutine encapsulates infor-
mation-type-specific strategies: for finite-domain prob-
lems, it implements constraint propagation or backtrack-
ing over pre-evaluated datasets; for numeric problems, it 
implements sampling-based search with on-demand 
model evaluation. The DECOMPOSE subroutine generates 
boundary sub-problems from universal constraints. 

 

Bioreactor Suitability Assessment 
The suitability assessment integrates a process do-

main characterized by Quality-by-Design-style cultiva-
tion requirements with a module domain described by a 
steady-state simulation model. Four representative sce-
narios, selected from a broader set of 18 assessment 
cases, illustrate the trade-offs between finite-domain 
and numeric solving while validating the framework’s ca-
pability to handle problems of typical complexity in this 
domain. The remaining cases are omitted for brevity. 

The bioreactor model represents a 10–200 L stirred-
tank reactor typical of pilot-scale cell culture systems. 
The model accepts 12 input variables spanning thermal 
properties, equipment parameters, operational settings, 
and medium physical properties. Each output incorpo-
rates Gaussian uncertainty distributions with mechanisti-
cally derived mean values and standard deviations, ena-
bling uncertainty propagation through the assessment. 
Despite the 12-dimensional input space, gradient-based 
principal component analysis revealed an effective di-
mensionality of approximately 5.4 dimensions, indicating 
significant redundancy due to variable correlations—a 
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characteristic that influences data requirements for ex-
plicit capability characterization. 

The cultivation scenarios were selected to repre-
sent diverse assessment outcomes: Case 1 with require-
ments well within equipment capabilities; Case 2 requir-
ing significantly more data due to proximity to capability 
boundaries; Case 3 where requirements approach the 
equipment limits; and Case 4 representing genuine in-
compatibility. Table 1 shows the complete QCSP formu-
lation for Case 1 as an exemplary problem specification, 
showing how cultivation requirements and equipment 
specifications are transformed into interval constraints 
with appropriate quantifiers. The six universally quanti-
fied variables—representing process conditions that 
must be satisfied across their entire specified range—
yield 26 = 64 subproblems per assessment. A global con-
fidence threshold of 𝛼𝛼global = 0.05 governed uncertainty 
propagation via Bonferroni correction. 

For finite-domain solving, a dataset of 5 × 106 uni-
formly random samples were generated across the 12-
dimensional input domain. The solver employed hybrid 
constraint propagation and backtracking with early ter-
mination. The numeric solver implemented uniform ran-
dom search with on-demand model evaluation. Both 
solvers were implemented in Julia and executed single-
threaded on a Windows system with 64 GB RAM and Intel 
vPRO EVO Edition CPU. 

The assessment outcomes are summarized in Table 
2. Both methods correctly identified Case 1 and Case 2 
as satisfiable and Case 4 as infeasible. However, for Case 

3, the finite-domain approach produced a false negative: 
it failed to find satisfying assignments despite the nu-
meric solver confirming that feasible operational config-
urations exist. This discrepancy arises because the re-
quirements in Case 3 approach capability boundaries 
where the feasible region becomes too narrow for the 
pre-computed dataset to capture. The finite-domain 
method cannot detect feasible regions between sparse 
datapoints, regardless of total dataset size—a funda-
mental precision limitation when requirements lie near 
equipment limits. 

The performance comparison for Cases 1 and 2 (see 
Table 3) reveals the trade-off structure between meth-
ods. Case 1, with requirements well within capabilities, 
achieved satisfaction with 5 × 105 datapoints in 5.2 s, 
while the numeric solver required only 64 model evalua-
tions. Case 2, despite both methods succeeding, de-
manded 5 × 106 datapoints and 36.9 s for finite-domain 
solving—a tenfold increase in data requirements due to 
proximity to capability boundaries—whereas numeric 
solving required only 69 evaluations. The breakeven sim-
ulation time, at which both methods require equal com-
putational effort, shifts from 0.081 s per evaluation (Case 
1) to 0.535 s (Case 2). For models with evaluation times 
above these thresholds, pre-computed datasets offer 
superior performance for repeated assessments; below 
them, on-demand evaluation becomes more efficient. 
This breakeven analysis, combined with the precision 
limitations observed in Case 3, suggests a practical strat-
egy: finite-domain methods provide efficient initial 

Table 1: QCSP formulation for Case 1: CHO high cell density cultivation (20–30 × 106 cells/mL) with high tempering 
capability of the bioreactor. 

Variable Unit Interval Quant 
Process Requirements    
Medium Temperature °C [ ] ∀ 
Medium Volume m³ [ ] ∀ 
Dynamic Viscosity Pa·s [ ] ∀ 
Medium Density kg/m³ [ ] ∀ 
Specific Heat Capacity J/(kg·K) [ ] ∀ 
Thermal Conductivity W/(m·K) [ ] ∀ 
Eff Shear Stress Pa [ ] ∃ 
Mixing Time s [ ] ∃ 
Min Spec Heat Flow W/kg [− −] ∃ 
Equipment Specification    
Min Jacket Temp °C [ ] ∃ 
Max Jacket Temp °C [ ] ∃ 
Wall Therm Resistance m²·K/W [ ] ∃ 
Jacket Heat Trans Coeff W/(m²·K) [ ] ∃ 
Fouling Resistance m²·K/W [ ] ∃ 
Max Spec Heat Flow W/kg [− ] ∃ 
Agitation Speed rpm [ ] ∃ 
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screening when requirements lie safely within anticipated 
capabilities, while numeric methods become essential for 
boundary exploration. The framework’s unified problem 
formulation enables seamless transition between these 
approaches as assessment demands evolve. 

CONCLUSION 
This work addressed a methodological gap in mod-

ular plant design: while feasibility and flexibility analysis 
provide rigorous frameworks for evaluating process ro-
bustness, and Quality by Design establishes systematic 
design space characterization, both traditions typically 
assume integrated single-domain models. Modular plant 
design, however, requires assessing compatibility be-
tween process requirements and module capabilities that 
originate from different sources, evolve independently, 
and connect through shared interface variables. 

The proposed QCSP formulation addresses this gap 
primarily as a formal interface language. Rather than re-
quiring integrated models that connect diverse domains 
manually—which demands detailed knowledge of both 
domain-specific model structures—the QCSP provides a 
common specification through which independently 
characterized domains can express their constraints. 
Each domain translates its characterization into QCSP-
compliant interval specifications; the matching process 
then operates on these specifications without requiring 
knowledge of underlying model structures. 

The framework accommodates heterogeneous in-
formation sources—mechanistic models, empirical da-
tasets, expert-specified bounds—through uniform 

variable treatment, and supports both finite-domain solv-
ing on pre-evaluated datasets and numeric solving 
through on-demand model evaluation. The bioreactor 
case study provided proof-of-concept that the formula-
tion can represent realistic suitability problems and that 
established solving techniques remain applicable. 

Several limitations warrant emphasis. The case 
study employed an unvalidated first-principles model; in-
dustrial validation remains necessary. The solving proce-
dures presented are illustrative rather than contribu-
tory—more sophisticated solvers from flexibility analysis 
or constraint programming literature can and should be 
substituted when problem complexity demands. Further-
more, while the framework provides mechanisms for un-
certainty handling, systematic study of how uncertainty 
specifications affect assessment outcomes in practice 
was out of scope. 

The breakeven thresholds (0.08–0.54 s per evalua-
tion) illustrate trade-offs critical when assessing large 
module libraries. Separating problem specification from 
solution method enables staged workflows where inex-
pensive screening precedes costly verification. Capabil-
ity characterizations generated during assessment can 
be stored and reused across future queries, amortizing 
effort and improving assessment efficiency over time. 

OUTLOOK 
The primary need is empirical validation: applying 

the framework to industrial module selection problems 
would test whether the formalization provides practical 
value beyond conceptual clarity. Integration with 

Table 2: Suitability assessment results for four representative scenarios comparing finite-domain (pre-evaluated 
dataset) and numeric (on-demand evaluation) solving approaches. Temp. indicates the bioreactor's tempering 
capability configuration (high: extended jacket temperature range; low: restricted range). 

Case Cultivation Temp Numeric Finite-D 
 CHO high cell dens high satisfied satisfied 

 E coli low-temp expr high satisfied satisfied 

 E coli low-temp expr low satisfied unsatisfied 

 P pastoris methanol low unsatisfied unsatisfied 

Table 3: Computational performance comparison for cases where both methods found satisfaction. Datapoints: 
minimum dataset size required for finite-domain satisfaction; FD Time: finite-domain solving duration; Num. Evals: 
model evaluations required by numeric solver; Breakeven: simulation time per evaluation at which both methods 
require equal total computation time. 

Case Datapoints FD Time (s) Num Evals Breakeven (s) 

  ×     
  ×     
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industrial information model standards could enable au-
tomated translation from existing domain characteriza-
tions to QCSP specifications, reducing the manual effort 
currently required; relevant standards include the Module 
Type Package (VDI/VDE/NAMUR 2658) for modular au-
tomation [22], DEXPI (IEC 62424) for process equipment 
data [23], IEC 61512 for batch control models [25], and 
ICH Q8–Q12 for pharmaceutical design spaces [10]. De-
velopment of accessible tooling would facilitate transition 
from methodological contribution to practical engineer-
ing workflow. Finally, comparative studies against estab-
lished flexibility analysis tools would help quantify 
whether the interface-language benefits outweigh the 
translation overhead in realistic engineering contexts. 
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