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A B S T R A C T

Membrane processes are attractive options for fluid separations as they enable highly selective separations under 
mild process conditions. The design and evaluation of membrane processes is however a complex task, due to the 
large variety of different separation principles and corresponding types of membrane processes, a variety of 
different membrane materials, and alternative process structures, as well as the limited availability of data and 
models that is especially a hurdle in the early-stage design of chemical processes. A model- and optimization- 
based approach can help to design membrane separation processes systematically but requires the determina
tion of a sufficiently accurate process model that usually requires time-consuming experimental work. In the 
early stage of process design, there are still many options regarding the process structure and operating pa
rameters, and it is desirable to focus the experimental and modelling efforts only on promising process variants 
and operating conditions. For this purpose, the current work presents an integrated methodology that enables the 
application of optimization-based methods in early phase process design applied to a reaction-separation process. 
The application focusses on the selection and design of the membrane separation as an important aspect of the 
overall flowsheet. By performing a superstructure optimization in which uncertainties are explicitly considered, a 
set of promising flowsheet variants can be selected. Instead of a separated design of experiments for the model 
identification, an integral approach is pursued by selecting the most informative experiments on the basis of the 
impact of the model uncertainties on the design decisions, in order to quickly determine the most relevant pa
rameters. In the specific case study, the methodology is used for the conceptual design of a membrane process 
where the membrane is used to separate a co-product from a complex reaction mixture while retaining the 
expensive homogeneous catalyst. Using the integrated approach only one set of experiments in addition to the 
initial screening experiments is necessary to identify the optimal flowsheet for the case study.

1. Introduction

During the early-stage process design of chemical processes, de
cisions on the reaction pathways, catalysts, solvents and on the process 
units and their mode of operation, e.g. stirred tank reactors operated 
continuously or in batch mode or tubular reactors, and on the choice of 
separation units as well as their interconnections (linear structures, 
recycle streams, withdrawal of side streams) have to be made. The de
cisions that are fixed in this stage do not only provide the scope for the 
subsequent detailed design of the process and its operation, but also 
have a major influence on the final production cost, as they may account 
for 80 % of the entire process costs [1]. The uncertainties about the 

production cost are usually larger than 10 %.
Early-stage design approaches can generally be divided into heuristic 

and optimization-based methods. Heuristic methods are based on expert 
knowledge, and are either condensed into simple rules of thumb [2] or 
implemented in dedicated expert systems [3]. The overall process design 
problem is usually decomposed into a sequence of smaller sub-problems 
following the hierarchical approach proposed by Douglas [4]. This 
approach has the disadvantage that synergies between the different 
process sections are difficult to exploit as each unit is designed indi
vidually instead of considering the complete process. In industrial 
practice, heuristic methods based on expert knowledge are used in a 
combination with flowsheet simulation by which the designer explores 
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the part of the design space that he/she considers to be the most 
promising.

1.1. Superstructure optimization

Optimization-based methods can either be used to optimize the pa
rameters of heuristically chosen configurations or include the choice of 
the process units and their interconnections by means of superstructure 
optimization. These methods are based on models of the chemical and 
physical phenomena of relevance that occur within the process units. 
Even for a fixed process structure, these problems are usually strongly 
nonlinear and, depending on the objective function which is optimized, 
may be multi-modal, requiring exact or meta-heuristic global optimi
zation methods and a significant computational effort [5,6].

When the structure and the parameters of the process are optimized 
simultaneously, first a superstructure of the possible unit operations or 
pieces of equipment is set up, and among the possible combinations, the 
best process is selected by optimizing the structural, sizing and opera
tional parameters. Generating the superstructure requires careful pre- 
selection of unit operations or pieces of equipment, but also ap
proaches to represent more flexible structures exist [7]. Due to the 
discrete decisions on certain unit operations the resulting problems are 
usually formulated as mixed-integer nonlinear programming (MINLP) 
problems, or less frequently as generalized disjunctive programming 
(GDP) problems.

The inherent non-convexities in these problems present considerable 
solution challenges. While rigorous process models and deterministic 
gradient-based optimization methods have been applied for specific 
problems, such as the synthesis and design of simple and intensified 
distillation processes [8], they remain difficult to apply for general 
process synthesis problems. Therefore, stochastic or hybrid methods are 
frequently employed. For the optimization of reactive distillation pro
cesses, Urselmann et al. [5] developed a memetic algorithm that in
tegrates a mathematic programming solver with an evolutionary 
algorithm to handle the discrete decisions. Skiborowski et al. [9] used a 
hybrid algorithm for the optimization of the separation process of 
ethanol and water, which was more recently compared with a global 
deterministic optimization for a simple column by Kruber et al. [10], 
who furthermore extended the application to intensified extractive 
distillation processes.

The models of the different process units that are involved in a 
flowsheet can usually be taken from the literature and available data
bases on physical properties for standard operations and frequently 
occurring mixtures, as embedded in commercial process simulators such 
as Aspen Plus. However, these model libraries still lack certain models 
for more innovative processes, such as e.g., membrane separations, 
which have to be developed during the process design stage. Usually, for 
such processes established model structures are employed in user- 
defined models for which the model parameters are initially fitted to 
data from laboratory experiments [11]. These experiments require a 
significant effort which should be limited to the necessary extend in 
order to save resources and speed up the development process. There
fore, instead of broad experimental studies, dedicated to the develop
ment of very accurate models of process units and materials, such as 
membrane materials, the experimental investigations should focus on 
the process units and operating conditions that are relevant for the best 
flowsheet. As these are not known in the initial phase, an integrated 
approach of model development and process optimization can be 
applied, in which the selection of the most promising flowsheet is based 
on relatively coarse models which are only refined up to the point where 
a choice can be made, after which more accurate models are determined 
for the remaining relevant process units under the operating conditions 
which result from the first optimizations.

Model parameter uncertainties influence the optimal design decision 
and should be taken into account in the superstructure optimization. 
Grossmann and Sargent [12] first considered a scenario representation 

of the uncertain model parameters and applied optimization under un
certainty to superstructure optimization, separating design and opera
tional degrees of freedom. Paules and Floudas [13] extended the 
optimization under uncertainties to integer variables. Superstructure 
optimization is mostly pursued via the formulation and solution of 
MINLP problems and especially if the optimization is performed under 
uncertainties it leads to large optimization problems. Pintaric and Kra
vanja [14] presented an algorithm to solve large MINLP problems sto
chastically under uncertainty. Steimel and Engell [15] separated design 
and operational degrees of freedom where the design degrees of freedom 
have to be decided on under uncertainty whereas the operational pa
rameters can be adapted to the realization of the uncertainties during 
operation and are optimized individually for each scenario of the un
certain parameters, leading to a two-stage pseudo-stochastic optimiza
tion problem. The first stage of the optimization problem was solved 
using an evolutionary algorithm and the scenario dependent second 
stage variable were optimized using an NLP solver.

1.2. Optimization-based design of membrane networks

The design of membrane networks via superstructure optimization 
has been tackled by several researchers. Skiborowski et al. [16] provide 
an overview on superstructure optimization for the design of membrane 
assisted distillation processes and apply a rigorous optimization 
approach to several case studies, using a polylithic solution strategy, in 
which the overall problem is first decomposed into smaller subproblems 
that are solved individually for the initialization of the full MINLP 
problem, which is subsequently solved simultaneously as a series of 
successively relaxed NLP problems. Scharzec et al. [17] extended this 
work to intensified pervaporation-distillation processes, promoting an 
initial screening under the assumption of a perfect membrane separa
tion, in order to evaluate the maximum potential of a membrane-assisted 
process and narrow down the operating conditions for a subsequent 
experimental screening. The most recent work by Chia et al. [18] applies 
a hybrid solution strategy for multi-objective optimization combining a 
superstructure model in gPROMS and the stochastic NSGA-II solver.

Scharzec et al. [19] designed a membrane configuration with three 
stages for the removal of a by-product of a homogeneously catalyzed 
reductive amination process. The embedding of data-driven surrogate 
models in the optimization of membrane networks has gained attention 
in the past years. Rall et al. [20] used surrogate models that are based on 
ion transport models that are valid on a nano-scale for the superstructure 
optimization of membrane processes and applied these models for a 
simultaneous rational design of ion separation membranes and pro
cesses, which also takes into account the synthesis of a suitable mem
brane. Di Martino et al. [21] designed a membrane network for the 
desalination of water using superstructure optimization. They modeled 
the membranes using artificial neural networks (ANNs) that were 
trained based on industrial scale plant data. However, none of these 
works considered the simultaneous design of the membrane network 
and of the other process units that can exploit synergistic effects.

The modelling of membrane processes is difficult, because due to the 
large variety of membrane materials and types there is no standard 
modelling approach. Reliable predictions typically require to parame
terize the models based on experimental data at relevant operating 
conditions for several candidate membranes, leading to a significant 
experimental effort. This is especially true for applications of organic 
solvent nanofiltration, where the space of solvents, solutes and mem
branes is very large, with strong interactions between the membrane 
types, solvents and solutes, especially for polymeric membranes [22]. 
Despite advances in the availability of data [23,24], and the develop
ment of data-driven models for the prediction of the flux and the 
rejection of specific membranes [25–28] experiments are still essential, 
especially for complex mixtures. Therefore, it is proposed here to follow 
a sequential approach where first a superstructure optimization is per
formed using coarse models which leads to significant uncertainties in 
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the prediction of the performance, and then the models are step-wise 
refined for those configurations which have not been excluded 
because even in the best case they perform worse than others in the 
worst case.

Such a methodology for fast, model-based process design was 
recently proposed by Kaiser and Engell [29]. It integrates superstructure 
optimization under uncertainty with optimal design of experiments. 
Those parameters that influence the optimal design decision most are 
identified and their estimation is improved using optimally designed 
experiments. In [29] an in-silico study of a complex multi-phase reaction 
system was reported, in which the methodology was used to plan ex
periments for refining the parameters of the kinetic models. It was 
shown that the experimental effort can be reduced significantly, and the 
process design can be accelerated. The aim of this contribution is to 
extend the proposed methodology to the design of a multiphase reaction 
system that includes a membrane separation unit for which the mem
brane material and the connection structure of several possible stages 
must be selected. Here we include the design and execution of labora
tory experiments which are used to improve the estimation of the pa
rameters of the membrane models. This not only shows the 
transferability of the methodology to more complex flowsheets but also 
demonstrates the applicability to the design of real experiments. As the 
application, the homogenously catalyzed hydroaminomethylation of 1- 
decene in a thermomorphic multiphase system is considered where a 
membrane unit is used to separate the by-product water from the stream 
that leaves the reactor to avoid its accumulation via the recycle stream. 
Phase separation induced by a temperature shift is used to minimize the 
loss of the expensive homogeneous catalyst. The goal is an economically 
optimal process that achieves high reaction yields and a small loss of 
catalyst at the same time. The quality of the models that are used for the 
process design is improved step-wise to the extent necessary to take a 
decision about the process structure, avoiding unnecessary experimental 
work.

In Section 2, the methodology for integrated process design is pre
sented with focus on the superstructure optimization, the identification 
of parameters influencing the optimal design decision and the optimal 
experimental design. In Section 3, the process model of the process 
under consideration is described. An overview about the laboratory 
experiments is given in Section 4 and the superstructure optimization 
combined with optimal experimental design is presented in Section 5. 
The results are presented in Section 6, which also contains the main 

conclusions of the paper and directions for future research.

2. Integrated design approach

The methodology proposed in [29] is depicted in Fig. 1. From first 
screening experiments, the model parameters of the unit models of a 
predefined superstructure are estimated, if the models are not available. 
Based upon these models for the different process units with the esti
mated parameters and their uncertainties, superstructure optimization 
under uncertainties is performed for a number of discrete scenarios of 
the uncertain model parameters within their confidence intervals. The 
optimization is performed for the complete flowsheet to consider syn
ergies between the different unit operations. A specific feature of our 
approach is that two-stage optimization is employed where the opera
tional degrees of freedom are recourse variables that can be adapted to 
the realization of the uncertainties (the values of the model parameters) 
but the structural parameters, e.g. the choice of a membrane material, 
are fixed for all scenarios.

The goal of the integrated design is to determine the structural pa
rameters. If the objective values of the superstructure optimization 
under uncertainties overlap for different design alternatives, the models 
are refined for all those structures that cannot be excluded as inferior for 
all parameter values from the optimization, based on additional exper
iments. As not all model parameters usually are equally relevant for the 
decision on the optimal design, the most influencing parameters are 
identified by performing a discrimination analysis with subsequent 
computation of the partial dependences. Model-based optimal design of 
experiments is then used to plan experiments that provide the most in
formation about the relevant parameters. After executing the planned 
experiments, the measurements are used to either validate or adapt the 
chosen model structures and to update their parameters and the ranges 
of their uncertainties. This iterative procedure is repeated until one 
structural process alternative can be identified as optimal for all re
alizations of the discrete scenarios. This configuration will then be tested 
in larger set-ups, e.g. in mini plants or at pilot plant scale which provides 
information that can be used to further adapt or extend the models to 
obtain a more reliable design and estimation of the expected perfor
mance of the process. The estimation of the performance can also be 
done using iterative online optimization with or without model adap
tation [30–32].

In the following sections, the main elements of the methodology are 

Fig. 1. Integrated methodology for optimization-based process design adapted from [29].
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presented, including the superstructure optimization under un
certainties, the identification of parameters influencing the design de
cision and the optimal design of experiments.

2.1. Superstructure optimization under uncertainties

Superstructure optimization under uncertainties is implemented as a 
two-stage pseudo-stochastic programming problem. The underlying 
assumption is that some design variables cannot be changed after the 
process has been built. These design decisions may be of discrete or 
continuous nature (number of trays of a column, number of stages of a 
membrane separation, sizes of the membranes etc.). Other variables, 
which are further referred to as operational parameters, can be adjusted 
during the operation of the process by either the operator or a control 
and optimization system. These variables are the recourse variables in 
the two-stage optimization and typically are temperature set-points, 
pressures and flow rates. Under the assumption that the uncertainties 
can be represented by a finite set of discrete scenarios with different 
probabilities, the process synthesis problem can be formulated as the 
following two-stage optimization problem [15]: 

min
yd ,yc ,xω

G(yd, yc) +
∑Ω

ω=1
πωFω(yd, yc, xω, zω)

s.t. g(yd, yc, xω, zω) ≤ 0
f(yd, yc, xω, zω) = 0
yd,L ≤ yd ≤ yd,U

yc,L ≤ yc ≤ yc,U

xω,L ≤ xω ≤ xω,U

zω,L ≤ zω ≤ zω,U

yd ∈ ℤnd , yc ∈ ℝnc , xω ∈ ℝnx , zω ∈ ℝnz

(1) 

The objective function (1) consists of two terms. The first term ac
counts for the cost for fixing the discrete (yd) and continuous (yc) first 
stage decisions, i.e. the CAPEX related cost. The second term accounts 
for the operational cost (energy, materials) taking the second stage de
cision into account, formulated as a weighted summation over the Ω 
discrete scenarios using the weighting factors πω. A symmetric distri
bution of the uncertain parameters within the 95 % confidence interval 
of the parameters is assumed. The optimization problem is solved sub
ject to inequality constraints, which specify feasible ranges of equipment 
sizes, operational limits, and product specifications. The model equa
tions are formulated as equality constraints. Physical limitations or 
validity constraints of the model equations lead to lower and upper 
bounds for the continuous and discrete design decisions (yd and yc), the 
recourse variables (xω) and the implicit variables (zω).

The optimization problem is a large MINLP due to the presence of the 
different scenarios and is solved using the superstructure optimization 
framework (FSOpt) that was developed by Steimel and Engell [15,33]. 
In this framework, the first stage variables are optimized using a hybrid 
evolutionary algorithm and the scenario dependent operational vari
ables are optimized for fixed first stage variables using the rigorous 
nonlinear programming solver (IPOPT) [34].

2.2. Optimal design of experiments

Model-based optimal design of experiments (mb-ODoE) is based on 
the idea to maximize the information content of experiments to optimize 
the resulting accuracy of estimated model parameters and/or to deter
mine which model structure represents a given system best [35]. This 
leads to computationally very demanding problems especially for dy
namic systems [36] and efficient numerical techniques are still under 
development (see e.g. [37]).

In mb-ODoE, the available knowledge at a certain stage of the model 
development process is used by predicting the gain of information of a 
potentially performed experiment using the model equations. The in
formation content can be approximated based on the linearization of the 

propagation of the uncertainty of the measurements to the parameter 
estimates according to eq. (2). The covariance matrix of the parameters 
V results from the sensitivity matrix Q that depends on the estimated 
model parameters Θ̂ and the experimental design u and the covariance 
matrix of the measurements Ψ [35]:. 

V(Θ̂,u) =
(
QTΨ− 1Q

)− 1
. (2) 

The sensitivity matrix Q contains the sensitivity coefficients of the 
predictions of the measurements by the model ŷ with respect to the 
model parameters: 

Q =
(
∇Θ ŷT)T

=

⎡

⎢
⎢
⎢
⎢
⎢
⎣

∂ŷ1

∂Θ1
⋯

∂ŷ1

∂Θp

⋮ ⋱ ⋮
∂ŷny

∂Θ1
⋯

∂ŷny

∂Θp

⎤

⎥
⎥
⎥
⎥
⎥
⎦

. (3) 

It is assumed that the measurements are unbiased and that the pa
rameters are independent of each other [35].

The maximization of the gain of information is equivalent to the 
minimization of the confidence intervals of the parameters which can be 
expressed as the minimization of a suitable scalar measure of the size of 
the covariance matrix V. Commonly used measures are the determinant 
(D-criterion), the smallest eigenvalue (E-criterion) or the trace (A-cri
terion) of V [35]. In this work, the A-optimal design of experiments is 
used because it enables to include a weighting of the parameters ac
cording to their impact on the process design.

As the uncertain parameters usually have a different impact on the 
selection of the optimal process configuration, the experiments should 
be planned such that they are focused on the determination of the most 
relevant parameters. Optimal experimental design that focuses on 
obtaining reliable simulation results has been investigated in previous 
research. Recker et al. [38] used a weighting of the parameters in an A- 
optimal design, where the weights are computed in a previous step as 
the sensitivities of a scalar quality parameter of the process simulation. 
Fleitmann et al. [39] introduced a new criterion for ODoE (C-criterion), 
where the first order sensitivity of a scalar indicator of the result of the 
process simulation is incorporated in the objective function to account 
for the importance of the model parameters. These methods all consider 
the impact of the uncertain model parameters on a measure of the ac
curacy of the output of simulation or optimization but are not neces
sarily suitable for the determination of the parameters that influence the 
discrete design decisions most. Some parameters may have a strong 
influence on the process performance, e.g. the product yield, but not on 
the decision on which process design to choose as all designs are affected 
in a similar manner. It is also worth noticing that the most relevant 
parameters are not necessarily the parameters that have a large influ
ence on the sensitivity matrix Q, because for the calculation of Q, only 
individual lab experiments for one unit are considered, while for the 
determination of the influencing parameters, the overall process is 
considered. Kaiser et al. [40] therefore extended the previous approach 
[29] by the inclusion of the sensitivity of the cost function that is used in 
the model-based design optimization in the selection and weighting of 
the parameters in mb-DoE.

The set of parameters that are considered for the mb-ODoE is reduced 
here to the most influencing parameters. Which parameters have the 
largest influence on the discrete design decisions is determined by the 
computation of the partial dependence which is explained in section 2.3. 
Additional experiments are used to estimate all model parameters to 
reduce the parametric uncertainties. The improved estimation of all 
parameters leads to a more accurate prediction of the process cost and 
comes with no additional effort.
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2.3. Identification of the influencing parameters

Identifying the parameters that influence the design decisions most is 
crucial for efficient and effective experiment-based development stra
tegies. We use linear discriminant analysis (LDA) [41] to calculate the 
feature importance and to determine these key parameters. LDA is 
combined with partial dependence analysis to provide a comprehensive 
characterization of the impact of the parameters on the optimal discrete 
design decisions.

The starting point of the methodology is to categorize the optimi
zation results into distinct classes, each representing an optimal discrete 
design decision. LDA, a statistical method that is traditionally used for 
dimensionality reduction and classification, is employed to separate 
these classes. LDA works by finding linear combinations of features that 
best separate the different classes, maximizing the ratio of between-class 
variance to within-class variance.

Central to this analysis is the discrimination function, which de
scribes the distance between a point x, in this case one realization of 
uncertain parameters, and the average μl of the uncertain parameters of 
a given class of designs divided by the variance σ2 of the uncertain pa
rameters. For a point x and a class l, the discrimination function dl(x) is 
defined as [42]: 

dl(x) = −
||x − μl||

2σ2 . (4) 

The discrimination function provides a decision boundary in the 
parameter space, thus enabling the classification of new data points 
based on their proximity to the class centers.

To quantify the impact of the uncertain parameters on the classifi
cation and, by extension, on the optimal design alternative, we employ 
partial dependence analysis. This technique provides insight into the 
effect of a given parameter on the predicted outcome of a machine 
learning model, in this case, the optimal design class. The partial 
dependence function f s(xs) for a parameter s is mathematically 
expressed as [43]: 

f s(xs) = Ec[f(xs,Xc) ] =

∫

f(xs,Xc)pc(Xc)dXc (5) 

In this equation, xs represents the value of the parameter s, 
Xc represents all other parameters, and pc(Xc) denotes the probability 
distribution of Xc. The partial dependence is computed by varying the 
value of a single parameter while keeping all others constant. This 
process is averaged over the set of all classified realizations of the 
samples.

The partial dependence is a measure of parameter importance, 
showing how changes in a specific parameter affect the model pre
dictions across the parameter space. Parameters demonstrating a sig
nificant effect on the discrimination function, and consequently on the 
optimal design, are identified as key influencers in the decision process.

In the subsequent mb-ODoE, only the parameters that show a sig
nificant effect on the structural decisions are included. This focused 
approach not only enhances the efficiency of the optimization within the 
mb-ODoE but also improves the interpretability of the results, as the 
relationships between key parameters and optimal designs become more 

apparent.

3. The hydroaminomethylation process and its model

Hydroaminomethylation is used to produce long chain amines for 
the production of e.g. surfactants. The homogeneously catalyzed 
hydroaminomethylation is characterized by mild reaction conditions 
and hence is a safe and less energy intensive alternative to a heteroge
neously catalyzed reaction. Here we consider the hydro
aminomethylation of 1-decene which can be performed using a rhodium 
catalyst, leading to high yields and selectivities [44]. The reaction 
scheme is shown in Fig. 2. The reaction consists of two subsequent re
action steps. The first step is a hydrofomylation of decene to undecanal, 
which reacts in a second step with diethylamine in a reductive amina
tion by a condensation and hydration. In the condensation reaction, 
water is formed as a byproduct.

As rhodium is expensive, efficient recycling of the catalyst is one of 
the main objectives for the process design. Thermomorphic multiphase 
systems (TMS) are an effective means for recycling homogeneous cata
lysts [45]. These systems consist of reactants and solvents that are 
selected such that they form a homogeneous mixture at reaction tem
perature and split into two phases at a lower temperature. One of these 
phases is supposed to be the catalyst rich phase, which is recycled back 
to the reactor, and the other phase is the product rich phase that is 
further passed to a downstream process. Originally for this reaction 
three solvents were used to achieve the phase switching behavior [46], 
but later research focused on systems that consist of only two solvents 
[47]. Bianga et al. [44] demonstrated that the hydroaminomethylation 
of 1-decene can be performed in a TMS with methanol and dodecane as 
solvents. In this system, the catalyst dissolves in the polar methanol 
phase and can be recycled while the product stays in the nonpolar 
dodecane phase.

A simplified flowsheet of the HAM process that was used in the mini 
plant demonstration described in Schlüter et al. [48] is shown in Fig. 3. 
For the implementation of the TMS system a heat exchanger and a 
decanter are applied for cooling and phase separation after the reaction. 
The feasibility of this process design was successfully demonstrated with 
high conversion of the feed streams. The reaction was performed at 
125 ◦C and 36 bar, the separation in the decanter was performed at 5 ◦C 
and 36 bar and the AMS NanoPro S-3012 was used and operated at 36 
bar. The flowsheet contains the decision to use a thermomorphic 
multiphase system or to feed dodecane only after the reactor as an 
extraction agent.

3.1. Reactor and decanter model

The reactor is modeled by material balances for all components and 
the kinetic model from Kortuz et al. [49]. As thermodynamic models, 
surrogate models that were trained on sampled data of the solution of 
the equation of state by PC-SAFT [50] are used both for the reactor 
model and for the decanter model. Classifiers that were also trained on 
PC-SAFT data are used as constraints to ensure a single phase mixture in 
the reactor and a two-phase separation in the decanter. Details about 
surrogate models for thermodynamic models in process optimization 

Fig. 2. Reaction scheme of the hydroaminomethylation taken from [29]. The reaction consists of two consecutive reaction steps, hydroformylation and reduc
tive amination.
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can be found in the work of Nentwich and Engell [51] and about the 
specific model in the work of Kaiser and Engell [29].

3.2. Membrane model

Models for membrane processes can be established at different scales 
such as local flux models, module models and process models [22]. Due 
to the larger uncertainties in early design stages, we focus on local flux 
models to describe the separation performance of the membrane com
bined with simplified process models to describe multi-stage 
arrangements.

There is a large variety of local flux models available in literature 
which differ slightly in their assumptions and simplifications with 
different trade-offs between model complexity and accuracy [52]. To 
describe the local flux of each component present in the reaction mixture 
a solution-diffusion type model is applied in this work. We used a flux 
model which is similar to that developed by Fierro et al. [53], because it 
incorporates the non-ideality of the liquid phase, while still only 
requiring a single membrane specific model parameter for each 
component. The local flux for each component is described by eq. (6). 

Ji = Pi⋅
(

ln
(
ai,F

)
−
(

ln
(
ai,P

)
−

vi⋅Δp
R⋅T

))
(6) 

Here Ji is the molar flux of component i, Pi the permeance of 
component I, ai,F and ai,P are the activity of component I in the feed and 
in the permeate, vi is the molar volume of component i, Δp the pressure 
difference from feed to permeate side and R and T are the ideal gas 
constant and temperature.

This model uses the activity of each component on the feed and 
permeate side of the membrane to establish its driving force across the 
membrane. Thus, in order to calculate the total permeate flux as the sum 
of the individual fluxes, the activity of each component in the mixture is 
required. The activities are defined as the product of the molar fraction 
xi and the activity coefficient γi: 

ai = xi • γi. (7) 

The activity coefficients are calculated using the fugacity coefficient 
of component i in the mixture φi and of the pure component φi,0 at the 
same temperature and pressure: 

γi =
φi

φi,0
. (8) 

The fugacity coefficients can be calculated by an equation of state. 
Since PC-SAFT [50] is known as an accurate equation of state and all 
required parameters of the involved components are available in liter
ature [54], it is the method of choice in this work. However, as PC-SAFT 
performs internal iterations to solve the system of equations, this leads 
to high computation times and is not suitable for gradient-based 

optimizations with many scenarios. Therefore, we compute the fugacity 
coefficients by the same surrogate models as are used for the description 
of the phase equilibrium in the reactor and the decanter [51]. These 
models were trained for the specific operating range as described in 
Kaiser and Engell [29].

3.3. Membrane superstructure

In the hydroaminomethylation process, water is formed during the 
reductive amination reaction and leaves the decanter in the polar phase, 
which is recycled back to the reactor. Therefore, the produced water 
must be separated from the recycle stream to prevent an accumulation in 
the reactor, which would otherwise decrease the reaction performance 
due to the formation of a biphasic system in the reactor [44]. Further
more, with an increasing amount of water, the volume of the polar phase 
would increase over time, leading to a biphasic outlet from the decanter 
and thus a significant loss of the catalyst. A sufficiently hydrophilic 
membrane that also provides a low molecular cut-off can be used to 
achieve the removal of water and to improve the retention of the catalyst 
at the same time, thus improving the economics of the process, as it was 
presented in previous work [48]. For such a membrane separation 
suitable structure and membranes have to be selected. These decisions 
are included in the superstructure that is shown in Fig. 4. The flowsheet 
presented in Fig. 3 also includes the structural decision whether the 
reaction is performed in a TMS or the nonpolar solvent dodecane is only 
added after the reaction as an extraction agent. Two different mem
branes have been found suitable in pre-screening studies. The super
structure optimization aims at finding an optimal interconnection with 
up to three stages and selecting the best membrane for each stage. The 
permeate and the retentate stream can be further purified by additional 
membranes. The first stage of the membrane network must always be 
present, the further stages are optional, either one additional membrane, 
two or none can be used.

4. Materials and methods

For modelling of the performance of the membranes, experiments 
are required to estimate model parameters for the local flux model (6). A 
simplified mixture of the most relevant components in the membrane 
separation was used in the model. These components are listed in 
Table 1, with a short description of their relevance.

4.1. Membranes and chemicals

The chemicals used in this work are identical to those described in 
previous work [44,48]. The two membranes that were compared are the 
AMS NanoPro S-3012 (NP3012) and AMS NanoPro S-3014 (NP3014) 
membranes both manufactured by AMS technologies (now UNISOL 

Fig. 3. Flowsheet of the hydroaminomethylation process, including the decision to use a TMS system or to add dodecane as an extraction agent adapted from [29].
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membrane technology). The selection was based on the results of pre
vious membrane screening experiments for the same application [48]. 
The two membranes differ mainly in their molecular weight cutoff 
(MWCO) and their expected flux. The MWCO is given as 200 g mol− 1 for 
the NP3012 and as 400 g mol− 1 for the NP3014 [55,56]. As is common 
in membrane separations, the lower MWCO of the NP3012 comes with 
the trade-off of lower membrane permeance. The described methodol
ogy can also be applied using further types of membranes with other 
properties, however based on previous tests [48] the AMS membranes 
showed the best performance and stability so that only the two mem
brane types NP3012 and NP3014 were included here.

4.2. Membrane experiments

The membrane experiments were performed in a lab-scale set-up 
similar to that described by Schlüter et al. [48], which comprises a feed 
tank at ambient pressure, an HPLC pump for pressure generation, a 
circulation pump, a heat exchanger and three membrane modules con
nected in series. Before every experiment, three membranes cutouts of 
the same membrane were placed in the cells and the feed solution was 
filled into the feed tank. No other pretreatment steps of the membrane 
were performed. Then the experiment was started using the two pumps, 
temperature and pressure were set according to the required conditions. 
After reaching the required temperature and pressure, the experiment 
was conducted for at least four hours until constant permeate flux was 
achieved, which was monitored by Coriolis flow meters in the permeate 
lines. During the experiments the retentate and the permeate were both 
recycled to the feed tank. At the end of the experiment, permeate and 

feed samples were taken and analyzed by gas chromatography (GC), 
HPLC analysis and Karl-Fischer titration to determine the mass fractions 
of all components (HPLC for the mass fraction of the ligand, Karl-Fischer 
titration for the mass fraction of water and GC measurements for the 
mass fraction of all remaining components). Details about the analytics 
can be found in the work of Schlüter et al. [44,48].

The membrane performance is characterized by the total permeate 
flux (eq. (9)) and component specific rejections as defined by eq. (10): 

J =
ṁ
A

(9) 

Ri = 1 −
wi,Permeate

wi,Feed
(10) 

In eq. (9), J is the total flux, ṁ the measured mass flow and A the 
membrane area of each cell. In eq. 10, Ri is the rejection of each 
component and wi,Permeate and wi,Feed the mass fractions of each component 
in the feed and permeate stream respectively.

Note that in some experiments, one of the membrane cutouts showed 
significantly different results compared to the other two membranes. In 
these cases, the respective cutouts were treated as outliers and not used 
for parameter regression and further modelling. This is also indicated in 
the description in the supporting information.

5. Superstructure optimization for the hydroaminomethylation 
of 1-decene

The process is modeled as described in Section 4 and considered as a 
set of equality constraints for the optimization. The total annualized 
production cost (CPT) is used as the objective function for the process 
optimization. The CPT is computed as 

CPT =
Cop +

Cinvest
10

ṁDEAU
(11) 

The cost consists of the operational cost, including the raw materials, 
utilities and the exchange of the membrane modules every two years as 
has been considered in other work [57], and the investment cost with a 
depreciation of 10 years. The cost are optimized for a fixed annual ca
pacity of the plant of 10 kt of diethyl undecylamine.

As described in Section 2.1, the various degrees of freedom of the 
design and of the operation of the process are treated differently. The 
design DoFs are optimized in the first stage, i.e. they are the same for all 
scenarios, and the operational DoF are optimized in the second stage, i.e. 
it is assumed that they can be adapted optimally to the real behavior of 
the process during operation, by feedback control, real-time 

Fig. 4. Superstructure representation of the membrane network. In the first stage (MEM1) either material NP3012 (squared) or NP3014 (striped) can be used. Then 
the retentate can be filtered optionally by either material (MEM3) and the permeate can be optionally filtered by either material (MEM2).

Table 1 
Components considered for the membrane model.

Component Description

Methanol Polar solvent forming the TMS
n-Dodecane Non-polar solvent forming the TMS
Diethylamine Substrate for the hydroaminomethylation reaction. The 

second substrate 1-decene, was not considered, as it is 
mainly present in the non-polar phase.

Water Co-product of the hydroaminomethylation reaction
Diethylundecylamine 

(DEUA)
Product of the hydroaminomethylation reaction

Sulfoxantphos (Ligand) Ligand of the catalyst species for the 
hydroaminomethylation. The catalyst complex is only 
present under reaction conditions, therefore the 
retention of the ligand is used to estimate the loss of 
catalyst.
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optimization [30–32] or manual adaptation by the operators. The 
different DoFs and their lower and upper bounds are shown in Table 2.

For the design of the membrane network, the accuracy of the 
solution-diffusion model is crucial. Therefore, the permeances Pi of all 
components are considered as uncertain parameters. The prediction of 
the activity coefficients is assumed to be possible with comparatively 
small errors because the surrogate models represent the PC-SAFT data 
accurately and PC-SAFT was shown to provide accurate predictions for 
the system considered here [50]. The loss of catalyst has a strong in
fluence on the operating cost and this cost depends on the current price 
of the catalyst. As the rhodium price largely varies, it is also considered 
as an uncertain parameter in the superstructure optimization under 
uncertainties. Since this work focuses on the design of the membrane 
network only, other parameters (e.g. uncertainties in the kinetic model) 
are not considered here, they were addressed in previous work [29].

6. Results

6.1. Membrane experiments

In total five experiments (E1-E5) were conducted in the course of this 
work. The procedure for the experiments was as detailed in Section 4.2. 
The first two experiments, E1 and E2 were used to establish a first 
membrane model for the two candidate membranes (NP3012 & 
NP3014). The experiments E3-E5 were used to refine the model of the 
NP3012 membrane, and the experimental conditions were determined 
as the solution of a single ODoE, for which the temperatures, pressures 
and mass fractions of the components of each of the three experiments 
were determined, subject to the constraint that the mass fractions were 
constrained to be the same for all three experiments to allow for the use 
of only one mixture enabling a comparably fast adaptation of the 
operating conditions of the experiments.

6.1.1. Experiments E1 & E2
With the goal to determine a first set of parameters that can be used 

in the process optimization under uncertainty, one experiment per 
membrane candidate was performed at 40 bar feed pressure and a 
temperature of 28C. These were chosen based on previously used 
operating conditions [48] and are inside the range of the optimization of 
both variables. The feed concentrations for the experiments are sum
marized in Table S1 in the supporting information. The resulting per
formance data for the initial experiments E1 and E2 are depicted in 
Fig. 5a and b as total flux and rejection for the individual components 
plotted against the feed pressure. Additionally, the permeances for each 
component were determined using least squares regression. The pre
dicted performance data is also depicted in Fig. 5 as solid lines. The 
values of the permeances and their confidence intervals are presented 
for both membrane types in the supporting information in Table S2 
together with parity plots for the partial fluxes of each component 
(Figs. S1 and S2).

The model predictions match the measured data with good agree
ment. This is not surprising because the same set of pressure, tempera
ture and composition parameters was used for parameter estimation so 
that the uncertainty at these conditions results only from the different 
membrane samples that were tested. This is also visible from the small 
error bars. The solution-diffusion model seems to work well for these 
membranes.

The measured fluxes and rejections are also in good agreement with 
previous work using the NP3012 membrane and a similar mixture of 
components [19,48]. Scharzec et al. [19] measured membrane fluxes in 
the range of 4 kg m− 2 h− 1 with a test mixture consisting of methanol, 
water and a catalyst ligand at 20 bar feed pressure. Assuming a linear 
pressure-flux relation, 8 kg m− 2 h− 1 would be expected at 40 bar. 
Schlüter et al. [48] used more complex model solutions and catalyst 
solutions from miniplant experiments and achieved membrane fluxes 
between 0.5 and 8.7 kg m− 2 h− 1 at 36 bar feed pressure. There also very 
similar rejections were measured for all components that were used in 
this work.

6.2. Superstructure optimization I

Using the permeance values that were initially determined from 
experiments E1 and E2, a superstructure optimization under un
certainties was performed to determine the optimal membrane network. 
40 discrete scenarios of process and cost function parameters were 
defined by a Latin hypercube sampling within the 95 % confidence in
terval. The results of the superstructure optimization can be seen in 
Fig. 6. The figure shows the predicted cost for the 9 best structurally 
different design alternatives. Each line represents one discrete scenario 
of the uncertain parameters. The dots represent the optimal design for 
each scenario. Design 1 gives the lowest predicted cost for most sce
narios. However, for some scenarios, design 2 or design 4 lead to lower 
costs.

Since all other designs show higher cost values for all scenarios, they 
can already be discarded after the first iteration of the design process 
and the remaining investigations can focus on design 1, 2 and 4. A 
description of the different designs is presented in Table 3. The chosen 
membrane material is indicated if the corresponding membrane stage is 
used.

An analysis of the design alternatives gives deeper information about 
the structural decisions that are crucial for the expected production cost. 
First, generally a TMS process, i.e. feeding dodecane into the reactor and 
not only to the decanter is not advantageous. Second, out of the 9 best 
designs, 5 use a two-stage membrane process while the remaining 4 
designs use a single stage membrane separation. Comparing the results 
between the best single stage process (design 3) and the designs 1, 2 and 
4, which are all two-stage processes, it can be seen that a two-stage 
process leads to lower total production cost. While in the designs 4, 5, 
6 and 8 membrane type 1 is used for the first stage of the membrane 

Table 2 
Degrees of freedom used in the superstructure optimization and their bounds.

Description Type Variable Unit Min Max

Membrane type stage 
1

Binary design 
DoF

MEM1 – 0 1

Membrane type stage 
2

Binary design 
DoF

MEM2 – 0 1

Membrane type stage 
3

Binary design 
DoF

MEM3 – 0 1

Stage 2 active Binary design 
DoF

– 0 1

Stage 3 active Binary design 
DoF

– 0 1

TMS is used Binary design 
DoF

TMS – 0 1

Area stage 1 Continuous 
design DoF

A1 m2 0.1 10

Area stage 2 Continuous 
design DoF

A2 m2 0.1 10

Area stage 3 Continuous 
design DoF

A3 m2 0.1 10

Reaction temperature Recourse 
variable

TR K 373.15 398.15

Carbon monoxide 
partial pressure

Recourse 
variable

pCO bar 5 15

Hydrogen partial 
pressure

Recourse 
variable

pH2 bar 20 35

Decanter and 
membrane 
operating 
temperature

Recourse 
variable

TD K 273.15 298.15

Solvent ratio Recourse 
variable

wMeOH

wDDC

[ − ] 1 10

Catalyst to decene 
ratio

Recourse 
variable

wcat

wdecene

[ − ] 1e− 4 5e− 4
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network, in all other designs membrane type 2 is used for the first stage. 
Designs 2 and 4 only differ in the choice of the membrane material of the 
first stage but show significant differences in the production cost. Thus, 
it can be concluded from the first superstructure optimization that the 
decision on a membrane type for the first stage of the network is 
essential. Therefore, in the next step designs 1 and 2 are lumped into one 
design category and the goal of the identification of the crucial param
eters is to identify the parameters that need to be determined more 
precisely to decide between the combined design 1 and 2 and design 4, i. 
e. on the membrane which should be used in the first state. Further 
refinement to decide between designs 1 and 2 can be done later if 
necessary.

To identify the parameters that are leading to different optimal 
structures, the partial dependences were computed. The partial depen
dence plot is presented in Fig. 7.

For the different designs, the score of the partial dependence is 
plotted over the scaled value of the uncertain parameters. The variation 
of the score over the scaled uncertain parameter represents the influence 
of the parameter on the discrete design decision. It can be seen from 
Fig. 7 that only the permeance of methanol for the NP3012 membrane 
influences the design decision, because it is the only parameter for which 
the class with the highest score changes. Although the price of the 
catalyst has a high impact on the overall production cost it does not 
influence the decision on the optimal design.

To validate the outcome of the partial dependences, a superstructure 
optimization under uncertainty was performed without considering the 
uncertainty in the permeance of methanol for NP3012 while all other 
uncertainties were the same as for the previous superstructure optimi
zation. In Fig. 8, it can be seen that without this uncertainty design 1 is 
optimal for all realizations of the uncertain parameters. The decision 
between design 1 and 2 in this case is independent of the remaining 
uncertainties, i.e. if the permeance of methanol for membrane type 1 is 
exactly known no further experimental investigations are necessary.

6.3. Optimal design of experiments and experimental results

As a conclusion from the analysis of the partial dependencies, new 
experiments were planned using an mb-ODoE that is focused on deter
mining the methanol permeance of membrane NP3012 only. Since a 
large fraction of the workload during the experiments results from the 
preparation of the mixture as well as filling and cleaning work, 3 
consecutive experiments (E3 – E5) were planned that are restricted to 
have the same composition, so that they can be run without changing the 
feed solution or the membrane. This reduces lab work significantly and 
gives a good trade-off between required lab work and computational 

Fig. 5. Experimental results (symbols) and model predictions (lines) after E1 (a) and E2 (b). The data points (symbols) are average values and the error bars indicate 
the standard deviations, both estimated from the measured values for the three membrane samples used in each experiment.

Fig. 6. Results of the superstructure optimization after the first iteration. Each 
line represents one realization of the uncertain parameters. The dots show 
which design has the lowest cost for each scenario. It can be seen that only 
designs 1, 2 and 4 show the lowest cost for any of the uncertain scenarios.

Table 3 
Description of the design IDs. The membrane material is given for each stage of the network (only if the stage is usen in the specific design). It is further given if a TMS 
system is used or if one solvent is added after the reaction.

ID 1 2 3 4 5 6 7 8 9

MEM1 NP3012 NP3012 NP3012 NP3014 NP3014 NP3014 NP3012 NP3014 NP3012
MEM2 – – – – – NP3014 – – –
MEM3 NP3012 NP3014 – NP3014 – – – – NP3012
TMS? no no no no no no yes yes yes
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effort. In addition to the concentration, temperature and pressure of the 
experiments were optimized. The results of the ODoE are shown in the 
supporting information in table S3.

The experiments E3 to E5 for the membrane NP3012 were performed 
consecutively using the feed concentrations, pressures, and tempera
tures shown in Table S1. The same procedure as for the experiments E1 
and E2 was used. Based on the experimental data all model parameters 
were updated employing the full set of experimental data (E2-E5). The 
model predictions for each experiment E2 to E5 are compared to the 
experimental data in Fig. 9 as a parity plot for the partial fluxes for each 
component. In general, the model predictions are in good agreement 
with the experimental data for most of the components. Some deviations 

are visible for the ligand sulfoxantphos, where the predicted partial 
fluxes are slightly higher than the experimentally measured ones, which 
does however result in an overestimation of the ligand loss in the 
permeate, which results in a rather conservative cost estimation.

The resulting model parameters are listed in the supporting infor
mation together with their 95 % confidence intervals. Comparing the 
data from the first experiment for this membrane and the overall set 
reveals that the uncertainty of the methanol permeance was decreased 
significantly. On the other hand, some of the other permeances show a 

Fig. 7. Partial dependence plot after the first iteration. P1 corresponds to the permeances of NP3012 and P2 to the permeances of NP3014. P2Cat is the price of the 
rhodium catalyst.

Fig. 8. Results of the superstructure optimization using the ranges of the un
certain parameters after the initial parameter estimation, except for the per
meance of methanol for membrane NP3012 which is assumed to be exactly 
known. For each uncertain scenario the minimum costs result for design 1 
which is indicated by the red box.

Fig. 9. Parity plot of partial fluxes for the NP3012 based on experiments E2-E5. 
Model predictions for each experiment were made for the averaged values 
obtained from the three different membrane samples that were used in the 
experiment. Error bars represent the standard deviation of the experimental 
fluxes calculated based on the measured values for the three membrane samples 
in each experiment.

S. Kaiser et al.                                                                                                                                                                                                                                   Chemical Engineering Journal 525 (2025) 170385 

10 



higher uncertainty when the parameters are estimated from all experi
ments compared to only the first experiment. This can be explained 
because the uncertainty of the permeance in a single experiment only 
originates from different membrane samples (i.e. physically different 
cut-outs from a larger sheet), whereas the total uncertainty from several 
different experiments also includes the uncertainty originating from 
different set points of the pressure, temperature and composition. Thus, 
the estimated permeances, especially for the components with small 
mass fractions in the feed, show higher uncertainties when estimated 
from all experiments.

With the updated parameters and their ranges of uncertainty, the 
superstructure optimization was then repeated to determine whether a 
single variant would result as the optimal design.

6.4. Superstructure optimization II

After performing the designed experiments and updating the pa
rameters of the permeances, the superstructure optimization under un
certainties was repeated. New scenarios were determined by Latin 
hypercube sampling within the updated 95 % confidence interval. Since 
the other designs could already be discarded, only designs 1, 2 and 4 
were considered. The results of the final superstructure optimization are 
shown in Fig. 10. It can be seen that due to the smaller uncertainty in the 
permeance of methanol, design 4 which corresponds to the design using 
NP3014 in the first stage of the membrane network, can now also be 
discarded. The decision on NP3012 is now clearly advantageous. 
Although either design 1 or 2 are optimal for different scenarios, the 
differences between the predicted costs are small (maximum 0.05 €/kg) 
and the selection of either of the designs can be justified, e.g. based 
availability of the membranes or on the argument that using only one 
type of membranes would be preferable. It should be mentioned that the 
work refers to an early stage of process design where the accuracy of the 
predicted cost is way larger than the differences between these two 
designs. The structures of design 1 and 2 are depicted in Fig. 11. As 
design 1 shows the lowest production costs for most of the uncertain 
scenarios, it is considered the best choice for the final process design. It 
consists of two membrane stages both with the material NP3012. The 
polar phase that is separated in the decanter contains mostly water and 
methanol, a large amount of the unreacted diethylamine, traces of the 
other components and the catalyst as it is dissolved in water, is passed 
through the first membrane stage. Here the retentate that contains most 
of the catalyst, methanol, some of the water, and the other nonpolar 
components is fed back to the reactor as a recycle stream. A second 
membrane stage is used to filter the permeate to recycle the catalyst that 

is contained in the permeate. The waste stream contains mainly water. 
With this structure not only the loss of methanol, but most importantly 
the loss of the expensive catalyst is reduced.

Since the experiments E3-E5 were only performed for one composi
tion, attention should be paid that this composition is not too far away 
from the optimal operating points resulting from the superstructure 
optimization. It is seen from the optimal operating ranges shown in 
Table S4 that the experimental concentration and the optimized process 
concentration of the most important component methanol match very 
well.

7. Summary

While several examples can be found in the literature where super
structure optimization is used for the design of membrane networks, 
these networks are usually optimized separately from the other elements 
of the process. In this work, we presented a methodology to apply 
model-based design optimization to an entire process that includes a 
membrane network. The methodology is based on two-stage optimiza
tion under uncertainties where the structural design decisions (choice 
and sizing of unit operations and interconnection structures) are opti
mized for all scenarios of uncertain parameters under the assumption 
that the operational parameters are optimized for each scenario during 
operation when the uncertainty materializes. The approach was applied 
to the design of a membrane network for the hydroaminomethylation of 
1-decene in a multi-phase system, a process with a large number of 
relevant components, a complex reaction network, and complex ther
modynamic equilibria. Several stages and two different membrane 
materials were considered in the superstructure optimization of the 
membrane section.

By this approach, the interaction between the design of the mem
brane process and of the other process units is taken care of. Since 
membrane separation models usually need to be fitted to dedicated 
experiments and the resulting models usually are prone to significant 
uncertainties, these uncertainties are considered in the superstructure 
optimization. We used the information from the superstructure optimi
zation to discard many process alternatives already in the first stage of 
the design process. To choose between the remaining competing best 
design alternatives, a model refinement was performed based on ex
periments that were planned using model-based optimal design of ex
periments. These experiments focus on determining those model 
parameters that are most relevant for the structural design decisions to 
reduce the experimental effort.

We could show that by using the presented methodology only one set 

Fig. 10. Results of the superstructure optimization after the second iteration. In plot on the left hand side, the costs are presented for the designs that we identified to 
be potentially optimal before. As in the figures above, each line represents one realization of uncertain parameters. Additionally, on the right hand side the costs are 
plotted for the three best designs over the uncertain scenarios. It can be seen that the costs for design 4 are higher than for design 1 and 2 for all uncertain scenarios 
while the costs of design 1 and design 2 do not differ significantly.
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of laboratory experiments in addition to first screening experiments was 
necessary to determine a membrane model that is accurate enough to 
make a decision about the membrane material and the membrane 
network of the optimal process configuration. A validation of the process 
performance afterwards needs to be done in investigations of the full set- 
up, e.g. in a miniplant as in [48,58].

The work can and should be extended in several dimensions, using 
more detailed membrane models, including more uncertainties simul
taneously, and optimizing larger flowsheets with larger models of the 
units, e.g. distillations columns. This requires further work on the sta
bility and efficiency of the numerical solution strategy for the super
structure optimization under uncertainty which provides the basis of 
such investigations. It should be mentioned that, similar to the work in 
[29] this paper is based on a divide-and-conquer approach were ex
periments to obtain models of different process elements are optimized 
separately. Indeed, these experiments are independent, but potentially 
coupled by the chosen operating conditions. We validated this choice 
here ex post. A full simultaneous design would certainly be of interest, 
but if the systematic approach proposed here for individual process el
ements will be adopted industrially it would already lead to significant 
benefits, as demonstrated.
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