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ABSTRACT 
Superstructure optimization for process synthesis is a challenging endeavour typically leading to 
large scale MINLP formulations. By the combination of phenomena-based building blocks, accu-
rate thermodynamics, and structural screening we obtain a new framework for optimal process 
synthesis, which overcomes prior limitations regarding solution by deterministic MINLP solvers in 
combination with accurate thermodynamics. This is facilitated by MOSAICmodeling’s generic for-
mulation of models in MathML / XML and subsequent decomposition and code export to GAMS 
and C++. A branch & bound algorithm is implemented to solve the overall MINLP problem, wherein 
the structural screening penalizes instances, which are deemed nonsensical and should not be 
further pursued. The general capabilities of this approach are shown for the distillation-based 
separation of a ternary system. 
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MOTIVATION & INTRODUCTION 

Optimal Process Synthesis 
Thermal separation processes make up a large part 

of energy consumption in the US and worldwide [1]. 
Given the drive to reduce greenhouse gas emissions, it is 
imperative to explore more energy efficient solutions, 
e.g., through heat integration, novel separation process 
concepts, or novel equipment, etc. Exploring these op-
tions is complex and a continuing challenge. Mathemati-
cal methods with mechanistic models for process syn-
thesis help overcome this hurdle. However, process syn-
thesis is quite a challenging field, for which Chen et al. [2] 
emphasize the delicate trade-off between generality, fi-
delity, and tractability in process synthesis methods. So 
far, methods for process synthesis try to reduce the 
search space either by focusing on individual synthe-sis 
tasks (lower generality) or by simplifying models (lower 
fideli-ty).  

Synthesis methods based on rigorous superstruc-
ture opti-mization promise to overcome these shortcom-
ings. Formulating and solving these process synthesis 
problems as large-scale mixed-integer nonlinear pro-
gramming (MINLP) or generalized disjunctive 

programming (GDP) problems is tough. While, it is well 
understood how these should be formulated, tractability 
is the main challenge here. 

Three approaches for superstructure optimization 
build on phenomena-based formulations. The group of 
Pistikopoulos developed the generalized modular frame-
work (GMF), which builds on a multipurpose mass / heat 
transfer module. GMF has, e.g., been applied for synthe-
sis of distillation processes [3, 4] and even reactive dis-
tillation [5]. 

Similarly, the group of Hasan has derived abstract 
building blocks (ABB), which are arranged in a chess-
board-like two-dimensional block superstructure. The 
boundaries to adjacent blocks and physical attributes of 
the blocks can be modified during optimization [6, 7]. The 
ABB formulation is highly versatile. However, application 
to synthesis of more complex processes so far requires 
simplification of the ABB model [8] or specialized iterative 
solution sequences [9]. 

Finally, Kuhlmann and Skiborowski [10] developed a 
Phe-nomena-based Building Blocks (PBB) approach. 
These building blocks consist of thermodynamically ac-
curate equilibrium stage models and kinetics to form a 
general state-space superstructure.  The capabilities of 
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this approach have been demonstrated for the synthesis 
of a membrane reactor [11] and membrane-assisted re-
active distillation [12]. So far, solving the formulated 
MINLPs relied on an evolutionary strategy for the mixed-
integer side and local solution of the nonlinear sub-prob-
lems in Aspen Custom Modeler. This heavily limits the ca-
pabilities of the solvers and poses challenges for the for-
mulation, initialization, and solution of larger examples.  

Challenges & Approach 
In the current work, the limitations of the approach 

by Kuhlmann and Skiborowski [10] will be addressed by 
suggesting a new framework for formulation and solution 
of the MINLP problems. In this contribution, we advance 
the prior work in two directions: (1) formulating and gen-
erating large-scale superstructures and (2) facilitating 
the solution through structural screening. Towards (1) the 
modeling environment MOSAICmodeling [13, 14] is here 
extended for the formulation of superstructures of phe-
nomena-based building blocks and their decomposition 
and code generation for a target language, i.e., the mod-
eling language for the actual solution, e.g., GAMS, AMPL, 
Python, etc. The implementation in MOSAICmodeling in-
volves formulation of the superstructure problem as a 
meta model in MathML / XML. With this formulation, exe-
cutable code for different program components can be 
obtained automatically, including a mathematical pro-
gramming platform, an external CAPE-OPEN thermody-
namic engine, and a platform for structural screening. 
This is achieved through the utilization of separate User-
defined Language Specificators (UDLS) [15] within the 

web-based modeling and optimization tool MOSAICmod-
eling, developed at TU Berlin [16]. All thermodynamic 
property calculations are outsourced to a CAPE-OPEN-
compliant property package, while the MINLP is exported 
to GAMS (version 40.4.0). 

Towards the structural screening (2), a number of 
pruning and screening techniques have been previously 
suggested, e.g., in [10, 17]. These typically operate at a 
local level, i.e., the connections surrounding a module or 
PBB. In our contribution, we deviate from this approach 
and add towards screening / pruning techniques, which 
also analyse the entire superstructure instance. The 
wider perspective aligns with the axioms for generating 
feasible superstructures within the P-graph framework 
[18]. 

Here, a branch and bound-type algorithm is imple-
mented in GAMS and augmented with a middle layer, 
which pre-screens based on binary decision variables of 
the superstructure. The middle layer performs a set of 
graph- and rule-based analyses of a structural instance, 
which are further detailed in section “Structural Screen-
ing”. In case of violations of these rules, i.e., an instance 
will not lead to a physically sensible solution, this struc-
ture is penalized without solution of the underlying 
MINLP. While a similar concept is also present in the ap-
proach by Kuhlmann and Skiborowski [10], the MINLP 
framework extends the screening process with additional 
rules and algorithms from graph analysis. 

 
 
 

 
Figure 1. Generic superstructure with vapour-liquid equilibria blocks (VL-U). The left-hand side shows the 
distribution network with the connected VL-U PBB and the right-hand side a close-up of the connection of splitter 
nodes to mixer nodes. Red dashed lines signals vapor phase, blue solide lines liquid phase. 



 

Krone et al. / LAPSE:2024.1525 Syst Control Trans 3:179-185 (2024) 181 

METHODOLOGY & IMPLEMENTATION 

Generic Superstructure Model 
The superstructure formulated here is based on the 

work of Kuhlmann and Skiborowski [10], which combines 
a distribution network connecting feed and product 
streams (blue box in Fig. 1) with a fixed number of PBBs 
(light grey boxes in Fig. 1). The following extensions are 
made compared to prior work: 

In the distribution network, separate energy flows 
for pressure manipulation and heat exchange are pre-
sent. This should allow for deactivation of equipment 
based on (in-)existence of preceding or subsequent 
blocks. For the current contribution, we focus on PBBs 
featuring vapor-liquid equilibrium units (VL-U). In the dis-
tribution network, splitter nodes connect the recycles 
and inlets to mixer nodes and product nodes. Restrictions 
are implemented on the mixer nodes based on each con-
nected VL-U PBB: By default, the outlet must either be in 
boiling liquid state or saturated vapor. Binary variables 
govern the distribution of splitter outlets to mixer nodes.  
A stream is (for now) split into at most two streams to 
limit computational complexity. This shall be relaxed later 
but is deemed for now of low importance. The distribu-
tion network changes temperatures before streams enter 
a PBB.  

Here, the formulation for the distribution network is 
implemented as given on the right-hand side of Fig. 1 
(dashed box). Each mixed stream flows through a heat 
exchanger. The temperature is adjusted according to the 
input requirements of the connected VL-U, i.e., heated or 
cooled to the respective boiling or dewpoint temperature 
of the mixture. Compression and expansion are imple-
mented as isentropic state changes with fixed efficien-
cies. Each VL-U block is a countercurrent multi-stage 
contactor in accordance with Kuhlmann and Skiborowski 
[10]. On each stage, mixing of liquid and vapor and sep-
aration take place. 

As stated before, phase constraints are enforced on 
both inlets of a VL-U PBB. This implies that the preceding 
heat exchangers must be active to ensure that the inlet 
is either in vapor or liquid state. Nevertheless, as a results 
of the superstructure optimization, combinations of the 
VL-U should be able to form conventional equipment, 
e.g., distillation towers. For these, the heat exchangers at 
the connecting point of two VL-U sitting “on top of” one 
another, should be deactivated (see, e.g., VL-U I and VL-
U II in Fig. 2). 

For this purpose, additional binary variables are in-
cluded in the model, which (de-)active these heat ex-
changers and hence also the phase constraints at the re-
spective inlet of the VL-U PBB. This allows for increased 
flexibility of the overall superstructure. An inactive heat 
exchanger is bypassed, and the fluid is supplied to the 
VL-U in whatever state it might currently be in. 

 
(a) 

 
(b) 

Figure 2. Optimization results for the separation of a feed 
stream of n-pentane, n-hexane, and n-heptane by 4 VL-
U: (a) resulting connections in the superstructure, (b) 
interpretation as a sequence of two columns. 

Further details regarding the model formulation, 
e.g., activation / deactivation of heat exchangers, can be 
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found in [19].  
As a result of deactivated heat exchangers, the su-

perstructure also allows, e.g., a vapor stream to enter a 
VL-U by its dedicated liquid inlet. In addition to this, fur-
ther uncommon situations within each VL-U may arise 
during superstructure optimization. Therefore, the VLE 
formulation on each stage of the VL-U is augmented by 
relaxation through complementarity constraints [20, 21] 
as shown in Krone et al. [13] to account for liquid-only or 
vapor-only scenarios on each stage. 

For a given synthesis task, we implement an objec-
tive function, which minimizes the total annualized costs 
consisting of investment costs for heat exchangers, and 
operation costs for heating utilities. A penalty term is 
added to the objective for regularization of the comple-
mentarity constraints. The penalty converges to zero at 
a feasible solution. 

Thermodynamic Properties 
Within the MathML / XML model in MOSAICmodel-

ing, all thermodynamic properties are denoted as exter-
nal function calls, i.e., enthalpies, entropies, equilibrium 
coefficients, temperatures of boiling or dew point. For 
these, only the appropriate input variables are assigned 
to compute the desired output, e.g., enthalpy as a func-
tion of temperature, pressure, and composition. These 
are linked in accordance with the CAPE-OPEN standard 
for thermodynamic engines using COBIA (version 1.2.0.8) 
as architecture. TEA (version 3.5) provided by Amster-
Chem is used as thermodynamic engine. 

Code Generation and MINLP Framework 
The novel MINLP framework is illustrated in Fig. 3. 

Starting from MOSAICmodeling, code is automatically 

generated for GAMS and C++ (see Krone et al. [13]). The 
GAMS code then contains the entire MINLP including the 
state-space superstructure. The thermodynamic proper-
ties are marked as external equations and further de-
tailed in the linked C++ code. Therein, the prerequisites 
for CAPE-OPEN function calls and the COBIA architecture 
are implemented, function values and derivatives are ob-
tained and returned to GAMS. The overall system is a 
mixed integer nonlinear programming (MINLP) problem. 
There are two types of binary variables for the super-
structure and for activation or deactivation of phase con-
straints of the mixers in the network. The superstructure 
variables by themselves cause a very high computational 
complexity. 

Tractability of the problem is achieved through an 
augmented solution strategy: The MINLP is solved by a 
branch and bound algorithm combined with a middle 
layer that analyzes individual structures. For details on 
the branch and bound implementation see [19] and [22]. 
This is implemented in GAMS. The middle layer with the 
structural screening, however, is formulated within 
MATLAB (version R2023b).  

In each iteration of the branch and bound solver, the 
current structural instance is passed on to MATLAB, 
where the screening is carried out regarding the rules 
specified in the section on “Structural Screening” below. 
These subproblems are still MINLP as there are further 
binaries, which are not elemental to the superstructure 
but form further options within the model formulations, 
e.g., phase constraints (see above). 

Structural Screening 
As a novelty of our contribution, we employ graph- 

or network-based constraints in addition to algebraic 

Figure 3. Structure of the developed MINLP-framework with its core features: (1) code export from the generic 
MINLP-model in MathML/XML, (2) the adapted branch and bound (B&B) algorithm as the outer layer of the MINLP 
optimization, as well as (3) an inserted middle layer performing structural screening of the MINLP subproblems. 
(Figure published in [19].) 
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constraints. At the moment, we assume that the graph-
based constraints can only be resolved (efficiently) algo-
rithmically and not implemented as algebraic constraints 
in a straightforward fashion. This remains to be analyzed 
in future work. 

For graph-based analysis, the current superstruc-
ture is exported as a directed graph. The following seven 
rules are implemented to screen structures at intermedi-
ate iterations of the branch and bound algorithm; three of 
the rules implemented for structural screening are formu-
lated similarly to [10]: 

Rule 1: An active VL-U PBB without a connected 
stream to the inlet mixers needs to be avoided. This PBB 
will be considered degenerate and the according struc-
ture is discarded. 

Rule 2 (cf. [10]): During superstructure optimization, 
it could occur that a subsection of a structural instance is 
not connected to any feed or product streams – not even 
indirectly, i.e., a structure which is fully closed to the out-
side. Such a substructure might cause a host of numerical 
issues, definitely does not contain any added value, and 
will hence be discarded.  

Rule 3: Within the superstructure several equivalent 
formulations exist. One example is the interchange of two 
split streams. To limit the number of equivalencies, rule 3 
is implemented to ensure that a connected product node 
is always served by the first split stream coming from a 
connected splitter node. 

Rule 4: Connections to the product outlets, which 
appear nonsensical, should be ruled out. For example, 
this includes connection of two splitter nodes in the dis-
tribution network to a product node. This is deemed to be 
unnecessary entropy generation. 

Rule 5 (cf. [10]): A stream that leaves a VL-U PBB 
should not be fed back to an inlet of the same VLU- PBB. 
This is considered a “direct recycle”, which also does not 
appear to be logical from a thermodynamic point of view. 

Rule 6: The two inlets of a VL-U PBB should not orig-
inate from the same splitter node. Yet again, this rule 
should be well-founded in thermodynamic considera-
tions and always apply to PBBs of type VL-U. 

Rule 7 (cf. [10]): Two outlet streams of a VL-U PBB 
should not be fed back to the same mixer node. This 
would counteract any previously achieved separation 
and hence also amounts to entropy generation. 

CASE STUDY  
The formulation described above is applied on a 

process synthesis task to separate a mixture of n-pen-
tane, n-hexane, and n-heptane by a network of up to six 
building blocks each representing a counter-current cas-
cade of five vapor-liquid equilibrium stages (VL-U). 

 
Figure 4. Liquid composition profiles inside of the optimal 
design determined for the separation of an n-pentane, n-
hexane, and n-heptane mixture by 4 VL-U: (a) liquid 
molar ratios on the stages of VL-U I & II, (b) liquid molar 
ratios on the stages of VL-U  III & IV. 

This leads to an optimization problem with 1303 (in-
)equalities, 62 binary, and 1123 continuous variables. The 
problem is implemented in MOSAICmodeling and solved 
in GAMS combining the branch and bound solver with DI-
COPT [23] for MINLP subproblems, CONOPT3 (version 
3.17) [24] for relaxed MINLPs, and IPOPT (version 3.14) 
[25] for NLP subproblems. The structural screening in 
Matlab is performed in each iteration of the branch and 
bound solver. 

For now, the system pressure is fixed at 100 kPa and 
the desired product qualities are specified at purities of 
80 mol/mol % each for n-pentane, n-hexane, and n-hep-
tane. The feed stream is specified at 3.6 kmol/h as satu-
rated vapor and features equal amounts of all three com-
ponents. 

Results 
Fig. 2 shows the results for four VL-U PBB in the net-

work (a) and an interpretation as a sequence of two col-
umns (b) and Fig. 4 shows the respective liquid mole 
fractions of all three components. The results appear to 
be consistent and are cost-optimal compared to alterna-
tive configurations. 

This result is obtained after 94 iterations of the 
Branch & Bound algorithm with roughly 172 h of CPU time. 
Computation is done on an Intel® Core™ i7-2600 
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processor (3.8 GHz and 4 cores) with 16 GB of RAM. This 
is still quite computationally expensive but shows the 
general feasibility of the overall approach. It should be 
noted at this point that no particular initialization strategy 
is applied for the continuous nonlinear variables during 
the superstructure optimization. Each MINLP and NLP 
subproblem is solved with the currently available prior 
values. We assume that a considerable speedup could be 
achieved by implementing some kind of rigorous initiali-
zation strategy or homotopy to guide the NLP solver to 
the solution. 

We would like to stress at this point that all these 
results are obtained using no specific / manual initializa-
tion of the state variables. At the moment, all variables 
are initialized at the mid-points of their intervals. This me-
diocre initialization will cause a large part of the CPU time. 
Furthermore, the VLE formulation including the interfac-
ing via CAPE-OPEN is not yet very efficient. In future 
work, we shall evaluate different formulations for the ex-
ternal computation to achieve a speedup. Prior work by 
[11, 5] promise a sizable speedup using different formu-
lations. 

The inclusion of the structural screening procedure 
proved to be vital for the overall set-up. Without the mid-
dle layer, the optimizer failed to solve the system at all. In 
our case studies, we observed behavior which we inter-
pret in two different ways: First of all, some of the other-
wise penalized nodes in the branch & bound algorithm 
consume a lot of time and typically the solution is aborted 
based on our maximum of around 1000 h. Second, solu-
tion to local infeasibility of some of the otherwise penal-
ized subsystems leads to a degradation of the initial val-
ues of all continuous variables, which causes infeasibility 
in a subsequent node, which might otherwise have been 
successfully solved.  

Of the 94 iterations, 23 iterations involved penaliza-
tion of the current structure based on the screening rules. 
In these cases, the lower-level solvers would otherwise 
have probably failed to solve to any reasonable solution, 
so this also implies a great save in computational ex-
penditure. Overall, we can observe a great contribution 
of the structural screening and pruning towards ensuring 
feasibility of these type of MINLP problems. Given that 
without screening, the optimization did not converge to a 
feasible solution within the given time frame, we cannot 
further quantify how great the speed-up due to the struc-
tural screening is. 

CONCLUSIONS & OUTLOOK 
The presented, novel approach for formulation and 

solution of process synthesis problems through super-
structure optimization can reliably solve the challenging 
MINLP determining the optimal structure of a separation 
train and find its energetic optimum. The implemented 

structural screening is vital to ensure solvability depend-
ing on the problem formulation at hand. 

The main advantage in using the MathML / XML-
based model formulation lies in flexibility regarding set-
ting up even larger superstructure problems and in flexi-
bility regarding the solution environment. A switch from 
the GAMS / MATLAB / C++ combination to, e.g., a Py-
thon-based setting should be straight forward. 

In future work, we shall attempt to further decrease 
the computational complexity by employing GDP-type 
formulations for the superstructure and export the model 
to other platforms, e.g., PYOMO, to speed up the solution 
and make use of state-of-the-art GDP solvers. Also, we 
will investigate reduced order models to implement the 
initialization of the structural instances during the optimi-
zation. 
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