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ABSTRACT 
An optimized flowsheet can be generated by numerous approaches. Process optimization via su-
perstructure is one of the methods used to provide solutions that consider the interactions be-
tween different decision layers. A process simulator-based optimization is considered in this work, 
as it offers a reliable and rigorous modeling environment. It is then coupled with a P-graph-based 
framework to reduce the tedious mathematical writing of the logical constraints to guarantee the 
structural coherence of a sequence of unit operations.The developed framework consists of three 
algorithms. The first algorithm transforms the superstructure flowsheet into a P-graph. The second 
algorithm gets process sub-structures from the superstructure by searching for active units cor-
responding to a set of decisions made, for example, by an optimizer. The third one checks struc-
tural feasibility by verifying that the resulting structure satisfies the five axioms of the original P-
graph framework and two additional connectivity tests proposed in this work.The proposed meth-
odology is then applied to an ammonia synthesis process. The results obtained in this work enable 
a reduction in structural logical constraints while achieving outcomes equivalent to those of a pre-
vious study, proving the methodology’s efficacy. 

Keywords: Process simulator-based optimization, superstructure, P-graph framework, process synthesis, 
MINLP problem 

INTRODUCTION 
Climate ambition announced at COP28 requires 

drastic actions to be taken, such as tripling global renew-
able energy capacity and doubling the global average an-
nual rate of energy efficiency improvements [1]. One so-
lution to achieve the ambition is the use of modular and 
flexible plants [2]. Robust processes capable of handling 
variable inputs, flexible capacity, product variations and 
decentralized plants are highly valuable to the modern in-
dustry. However, modular processes require robust de-
sign methods and different optimization strategies as 
they must adapt to variable inputs or process parameters 
while maintaining increasing process efficiency. It is 
therefore essential to employ process design techniques, 
specifically process synthesis, to design modular pro-
cesses. 

Process synthesis is the selection and interconnec-
tion of units involving physical and chemical phenomena 
to obtain products from raw materials to satisfy eco-
nomic, environmental and/or social objectives [3]. Main 

approaches include hierarchical decomposition, mathe-
matical programming and even hybrid approaches com-
bining both heuristics and mathematical programming. 
Mathematical programming-based strategies rigorously 
search through a proposed design space for the optimal 
configuration, unlike hierarchical decomposition. De-
pending on the definition of the search space, mathemat-
ical approaches can be categorized as superstructure-
based or superstructure-free optimization [4, 5]. The su-
perstructure-based approach consists of (a) postulating 
a set of process alternatives in superstructure form, (b) 
formulating it as a mathematical programming model, and 
(c) determining the optimal configuration with an optimi-
zation algorithm. Conversely, superstructure-free ap-
proaches create new flowsheets either from existing 
ones or from scratch. 

In superstructure-based process synthesis, the su-
perstructure can be modeled with different levels of de-
tail. Models can be characterized into three main catego-
ries: high-level aggregate, shortcut, and detailed rigorous 
models. When detailed modelling is required, process 
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simulators offer a reliable and rigorous modeling environ-
ment [6]. In this context, superstructure optimization may 
be performed in two ways: in an external optimization en-
vironment or as a flowsheet in the process simulator it-
self. 

This work focuses on the latter. To avoid extensive 
mathematical formulations for ensuring structural coher-
ence, a P-graph-based framework is proposed [7]. The 
process superstructure is implemented in a simulator 
with the defined optimization problem (objective func-
tion, variables, and constraints). As shown in Figure 1, a 
P-graph-based feasibility block interacts with the simu-
lator and an external optimizer to obtain the optimal so-
lution. This feasibility block can be further decomposed 
into three algorithms. 

The paper is structured as follows. First, the meth-
odology is presented, including definitions and algorithm 
descriptions. Next, its application to an ammonia synthe-
sis process is outlined. Finally, the approach is evaluated 
against a non–P-graph method, and the optimization re-
sults are discussed. 

 
Figure 1. P-graph integrated into a process simulator-
based optimization approach. Figure taken from Hillaby 
et al. [8]. 

METHODOLOGY 
The P-graph-based framework proposed intends to 

improve the generic optimization procedure by: (1) im-
plicitly postulating the structural constraints through the 
superstructure topology, (2) incorporating three proce-
dures or algorithms, to evaluate the structural feasibility 
of a given process throughout the optimization. The im-
proved methodology enables general users to leverage 
P-graph without requiring a direct knowledge of it. There 
are different technical terms that are defined in this work: 
permanent and conditional units; opening and closing 
switches; conditional stream; bypass units; structural 
feasibility. 

Permanent and conditional units 
Permanent units are defined as essential 

components of the structure, meaning they are neces-
sary for the operation of the process and cannot be re-
moved without compromising its functionality. Condi-
tional units, on the other hand, are units that can be 
added or modified to optimize the structure. These units 
are introduced to explore different configurations or im-
provements in the process. If conditional units are re-
moved, the result is the simplest or base case of the pro-
cess. 

Conditional, opening switch, and closing 
switch 

The only intricacy that exists between a typical pro-
cess simulator flowsheet and a P-graph process repre-
sentation is the addition of a fictive operating unit or a 
bypass unit, herein labeled UF. Since a P-graph is a bi-
partite graph, a material cannot be connected to a mate-
rial, hence for a structural switch that has a bypass (i.e., 
the material input and the material output are equal), a 
bypass unit has to be defined. Technically, no material 
transformation is done, it is only to respect the P-graph 
bipartite representation and its eventual algorithm that 
will be used. When an opening switch is identified, the 
directly connected streams are treated as candidate or 
conditional streams. This implies that, among the alter-
native pathways, only one stream can be activated at a 
time. An opening switch is a fictive unit that indicates that 
a decision has to be made among two candidate path-
ways. A close switch is also a fictive unit that requires a 
decision to be made from two candidate streams, coming 
from the same or different opening switches. 

Bypass units 
Bypass units are fictive units used to represent ma-

terial flows that bypass any transformation processes. In 
other words, these units are used to model situations 
where a material goes directly from one point to another 
without undergoing any changes. However, as explained 
before, in a P-graph representation, the connection of 
one material node to another is not possible. Therefore, 
a bypass unit is introduced to facilitate this representa-
tion. 

Structural feasibility 
A feasible structure indicates that the process net-

work adheres to the principles and logic of process syn-
thesis, meaning that the arrangement of process units 
and material flows forms a valid and functional sequence. 
In the context of P-graph framework, a feasible structure 
implies that the five axioms are satisfied. For example, 
materials must flow into operating units, and these units 
must either produce outputs that feed into other units or 
generate final products. The maximal structure gener-
ated by the Maximal Structure Generation (MSG) method 
ensures that the search space is defined, from which the 
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optimal solutions can be identified. 
MSG consists of two phases: the reduction phase 

and the composition phase. The algorithm used in the re-
duction phase is central to the methodology, with addi-
tional modifications to enhance compatibility with struc-
tural switches (i.e., opening and closing switches). The 
algorithm begins by extracting the information of the raw 
materials, products, and the superstructure (the potential 
arrangement of material flows and operating units). The 
algorithm initiates by performing the first feasibility test: 
verifying whether the defined products exist within the 
superstructure. The second test ensures that there are 
no intermediate products that are neither produced by 
any operating unit nor specified as raw materials, thus 
preventing the creation of unaccounted-for materials. 
These two tests enforce the five axioms of the P-graph 
framework. The third and fourth tests are added modifi-
cations, which ensure that when an opening structural 
switch is encountered, a decision must be made to select 
only one process path. Similarly, when a closing struc-
tural switch is encountered, a choice is required, meaning 

only one path can be accepted to continue the process 
sequence. 

Algorithms  
In general, a process optimization via superstructure 

starts with the user generating the superstructure itself. 
The problem is then defined in the simulator’s optimizer 
interface, i.e., objective functions, constraints, and action 
variables. Depending on the commercial simulator used, 
an external optimizer could be coupled with it because 
the optimization tools provided by default may not be as 
effective or as flexible as necessary. The action variables 
are then assigned by the optimizer, presenting a new 
configuration of the flowsheet. This new structure then 
gets checked for feasibility. If the structure is infeasible, 
a penalty is applied. On the other hand, if it is feasible, 
the objective function is evaluated. The algorithm reas-
signs new action variables or exits the loop, depending 
on the stopping criteria such as the maximum number of 
evaluations, optimization time limit, or tolerance on the 
objective function. As the loop exits, the optimal values 

 
Figure 2. P-graph-based framework proposed, with three algorithms in three different blocks, labeled 1, 2, and 3. 
Figure adapted from Hillaby et al. [8]. 
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are assigned and the final optimization report is obtained. 
Block 1 corresponds to the Process Flowsheet to P-

graph algorithm. This procedure converts a process ad-
jacency matrix into an incidence P-graph matrix. There 
are three main operations that are executed: (1) connec-
tion between two units, i.e., disconnection between a unit 
and an open switch or a close switch (3) merging close 
switches’ inputs. 

Once the P-graph superstructure is obtained, it is 
possible to determine the process structure defined by 
the binary variables assigned by the optimizer (block 2). 
This is achieved by employing a graph traversal algorithm 
such as Depth-First Search (DFS) algorithm. The active 
operating units are determined and sent to the final algo-
rithm. 

Finally, the current process structure is then 
checked for structural feasibility (block 3). Four tests are 
done to ensure the structure the new process structure 
is feasible: 

1. The products of the new structure are found in 
the initial defined materials. 

2. All the streams are produced by an operating 
unit or they are defined as raw materials. 

3. A stream is not consumed by more than one 
unit. 

4. Conditional streams are not produced by more 
than one unit. 

If the four conditions are respected, the process struc-
ture is considered structurally feasible. 

By integrating the framework, i.e., the three main 
blocks shown in Figure 2, into the complete process op-
timization via superstructure procedure, the need to 
manually define structural constraints is reduced, de-
creasing human intervention at the start of the process 
simulator-based optimization. This procedure is iterative 
and continues until the optimization criteria are met. 

A list of feasible sub-structures can be made by im-
plementing the 2nd and 3rd algorithm blocks prior to the 
optimization. This precomputation reduces redundancy 
during the optimization stage, as repeatedly proposed 
structures need not be revalidated. For example, if a 
known feasible sub-structure is suggested multiple times 
by the optimizer, feasibility can be confirmed by referring 
to the precomputed list, instead of running the full evalu-
ation. 

AMMONIA SYNTHESIS 
SUPERSTRUCTURE 

A case study based on Quintero-Masselski’s work 
[9] on optimizing the Haber-Bosch (HB) process through 
reactors configurations is conducted to apply the devel-
oped methodology. The original ammonia process super-
structure is restructured and the MINLP formulation is 
modified to adapt to the methodology developed. The 

adapted structure is shown in Figure 3. 
Hydrogen and nitrogen from renewable sources are 

used to produce ammonia, which is then separated and 
stored. The feeds enter at 10 bar and 293.15 K and are 
compressed to match reaction conditions, with pressures 
ranging from 50 to 200 bar. 

The reaction stage has different structural alterna-
tives of adiabatic reactors, including Adiabatic Indirect 
Cooling Reactor (AICR) and Adiabatic Quench Cooling 
Reactor (AQCR). In the AICR configuration, a heat ex-
changer is used between the reactors to cool down the 
outlet stream of each reactor to the desired temperature 
of the following unit. This is achieved by using an external 
utility. In the AQCR configuration, the heat exchange is 
carried out by mixing the outlet stream of each reactor 
with a fraction of fresh process stream that is not used 
for reaction and bypassed from the previous reactors. 
There are five configurations that are implemented in the 
current work: (1) 1 reactor without cooling, (2) 2 adiabatic 
reactors in AICR configuration, (3) 3 reactors in AICR con-
figuration, (4) 2 reactors in AQCR configuration, and (5) 
3 reactors in AQCR configuration.  

Iron-based (Fe) and ruthenium-based (Ru) catalysts 
are considered due to their industrial relevance and ex-
tensive literature availability. Process configurations (bi-
nary switches) and catalyst selection (integer variable) 
are modeled as discrete decision variables, as summa-
rized in Table 1. 

Separation by condensation is achieved by adjust-
ing the reactor outlet mixture to its dew-point tempera-
ture, thereby separating a liquid phase composed of 
99.95 % vol. ammonia with trace amounts of hydrogen 
and nitrogen. 

These configurations are evaluated using two key 
performance indicators: Global Levelized Cost of Ammo-
nia production (LCOA) and energetic efficiency. Two op-
timizations were performed: without the P-graph and 
with the P-graph methodology. The LCOA is the price of 
ammonia production considering every cost involved in 
the process, i.e., the sum of investment and operational 
expenditures of raw materials, electricity, and equipment. 

𝜂𝜂� = ��̇��3�����3�+Δ�̇
−+Δ�̇− 

��̇�2����2�+Δ�̇
++Δ�̇+

   (1) 

The Pré-Estime method is used to calculate the equip-
ment cost [10]. The process energy efficiency indicator, 
Eq. (1), is the ratio between the useful produced energy 
and the supplied energy to the process: where 𝜂𝜂� is the 
overall energy efficiency, 𝑚̇𝑚 is the mass flowrate in kg/s, 
𝐿𝐿𝐿𝐿𝐿𝐿  is the Low Heating Value in kJ/kg, Δ𝑊̇𝑊  is the overall 
balance of mechanical power in kW, and Δ𝑄̇𝑄 is the bal-
ance of thermal energy in kW. The energy terms use su-
perscripts to indicate production (+) and consumption (-
) [11]. 
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There are seven inequality process constraints that are 
defined in this problem, see Table 2. The maximum LCOA 
is fixed to discard solutions with high costs of production 
whereas the minimum H2 conversion is defined to avoid 
low H1 conversions per pass and important hydrogen 
losses on the purge stream. A maximal reactor tempera-
ture is defined to increase the catalyst lifetime. 

Table 1. Discrete action variables defined in this study. 

Variable Details 
SW1 Enables the rd compressor 
SW2 Enables the th compressor 
SW3 Enables the quench setting 

SW4 Enables either the st quench or the 
st external cooling heat exchanger 

SW5 Enables the nd reactor 

SW6 Enables the nd quench or the nd 
external cooling heat exchanger 

SW7 Enables the rd reactor 
Catalyst  Fe-based  Ru-based 

Table 2. Process constraints and their values, with the 
catalysts' corresponding pressure intervals being the dis-
junctive constraints. 

Constraint Value Units 
Maximum LCOA  €/t 
Minimum H global conver-
sion 

 % 

Maximal temperature in st 
reactor 

 K 

Maximal temperature in nd 
reactor 

 K 

Maximal temperature in rd 
reactor 

 K 

Fe catalyst pressure range   –  bar 
Ru catalyst pressure range  - bar 

The optimizer handles the constraint violations in 
two layers: internally and externally. The first layer is an 
external layer, in which the structural feasibility is as-
sessed. If the structure is not feasible, i.e., the P-graph 
axioms are violated, a death penalty (objective functions, 
𝑓𝑓(𝑥𝑥) = 10300; constraints, 𝑔𝑔(𝑥𝑥) = 0) is applied. 

The second layer is the internal layer, in which the 
Oracle Penalty Method [12] is applied. If the candidate 
solutions are structurally feasible, the method ranks the 
solutions using both objective value and constraint resid-
ual. 

 
Figure 3. Superstructure representation for the evaluation of the adiabatic reactor configuration. The compression 
stage includes the selection of the number of compressors. The reaction stage has five structural variables to 
determine the number of reactors and the type of colling. Module nomenclature corresponds to: Mixers (1, 10, 15, 
18), Splitters (12, 13, 23), Compressors (2, 4, 6, 8, 24), Heat exchangers (3, 5, 7, 9, 11, 16, 19, 21, 25), Adiabatic 
reactors (14, 17, 20), Separation drum (22), Opening switches (OS1, OS2, OS3, OS4, OS5, OS6, OS7), and Closing 
switches (CS1, CS2, CS3, CS4, CS5, CS6, CS7). 
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Implementation 
The optimizations were performed on ProSimPlus 3.7.9 
coupled with an external optimizer (MIDACO [13]) on an 
Intel(R) Xeon(R) w5-3433, 1.99 GHz, 256 GB RAM, Win-
dows 10 64-bit operating system. The optimizations 
stopped when 15000 consecutive evaluations no longer 
improved the current solution. The optimization is done 
with two seeds, improving the exploration of the search 
space and reduce sensitivity to stochastic convergence.  

RESULTS 

Methodology comparison 

Table 4. A comparison of the optimal point intervals be-
tween Quintero-Masselski’s study [9] and this work. 

Catalyst Objective 
functions 

Quintero-
Masselski This work 

Fe 
LCOA (€/t) 752 – 816 751 – 753 
Efficiency 

(%) 54.4 – 56.4 53.9 – 54.8 

Ru 
LCOA (€/t) 754 – 804 752 – 804 
Efficiency 

(%) 55.3 – 58.1 54.8 – 58.2 

Based on the results of the optimizations performed, 
as shown in Table 4, it can be said that the modified su-
perstructure is equivalent to the one used in Quintero-
Masselski’s work [9]. Hence, only the comparison be-
tween optimizations done with and without the modified 
P-graph methodology is done hereinafter. 
The runs without the P-graph procedures and with the 
proposed methodology (P-graph based) took 47.7 and 
36.6 hours respectively, resulting in a 22 % reduction of 
optimization time. The results are further detailed in Ta-
ble 5.  

90 % of the solutions proposed by the optimizer with 
the P-graph-based methodology implemented are 

feasible structurally, representing most of the evalua-
tions performed. This is because a death penalty is ap-
plied when the solution proposed is deemed infeasible, 
steering the optimizer toward a feasible region. The per-
centage of simulator-feasible solutions among the struc-
turally feasible points, represented by �����

��������
, is similar for 

both cases. This suggests that the structural feasibility 
had more impact on the simulator convergence than the 
combination of continuous action variables for a given 
candidate design. Finally, the methodology shows a clear 
advantage when comparing the fraction of design-feasi-
ble over simulator-feasible solutions, at 0.94 over 0.68. 

Furthermore, based on Figure 4, there are 45 global 
Pareto points, of which 35 are with P-graph and 10 are 
without P-graph. This shows that more non-dominated 
Pareto points are attained with the modified methodol-
ogy. 

Table 5. Comparison of the methodology with different 
fractions to analyze the efficacy of the methodology, in-
cluding structural-feasible over total data points (3rd col-
umn), simulation-feasible over structural-feasible (4th 
column), and design-feasible over simulation-feasible 
(5th column). 

Case 𝒏𝒏𝑫𝑫 
𝒏𝒏𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔
𝒏𝒏𝑫𝑫

 𝒏𝒏𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔
𝒏𝒏𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔

 
𝒏𝒏𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅
𝒏𝒏𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔

 

Without 
P-graph 

    

With P-
graph 

    

Process optimization discussions 
There are several interpretations that can be con-

sidered as an extended version to that of Quintero-Mas-
selski and colleagues’ work. Only the results from the P-
graph methodology are studied in this section. 

Figure 5 shows that the two-compressor configura-
tion dominates the lower efficiency and lower LCOA zone 

Table 3. Continuous action variables defined in the optimization, together with the stage at which they are defined, 
the associated process units, and their bounds. 

Variable Stage Process unit Bounds Units 
Pressure Compression      –  bar 
Inlet temperature at st reactor Reaction    –  K 
Inlet temperature at nd reactor Reaction   –  K 
Inlet temperature at rd reactor Reaction   –  K 
Length of st reactor Reaction   –  m 
Length of st reactor Reaction   –  m 
Length of st reactor Reaction   –  m 
Separation temperature Separation   –  K 
Split ratio at first quench splitter Reaction   –  - 
Split ratio at second quench splitter Reaction   –  - 
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whereas the three-compressor and a four-compressor 
configurations zone are mostly overlapped. This indi-
cated that the main performance gain in energy effi-
ciency comes from increasing the compressor number to 
at least three stages, while a fourth stage provides lim-
ited improvement. But increasing the number of com-
pressors will increase the LCOA. 

 
Figure 4. Energy efficiency vs. process LCOA. Blue points 
correspond to solutions obtained with the P-graph 
methodology, orange points to solutions obtained 
without it. Pareto-optimal points are shown as hollow 
black markers. 

 
Figure 5. LCOA versus process energy efficiency, 
colored by the number of compressors (2, 3, or 4). Global 
Pareto-optimal solutions are indicated by hollow black 
markers. 

Figure 6 exhibits that the configurations with 1, 2 or 
3 AICR dominates the solution space as 2 and 3 AQCR 
are not as visible in the figure. When comparing the AICR 
configurations, the systems with 1 reactor have clearly 
the lower efficiency and the lower LCOA values. When 
there is only one stage of reaction, this means lower con-
version per pass, requiring massive recycle load and in-
creasing recycle compressor duty. 

Figure 7 compares the solutions based on the type 

of catalyst used. There are 36643 and 44363 solution 
points for the Fe-based and the Ru-based catalysts re-
spectively. There are 8 solutions on the Pareto front with 
Fe-catalyst ranging from 752 to 753 €/t in LCOA and from 
53 % to 55 % in energy efficiency while 47 Ru-based so-
lutions on the Pareto front ranging from 752 to 805 €/t in 
LCOA and from 55 % to 58 %. The increased value of en-
ergy efficiency using Ru can be explained by a lower 
pressure range which lead to a decrease in the compres-
sion power. 

 
Figure 6. LCOA versus process energy efficiency, 
colored by the number (1, 2, or 3) and configuration (with 
or without cold shot) of reactors. Global Pareto-optimal 
solutions are indicated by hollow black markers. 

 
Figure 7. LCOA versus process energy efficiency, 
colored by the type of catalysts (Fe-based or Ru-based). 
Global Pareto-optimal solutions are indicated by hollow 
black markers. 

CONCLUSION 

This work demonstrates a novel methodology of 
process simulator-based optimization via superstructure 
with an application for ammonia synthesis through the 
Haber Bosch process. 
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Binary opening and closing switches as well as three 
algorithms are introduced in this study. The binary 
switches are used to propose different structural alterna-
tives in a process while the three algorithms are used to 
determine the feasibility of sub-structures in a super-
structure. 

The approach proposed not only reduced the time 
required to optimize a process superstructure, especially 
when comparing the total evaluated solutions that are 
design-wise feasible but also reduced the need for users 
to define the structural constraints. 

Future work is going to be more focused on bench-
marking additional case studies using the proposed 
methodology, as well as conducting a more holistic opti-
mization in which a Key Performance Indicator (KPI) of 
the Life Cycle Assessment (LCA) is included in the objec-
tive functions. 
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