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The petrochemical industry must transition its material and energy sources from fossil-based sources to more
sustainable alternatives. While decarbonizing the energy source is challenging, defossilization of the material
feedstock is significantly more difficult. In this work, we present a superstructure-based, multi-period, multi-
objective optimization framework to address this problem. This framework focuses on minimizing the use of

fossil carbon and modifications to petrochemical clusters while explicitly controlling the order of appearance of
new processes. The combination of process options becoming available to the solution space over time and the
cluster being locked in a path-dependent transition allows the framework to capture realistic transformation
pathways. We demonstrate the framework with a small-scale case study of 10 fossil-based and 6 alternative
processes. The results demonstrate the ability of the framework to select optimal defossillization pathways while
simultaneously considering the impacts on mass and energy flows across the cluster.

1. Introduction

The petrochemical industry needs to transform both its material and
energy feedstock if it is to significantly reduce its greenhouse gas
emissions by 2050. In recent years, changing the source of carbon
feedstocks to alternative carbon sources (ACS) in refineries and the
petrochemical industry has increasing gained attention. For example,
Vogt and Weckhuysen (Vogt and Weckhuysen, 2024) envision that the
current fossil-based carbon feedstocks (oil and natural gas) will be
replaced with biomass, CO5, and plastic waste by 2050.) Meng et al.
(Meng et al., 2023) explored planet-compatible pathways for tran-
sitioning the chemical industry and found that in addition to alternative
carbon sources (ACS), degrowth and circular strategies are required to
reach net-zero emissions.

Several processes are being investigated to replace the production of
fossil-based chemical building blocks (CBB) such as ethylene, propylene,
and methanol and or the production of the end-of-value chain chemicals
(EVQ), like polyethylene terephthalate (PET), styrene monomer, and
methyl tert-butyl ether (MTBE). The number of potential alternative
processes is large, although many of them are still at early development

stage. Manalal et al. (Manalal et al., 2025),for instance, identified 69
process routes to produce ethylene from ACS, 32 routes to produce
methanol, 58 to produce propylene, and 38 to produce benzene/P-
xylene. In order to select the most promising technologies or routes,
the performance of individual ACS-based process routes is often
compared with their fossil-based counterparts or with other green al-
ternatives by using techno-economic and or life cycle assessments. Three
examples of such comparisons are Zuiderveen et al. (Zuiderveen et al.,
2024), who assessed alternative ways to produce benzene, toluene, and
xylene, Liptow et al. (Liptow et al., 2015), who assessed the production
of bio-based ethylene, and Kim et al. (Kim et al., 2021) focusing on the
production of green propylene.

While defossilizing carbon feedstocks is, in theory, possible, it is far
from straightforward in practice account. Defossilization will require
modifications or replacement of existing processes, which will signifi-
cantly impact existing value chains. Existing petrochemical processes
are highly interconnected, allowing companies to decrease mass and
energy losses and develop common infrastructure (e.g., energy or
wastewater plants). Although such mass and energy interconnections
exist in any cluster, they are often neglected when assessing the
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performance and impact of ACS processes.

The transformation of these petrochemical clusters will occur over
time, with a (gradual) step-wise transformation by removing or adding
individual processes. Limitations on local or regional availability of re-
sources (land, water, energy) further complicate the transformation.
Given the highly complex interrelations, modeling and simulating the
cluster impacts before embarking on investments is essential. Several
modeling approaches have been used to examine the transition of the
energy sector. The models typically use top-down or bottom-up ap-
proaches, such as integrated assessment models (IAMs) and agent-based
modeling (ABM). IAMs use a top-down approach to investigate large-
scale interactions between human and natural systems. In these IAMs,
(sub)sectors of the energy sector, such as petrochemical clusters, are
heavily aggregated. As a result, the changes that may occur to petro-
chemical clusters due to the transformation of the material feedstock are
ignored in these models. ABM, on the other hand, uses a bottom-up
approach to simulate the dynamic interactions of companies in an in-
dustrial park and how these interactions change over time. Han et al.
(Han et al., 2022), for instance, used an ABM to investigate how external
influences would affect cooperation among companies in an industrial
park. ABM simulations focus on the behavior of the agents in a cluster
and explore emergent structures but are not suited for designing optimal
transition pathways. In addition, these models require extensive data to
have the agents mimic the behavior of the companies in a petrochemical
cluster and are computationally expensive as they require multiple
simulations to explore all outcomes. Therefore, alternative methods that
deal with the addition of processes over a sequence of time for exploring
and evaluating transformation pathways to identify the optimal trans-
formation of petrochemical clusters are needed.

Towards this end, methods like superstructure-based optimization
have been used for comparing alternative process or equipment units. In
this approach, an optimal design is chosen with respect to one or mul-
tiple objective functions (e.g., costs, emissions). The resulting optimi-
zation problem is implemented as a mixed integer linear program
(MILP) or a mixed integer nonlinear program (MINLP). An area where
optimization approaches are widely used is for the synthesis and design
of new chemical processes (Mencarelli et al., 2020). Optimization has
also been used to identify how existing industrial clusters could increase
their performance by sharing waste heat, water, and materials between
companies (Boix et al., 2015). However, they do not consider the po-
tential introduction of new processes or feedstocks into these clusters.
Valenzuela-Venegas et al. (Valenzuela-Venegas et al., 2020), for
instance, used multi-objective optimization to find the optimal design of
material and energy exchange networks of the Kalundborg and Ulsan
industrial parks. The authors aggregated many flows and, for example,
did not consider different types of steam or material composition. Pan
et al. (Pan et al., 2016) used a MILP model to optimize the material
exchange of the Jurong Island industrial cluster. Martelli et al. (Martelli
et al., 2017) used a superstructure-based MINLP model to optimize the
design of heat exchanger networks and utility systems for chemical
processes. Kim et al. (Kim et al., 2010) created a detailed utility model
that optimized a network of steam, water, and electricity utilities of the
Yeosu Industrial Complex. The previous works focus on increasing the
performance of existing industrial clusters, mostly in terms of material
or energy efficiency. A radical transformation of existing industrial
clusters is, however, largely overlooked in the literature.

Superstructure-based optimization has also been used for the
designing of new industrial clusters. Kantor et al. (Kantor et al., 2015),
for instance, used a source-sink representation for the demand and
supply of material and energy for the processes of a hypothetical cluster.
The authors applied a multi-objective optimization of economic and
environmental functions to find optimal designs of the industrial cluster.
Kantor et al. (Kantor et al., 2020) presented a mathematical formulation
for optimizing the integration of material and energy in industrial
clusters. In their approach, the authors used a source-sink approach for
mass flows, while a heat cascade was implemented for energy flows.
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Granacher et al. (Granacher et al., 2022) implemented this framework as
part of a digital twin for decision-making in the design of energy sys-
tems. This digital twin was used for the design of an integrated bio-
refinery. All these studies assume green field applications, ignoring the
pre-existing conditions, connections, and processes in today’s petro-
chemical clusters.

Finally, besides optimizing the mass and energy flows of industrial
clusters, optimization models have also included temporal elements.
Bishnu et al. (Bishnu et al., 2017), for example, used a multi-period
optimization model to design water exchange networks for industrial
clusters. In their model, the number of industrial processes increases
over time, and the water exchange network adapts to it. Han et al. (Han
et al., 2020) showed a multi-period optimization for the design of
hydrogen networks among processes in industrial clusters. In both of
these works, the authors noted the increased performance by performing
the optimization over all timesteps of the model assuming the model had
perfect foresight. Kuo and Chang (Kuo and Chang, 2014) used a similar
multi-period optimization approach to optimize the design of hydrogen
networks for seasonal variations. Due to the uncertainties associated
with the development time-frame of novel processes, and the exact
moment when novel ACS-based processes can be introduced into exist-
ing clusters, a step-wise approach is needed.

In this work, we aim to address these knowledge gaps by developing
a superstructure-based optimization framework to identify optimal
transformation pathways of petrochemical clusters. his optimization
framework explicitly incorporates existing interconnections between
petrochemical processes and considers the transformation in step-wise
additions over time, where future options can be locked out by previ-
ous decisions The application of the framework is illustrated in a case
study based on the Port of Rotterdam petrochemical cluster. In com-
parison to existing work, the process data is grounded in detailed Aspen
Plus simulations of individual units, ensuring complete mass and energy
balances. This article is structured as follows. In section 2, the mathe-
matical framework developed to model the defossilization of a petro-
chemical cluster is presented. Section 3 describes the case study and the
results of the framework application. In Section 4, the conclusions and
future outlook are given.

2. Method

The goal of this work is to develop a superstructure-based optimi-
zation model that considers pre-existing material and energy connec-
tions of chemical and utility processes within petrochemical clusters,
considers that processes can be added and removed step-wise over time,
and has the ability to lock-out future option due to past choices. This
optimization model is a multi-period multi-objective model that aims to
identify configurations of processes and feedstocks for the defossiliza-
tion of petrochemical clusters by implementing changes over a period of
time.

2.1. Definition of the layers and nodes

To develop the model, a graph representation was used to set up the
superstructure-based optimization model. In this representation, the
nodes represent the available feedstocks, desired products, chemical
processes, utility generation processes, energy sinks, and energy sources.
The links in the graph illustrate potential interconnections between the
different nodes. To distinguish between material and energy in-
terconnections, the model used separate layers for material and energy
flows. This approach allowed separate constraints to be enforced in each
respective layer. A generic representation of the superstructure used is
shown in Fig. 1, where the top part of the figure shows the material layer
and the bottom is the energy layer.

The connections in the material layer are explicitly defined to match
the pre-existing value chains in a petrochemical cluster. In the model,
transfer nodes were defined to distribute the required chemical
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Fig. 1. Generic superstructure representation. In the figure, FM, is a material feed node, FE, is an energy feed node, PP,, is a chemical process node, PU, is a utility
process, T, is a transfer node, DM, is a material demand node, and DE,, is an energy demand node.

materials to the different process nodes and demand nodes. The model
will select the optimal processing routes and optimal starting feedstocks
to produce the required chemical products. In addition to the fossil-
based processes from the existing value chains, the model also con-
tains ACS-based processes, which can be disabled in the model to make
them unavailable as a potential solution. This implementation is
explained in more detail in subsection 2.4.3. For modeling the energy
layer, the energy equations are solved based on the proximity of nodes to
each other using an approach that matches the energy demand and
energy supply. In contrast to the material layer, the links are not
explicitly defined using transfer nodes. This approach allows all poten-
tial connections between nodes to be considered when closing the en-
ergy balance.

All nodes in the system belong to a set B. The transfer nodes were

grouped together (subset TCB). The process and utility generation nodes
were grouped together as process nodes (subset PCB). The process nodes
were further divided into chemical processes (subset PPCP), and utility
generation processes (subset PUCP). The chemical processes were further
subdivided into fossil-based chemical processes (subset PPrs; CPP) and
ACS-based chemical processes (subset PP4csCPP). The subset of utility
generation processes was further subdivided into fossil-based utility
generation processes that could generate heat and or electricity (subset
PUfp,ssCPU) and electricity only based utility generation processes (subset
PUgecric CPU). All the different process subsets convert material and/or
utilities into other materials and/or utilities.

The product nodes and energy sink nodes were grouped together as
demand nodes (subset DCB). These demand nodes were divided into
material demand nodes (subset DMcD) and energy demand nodes (subset
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DEcD). The demand for the end-of-value chain chemicals was enforced
at the material demand nodes (i.e., the system should produce the
chemicals demanded by the outside system) and they act as overflow
nodes for other potential products. The energy sink nodes represent the
export of excess energy to the outside system.

Similar to the material demand nodes, the material feed and energy
source nodes were grouped together as feed nodes (subset FCB), and
divided into material feed nodes (subset FMCF) and energy source nodes
(subset FECF). The material feed nodes act as the carbon sources for the
chemical processes, while the energy source nodes represent the import
of energy into the system.

Additionally, chemical and utility components were defined in the
model. For the material layer, chemical components CC (e.g., methyl
tert-butyl ether, ethylene, propylene) were defined, while utilities CU (e.
g., low-pressure steam, electricity, refrigerants) were defined for the
energy layer.

Petrochemical clusters can consist of multiple cluster sites with one
to several companies present per cluster site. Examples of such sub-
clusters are, for instance, a chlorine cluster, an ethylene cluster, etc.
These cluster sites can be physically separated by a significant distance,
making it difficult to transport some energy flows (e.g., low-pressure
steam) between cluster sites. To take this into account, in the model,
energy streams are constrained to the nodes within a given subcluster
site, while material streams can cross the subcluster site boundaries. For
the subcluster sites, a new set CS was defined. Where the nodes present
on a cluster site were grouped together as (subset BcsCB).

2.2. Material equations

In Fig. 2, the standard data structure for the nodes and the process
nodes is presented. Each node b in the material layer has a total material

mass flow of component cc (Massl’,’fcc>. This is estimated as a mass bal-

ance, i.e., it is calculated based on all material streams flowing into the

node. Similarly, each node has a total material mass flow of component

Out
b,cc
ass

calculated using Eq. (1). Where, Streams;y e,
component cc going from node i to node b. For material feed nodes, the

cc leaving the node (Mass;). The total mass flow going into a node is

is the mass flow rate of

mass flowrate into the nodes is calculated using Eq. (2), where Feed}/’"ss is
the mass flow rate of the available feedstock, XfFecidcomP is the composition

of the feedstock, f; is the feed node integer indicating whether a feed

node is present (a value of zero indicates the feed node is inactive while a
value of one indicates is active).

= Z _StreamsM*s
i€B.,i#b

ib,cc

Mass™

b.cc

Vbe BAb ¢ F,Vec € CC (€D)

A)

. . Connections in
Connections in

Superstructure
Superstructure J
_—
_
. Standard
Mass in Mass out
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Mass].,, = Feed"*-X{'“™ i \f ¢ FM,Vcc € CC 2
The mass flow rate out from a process node is based on the conversion of
material in the node. This mass of transformed material is assumed to
scale linearly based on the mass flow into the node. For each node, a
limiting component cc* was selected that scales linearly with the inputs
and outputs of the process node. For instance, for the production of
ethylene oxide, ethylene was selected as the limiting component. Be-
sides the limiting component, processes also may have a demand for
additional chemicals that are provided by other processes that are part
of the superstructure. This demand is enforced by using Eq. (3), where
Massll,'fw is the mass flow rate of the limiting component going into
process node p and Xhassin
process node. Other material demands that are not produced by pro-
cesses within the superstructure, such as solvents, are determined using

Eq. (4), where X)ssInAu s the auxiliary demand parameter.

is the material demand parameter of the

Mass™, = Mass!"...-X¥" p € P, Vec € CC 3)
Massl’,’_‘é’:’“ = Massg_'cc,% ~Xf§;§{’;“_;‘f Vp € P,Vcc € CC 4)

Therefore, the mass out of a process node p is given by Eq. (5), where
X} is the conversion parameter of the process node. In addition to the
main products, every process produces several streams of by-products
and waste materials that are not shared with other nodes and are,
therefore, not part of the connections in the superstructure. The mass
flow rate of a by-product stream sp is calculated using Eq. (6) and the
mass flow rate of waste stream sw is determined using Eq. (7).

Massgit = Massp.- X5, p € P,Vec € CC )
Massgusit — Masslt,. X55%  vp € P,Vee € CC ©
MassQuee — Massl,.. X5 1es p € P, Vec € CC @

The mass out of demand node d is given by Eq. (8), where dfi is the
demand node integer indicating whether the demand node is present
(the demand node is absent with a value of zero and present with a value
of one). For other types of nodes in the model, such as transfer nodes,
there is no conversion of material, therefore, the material flow into a
node is equal to the material flow out of the node as given in Eq. (9).

Mass§"-d, = Massy., Vd € DM,Vcc € CC ®

Mass%“ = Mass™

b.cc b.cc

¥beBAbgZDAbEP,Vec € CC )

Connections not in

B)
the superstructure

. . Connections in
Connections in

! . i Superstructure
Superstructure i Aux chemicals | P
| S
_ ) ;
Mass in Process Mass out§

Waste Others§

el

Connections not in
the superstructure

Fig. 2. Schematic of the data structure for the nodes (except process nodes) and for the process nodes.
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As pointed out before, the purpose of the transfer nodes is to distribute
chemicals among the material demand nodes and the processes
requiring those chemicals. The mass flow rate of a component subset cc
between transfer node subset t and node subset j is calculated using Eq.
(10), where y;; is the transfer coefficient. To make sure that the total
mass flow rate of the links leaving the transfer node does not exceed
mass out of the transfer node, an additional constraint is introduced (Eq.
(11)). For the other nodes, the mass flow of a component cc in a link
going from node b to node j is calculated using Eq. (12). In this equation,
a separation factor Spj.. is used to distribute the fraction of each

component in MassY™ to the outgoing links going from node b to node j.
Streams}i®s = Massw-y.; Vj € B,Vt € T,Vcc € CC (10)
> yj=1 VteT a1

JjeBj#t

Streamsy|s = Massyw-Spjcc Vb € BAb & T,Vj € B,Vcc € CC (12)

Furthermore, each chemical process node was assumed to have an
operating window. The lower and upper boundary of the production
capacity was set using Eq. (13) for the fossil chemical processes and Eq.
(14) for the ACS-based processes. Where, K\, is a capacity flexibility

parameter of the fossil processes and Kgfejjssﬂ is the capacity flexibility
parameter of the ACS-based processes. These capacity flexibility pa-
rameters are defined as the fraction that the process can deviate from its
nominal production capacity. For instance, with a value 0.1, a process
can downscale its production by 10 %. pII, is the positive process integer
value, where if a process is not present, a value of zero is given, and
where any positive integer indicates the number of times that a process
is present in the cluster (for instance, three plants producing methanol).
Kg_‘gg is the nominal production capacity of component cc of process p.
The bounds of the process decision variable are set using Eq. (15), where
pi*? and p;” are the lower and upper bounds of p}, respectively.

(1~ K )b K2 < Mass)t; < pKGe a3)

Vp € PPy, Vcc € CC

(1~ K Iy 2 < MassC, < K as
Vp € PPycs, Ve € CC

' <p, <p;*® (15)

Finally, a chemical production demand is enforced on the material de-
mand nodes of chemicals at the end of each value chain using Eq. (16).
This chemical production demand is the export demand for the end-of-
value chemicals (e.g., MTBE and styrene monomer) in the model.

In Eq. (16), K} is the tolerance parameter of the lower boundary and
Xﬁﬁ’}“"d is the existing production rate of chemical cc. In the current

version, the model is allowed to exceed the base export demand by 20 %.
However, it is possible to run the model with lower or higher
percentages.

Out
(1 _ KTO[) < Massd,CC
d )= XDemand

d.cc

<12 VvdeD,VcceCC (16)

2.3. Energy equations

In the energy layer, all chemical process and utility generation nodes
have an energy demand and supply. The energy demand Energygi’g“”d for

utility cu is calculated based on the mass flow rate going into the node of

the limiting component Mass,,'... in the material layer and is given by Eq.

(17). In this equation, Xgi’ga"d is a utility demand parameter relating the
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n

demand for a utility cu to Mass, -

] 1
Energylff‘cplf’ by — Massl’,’fcc,. ngf‘E‘,’f’y Vp € P,Ycu € CU 17)
The energy supply of the chemical process utility generation nodes is
based on the mass flowrate of the limiting component and is given in Eq.

(18), where Xgﬁpf " is a utility supply parameter.

Energy,on™™ = Mass),...Xom™ Vp € P,Vcu € CU (18)
In addition to the chemical process and utility generation nodes in the
model, each cluster site has an energy source node and an energy sink
node. The energy sink node acts as the outgoing energy connection
which exports excess energy outside the system boundaries of the
cluster, while the energy source node acts as the incoming energy
connection for importing energy into the cluster. To ensure that, for a
given cluster site cs, the model does not simultaneously import and
export the same utility flow, an additional binary variable pi, was
introduced. The energy supply for the energy source and energy demand
for the energy sink nodes were determined using Egs. (19) and (20).

Energy}™ = f; .pl, Vf € FE,Vcu € CU 19
Energyen™™ = dgeu(1 —pl,) Vd € DE,Veu € CU (20)

Based on the energy supply and energy demand of nodes in a cluster site,
the total site energy demand and supply of a utility cu was calculated
using Egs. (21) and (22).

Energyowlsuply — ZieBcsEnergyf Y es € CS,Veu € CU (21
EnergyotatDemand _ ZiEBCSEnergyff,T“"d Ves € CS,Veu € CU (22)

For each cluster site, the total energy balance of utility cu is closed using
Eq. (23), thereby making sure that the total energy demand matches the
supply within a cluster site cs,.

Totl Supply — Epergy!etatbemand e ¢ CS, Veu € CU (23)

cs,cu cs,Cl

Ener;

Like the mass of materials between the model nodes, we would like to

track the flow energy between nodes. Therefore, a variable Streams;, =~

was added that represents the flow of energy from a node i to a node b for
utility cu. This variable is determined using Eq. (24), which is an energy
balance over node b, ensuring that the inflow and outflow are in bal-
ance. Next, a constraint was added that enforces that the total flow of
energy of utility cu leaving node b does not exceed the node’s total en-
ergy supply of utility cu.

This constraint is set using Eq. (25).

L B
Energy; ™" + e, Streams;
= Energypemd jeBcsStreamsf;i’f’ € CU,Yb € Bgs 24
Vcs € CS,Vcu
ZjeB#bStreamsfﬁ'fy < Energyy"™ Vb € B,Vcu € CU (25)

Following the approach used for the chemical process nodes, each utility
generation process was assumed to have an operating window. This
operating window was enforced on the utility generation nodes using
Eq. (26).

Flex | 1 1 i
<1 - KP“>pP~KC”P < Energyg"” < p;-KC"P

p.cu cu p.cu

Vp EP UFossil
Veu € CU

(26)
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2.4. Multi-period multi-objective optimization

2.4.1. Objective functions

The model described in the previous section allows the evaluation of
several objective functions, such as environmental and economic per-
formance indicators. To illustrate this, we examine two objective func-
tions, but similar equations can be formulated for other indicators. As
the main goal of the model is to investigate the transformation of
petrochemical clusters to the use of alternative carbon sources, the first
objective function corresponds to the minimization of fossil-based car-
bon sources. This minimization is given in Eq. (27), where mf‘"b"" is the

mass fraction of carbon in the fossil-based carbon feedstock f.

i Mass . Carb
min Z feFMFCFeedf mgeren 27)

To illustrate the possibilities of the model, the second objective was to
minimize the amount of new investments in the cluster while mini-
mizing changes to the cluster. The two objective functions imply that in
this case, the model will aim to identify configurations that use ACS
while minimizing stranded assets. The second objective function is given
by Eq. (28), in which stranded assets are minimized by including a
penalty term. This objective function does not minimize costs, it mini-
mizes what we call a “capex penalty”, that is, the economic loss asso-
ciated with stopping the use of current assets plus the new investment
required by the new technologies. In the equation, the first term rep-
resents the penalty for removing an existing fossil-based process from
the cluster. The second term represents the penalty for removing an
existing fossil-based utility process, and the third term represents the
costs involved in deploying a new ACS-based process in the cluster. In
this equation, CAPEX,, is the total capital expenditure required for the
construction of a process p.

min (ZP €PProssil <l B pII’ ) CAPEXP + PEPUpossit <1 - p; ) CAPEXP
(28)

I I
+ e Pr CAPEX, + ZPEPPACSpP-CAPEXP>

Using the two objective functions, a Pareto front is generated. It shows
the trade-offs between the different solutions of the multi-objective
model. There are several ways to construct Pareto fronts, with the
e-constraint method being one of the most well-known methods
(Mavrotas, 2009). In the e-constraint method, the model is optimized for
a single objective function, while the other objective functions are
implemented as additional constraints. In this work, the augmented
e-constraint method AUGMECON2 (Mavrotas and Florios, 2013) was
used to generate the Pareto fronts.

2.4.2. Evaluation of the solutions

In the model, the solutions of the Pareto front are ranked using the
Technique for Order of Preference by Similarity to Ideal Solution
(TOPSIS) method (Hwang and Yoon, 1981). This method ranks the so-
lutions based on their distance from the ideal and the non-ideal solution
between 0 and 1, with the best solution being the closest to 1. The ideal
and non-ideal solutions are a combination of the best and worst values of
the considered criterion, respectively.

To apply TOPSIS, the desired decision criteria and their associated
weights must be defined. Besides the key performance indicators used as
objective functions for the creation of the Pareto front, other or alter-
native KPIs can also be introduced as assessment criteria. In this work,
the objective functions used to create the Pareto front were also used to
rank the solutions in TOPSIS. The weights allow a decision criteria to be
preferred over the others, e.g., prioritizing defossilizing feedstocks over
the associated costs. This approach allows to prioritize the solutions that
are closer to the best value associated with that decision criteria.
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2.4.3. Multi-period implementation

Two different strategies for solving the model were implemented,
with both methods following identical procedures. In the multi-step
method, ACS-based processes were added to the solution space over
several steps, thereby increasing the number of potential solutions with
each step. In the single step method, all potential ACS-based processes
are introduced in the model in one single step, thereby allowing the
global best solution to be identified as if all options were available at the
same time. The multi-step method can be used to identify pathways to
reach the configuration of the selected global solution. It allows to
identify potential lock-ins introduced by the order in which technologies
are deployed. For the model to consider changes that have occurred in a
prior step, the following assumptions were made:

e The model has no perfect foresight. It does not know what processes
are available in future steps and therefore, only evaluates the po-
tential solutions based on the technologies available on the current
step.

e Removed fossil-based processes cannot return in later steps.

e ACS-based processes that are introduced in a step cannot be removed
later. This is done to avoid that the model will deploy a plant to just
remove it a couple of years later.

In the appendices, Fig. A.1. shows the flowchart developed for
solving the model in a multi-step, multi-objective optimization manner.
First, the baseline fossil-based petrochemical cluster needs to be loaded
as a starting point for the model. In each time step of the model, ACS-
based processes are added to the solution space of the model. This is
done by unlocking the process integer variable value associated with the
ACS-based model from a value fixed to “0" and allowing the variable to
be evaluated as part of the optimization. Next, a Pareto front for the time
step is generated using the augmented e-constraint method (AUGME-
CON2). This is shown in Fig. 3a. Each solution in this Pareto front is
ranked using the TOPSIS method (see Fig. 3b). One could allow a de-
cision maker to decide on the best solution among the top-ranked so-
lutions of the Pareto front using an interactive modeling approach.
However, in the current implementation, the solution ranked highest by
TOPSIS is selected by the model as the best solution. This best solution is
then loaded into the model, allowing all variable values associated with
this cluster configuration to be accessed.

In the next step of the multi-step multi-objective model, the state of
the cluster is updated. First, the process decision variable of each process
pII,‘” is stored and compared to the process decision variable pII,'"’1 of the

previous time step. This difference ApI’,, is calculated using Eq. (29).
Apl =pi"—py! (29)

For every process where Ap}{7 is not 0, the lower or upper bounds of pII, are
adjusted. If Api, is negative, it indicates that one or multiple instances of
the process have been removed in the latest timestep. In the current
implementation, only fossil-based processes can be removed or changed.
As we assume that removed fossil-based processes cannot return at later
time steps, for the next time step, the upper bound of the process deci-
sion variable is adjusted to be equal to the current value of pI’,.

1.UB

" =p" (30)

If ApII, is positive, it indicates that one or multiple instances of the process
have been added in the latest time step. Assuming that ACS-based pro-
cesses cannot be removed in later timesteps, the lower bound of p{, is
adjusted for the next time step using Eq. (31).

I.UB

Pp

After the cluster state has been updated, the model proceeds to the next
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b)
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c)
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Prior available solutions are no y
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are longer valid due to them being
locked out.

Fig. 3. Evolving Pareto front.

time step, where a new Pareto front is generated (Fig. 3c) and the whole
procedure is repeated. Once the model has finished the final time step, it
has determined the transformed petrochemical cluster configuration.

3. Illustrative case study

To illustrate the model capabilities to evaluate potential routes to
defossilize petrochemical clusters, it was tested on a case study based on
the petrochemical cluster in the Port of Rotterdam. To do this, an in-
house model of the fossil-based model of the petrochemical cluster)
was used. The model was described in detail in previous work (Tan et al.,
2024). This model contains the mass and energy flows and in-
terconnections, which are obtained from process plant-based Aspen Plus
models (for each chemical process and utility process). The process
models were designed using data of the process technology and pro-
duction capacity of the existing fossil-based processes in the Port of
Rotterdam. This real-world data was combined with data from literature
to construct highly detailed the Aspen Plus models. In Table A.1. of the
Appendices, an overview of all the processes, their production capac-
ities, underlying data and assumptions is provided.

An overview of the superstructure representation of the case study
based on this representative petrochemical cluster is presented in Fig. 4.
Ten fossil-based processes (red boxes without outline in Fig. 4) and five
utility generation processes (green boxes in Fig. 4) were selected as the
starting point of the case study. An overview of all the processes, their
main products, and production capacities is presented in Table 1.

Next, six ACS-based processes were added to defossilize the cluster.
These processes and their production capacities are given in Table 2 and
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are shown as red boxes with a green outline in Fig. 4. Five processes
provide ACS-based routes to produce four chemical building blocks,
namely methanol, ethylene, propylene, and benzene. The ACS processes
for these chemical building blocks are CO2 hydrogenation to methanol,
electrochemical reduction of CO2 to ethylene, methanol to aromatics
(MTA), methanol to olefins (MTO), and plastic pyrolysis. The plastic
pyrolysis process includes a hydrogenation step to saturate the pyrolysis
oil and remove chlorine and sulfur. In addition to these alternative
routes, an alternative route for producing an end-of-value chain chem-
ical (MTBE) was also included. This route is based on the conversion of
biomass to isobutylene via organosolv. Each of these ACS-based pro-
cesses was assigned to the cluster site where the fossil-based process was
located that they intended to replace. For instance, the MTO process was
assigned to the same cluster site as the olefins process. As each of these
processes consumes different forms and qualities of energy, several
different energy types were defined for the case study. They include low-
pressure steam (LPS), high-pressure steam (HPS), electricity, and cool-
ing water.

Table 3 shows the main products and the respective demand that the
model needs to fulfill. The introduction of ACS-based processes may
result in lower demand for chemical building blocks and in a loss of the
production of intermediate chemicals. In addition, the ACS-based pro-
cesses may have completely different side-products compared to the
fossil-based processes. Therefore, to allow for radical transformation,
the model is only required to match the current production rate of the
end-of-value chain chemicals that are present in the fossil-based
configuration of the case study. For comparison of the product distri-
bution, the produced chemicals are allocated to production categories
based on Table 4.

The model was run using the two optimization approaches (see
Table 5) described in the methodology (section 2.4.3). The order in
which processes became available in the multi-period approach was
based on the current TRLs of each ACS-based process. Therefore, in the
first step, plastic pyrolysis (TRL 9) was made available to the design
space. In the second step, CO5 hydrogenation, MTA, and MTO (TRL 6-7,
7, 8-9) were added. In the third and final step, biomass to isobutylene
(TRL 6-7) and direct electrochemical reduction of CO» to ethylene (TRL
3-5) became available.

In addition to these two optimization approaches, the model was run
using two different settings for the process flexibility parameter K;le" for
the fossil-based processes. This flexibility parameter sets the lower
operating window of each process. In the first setting, the capacity
flexibility parameter was set to 0.1, thereby allowing an operating
window between 90 %-100 % relative to the standard process produc-
tion capacity of the fossil-based processes. In the second setting, the
capacity flexibility parameter was set to 0.5, thus allowing an operating
window of 50 %-100 % for the fossil-based processes. The capacity
flexibility parameter was set to zero for the ACS-based processes to limit
these processes to always operating at their maximum capacity.

Finally, the model also allows us to examine how limitations on
feedstock availability can influence the pathways selected. To test this, a
fifth run was performed where the availability of plastic waste as carbon
feedstock was limited to 5000 ktonne/y with all other model input
matching Run A.

The case study was implemented as a MILP in Pyomo 6.6.1 (Hart
etal., 2011; Bynum et al., 2021) and solved using Gurobi 11.0.0 (Gurobi
Optimization, 2024).

3.1. Defossilized petrochemical cluster

Fig. 5 presents the generated Pareto fronts for the model runs and the
solutions selected via TOPSIS (indicated by arrows in the figure). From
Fig. 5 it can be observed that about. 50 % of the fossil carbon could be
replaced with 20 % of the costs required to reach a 100 % replacement of
fossil carbon.
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Fig. 4. Superstructure representation of the case study.

Table 2

ACS-based processes specifications.

T_PGME PGME
M6 T_MTBE
1-C4E

Process name

Process’ main product(s)

Process name

Process main product(s)

01

El
E2
E3
Mé61
M6
P11
P1

P3
P6
Ul
U2
U3-IS, U3-SL

U6-A, U6-11,
U6-12

Chemical processes
Olefins

Ethylene oxide

Ethylbenzene

Ethylene glycol

Tert-butyl alcohol dehydration
Methyl tert-butyl ether

C4 Isomerization

Propylene oxide,/Tert-butyl alcohol
co-production

Propylene glycol methyl ether

Propylene oxide/Styrene monomer
co-production

Utility processes

Steam methane reformer

Air separation unit

Natural gas-fired combined heat and
power

Natural gas-fired boiler

Ethylene

Propylene

Ethylene oxide
Ethylbenzene

Ethylene glycol
Isobutylene

Methyl tert-butyl ether
Isobutane

Propylene oxideTert-butyl
alcohol

Propylene glycol methyl
ether

Propylene oxideStyrene
monomer

Hydrogen
Oxygen

SteamElectricity

Steam

BM61  Biomass to isobutylene via organosolv Isobutylene

CM1 CO; hydrogenation Methanol

Co1 Electrochemical reduction of CO, to Ethylene

ethylene

MA1 Methanol to aromatics Benzene
o-Xylene
p-Xylene

MO1 Methanol to olefins Ethylene
Propylene

PO1 Plastic pyrolysis Naphtha, Diesel, Vacuum gas
oil

Table 3

Products and their minimum production demand in the model.

Product Product demand [ktonne/year]
Ethylene glycol 112.6
Methyl tert-butyl ether 385.5
Propylene glycol methyl ether 89.6
Styrene monomer 666.3

MTBE
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Table 4 Allowing for capacity flexibility in production capacity affects the
Allocation of chemicals to production categories. Pareto fronts. The two Pareto fronts with 10 % flexibility (Fig. 5a and
Product category Chemicals Fig. 5b) have additional solutions that are not present on the Pareto
fronts with 50 % flexibility (Fig. 5¢ and Fig. 5d). These additional so-
Methanol Methanol . . . .
Ethylene Ethylene, Ethylene oxide, Ethylene glycol %utilons are configurations wherfe a CO; hydrogenation plant tolmetha.mol
Propylene Acetone, Propylene, Propylene glycol methyl ether, Propylene is implemented to replace fossil-based methanol. These configurations
oxide, are not Pareto optimal for the 50 % flexibility runs. The results also show
C4 Isobutane, Isobutylene, Methyl tert-butyl ether that the Pareto front for the 50 % flexibility shifted to the left by oper-
Benzene Benzene, Ethylbenzene, Styrene . . . .
Xylene o-Xylene, p-Xylene ating some of the fossil processes at a lower capacity, thereby lowering
Utility Hydrogen, Oxygen the fossil-based carbon feedstock without requiring any further increase
Heavy Naphtha, vacuum gas oil, diesel of costs.
hydrocarbons When comparing the selected solution in the single-step model (Run
A and Run C), identical configurations are selected for both cases,
although the run with 50 % flexibility has a slightly lower operating
Table 5 capacity for achieving (slightly) higher defossilization of the petro-
Performed model runs with their capacity flexibility for the fossil-based chemical cluster. This same behavior is also observed for the multi-step
processes. runs, where for Run B and D, identical processes were selected with a
Run ID Optimization mode KFlex slightly higher defossilization share in Run D. However, while the final
14 . .
E— configuration is identical for the two multi-step runs, the interim Pareto
un i-obj i . .
Global multi-objective 0.1 and the solutions selected by TOPSIS were different. Therefore, the
Run B Multi-period multi-objective 0.1 R L. . . R
Run C Global multi-objective 0.5 model provides insights into the influence of parameters such as flexi-
Run D Multi-period multi-objective 0.5 bility in the configurations of the model outcomes.
Finally, note that the lock-in of transformation pathways can be
observed when comparing the Pareto fronts of the multi-step and single-
step implementation (Fig. 5c and Fig. 5d). The Pareto front of run C
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shows an additional solution that is not present on the Pareto front of
run D. The cluster configurations that were selected during the modeling
steps of the multi-step implementation of Run D locked the cluster into a
transformation pathway. This lock-in, removed potential alternative
cluster configurations, such as the cluster configuration shown in run C,
from later modeling steps of run D.

3.1.1. Selected processes

The model allows detailed access to the solutions and provides in-
sights into the type of technologies selected in and across pathways. In
the case study, for instance, the results show that across the different
runs, three plastic pyrolysis plants (PO1) and one biomass to isobutylene
via organosolv process (BM61) are always selected by the model. The
model also shows which fossil-based processes were fully replaced in all
the runs: the PO/TBA (P1), Isomerization (P11), and TBA dehydration
(M61). In addition to removing these fossil-based processes, two boilers
that used waste streams from the P1 and P11 processes were also
removed from the cluster in the four runs. These removals resulted in a
relatively large increase of costs for a small gain in defossilization. For a
complete list of all the processes, the number of plants for each process,
and their relative operating capacity, see Table A.2. in the appendices.

Furthermore, it is notable that the remaining fossil-based chemical
processes operate at their full capacity in the runs. The two exceptions
are the olefins process and the SMR. The olefins process (01) is scaled

Chemical Engineering Science 321 (2026) 122783

down in the four runs, as at full capacity, it would produce more
ethylene and propylene than is required in the case study. Similarly, the
SMR unit (U1) also scaled down its production to 90 % in runs A and B,
and 53 % in runs C and D to minimize the production of excess Hy.

3.1.1.1. Changes to carbon feedstocks. Fig. 6 shows changes in the
source of the carbon feedstock over the different steps. Note that the
carbon source is expressed in ktonne of carbon embedded in each ma-
terial. The results clearly indicate that although the sources of carbon
change in the runs, there is a significant increase in the total amount of
carbon (irrespective of its origin), from 3.3 Mt carbon in the base case to
14.7 Mt carbon in the defossilized cases. In other words, the cluster is not
only defossilizing but also significantly recarbonizing. Note that in none
of the model runs, full defossilization was achieved, which was to be
expected as the case study focuses on the defossilization of chemical
processes, and options to defossilize utilities, including the SMR, were
not included in the case study. In the case of the SMR, for instance, it is
assumed that the existing SMR unit would still be in operation, and only
additional H would be imported into the cluster if the Hy produced by
the SMR at full capacity is not enough.

The results in Fig. 6 show that in all cases, plastic waste was selected
as the main carbon source to replace fossil carbon. Plastic waste is used
as a carbon source for a plastic pyrolysis plant, which produces plastic-
based naphtha, which can be used as an alternative carbon source to the
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fossil-based naphtha from the refinery. Besides plastic waste, biomass
was selected as carbon feedstock to produce isobutylene via the orga-
nosolv process for the selected configuration of the single-step runs and
selected for the final configurations of the two multi-step runs. In none
of the runs, CO, was selected as a carbon feedstock. In the 50 % flexi-
bility runs, Fig. 5C and D, configurations that include CO5 as a feedstock
are not Pareto optimal. In the two 10 % flexibility runs, configurations
that include CO; as feedstock were found to be Pareto optimal, but the
increase in costs required for a relatively small defossilization gain was
too large to be selected by the model.

Fig. 6 also shows that while the two multi-step runs include three
plastic pyrolysis plants by the end of the run, their interim configura-
tions differ. In the 10 % flexibility solution, an additional plastic py-
rolysis plant is selected in each step, while in the 50 % flexibility
solution, the deployment is faster with two plastic pyrolysis plants being
selected in the first step and a third one in the second step. The model
opts for this in the 50 % run as the olefins can operate at a lower
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production capacity, which in combination with the two plastic pyrol-
ysis plants, results in an almost complete defossilization of the naphtha
feeding the olefins plant. When examining the remaining fossil-carbon
feedstock, the results of the 50 % flexibility parameter have a smaller
remaining fossil-carbon contribution due to the downscaling of the SMR
unit.

3.1.1.2. Changes to product distribution. Fig. 7 shows the product dis-
tribution and how it changes at different steps. As a constraint, any run
must match the production rate of the end-of-value chain chemicals
(EVCs) in the fossil cluster. Therefore, the model can remove or replace
processes that produce chemical building blocks and intermediate
chemicals if they are no longer required for EVCs production. This will
affect the mix of products exported from the cluster into the market. It
was observed that for the selected ACS processes, the total mass of
products increases with increasing levels of defossilization. The main
difference between the fossil-based configurations and the final
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solutions is the addition of a large fraction of heavy hydrocarbons. These
heavy hydrocarbons are excess naphtha and side products of the plastic
pyrolysis plants, namely diesel and vacuum gasoline oil. In addition,
CO4, is included (the bio-based category) to the materials exported from
the cluster. As the plastic pyrolysis plants produce more naphtha than is
required by the olefins plant, it is exported from the cluster. Biogenic
CO, is a byproduct from the biomass to isobutylene process and is
emitted from the cluster as it is not used as a material feedstock, in the
selected model configurations and there was no carbon capture and
storage included in the current runs in the model.

As indicated previously, the processes selected in the final configu-
ration of the petrochemical cluster are identical across the four model
runs. The resulting product distribution also very closely matches. There
are, however, two differences between the 10 % flexibility parameter
runs (A and B) and the 50 % in runs C and D. First, the 50 % flexibility
runs have a larger fraction of excess naphtha that is exported from the
cluster. Second, the 50 % flexibility runs have a smaller fraction of utility
products (e.g., Ho and Oo) that are exported from the cluster, due to the
SMR unit operating at 53 % of its capacity.

3.1.1.3. Energy imports. As expected, defosilizing carbon feedstocks
will affect the overall energy demand of the cluster. Fig. 8 show the
distribution of the total energy imported per type. Similar to the results
of the carbon feedstock and product distributions, the energy
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distribution also shows very similar energy distribution across the
different model runs. The removal of the two boilers only results in a
minor decrease in natural gas consumption as these boilers use waste
streams as their primary source of energy. Adding a plastic pyrolysis
plant to the cluster avoids or lowers the need of importing low-pressure
and medium-pressure steam (LPS) in this case study. Note that there is a
limit to this benefit as the two additional pyrolysis plants do not further
lowered the total import of steam to the cluster, as steam is also required
at a different cluster site than the plastic pyrolysis plants. As indicated
previously, steam is not exchanged between the different cluster sites
due to the large distance between them.

3.2. Limited plastic waste

To finally illustrate the potential insights that can be obtained from
the model, the impact of limited availability of plastic waste was
analyzed. To do so, we limited it to a maximum of 5000 ktonne/y. The
capacity flexibility was set at 10 % and all the other model parameters
were kept identical to the other runs. The case study with limited
available plastic was solved using the single-step method where all ACS-
based processes are available to be selected by the model from the start.

Results are shown in Fig. 9, with Fig. 9a depicting the Pareto front,
Fig. 9b the product distribution, Fig. 9c the carbon feedstock composi-
tion, and Fig. 9d the imported energy. The Pareto front in Fig. 9a shows a
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electricity that needs to be imported. d Pareto front of the model run.).

very different picture compared to the other results where the plastic
waste was not limited. Plastic waste can only partially defossilize the
carbon feedstock, which is highlighted in the bottom part of the Pareto.
This is followed by a large increase in costs to reach defosilization (4
times compared to a case without limitation in feedstock availability) as
they require multiple new processes to replace the olefins plant, thereby
increasing both the investment and the penalty due to stranded assets.

The processes and the respective operating capacities in the selected
configurations are displayed in Table A.3. in the appendices. Note that in
the case of limited availability (Fig. 9c), CO; is selected as the main
carbon feedstock, with biomass also being selected as a secondary car-
bon feedstock source, and the natural gas used by the SMR plant being
the only fossil-based carbon feedstock. When looking at the product
distribution (Fig. 9b), the total mass of products is much smaller in
comparison to the other runs. In these runs, there was a large contri-
bution of side-products from the plastic pyrolysis plants, which are now

missing due to the absence of the pyrolysis plants. Additionally, the
utility and other product categories have expanded compared to the
other runs. For the utility product category, this is a result of the
decrease in oxygen usage for the resulting configuration, while for the
other category, the MTA process produces ethane and propane as
byproducts.

4. Conclusion

This paper presents a framework for modeling optimal defossiliza-
tion pathways for existing petrochemical clusters by introducing alter-
native carbon sources. The model uses a multi-step multi-objective
method, starting with an existing cluster, and uses step-wise addition of
novel processes and can lock-out future choices due to past investments.
For the material layer, the level of detail goes down to the composition
of each stream, while for the energy layer, energy is included per type of
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utility. The model selects a combination of fossil-based and ACS-based
processes and feedstocks to match the production rate of end-of-value
chain chemicals present in the existing petrochemical cluster while
minimizing the use of fossil-based carbon feedstocks and minimizing
changes to the petrochemical cluster. This allows the model to consider
existing processes and their interconnections during the transformation
of the cluster. Furthermore, the multi-step implementation allows to
consider how petrochemical clusters are transformed over time. This is
implemented in the model by increasing the design space of ACS-based
processes with increasing model steps while considering the already
removed fossil-based processes and constructed ACS-based in earlier
steps.

The method was demonstrated using a case study based on the Port
of Rotterdam petrochemical cluster. This case study included ten
chemical processes that are used for the production of four end-of-value
chain chemicals, five ACS-based processes providing alternative routes
for producing chemical building blocks, and one ACS-based route
providing an alternative route to an end-of-value chain chemical. The
results of the case study showed that the model is able to select optimal
combinations of processes and feedstocks to minimize fossil-based car-
bon. The result allow to explore the potential impact of these changes on
carbon feedstocks, the product distribution and the energy imported by
the cluster. In combination with the multi-step implementation, the
model provides insights into the type of feedstocks that are used, the
technologies that are deployed, the importance of feedstock availability
and capacity flexibility, and the changes in the utility system.

This method also has limitations. The model is not a true dynamic
representation of how a petrochemical cluster will transform over time.
Instead, it assumes that always the most optimal configuration for the
full cluster will be selected by stakeholders, thereby disregarding that
companies optimize for their solution rather than the full system. This
constraint is inherent to all MILP models. Nonetheless, the results of this
model could be used to discuss with stakeholders or could be connected
to participatory models (e.g., agent-based models). For instance, the
agents of an agent-based model could make investment decisions for
each company based on the solutions provided by the superstructure-
based optimization model. An additional limitation, is that the
optimal solution for each step is currently decided by TOPSIS. As an
alternative, a decision maker could be allowed to select the optimal
solution after the solutions have been ranked by TOPSIS. Additionally,
the framework is currently not capable of dealing with policy changes,
such as subsidy schemes and carbon pricing, and this could be intro-
duced in future work. Furthermore, in the objective function tested in
the article, the CAPEX was assumed to be completely representative of
the costs associated with the loss of a fossil-based process asset, whereas

Appendix

Table A.1
Production capacity and underlying data of all chemical processes in the model.

Chemical Engineering Science 321 (2026) 122783

in fact, the actual value of any asset decreases over time. Therefore, the
penalty assigned in the model to removing fossil-based processes may
overestimate the penalty. In future work introducing salvage values into
the objective function could be explored.

Finally, the optimization model can be extended. Different objective
functions can be implemented in the model, for example, minimizing
global warming potential, water consumption use or any other envi-
ronmental indicator. These alternative objective functions would how-
ever require additional input parameters. Decarbonization options for
the production of utilities could also be included in the model, to
investigate the impacts on the cluster. In future work, the methodology
will be improved by including the physical distance between process
sites and assessing the extent at which limitations in feedstock and land
space availability affect the pathways. Furthermore, the presented case
study will be extended to include a more complete representation of the
Port of Rotterdam petrochemical cluster to cover 33 fossil-based
processes.
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ID. Process.

Capacity, kt/y. DOI.

Fossil-based Processes.

El. Ethylene Oxide (EO)

E2. Ethylbenzene (EB)

E3. Ethylene Glycol (MEG)

M6.1. Isobutene.

Mé6. Methyl tert-butyl ether (MTBE)

O1. Olefins.

P1.1. C4 isomerization.

P1. Propylene Oxide /Tert-butyl Alcohol (PO/TBA)
P3. Propylene Glycol Methyl Ether (PGME)

Pé6. Propylene Oxide / Styrene Monomer (PO/SM)
Ul. Steam Methane Reforming (SMR)

200. https://doi.org/10.5281/zenodo.14833785.
758. https://doi.org/10.5281/zenodo.14910309.
113. https://doi.org/10.5281/zenodo.14833785.
358. https://doi.org/10.5281/zenodo.14825922.
400.

3,000 (Naphtha) https://doi.org/10.5281/zenodo.14825234.
549. https://doi.org/10.5281/zenodo.14825844.
250 (PO) / 603 (TBA)

90. https://doi.org/10.5281/zenodo.14906547.

650 (SM) / 290 (PO)
100 (Ho)

https://doi.org/10.5281/zenodo.14906685.
https://doi.org/10.5281/zenodo.15205929.

(continued on next page)
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Table A.1 (continued)
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ID. Process. Capacity, kt/y. DOL.
v2. Air Separation Unit (ASU) 7,560 (Air) https://doi.org/10.5281/zenodo.15205968.
Ueé. Waste-fired boiler (WFB) 1,671 (LLPS) https://doi.org/10.5281/zenodo.14825977.
Deployed ACS-based Processes.
BM6.1. Bio-Isobutene. 358. https://doi.org/10.5281/zenodo.14826089.
CM1. CO; to methanol. 406. https://doi.org/10.5281/zenodo.14894463.
CO1. Direct electrochemical reduction of CO3 to ethylene. 329. https://doi.org/10.5281/zenodo.14894342.
MA1. Methanol to aromatics. 535 (Benzene)972 (p-Xylene) https://doi.org/10.5281/zenodo.14894482.
68 (Propylene)
21 (Ethylene)
MO1. Methanol to olefins. 314 (Ethylene) https://doi.org/10.5281/zenodo.14894523.
398 (Propylene)
60 (Benzene)
PMI1. Plastic gasification followed by methanol synthesis. 408. https://doi.org/10.5281/zenodo.14894543.
PO1. Plastic pyrolysis plant. 1055 (Naphtha) https://doi.org/10.5281/zenodo.14894590.
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Fig. A.1. . Flowchart for the multi-step multi-objective method
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Table A.2
Selected processes and their operating capacities.

Run A. Run B Run C. Run D.
Node. P Operating capacity. P Operating capacity. P Operating capacity. P Operating capacity.
El. 1. 100 % 1. 100 % 1. 100 % 1. 100 %
E2. 1. 100 % 1. 100 % 1. 100 % 1. 100 %
E3. 1. 100 % 1. 100 % 1. 100 % 1. 100 %
M61. 0. - 0. - 0. - 0.
Mé6. 1. 100 % 1. 100 % 1. 100 % 1. 100 %
O1. 1. 94.2 % 1. 94.2 % 1. 85.6 % 1. 85.6 %
P11. 0. - 0. - 0. - 0. -
P1. 0. - 0. - 0. - 0. -
P3. 1. 100 % 1. 100 % 1. 100 % 1. 100 %
P6. 1. 100 % 1. 100 % 1. 100 % 1. 100 %
Ul. 1. 90.0 % 1. 90.0 % 1. 53.1 % 1. 53.1 %
v2. 1. 94 % 1. 94.9 % 1. 71.6 % 1. 71.6 %
U3-IS. 1. 100 % 1. 100 % 1. 100 % 1. 100 %
U3-SL. 1. 100 % 1. 100 % 1. 100 % 1. 100 %
U6-A. 1. 100 % 1. 100 % 1. 100 % 1. 100 %
U6-I1. 0. - 0. - 0. - 0. -
uU6-12. 0. - 0. - 0. - 0. -
BM61. 1. - 1. - 1. - 1. -
CM1. 0. - 0. - 0. - 0. -
COl. 0. - 0. - 0. - 0. -
MALT. 0. - 0. - 0. - 0. -
MO1. 0. - 0. - 0. - 0. -
PO1. 3. - 3. - 3. - 1. -
Table A.3
Selected processes and operation capacities when plastic feedstock is
limited.
Run A.
Node. P Operating capacity.
El. 1. 100 %
E2. 1. 100 %
E3. 1. 100 %
M61. 0. -
M6. 1. 100 %
Ol. 0. -
P11. 0. -
P1. 0. -
P3. 1. 100 %
P6. 1. 100 %
Ul. 1. 100 %
U2. 1. 94.9 %
U3-IS. 1. 100 %
U3-SL. 1. 100 %
U6-A. 1. 100 %
U6-I1. 0. -
U6-12. 0. -
BM61. 1. -
CM1. 28. -
CO1. 1. -
MA1. 1. -
MO1. 1. -
PO1. 3. -
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