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Processes for recycling or reusing material resources have naturally appeared along with the history of technology development when need, resource scarcity, opportunities, and enabling technologies have combined
conveniently with insight, intuition, and fortune. The current pressure for saving resources by efficiently integrating production and consumption processes requires the development of systematic approaches exploring
opportunities and determining the best alternatives. While recent research has addressed the problem of directly
connecting sources and sinks, we turn our attention to doing so with improved efficiency and at a lower cost.
This work addresses the event of a systematic framework for the synthesis and optimization of the industrial
process networks required by an economic system aimed at adding value to waste and minimizing the continuous need for non-renewable resources from a circular economy perspective. The systematic framework
presented relies upon a novel model formulated as a superstructure that includes the transformation technologies needed for the revaluation of waste, which, in turn, raises resource-sharing opportunities otherwise ignored. The model is flexible enough to address primary uncertainty sources and manage different objectives
(e.g., economic and environmental. A case study on hydrocarbons recovery from waste plastic illustrates the
capabilities of the model, which proves to be a useful tool for the identification of the most promising routes for
waste transformation and the less efficient processes where substantial improvement is required to increase their
competitive edge. The methodology is valuable for the multiple actors involving the waste revaluation sector,
from private companies to policymakers.

1. Introduction
Industrial symbiosis in process networks engages different industries in a collective approach to gain a competitive benefit by physically exchanging materials, energy, water, and by-products
(Chertow, 2000). Eco-industrial parks (EIPs) take advantage of geographical proximity to cooperate by sharing diverse resources. The
main benefits of sharing resources include enhancing material and
energy conservation, reducing the costs for the acquisition of fresh raw
materials and treatment of side products, and decreasing the environmental footprint.
These benefits increase if, in addition to direct waste-to-resource
matching, it also considers new transformation opportunities as a way
to convert otherwise unusable waste into new profitable materials.
Although increasing industrial symbiosis opportunities is a convenient

way to reduce waste, it is not enough to guarantee circularity.
Eventually, the circular economy paradigm would be achieved only by
introducing those critical steps that allow closing process chains.
Regarding the systematic exploration and assessment of opportunities, it is worth mentioning the detailed review of Boix et al. (2015)
on optimization in industrial symbiosis. Despite recent advances, most
of the research challenges identified by Boix et al. (2015) remain, including the possibility of transforming external waste streams, as considered in this work. Consequently, we dedicate a substantial research
effort to the retrofitting of existing EIPs.
There is a substantial number of works, especially on water exchange networks (Aguilar-Oropeza, Rubio-Castro, and Ponce-Ortega
(2019), who worked on finding the utopian point for water recycling
and reuse. It is also worth mentioning the works of Aviso (2014), who
develops a robust optimization model for stochastic modeling, and
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more recently, Huang et al. (2019) proposed a stochastic model for the
design of industrial water desalination. Additional work on water use
improvement has taken the effort of a substantial number of contributions: Jiang et al. (2019) study the joint use of the water utility system;
Montastruc et al. (2013) consider the flexibility of water networks in
industrial symbiosis. Tiu and Cruz (2017) focus on water quality considerations. Xu et al. (2019) study fault propagation in water networks.
The spatial effect on the network design appears in the work of O'Dwyer
et al. (2020).
There is alsorelevant work on the role of energy, including the study
of energy exchange networks. For instance, the work of Zhang et al.
(2017) consider knowledge management for energy utilization. Otherwise, Bütün, Kantor, and Maréchal (2019) include spatial considerations. It is also worth noticing the recent work of Knudsen, Kauko, and
Andresen (2019) who design a model for surplus-heat allocation, and
that of Aziz and Hashim (2019) adding heat integration, which also has
as a precedent the contribution of Leong et al. (2017a) on the same
topic two years before.
All these works provide valuable tools to assess the synthesis and
development of EIPs. However, they are frequently case-based, geographically limited, or focused only on the exchange of utilities (mainly
heat and water), for which the transformation processes are implicit or
negligible.
Nevertheless, material exchanges entail specific challenges: the
number of flows to manage, their potentially different nature and
characterization, and the number of actors involved (i.e., the various
industries that take part in the system, the requirements from the administration and other third parties). Furthermore, converting material
waste into reusable resources requires complicated and specific transformation technologies, such as complex separation processes or specific chemical reactions, which must be explored if one wants to take

Amount of compound i sold (i ∈ IPRO ∪ i ∈ IBYP) in scenario m
Amount of compound i purchased (i ∈ IWST) in scenario m
Amount of compound i outsourced (i ∈ IOUT) in scenario m
Amount of compound i at end-of-life alternative k in scenario m
Production level of technology j in scenario m
Binary variable: 1 if technology j is used, 0 otherwise

advantage of related opportunities.
Focusing on the complexities of the generic problem of resource
transformation and exchange, Maillé and Frayret (2016) developed a
MILP formulation to optimize by‐product flows, synergy configurations,
and investment decisions in eco‐industrial networks. Ren et al. (2016)
developed a multi-objective model based on emergy indexes, and
Tan et al. (2016) considered cooperation between industries. More recently, Al-Fadhli et al. (2019) extended their previous works on targeting Carbon-Oxygen-Hydrogen symbiosis networks by adding modular design and natural resource limitations. The research groups
(Noureldin and El-Halwagi, 2015; Panu et al., 2019; Topolski et al.,
2018) have brought a consistent framework for material exchange
centered in EIPs.
The concept of the circular economy is broader by definition, and
literature shows its application into very diverse fields, which hinders a
systematic analysis of the implementation of the concept in Process
Systems Engineering (PSE). However, the recent review by
Avraamidou et al. (2020) explores the challenges and opportunities of
applying long-established PSE methods to tackle the circular economy
problem.
This work proposes a far-reaching scope going beyond the conceptual limits of an EIP by considering the broader concept of the circular economy. It implies the consideration of external waste supply, as
well as the integration of efficient transformation processes for material
upgrading (e.g., pyrolysis) instead of conventional waste treatment
processes leading to lower grade resources (e.g., waste to energy via
incineration). Consequently, the assessment of alternatives does not
only contemplate the analysis of the economic performance of the
processes. Environmental performance plays a vital role in the evaluation procedure to guarantee additional positive effects of waste
transformation processes when compared to traditional end-of-life
2
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alternatives for waste. In this regard, Life Cycle Assessment (LCA)
metrics provide detailed estimations of the environmental impacts of
said processes.
Although utility exchange and by-product synergies are potentially
beneficial in both economic and environmental terms, the opportunities
in considering the transformation of urban or industrial waste into
added-value products are limitless. It raises the concern on the feasibility of the examination of the possible conversion routes, to select the
most convenient one. In contrast with the more constrained number of
possibilities to be considered for the synthesis of traditional productbased process industries, this waste-to-resource approach requires an
efficient screening method to study all the opportunities.
This work aims to contribute with a methodological framework to
the identification and assessment of the most appealing processes
among a set of potential alternatives, able to provide decision making
support in waste revaluation projects, industrial symbiosis projects, and
the synthesis of circular economy networks. With this goal, the framework includes procedures and support tools to build a network encompassing potential alternative processes (i.e., different waste-resource routes) implementing to close the loop between waste producers
and resource consumers.
In this light, one of the most promising applications of the proposed
methodology is on the hydrocarbon recovery from plastic waste, to
close the life cycle of plastics. The EU28 reports 17.6 million tons of
plastic
waste
generated
during
2016
(Eurostat
European Commission, 2016), of which 8.4 million tons went for its
recycling (PlasticsEurope, 2018). End-of-life alternatives for plastic
waste include its landfilling, incineration, mechanical recycling, and
depolymerization. During the past decades, recycling alternatives are
attracting broad interest. However, the high potential for revaluation
comes along with difficulty in assessing which options show the highest
profitability. This situation arises, not only because of the endless
possibilities available but also because most technologies for depolymerization are still at the early research and development stage (i.e.,
their technology readiness level is low), (World Economic Forum; Ellen
MacArthur Foundation; McKinsey and Company, 2016).

of reactants for waste-to-resource transformations that are not present
in waste streams, or to cover product demands that cannot be satisfied
through waste transformation), and the consideration of alternative
paths for waste treatment (i.e., waste is disposed of or degraded into
material or energy for lower-level applications).
The low technology readiness level of chemical recycling prevents
any accurate predictions of the costs of the technologies and calls for
the use of a stochastic model capable of capturing the primary sources
of uncertainty. The mathematical formulation for such a stochastic
model has two steps: first, we develop a deterministic model as described in Section 3.1, whereas Section 3.2 includes the modifications
required to cover for the assessment of uncertain parameters.
3.1. Deterministic model
Eq. (1) shows the global mass balance of the system. For any compound i in the model, the amount of waste purchased (Pi) plus the
outsourcing needs (Oi) and the amount produced/consumed by the
waste-to-resource technologies ( j ij Xj ) must be equal to the amount
sold to final consumers (Si) plus the amount of non-demanded products
send to end-of-life alternative (waste disposal, k Wik ).

Pi + Oi +

= Si +

Wik
k

i

(1)

Here, where variable Xj denotes the production level of technology j
and ηij is a parameter defining the yield of component i in technology j,
whose values are positive for products and by-products (output components) and negative for raw materials (consumed).
This formulation admits several types of material exchange: i) waste
X , e.g., plastic waste
processing for consumed compounds (Pi =
j ij j
sent to pyrolysis); ii) waste directly sold, if it matches the outlet requirements (Pi = Si , e.g., plastic sent to an industry that can directly
reuse it), or disposed of (Pi = k Wik , e.g., plastic that cannot be recycled and is thus disposed of or incinerated for its revaluation); iii)
X , for
outsourcing can enter the transformation process (Oi =
j ij j
consumed compounds, e.g., compounds not present in waste streams
but required as reactants at waste-to-resource transformations),), or be
directly sold to match a lack of any component after direct exchange or
transformation (Oi = Si , e.g., when ethylene recovered from plastic
pyrolysis is not enough to cover the total demand of ethylene and introducing additional ethylene becomes necessary).
Sold compounds have to satisfy the demand (ωi) for all products
i ∈ IPRO as represented in Eq. (2). Si accounts for materials from the
direct use of waste (Si = Pi in Eq. (1)), transformed waste (Si = j ij Xj ),
outsourced materials (Si = Oi ) or a combination of all these options.

2. Problem statement
One can state the screening problem addressed in this work as follows:

• Given are a set of available waste streams and a set of technologies
that can transform them into added-value products.
• Given are also target demands for final products and the possibility
•

ij Xj
j

of outsourcing some of the components required as final products or
reactants in the transformation processes and the end-of-life alternatives to dispose of valueless by-products or idle waste.
The aim is to determine the processing network that exploits symbiosis opportunities to close optimally processing chains under different criteria (e.g., maximizing profit and reducing environmental
impact).

Si =

i

I PRO

i

(2)

The different technologies available have minimum and maximum
capacity limitations ( j , ¯j ) imposed on their primary production level
(Xj), as given by Eq. (3):
j

A superstructure is built to solve this problem, including as decisions the amount of waste disposed of through the various end-of-life
alternatives and the amounts of processed waste, outsourced components, and products sold.

¯

Xj

j

j

(3)

Bounding variables require subsets of components as follows:
i ∈ IWST for waste sources, i ∈ IOUT for outsourced components, in case of
products i ∈ IPRO, and i ∈ IBYP for by-products. Only waste and outsourced components can be purchased Eqs. (4) and ((5)), limited by
their corresponding maximum availability ( ¯i , ¯i ) Eqs. (6) and ((7)).
Note that a minimum allowable purchase could also be established if
necessary, with analogous equations and parameters ( i , i ).

3. Mathematical formulation
The core of the proposed framework contains a mathematical model
adapted from the one proposed by Kim et al. (2013) for the assessment
of biomass-to-fuel processes, here extended with new elements required
for the modeling of industrial symbiosis and circular economy networks. New features include consideration of waste as the primary inlet
resource, the possibility of outsourcing materials (i.e., to cover the need
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with the vector ˜j .
The introduction of uncertainty in the model makes it necessary to
replace the original variables (Pi, Si, Oi, Wik, Xj) with equivalent ones
depending on the particular scenario m (Pmi, Smi, Omi, Wmik, Xmj). Note
that these variables, affecting the different production levels, as well as
purchases and sales, can be regarded as second-stage variables involving recursive actions to be taken after the realization of the uncertainty, e.g., if the OPEX of a particular transformation technology,
included in the parameter ˜j , becomes higher than expected, one can
choose to reduce the production level so as to adapt to this. In contrast,
there are other decisions, such as the design of the process network (i.e.,
which transformation units and end-of-life options are going to be built
and used), which must be taken before the realization of the uncertainty. These so-called first stage variables, which are also related to
the stochastic vector ˜j through the CAPEX, were not required in the
deterministic model yet they need to be introduced in the stochastic
formulation discretized as σmj (see Eq. (20) below). Hence, a new binary
variable Bj is added to enforce a common network topology for all the M
scenarios.
Bearing all the above in mind, the final stochastic multi-objective
optimization model can be written as follows:

(7)
(8)

I BYP

The solution of circular economy problems can benefit from the
implementation of multi-objective optimization techniques to assess the
different dimensions of sustainability. As in the case of
Kim et al. (2013), the proposed formulation accepts other criteria for
strategy evaluation. In our case, the criteria considered for illustrative
purposes are maximizing the global profit of the system and minimizing
its environmental impact. These are objectives that policymakers could
consider when looking at the life cycle of materials (raw material acquisition, process, and disposal) to identify the most promising waste
transformation technologies. In such a case, Eq. (9) contemplates
maximization of profit, including the income from selling the products
or by-products at selling prices iS and discounting the cost of waste and
outsourced compounds (at unitary costs iP and iO , respectively), the
cost for disposal of final waste (based on unitary cost µikW ) and the cost
of transformation (accounted for in unitary cost σj, which consider both
the CAPEX and the OPEX).
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Similarly, Eq. (10) provides the objective function required to
minimize the environmental impact, including impacts embedded in
purchasing waste and outsourced materials, treating waste, and the
transformation processes. Note that here i and EnvImp can be scalars
or vectors including more than one environmental objective.
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Hence, the optimization model can be stated as follows:

EnvImp)

This model aims to identify the best opportunities for waste valorization. Yet, the model formulation is general and flexible enough to
address the solution of other related problems after minor modifications. For instance, in the model presented so far, a surplus of available
waste can remain after purchasing (i.e., ¯i Pi ). It would not be desirable if the aim were to use this model to find the most convenient
way to treat all the available waste, which very often may exceed the
demand for obtainable products. In such a case, it would suffice with
enforcing equality (instead of inequality) in Eq. (6), whereby all
available waste would need to be purchased and either transformed or
disposed of through a specific pathway due to Eq. (1).
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Eq. (11) provides expected values to objective functions (Eqs. (20),
(21)), as given by the summation of the product between the value of
each metric in each scenario (Profitm or EnvImpm) and the probability of
occurrence of such a scenario (ρm, a parameter depending on the particular distribution selected for the uncertainty in ˜j ). Note that several
parameters ( i , ¯i, ¯i ) remain deterministic even in the stochastic
model, meaning they share the same values across all the scenarios.

3.2. Stochastic model
As previously introduced, the scarcity of available data, together
with the low degree of development of some of the revalorization
processes, may lead to elevated levels of uncertainty on the estimation
of their final costs. To consider this, we replace the deterministic
parameter σj by the stochastic one ˜j . To attain both while preserving
the linear nature of the formulation regardless of the uncertainty distribution assumed for the cost parameters, we rely on scenario sampling
for the discretization of the uncertain distributions. To this end, a set of
M potential scenarios (m = 1, …M ) is defined, so that each scenario
corresponds to a particular realization of the uncertainty associated

3.3. Solution procedure
We use the ε-constraint method (Mavrotas, 2009) to generate a set
of Pareto optimal solutions. To do this, we first find the strong anchor
points for each bicriteria pair. With this information, we calculate the
values of ε and solve the model iteratively to find all the points of the
Pareto set. Fig. 1 depicts a diagram for the solution strategy followed to
obtain the results, including the inputs required for characterizing the
optimization problem. These are the deterministic parameters and
discretized uncertain parameters values, and also the four objectives.
4

Resources, Conservation & Recycling 164 (2021) 105147

A. Somoza-Tornos, et al.

the typical waste generated in a western industrialized area populated
by 5 million people. Processes are designed based on the capacity of
waste incineration in the outskirts of Barcelona (20 t/h). Waste purchasing costs are estimated in Table 1, having in mind the price for
waste plastic (Eurostat - European Commission, 2019) and the contribution to the quotations from each one of the polymers according to
its market price (Eurostat - European Commission, 2018).
Alternative treatments of MPW contemplate direct pyrolysis or
sorting into the plastic fractions that compose it. The pyrolysis products
are gas and oil mixtures. By using separation sequences, one may obtain
the individual components. For this illustrative case, we consider that
gas or oil streams sent to separation are split into all their components.
However, if a higher level of detail is required, the model is flexible
enough to consider individual separations as independent transformation processes that can be selected individually. It would allow for
obtaining designs where only a subset of components are separated
while the rest remain in the mixture. These processes are represented in
a superstructure, as depicted in Figure S1.
The process characterization is based on the references that provide
more accurate data in terms of gas/oil fractions and product distributions. Table 2 shows the processes selected, their source, and the products they reported. For the sake of simplicity, we eliminate minor
products by considering that only compounds present in a mass fraction
higher than 5% are relevant to the level of detail of our study.
As seen in Table 2, sorting of MPW through pyrolysis, one obtains
polyethylene (PE), polystyrene (PS), polyethylene terephthalate (PET),
and polypropylene (PP). However, this study does not consider the
pyrolysis of PET, given that the gas fraction contains mainly CO2
(Williams and Williams, 1999), used for its energy valorization through
incineration. A similar consideration goes with gas and oil fractions
resulting from pyrolysis. As for their value as final products, it is uncertain (Honus et al., 2016) when not separated into their compounds.
They can only be profitable by incineration.
Regarding sorting costs, those come from Brandrup et al. (1996).
For the remaining 14 transformation processes, flowsheets are built
according to standard heuristics (Seider et al., 2009) and simulated
(Aspen Plus) to obtain the sizing parameters and energy consumptions.
In these simulations, the outlet purities of outlet products are fixed to
satisfy market quality requirements to ensure the recycled products are
competitive concerning the products obtained with traditional processes. Unitary cost estimations are calculated by gathering CAPEX and
OPEX from Aspen Process Economic Analyzer, and dividing annualized
capital costs and operating costs by the maximum annual production
according to capacity. Since there is also a lack of information regarding the distribution of this cost uncertainty, we opt for a uniform
distribution. Our results satisfy the test for a confidence level of 95%,
proving the number of scenarios considered is sufficient. All costs are
updated to 2019 with GDP deflators (The World Bank, 2019). The resulting costs, as provided in Table S1, corresponding to the nominal
values for the parameter σj.
Note, however, that costs are a primary source of uncertainty due to
the low technology readiness level of the pyrolysis processes. Since
there is also a lack of information regarding the distribution of this cost
uncertainty, we opt for a uniform distribution for illustrative purposes
(i.e., ˜j U (aj , bj ) ). One hundred cost scenarios were arbitrarily

Fig. 1. Flowchart of the solution procedure.

The assessment of environmental goals takes place against profit employing the representation of Pareto bicriteria fronts to reduce the
computational burden of dealing with the four objectives simultaneously. Following the theory in multi-objective optimization
(Brockhoff and Zitzler, 2009), this is feasible since any Pareto solution
of a MOO problem defined for any subset of the dimensional space is
also Pareto optimal in the higher dimensional space.
3.4. Case study
This section illustrates the capabilities of the model through its
application to the prospective analysis of the pyrolysis of mixed plastic
waste for the upcycling of value-added chemicals.
Though promising, the pyrolysis of plastic waste is still in a low
technology readiness level. As a result, the data required for assessing
its industrial application is scarce, with most of the published results
obtained from laboratory-scale experiments. Hence, we gather data for
product distribution from several experimental contributions in literature and estimate the costs for its industrial application.
We consider available inlets of waste polyethylene (PE), waste
polypropylene (PP), waste polystyrene (PS), waste polyethylene terephthalate (PET), and mixed plastic waste (MPW), as shown in Table 1.
We are also taking into account that Europe collected over 8.4 million
tonnes of plastic waste in recyclable designated sites in 2016
(PlasticsEurope, 2018), which is the equivalent of the mixed plastic
waste produced by 5.4 million people. The case study is scaled to treat

Table 1
Amount of available waste inlets.
Waste

Amount (t/h)

Cost (€/t)*

Mixed Plastic Waste (MPW)
Polyethylene (PE)
Polypropylene (PP)
Polystyrene (PS)
Polyethylene terephthalate (PET)

20.00
2.92
1.65
0.51
0.96

306.00
307.98
269.63
559.02
228.09

⁎

5

Price of waste adapted from Eurostat - European Commission; 2018, 2019.
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Table 2
Transformation processes, reference, and main products.
Process

Reference

Main products (with a fraction >5%, in decreasing order)

Sorting of MPW

(Brandrup et al., 1996; Onwudili et al.,
2018)
(Onwudili et al., 2018)
(Kannan et al., 2014)
(Kaminsky et al., 2004)
(Kaminsky et al., 2004)
(Onwudili et al., 2009)
(Onwudili et al., 2018)
(Onwudili et al., 2018)

Polyethylene (PE), polystyrene (PS), polyethylene terephthalate
(PET), polypropylene (PP)
Gas and oil fractions
Gas fraction
Gas and oil fractions
Gas and oil fractions
Oil fraction
Hydrogen, methane, propylene, butane, ethane, ethylene, propane,
butene
Toluene, benzene, styrene, ethylbenzene

(Kannan et al., 2014)

Ethylene, propylene, benzene, 1,3-butadiene, methane

(Kaminsky et al., 2004)

Methane, ethylene, ethane, propylene

(Kaminsky et al., 2004)

Benzene, pyrene, toluene, indane

(Kaminsky et al., 2004)

Methane, ethylene, ethane, propylene

(Kaminsky et al., 2004)

Benzene, toluene, naphthalene

(Onwudili et al., 2009)

Ethylbenzene, toluene, cumene, triphenylbenzene

Pyrolysis of MPW at 600 °C
Pyrolysis of PE at 1000 °C
Pyrolysis of PE at 740 °C
Pyrolysis of PP at 760 °C
Pyrolysis of PS at 425 °C
Separation of gas components from MPW pyrolysis at
600 °C
Separation of light oil components from MPW
pyrolysis at 600 °C
Separation of gas components from PE pyrolysis at
1000 °C
Separation of gas components from PE pyrolysis at
740 °C
Separation of light oil components from PE pyrolysis at
740 °C
Separation of gas components from PP pyrolysis at
760 °C
Separation of light oil components from PP pyrolysis at
740 °C
Separation of oil components from PS pyrolysis at
425 °C

defined using Monte Carlo sampling within a range of ± 20% concerning the nominal value (in mathematical terms, the support for the
uniform distribution modeling the cost of process j defined as aj = 0.8 j
and bj = 1.2 j ). If, in the future, further data became available, and it
pointed towards a specific probability distribution other than the uniform, this distribution could be replaced without further affecting the
overall methodology. Besides, our results, discussed in the following
section, satisfy the Law and Kelton (2000) test for a confidence level of
95%, which proves the number of scenarios considered is sufficient.
Table S2 shows demands for the bulk chemicals considered as
products and outsourcing possibilities, which are scaled from total
European production (Eurostat - European Commission, 2018) to satisfy
the needs of the industry associated with a population of 5 million
people. In comparison, demands for fuels like methane or hydrogen are
several orders of magnitude higher and would shift the solution to its
production. Thus, it leads us to consider as sold any produced amount.

A similar consideration is done for specialties when amounts produced
are low.
The available end-of-life alternatives include landfilling of plastic
waste and incineration for waste revaluation into energy for all the
compounds. Disregarding mechanical recycling is due to the lack of
consistent data regarding its application. The cost for landfilling is directly retrieved from Baldasano et al. (2003) and updated to 2019. In
contrast, the final incineration cost is the result of two components: the
gross costs incurred at the incineration, minus the economic credits
assigned due to the generation of heat. The former term comes from
updated values found in the literature (Gradus et al., 2017). For the
latter, we use a system expansion approach to assign economic credits
based on the displacement of conventional heat production with natural
gas. To this end, the calculation of the amount of heat produced with
incineration assumes the lower heating value of each compound
(ECN.TNO, 2019; Hydrogen tools, 2019). Table S3 displays the final

Fig. 2. Optimal network for the maximum profit solution.
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costs obtained for the two end-of-life alternatives.
Table S4 gives the environmental impacts for transformation processes by performing gate-to-gate life cycle assessments following the
ReCiPe 2016 method (Huijbregts et al., 2017). The endpoint indicators
(i.e., impact on human health, environment, and resource scarcity)
permit to evaluate the environmental impacts. Inventories are built
gathering material and energy balances information from flowsheet
simulations, considering a ton of material processed as a functional
unit. The entries beyond the boundaries of the system were retrieved
from the Ecoinvent database v3.4 (Wernet et al., 2016), accessed via
SimaPro.
4. Results and discussion
We implement the model in GAMS 27.3.0 and solve it using CPLEX
12.9 on an Intel i5–8250 U CPU @1.6 GHz machine. The model features
7807 equations, 17,321 continuous variables, and 14 discrete variables.
The average time to solve a point of the Pareto curve, consisting of 100
cost scenarios for a particular environmental impact (ε-constraint
method), is 1.39 s, leading to a total computing time of 55.74 s required
to solve all the scenarios and compile the results presented below.
We first optimize the profit alone (i.e., disregarding the environmental objectives), obtaining the optimal network design represented
in Fig. 2. As can be seen, the total available amounts of MPW, PE, and
PP waste are purchased for its waste-to-resource valorization. The high
cost of PS waste and the impossibility of revalorizing PET apart from
combustion are underlined.
MPW direct pyrolysis produces a broader range of gas and oil products compared to pyrolyzing the different individual plastics after
sorting. However, this last option is less profitable due to the high costs
of sorting. Therefore, to valorize the oil fraction into energy through
incineration becomes the most attractive solution. As for PE and PP,
they both come first through pyrolysis, followed by a separation of the
resulting gas and oil streams into their components, which are either
sold or incinerated (see Fig. 2).
Fig. 3 shows the cost breakdown for this solution, with the bars
representing the average values and the error bars defining the range of
values obtained across the 100 scenarios (i.e., the lowest and highest
values for each term). After balancing costs and incomes, the expected
profit can reach up to 1062.61 €/t. While hydrocarbon recovery from
plastic waste is profitable, there is a clear gap between waste transformation yields and hydrocarbon demand. This difference leads to
high outsourcing requirements, in order to cover the demand, stressing
the need to foster waste collection systems. Without considering outsourced requirements, more than half of the cost (57%) is due to the
waste purchase. Waste treatment leads to 27% of costs and 52% of
revenues, including products and by-products, while the incineration of
the oil from MPW pyrolysis entails 17% of costs and 48% of income.

Fig. 4. Cost of chemicals from waste recovery vs. market price (Source for
market prices: Eurostat - European Commission, 2018).

Fig. 4 compares the cost breakdown of chemicals produced from
waste recovery in front of their market price. The margins between total
production cost and selling price are in the range of 3.9% for toluene to
9.4% for benzene. It reveals that substantial research needs to be performed to improve their competitiveness, since currently, the main
advantage of the selected network comes from avoiding the cost of
treating waste at end-of-life alternatives. In this sense, it should be
taken into account is worth noticing that the required technologies are
still under development, so that performance and costs may vary once
they become more mature, for instance, employing process integration,
which will lead to improve these margins.
This maximum profit solution discussed so far corresponds to one of
the extremes (i.e., anchor points) in the Pareto frontier. In Fig. 5, the
whole Pareto set is represented, with squares providing the trade-off
between profit and the different endpoint environmental impacts. The
diverse network designs (i.e., topologies) found are given in different
colors (these network configurations appear in Figure S2). The error
bars represent the range of solutions that are obtained for the different
scenarios (from the minimum to the maximum values for each one of
the objectives).
To assess the effect of waste-to-resource technologies with respect to
traditional end-of-life alternatives, we additionally run the model by
applying a ban to waste-to-resource processes. Triangles in Fig. 5 correspond to these results, where waste can only be landfilled or incinerated, and all product demands outsourced.
The comparison between the two approaches underlines the need to
move towards the introduction of recycling technologies. It is worth

Fig. 3. Cost and profit breakdown for the maximum profit solution.
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noticing that traditional hydrocarbon production and end-of-life treatment (i.e., production of hydrocarbons from naphtha and disposing of/
incinerating plastic waste) are always dominated, regardless of which is
the economic or environmental objective/perspective used. However,
there is still a lot of work to be done concerning recycling processes
design and integration. Notice that the most environmentally-friendly
processes are those showing a higher energy consumption, thus emphasizing the need to design more efficient processes (e.g., implementing energy integration). For instance, this is the case of polyethylene pyrolysis at 1000 °C, which exhibits a lower environmental
impact due to its high conversion of waste to gas, thus increasing its
hydrocarbon production despite the high energy consumption required
to reach such temperatures. Error bars denote how significant is the
effect of the uncertainty in the costs and yields of the different considered technologies, which propagates to the final results.
Fig. 5.a shows the trade-off between profit and the impact on human
resources. From the anchor point of maximum profit to the one of
minimum impact on human health, the latter can be reduced up to
8.6% with a significant drop of 6.7 times in profit, thus becoming negative. From a technical point of view, the reduction in the impact is
achieved first by switching from pyrolysis of PE at 740 °C to 1000 °C,
and consequently improving the associated separation process (from
solutions in blue to red and green); second by adding the sorting MPS
and pyrolyzing plastics separately in a more environmentally efficient
way; and third by including PS pyrolysis (from green to yellow). Finally, the solution marked in purple shows a significant impact associated with the elimination of MPW pyrolysis, which results in a less
environmentally friendly process. That happens because of the high
number of produced compounds needing to be separated (energy-intensive process). One can observe similar effects when considering the
impacts on ecosystems quality and resources conservation, with improvements on impact scores of 8.1% and 7.2%, respectively, associated
with significant profit drops (7.3 and 5.0 times, respectively).
These results show how the consideration of new transformation
processes can increase symbiosis potential beyond the conceptual limits
of conventional EIPs. Eventually, it can provide the necessary steps to
close process chains and attain true circularity Recovering valuable
materials from waste requires further efforts, but also introducing the
economic performance of the network decisions, that should be complemented with environmental assessment via LCA to understand the
impact of introducing waste-to-resource technologies fully.
5. Conclusions
This paper presents a framework for the screening of waste-to-resource technologies during the design of symbiotic networks aimed at
closing processing chains. Departing from a model based on previous
knowledge, we introduce the concepts inherent to the optimization of
circular economy networks (i.e., waste acquisition, outsourced materials, and end-of-life alternatives for waste). The resulting MILP model,
formulated as a superstructure, can represent how the demand for bulk
chemicals can be satisfied with traditional processes or different waste
transformation routes. Waste treatment can take place in open-cycle
end-of-life alternatives (e.g., landfill or incineration) or their circular
counterparts (e.g., plastic pyrolysis to recover its monomers and reintroduce them in the life cycle).
The optimization model presented not only allows the identification
of the most promising processing networks for waste recovery by selecting the most favorable waste transformation processes among a list
of potential alternatives, but it also enables the system's debottlenecking. Thus, it recognizes the weakest processes in the network
and unveils those performing worst, according to the different criteria
adopted and the potential scenarios considered.
The model formulation is flexible enough to address the different
challenges that pose the design and management of resource exchange
networks. It includes the consideration of new transformation steps that

Fig. 5. Pareto curves for the trade-off between profit and environmental endpoint impacts on a. human health, b. ecosystems, and c. resources. Squares
represent the results obtained, considering transformation technologies, while
triangles represent the results without considering any transformation at all.
Colors represent different network designs.
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may close process chains. Additionally, the proposed model also accounts for the effects of dealing with different sources and forms of data
uncertainty (e.g., in the cost of applying different technologies or else in
the yields of the required transformation processes). Its solution can be
carried out under multiple optimization criteria (e.g., profit maximization, and environmental impact minimization).
A case study illustrates the capabilities of the model. The specific
application consists of hydrocarbon recovery from waste plastic pyrolysis. In this concern, the model becomes a valuable tool for the assessment of processes with a low technology readiness level, allowing
the identification of aspects that require further development efforts
(e.g., energy integration, PS reuse options, et al.).
From a general perspective, the model identifies the optimal network and reveals the opportunities to move towards a circular
economy. Moreover, private companies could use it to spot business
opportunities in waste transformation processes. Scientists and technology developers can identify which processes need further investigation (i.e., designing catalysts that improve its performance or
using energy integration to reduce energy consumption). Besides, policymakers can use the model to identify processes that are environmentally promising but not competitive from an economic point of
view. Hence, policymakers can incentivize these processes to meet the
legal requirements for impact reduction or introduce additional financial incentives to increase global environmental performance.
Besides, the proposed model can be easily modified to address other
similar related problems, as shown here for the case of seeking the best
solutions for dealing with all the available waste.
In this sense, future work will include the analysis of the effect on
decisions of simultaneously considering the points of view of all these
different participating stakeholders, through the application of game
theory concepts and tools.
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