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Abstract

Agents in supply chains (SCs) must take different initiatives over time in order to enable the transition
to a circular economy (CE). However, different agents often have competing objectives, which may not
align with each other and may result in undesirable effects on the circularity of the overall supply chain,
including burden-shifting between agents. Furthermore, the use of frameworks such as Circulytics [1] to
assess circularity at the agent level may also result in burden-shifting.

Although SC and superstructure optimization models have been widely employed to find optimal circular
network designs [2, 3, 4, 5, 6, 7], most models rely on centralized optimization of network-level objectives
rather than considering the objectives of different agents. Understanding how well agent- and network-level
objectives align and whether optimal CE network designs benefit some agents at the expense of others would
enable the development of more holistic agent-level circularity indicators and help stakeholders prioritize
efforts to improve circularity. In addition, with the exception of [8], most CE frameworks only apply to a
specific case study, limiting their generalizability to different case studies or systems in which material from
one application is used for another.

Previously, we developed a generic framework for dynamic modeling of CE networks with multiple agents
and used it to study the value chain for single-use polyethylene terephthalate (PET) plastic packaging in
the US [9]. Here, we formulate this framework as an optimization model and consider an extended version
of the PET value chain that includes polyester textiles and chemical recycling. Life cycle assessment (LCA)
is combined with the planetary boundaries framework [10, 11, 12] to assess environmental impact. We use
multi-objective optimization to find trade-off solutions that balance network-level circularity, environmental
impact, and different agents’ net present values and Circulytics scores over a 15-year time horizon.

Our findings agree with previous work that there are trade-offs between circularity and sustainability.
For the PET case study, combining glycolysis and mechanical recycling of packaging with “downcycling”
of textiles to lower-quality fiber applications outside the PET value chain minimizes environmental impact,
while “upcycling” of textiles into packaging via methanolysis and mechanical recycling of packaging maxi-
mizes circularity. However, all Pareto-optimal trade-off solutions outperform the baseline linear economy.
although improved network-level circularity generally leads to increased agent-level circularity, the reverse is
not always the case. Furthermore, improvements in one agent’s circularity often come at the expense of other
agents’ circularity or environmental impact. Therefore, there is a need for improved agent-level circularity
indicators that avoid burden-shifting.

Introduction and Motivation

The transition to a Circular Economy (CE) requires the concerted effort of many agents across supply chains
(SCs) to take different initiatives over time. These initiatives often require significant up-front investments
or organizational changes, and their benefits may depend on the behavior of other agents. As a result,
analytical frameworks have been proposed to assess the circularity of the proposed initiatives with the aim
of predicting which ones will be more successful. These frameworks aim to assess circularity at the agent,
product, and network levels using various indicators. Examples of frameworks for assessing agent-level
circularity include MICRON [13], Circulytics [1], and the Circular Transition Indicators (CTI) [14], which
are frequently used in corporate sustainability reporting. The Material Circularity Indicator (MCI) [15] and
“Degree of Circularity” [8] are examples of product-level and network-level indicators. However, one level of
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circularity may not translate to another; in particular, increasing circularity at the agent level may not result
in an increase of circularity at the network level. For example, if a manufacturer increases its circularity by
using more recycled material, demand for recycled material may also increase, raising its price. In response,
waste collection agencies may pay consumers more to collect their waste, causing consumers to use products
for less time before discarding them, thereby increasing consumption levels. This increase in consumption
levels may actually result in more resources extracted from the Earth, which decreases overall circularity.

In our previous work [9], we presented a generic, modular framework for dynamic modeling of multi-agent
CE networks that included five agent types: manufacturer, consumer, material recovery facility (MRF),
recycling facility, and the Earth. The framework accounted for consumer reuse and recycling behavior while
estimating required capacity expansion of the involved firms as well as material quality loss due to recycling.
We combined the models for the five agents to form a model for a prototypical CE network. We used
this model to study a simplified version of the SC for single-use polyethylene terephthalate (PET) plastic
packaging in the US.

Here, we extend that work by formulating the previously developed framework as an optimization model
using a multi-period state-task network (STN) formulation [16] in which the states are stock nodes, or
inventories of material, and the tasks are technology nodes, or processes that convert material from one form
to another. This formulation can be used to define a superstructure representation for an arbitrary multi-
agent circular SC network. We use multi-objective optimization to assess the trade-offs between network-level
and agent-level circularity, economic, and environmental objectives for an extended version of the previously
considered PET supply chain.

Review of Related Work

SC optimization models in the context of CE include the work by Wang and Maravelias, who developed a
series of Mixed Integer Linear Programming (MILP) formulations for a facility location problem involving
a generic mixed plastic waste management system that includes the effects of composition and sorting on
recyclability as well as capacity constraints and transportation costs [2]. The authors used this model to
optimize a combined economic and environmental objective.

Chaudhari et al. combined life cycle assessment (LCA) and material flow analysis to develop a systems
analysis framework and used it to formulate a linear program to minimize the global warming potential
(GWP) of a closed-loop supply chain for polyethylene terephthalate (PET) bottles [17]. In a follow-up
article [3], Chaudhari et al. extended this model to include facility location decisions, additional recycling
pathways, additional types of plastics, and additional types of plastic packaging manufacturing processes.
They used an MILP formulation to minimize the GWP and cumulative energy demand (CED) of the PET
and polyolefin (PO) packaging SCs in the US, finding that the optimal circular design achieves a lower
GWP and CED relative to the baseline linear economy. This model is extended further in [18] to use multi-
objective optimization to determine the optimal selection of recycling technologies that balance trade-offs
between environmental impact and socio-economic objectives for the “cradle-to-cradle” PET packaging SC
in the US, finding that there is no unique selection of technologies that results in optimal outcomes for all
objectives, and optimal decisions depend on stakeholder preferences. However, the study does not consider
polyester textiles, a significant part of the PET value chain and a possible source of recycled feedstock, and
assumes that 100% of the waste packaging is recycled. However, only a fraction of the waste PET packaging
is recycled in the US [19]. Hernández et al. use multi-objective superstructure optimization to balance trade-
offs between economic and environmental objectives for the low-density-polyethylene (LDPE) recycling SC
[20]. However, these models assume that the network operates at steady state and do not consider the time
dimension. As a result, they cannot consider time-dependent effects such as the delay of end-of-life product
flows due to consumer reuse or “downcycling” of end-of-life products to other applications with different
lifetimes. In addition, static models cannot consider the path-dependency of the transition from a linear to
a circular economy over time, which may be hindered by “lock-in” on a suboptimal state [21].

Optimization models that incorporate the time dimension include the work by Alumur et al., who pro-
posed a generic, multi-period reverse logistics supply chain design model that considers multiple products
with multiple components [22]. The model is formulated as an MILP and used to optimize the profit of
the circular supply chain for washing machines and tumble dryers in Germany. Badejo et al. proposed a
multi-period MILP model for determining the optimal technologies, locations, installation timelines, and



operational decisions for plastic waste management SCs and use it to optimize the circularity, profit, and
global warming potential (GWP) of the LDPE SC in the US from the present day to 2050. Similarly to
[18], they find that different recycling technologies are selected for each objective, highlighting the difficulty
of simultaneously meeting both the circularity and the decarbonization goals. However, they do not use
multi-objective optimization to find trade-off solutions or consider environmental impacts beyond GWP.

Since most optimization models only consider network-level objectives without considering the objectives
of individual agents, the solutions obtained may benefit some agents at the expense of others. As a result,
some firms may choose not to participate, making such solutions unlikely to be achieved in practice. In
addition, although some models consider agent-level economic objectives, those that do have limited gener-
alizability to different case studies or systems, in which material from one application is used for another.
Furthermore, few studies consider agent-level circularity objectives. As a result, there is a lack of understand-
ing of how well agent-level circularity translates to network-level circularity and environmental sustainability.
Although [5] uses multi-objective optimization to balance trade-offs between agent-level economic and cir-
cularity objectives using MICRON, they only consider a single agent, a packaging manufacturer who takes
responsibility for recycling post-consumer waste, and do not consider network-level circularity as an objective.
Therefore, generic optimization frameworks that consider stakeholder objectives would help prioritize efforts
to maximize circularity while minimizing burden-shifting among agents and promoting win-win solutions.
If improvements in circularity indicators lead to burden-shifting of environmental impacts to other agents,
it means that they fail to measure true circularity, diminishing their value. Furthermore, it could result in
undesirable effects on broader sustainability goals if used in corporate sustainability reporting, becoming yet
another example of “greenwashing”. An example of a win-win solution where multiple stakeholders benefit
from circularity initiatives is industrial symbiosis, where one firm sells its waste material to another firm that
finds a valuable use for it. For example, whey protein is a by-product of the cheesemaking process and in
the past was dumped into rivers, harming wildlife health. Nowadays, whey protein is sold to manufacturers
of protein powder instead, which has helped reduce pollution [23].

Technology Approach

The generic model for an agent is shown in Figure 1 below. Each agent exchanges material with other
agents, performs composition transformations on the material via one or more technology nodes, and stores
material in the form of one or more stock nodes. Let 𝑇 be the set of time periods 𝑡, 𝐴 be the set of agents
𝑎, 𝐼 be the set of material components 𝑖, 𝐽 be the set of technology nodes 𝑗, 𝐾 ⊂ 𝐴 × 𝐼 be the set of
stock nodes 𝑘 = (𝑎, 𝑖), each of which represents the inventory of component 𝑖 held by agent 𝑎. To reduce
the problem size, we divide the set of stock nodes into material stock nodes (𝐾𝑀), which can accumulate
material as inventory, and non-material stock nodes (𝐾𝑁𝑀), which cannot.

Figure 1: General structure of agent 𝑎. Here 𝑚𝐶𝑖,𝑗,𝑡
and 𝑚𝑃𝑖,𝑗,𝑡

are the consumption and production rates
of component 𝑖 by technology node 𝑗 at time 𝑡, 𝑚𝑎′,𝑎,𝑖,𝑡 is the rate of purchase of component 𝑖 by agent 𝑎

from agent 𝑎′, 𝑚𝐿𝑘,𝑡
is the rate at which material is discarded from stock node 𝑘, and 𝑚𝑥𝑝

𝑘,𝑡 and 𝑚𝑥𝑠
𝑘,𝑡 are the

purchase and sales rates between stock node 𝑘 and the external market at time 𝑡.

The material balance on each material stock node 𝑘 is given by Equation (1) as the sum of the inlet flows
minus the sum of the outlet flows. Here 𝑀𝑎,𝑖 (or equivalently, 𝑀𝑘) is the mass of inventory held in material



stock node 𝑘 = (𝑎, 𝑖) at time 𝑡 and other variables are described in Figure 1. 𝐽𝑎 ⊂ 𝐽 and 𝐾𝑎 ⊂ 𝐾 are the
sets of technology nodes and stock nodes belonging to agent 𝑎. The material balance on each non-material
stock node is similar but with the right-hand side set equal to zero since any material entering the stock
node must be used in the same time period.

𝑑𝑀𝑘,𝑡
𝑑𝑡 = ∑

𝑗∈𝐽𝑎

(𝑚𝑃𝑖,𝑗,𝑡
− 𝑚𝐶𝑖,𝑗,𝑡

) + ∑
𝑎′∈𝐴
𝑎′≠𝑎

(𝑚𝑎′,𝑎,𝑖,𝑡 − 𝑚𝑎,𝑎′,𝑖,𝑡) − 𝑚𝐿𝑘,𝑡
+ 𝑚𝑥𝑝

𝑘,𝑡 − 𝑚𝑥𝑠
𝑘,𝑡 ∀𝑘 ∈ 𝐾𝑀 ∀𝑡 ∈ 𝑇 (1)

The material balance on each technology node 𝑗 ∈ 𝐽 is given by Equation (2), where 𝑠𝑗,𝑡 is the scaling
factor, or total material flow rate through technology node 𝑗 at time 𝑡, 𝑚𝐿𝑗,𝑡

is the rate at which material
is lost as processing waste, and 𝐼 𝑖𝑛(𝑗) and 𝐼𝑜𝑢𝑡(𝑗) are the sets of components consumed and produced by
technology node 𝑗. The production (𝑚𝑃𝑖,𝑗,𝑡

) and consumption (𝑚𝐶𝑖,𝑗,𝑡
) rates of each component are given

by Equation (3) and Equation (4), respectively. Here, 𝛾𝑖,𝑗 is a normalized conversion factor given by the
technology matrix, which describes the component transformations associated with each technology [24],
which is negative (or positive) if component 𝑖 is consumed (or generated) by technology node 𝑗 and zero
otherwise. Since 𝛾𝑖,𝑗 is normalized by the total flow through a technology node, it lies between -1 and 1.
Equation (5) limits the scaling factor of a subset 𝐽𝑐𝑎𝑝 ⊂ 𝐽 of technology nodes by some maximum processing
capacity (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑗,𝑡), which may be expanded over time. Furthermore, the scaling factor must exceed some
minimum fraction (𝑀𝑖𝑛𝑈𝑡𝑖𝑙𝑗) of the total installed capacity. If 𝐸 is the set of environmental impacts 𝑒,
we assume that technology node 𝑗 contributes to impact 𝑒 at a rate of Imp𝑒,𝑗,𝑡 at time 𝑡, which is given by
Equation (6). We assume impacts are proportional to the scaling factor by the impact factor 𝑔𝑒,𝑗, which is
obtained from the ecoinvent 3.10.1 LCA database using the TRACI v2.1 impact assessment method [25, 26].

𝑠𝑗,𝑡 = ∑
𝑖∈𝐼𝑖𝑛(𝑗)

𝑚𝐶𝑖,𝑗,𝑡
= 𝑚𝐿𝑗,𝑡

+ ∑
𝑖∈𝐼𝑜𝑢𝑡(𝑗)

𝑚𝑃𝑖,𝑗,𝑡
∀𝑗 ∈ 𝐽 ∀𝑡 ∈ 𝑇 (2)

𝑚𝑃𝑖,𝑗,𝑡
= 𝛾𝑖,𝑗 ⋅ 𝑠𝑗,𝑡 ∀𝑖 ∈ 𝐼𝑜𝑢𝑡(𝑗) ∀𝑗 ∈ 𝐽 ∀𝑡 ∈ 𝑇 (3) 𝑚𝐶𝑖,𝑗,𝑡

= −𝛾𝑖,𝑗 ⋅ 𝑠𝑗,𝑡 ∀𝑖 ∈ 𝐼 𝑖𝑛(𝑗) ∀𝑗 ∈ 𝐽 ∀𝑡 ∈ 𝑇 (4)

𝑀𝑖𝑛𝑈𝑡𝑖𝑙𝑗 ⋅ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑗,𝑡 ≤ 𝑠𝑗,𝑡 ≤ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑗,𝑡 ∀𝑗 ∈ 𝐽𝑐𝑎𝑝 ∀𝑡 ∈ 𝑇 (5)
Imp𝑒,𝑗,𝑡 = 𝑔𝑒,𝑗 ⋅ 𝑠𝑗,𝑡 ∀𝑒 ∈ 𝐸 ∀𝑗 ∈ 𝐽 ∀𝑡 ∈ 𝑇 (6)

Design objectives
Network-level circularity

Since circular flows such as recirculated products and recycled materials are often difficult to measure but
lower the amount of linear flow that enters and exits the system, we use linear flow as a proxy for circularity,
with increased linear flow per unit of product meaning lower circularity at the same scale. The Mean Linear
Flow is given by Equation (7) as the time average of the total linear flow, which is given by Equation (8) and
includes virgin raw material production, purchases from the external market, sales to the external market
with a time delay associated with the product lifetime, disposed waste from stock nodes, and material losses
from technology nodes. Here, 𝑃 is the set of products 𝑝 and 𝐽𝑉 is the set of life-cycle upstream technology
nodes that represent the cradle-to-gate impacts of virgin feedstock production [8]. To account for the amount
of raw material required to produce any initial in-use stocks of products 𝑝, we include a term for the initial
mass of in-use stocks normalized by the manufacturing yield (𝜂𝑀𝐹𝑝

).

min Mean Linear Flow = 1
|𝑇 | (∑

𝑡∈𝑇
LinearFlow𝑡 + ∑

𝑝∈𝑃

𝑀𝐶,𝑝,0
𝜂𝑀𝐹𝑝

) (7)

LinearFlow𝑡 = ∑
𝑗∈𝐽𝑉

∑
𝑖∈𝐼𝑜𝑢𝑡(𝑗)

𝑚𝑃𝑖,𝑗,𝑡
+ ∑

𝑘∈𝐾
𝑚𝑥𝑝

𝑘,𝑡 + ∑
𝑘∈𝐾

𝑚𝑥𝑠
𝑘,𝑡−𝜆𝑘

+ ∑
𝑘∈𝐾

𝑚𝐿𝑘,𝑡
+ ∑

𝑗∈𝐽
𝑚𝐿𝑗,𝑡

∀𝑡 ∈ 𝑇 (8)



Agent-level circularity

The circularity of a subset of agents, including manufacturers, MRFs, and recyclers (𝑎 ∈ 𝐴𝑐𝑖𝑟𝑐) is measured
using Circulytics [1]. The Circultyics score of agent 𝑎 at time 𝑡 (𝐶𝑖𝑟𝑐𝑎,𝑡) is given by Equation (9) as the
weighted average of the theme scores (𝑠𝑐𝑟𝑡ℎ𝑒𝑚𝑒

𝑎,ℎ,𝑡 ), with each theme ℎ ∈ 𝑇 𝑀𝑎 given a weight of 𝑤𝑡ℎ𝑒𝑚𝑒
ℎ . Here

𝑇 𝑀𝑎 be the set of themes that apply to agent 𝑎. We consider the themes of Products and Materials, Water,
and Energy. The score for each theme ℎ is given by Equation (10) as the weighted sum of the scores (𝑠𝑐𝑟𝑖𝑛𝑑𝑖𝑐

𝑎,𝑛,𝑡 )
for each indicator 𝑛 ∈ 𝑁ℎ in theme ℎ. Each indicator 𝑛 is weighted by 𝑤𝑖𝑛𝑑𝑖𝑐

𝑎,𝑛,𝑡 . Each theme score is normalized
by the sum of the indicator weights so that the effective weights sum to one.

𝐶𝑖𝑟𝑐𝑎,𝑡 = ∑
ℎ∈𝑇 𝑀𝑎

(𝑤𝑡ℎ𝑒𝑚𝑒
ℎ ⋅ 𝑠𝑐𝑟𝑡ℎ𝑒𝑚𝑒

𝑎,ℎ,𝑡 ) ∀𝑎 ∈ 𝐴𝑐𝑖𝑟𝑐 ∀𝑡 ∈ 𝑇 (9)

𝑠𝑐𝑟𝑡ℎ𝑒𝑚𝑒
𝑎,ℎ,𝑡 ∑

𝑛∈𝑁ℎ,𝑎

𝑤𝑖𝑛𝑑𝑖𝑐
𝑎,𝑛,𝑡 = ∑

𝑛∈𝑁ℎ,𝑎

𝑤𝑖𝑛𝑑𝑖𝑐
𝑎,𝑛,𝑡 ⋅ 𝑠𝑐𝑟𝑖𝑛𝑑𝑖𝑐

𝑎,𝑛,𝑡 ∀ℎ ∈ 𝑇 𝑀𝑎 ∀𝑎 ∈ 𝐴𝑐𝑖𝑟𝑐 ∀𝑡 ∈ 𝑇 (10)

Holistic environmental impact assessment: Earth system impact metric (ESIM)

We use the planetary boundaries (PBs) framework [10, 11] to quantify absolute environmental sustainability
(AES), or the extent to which the environmental impacts of a CE network exceed the restorative capacity
of the Earth [27]. PBs are threshold values for “control variables”, or metrics describing human impacts on
different “Earth-system processes” (ESPs) beyond which there is an increasing risk of destabilization. Let
𝐵 denote the set of ESPs. The “safe operating space” (SOS) for each ESP 𝑏 ∈ 𝐵 is defined as the difference
between the value of its control variable at the PB and the pre-industrial level. To enable the use of the
PBs framework to assess the AES of a SC network, a Share of the Safe Operating Space (SoSOS) given by
Equation (11) is allocated to the network for each ESP based on the market size of each product relative
to global gross domestic product (GDPglobal). Direct impacts on ESP 𝑏 are denoted by 𝑑𝑏,𝑡 and are given
by Equation (12) as the product of each environmental impact flow (Imp𝑒,𝑗,𝑡) and a characterization factor
𝐶𝐹𝑒,𝑏 relating flow 𝑒 to ESP 𝑏, normalized by the SoSOS. The amplified impact of the network on ESP 𝑏
after accounting for feedback interactions is denoted by Δ𝑥𝑏,𝑡 and given by Equation (13). Here 𝑎𝑏,𝑏′ is the
interaction strength describing the impact of the control variable for process 𝑏′ on process 𝑏 and is given by
the amplification matrix obtained from Lade et al. [28].

𝑆𝑜𝑆𝑂𝑆𝑏 = 𝑆𝑂𝑆𝑏 × ∑
𝑝∈𝑃

MarketSize𝑝
GDPglobal

∀𝑏 ∈ 𝐵 (11)
𝑑𝑏,𝑡 =

∑
𝑒∈𝐸

𝐶𝐹𝑒,𝑏 ∑
𝑗∈𝐽

Imp𝑒,𝑗,𝑡

𝑆𝑜𝑆𝑂𝑆𝑏
∀𝑏 ∈ 𝐵 ∀𝑡 ∈ 𝑇 (12)

The Earth system impact metric (ESIM) proposed by Lade et al. [29] is an aggregated measure of impact
on different Earth-system processes. It is defined by Equation (14) as the weighted sum of the amplified
impacts of the network on each ESP, with weights given by the current values of the global-scale control
variables normalized by their SOS and clipped to be between zero and one (clip(𝑥𝑔𝑙𝑜𝑏𝑎𝑙

𝑏 )).

Δ𝑥𝑏,𝑡 = ∑
𝑏′∈𝐵

𝑎𝑏,𝑏′𝑑𝑏′,𝑡 ∀𝑏 ∈ 𝐵 ∀𝑡 ∈ 𝑇 (13) ESIM𝑡 = ∑
𝑏∈𝐵

clip(𝑥𝑔𝑙𝑜𝑏𝑎𝑙
𝑏 ) ⋅ Δ𝑥𝑏,𝑡 ∀𝑡 ∈ 𝑇 (14)

We aggregate all of the agents and ESPs in the ESIM to obtain a single metric that quantifies the
environmental impact of a SC network. Considering each of the ESPs and agents separately would increase
the dimensionality of the Pareto front and make the results harder to interpret. It is also not straightforward
to allocate an SoSOS to an individual agent, especially since different agents often have inherently different
levels of impact. For example, manufacturing usually has a much larger impact than sorting at an MRF.

Economic objective: Net Present Value (NPV)

Economic objectives include the net present value (NPV) of each agent 𝑎, which is given by Equation (15)
as the discounted sum of the net profits (Profit𝑎,𝑡) in each time period, which are given by Equation (16).
Here 𝜌 is the discount rate, 𝑐𝐷 is the disposal cost, 𝜋𝑎,𝑖 is the selling price of component 𝑖, 𝐼𝑛𝑠𝑡𝑗,𝑡 is the



number of plants of technology node 𝑗 installed at time 𝑡, and 𝐶𝐴𝑃𝐸𝑋𝑗 and 𝑂𝑃𝐸𝑋𝑗 are the capital and
operating costs of technology node 𝑗.

𝑁𝑃𝑉𝑎 =
𝑡𝑓

∑
𝑡=0

( 1
(1 + 𝜌)𝑡 Profit𝑎,𝑡) − ∑

𝑗∈𝐽𝑎

(𝐶𝐴𝑃𝐸𝑋𝑗 ⋅ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑗,𝑡=0) (15)

Profit𝑎,𝑡 = ∑
𝑖∈𝐼

(𝜋𝑖 ⋅ (−𝑚𝑥𝑝
𝑘,𝑡 + 𝑚𝑥𝑠

𝑘,𝑡 + ∑
𝑎′∈𝐴

(𝑚𝑎,𝑎′,𝑖,𝑡 − 𝑚𝑎′,𝑎,𝑖,𝑡))) (16)

− ∑
𝑗∈𝐽𝑎

(𝐶𝐴𝑃𝐸𝑋𝑗 ⋅ 𝐼𝑛𝑠𝑡𝑗,𝑡 + 𝑂𝑃𝐸𝑋𝑗 ⋅ 𝑠𝑗,𝑡) − 𝑐𝐷 ( ∑
𝑘∈𝐾𝑎

𝑚𝐿𝑘,𝑡
+ ∑

𝑗∈𝐽𝑎

𝑚𝐿𝑗,𝑡
)

Case study: PET supply chain
The framework is applied to study the value chain for PET plastic in the US. The superstructure representa-
tion of the agents and technologies considered is shown in Figure 2. We consider three products: single-use
bottles, reusable thermoform packaging, and polyester textiles. The quality of PET resin is measured by
the intrinsic viscosity (IV), which we assume must be above a certain threshold for each product [30]. Since
we assume the mechanical recycling process reduces IV by a constant factor [31], after a certain number
of cycles, material must be blended with virgin PET to meet minimum quality requirements. Collection
rates were initialized to their current values in the US: 26.6%, 9%, and 14.7% for bottles, thermoforms,
and textiles, respectively [19, 32, 33]. We assume that collection rates can change by at most 5% per year.
However, higher collection rates would likely increase circularity levels. To establish a baseline, representing
the current “linear economy” in which most waste is landfilled, the model was run with collection rates,
capacities, and post-consumer recycled contents fixed at their current levels. The model was implemented
in Pyomo as a quadratically constrained program (QCP) and solved using IPOPT [34, 35, 36]. Differential
equations were discretized using the implicit Euler method via Pyomo.DAE [37]. The 𝜖-constraint method
was used to obtain Pareto-optimal trade-off solutions that balance different objectives [38].

Figure 2: Superstructure of PET CE network with virgin PET (vPET) manufacturer (orange),
manufacturers (red), consumer (blue), MRFs (yellow), and recyclers (purple). Blocks represent agents

(𝑎 ∈ 𝐴), rounded rectangles represent stock nodes (𝑘 ∈ 𝐾), circles represent technology nodes (𝑗 ∈ 𝐽), and
triangles represent mixing and splitting operations.

Discussion

The solutions that minimize the Mean Linear Flow and Mean ESIM and the Pareto front of trade-off solu-
tions balancing the objectives are shown in Figure 3. Solution (c) minimizes the Mean ESIM by combining
glycolysis and mechanical recycling of packaging with “downcycling” of textiles to lower-quality fiber appli-
cations outside the PET value chain (e.g., insulation and filling material), which we assume have a lifetime



Figure 3: (a) Pareto front showing trade-offs between Mean Linear Flow and Mean ESIM. The Circulytics
score of the packaging manufacturer is shown by the color bar but is 0.490 for the baseline, outside the
range of the colorbar. Sankey diagrams (b-e) show the relative material flow rates between the different

agents for the solutions indicated, with cyan, blue, and green flows denoting recycled material from
mechanical recycling, methanolysis, and glycolysis, and all other flows gray. Backward flows are denoted by
blue arrows. (b) Baseline linear economy. (c) Minimum Mean ESIM solution. (d) Representative trade-off

solution. (e) Minimum Linear Flow solution.

of 10 years. Solution (e) minimizes the Mean Linear Flow by mechanically recycling packaging and “up-
cycling” textiles into packaging via methanolysis-based chemical recycling. This is because downcycling
does not displace the use of virgin material used for textile production, while methanolysis does. However,
methanolysis requires additional processing steps after sorting and shredding, leading to a larger environ-
mental impact. The trade off solutions are similar to (d) combine the pathways in different proportions.
However, all trade-off solutions dominate the baseline (b).

As shown by the color bar in Figure 3a, although improved network-level circularity generically leads to
improved agent-level circularity, the reverse is not always true. The solutions that maximize the packaging
and textile manufacturer’s Circulytics scores and the Pareto front of trade-off solutions balancing the objec-
tives are shown in Figure 4. The packaging manufacturer’s circularity is maximized by solution (d) when
it sources most input material from waste textiles and packaging via methanolysis, but the textile manu-
facturer produces an excess of textiles, which are disposed of. This is because the resulting post-industrial
scrap can be recycled and used by the packaging manufacturer, increasing their circularity level. However,
the textile manufacturer’s circularity be can improved significantly at only a small cost to the packaging
manufacturer’s circularity by solution (e) if there is less excess production and recycled textile material is
diverted from packaging to textiles. Once all of the recycled textile material is used for textile production, the
textile manufacturer can improve their circularity even more by diverting recycled packaging material from
packaging, but this comes at a larger cost to the packaging manufacturer’s circularity. Finally, the textile
manufacturer’s circularity is maximized by solution (f) when no consumer reuse occurs and the packaging
manufacturer produces an excess of product that ends up being discarded, since the resulting post-industrial
scrap and post-consumer waste can be recycled and used by the textile manufacturer. Similarly to the
maximum packaging manufacturer circularity solution, this only improves the textile circularity marginally
while significantly reducing the packaging manufacturer’s circularity and NPV. Because of this, although the
trade-off solutions are more circular than the baseline, the single-objective manufacturer circularity solutions
are less circular, and as shown by the color code, all of the solutions have a larger environmental impact
than the baseline.



Figure 4: Pareto front showing trade-off solutions that balance the packaging and textile manufacturer’s
Circulytics scores, which are shown on the x-axis and y-axis. The baseline is indicated by the square. The
color bars in (a-c) indicate the NPV of the packaging manufacturer, Mean Linear Flow, and Mean ESIM.

Sankey diagrams (d-f) show the optimal packaging manufacturer circularity solution, a representative
trade-off solution, and optimal textile manufacturer circularity solution.

Conclusions & Recommendations

In conclusion, we find that for the PET plastic supply chain, improvements in one agent’s circularity may
come at the expense of other agents’ circularity or network-level circularity due to loopholes in circular-
ity assessment frameworks. Furthermore, improved agent- and network-level circularity do not necessarily
translate to lower environmental impacts. Therefore, in future work we aim to develop improved agent-level
circularity indicators that avoid burden-shifting.
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