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The conversion of plastic waste into fuel presents a sustainable solution to plastic pollution and fuel shortages.
Several plastic waste-to-fuel technologies exist, and the quality and yield of the resulting fuels depend on
factors like feedstock composition and treatment processes. Large-scale commercialization is hindered by
environmental concerns, particularly carbon emissions. To address this, a systematic optimization approach is
necessary to ensure environmental and operational viability. This study applies Process Graph (P-Graph)
models to optimize the plastic waste-to-fuel supply chain, identifying network configurations that meet fuel
demand while minimizing carbon emissions. An illustrative case study was analysed to delineate the
capabilities of the P-graph framework in the fuel distribution system. The case study considers the carbon
emissions of networks where the optimal solution yielded a carbon footprint of 0.1229 t CO2/GJ. Carbon
footprint values of the 32 feasible structures were found to range up to 0.1266 t CO2/GJ. These findings
demonstrate the P-Graph framework’s potential in supporting low-emission, flexible system designs.

1. Introduction

Plastics have one of the strongest production growths globally, increasing from 2 Mt in 1950 to over 368 Mt in
2019. The increasing consumption has also led to an increase in waste generation, contributing to
environmental pollution and greenhouse gas (GHG) emissions. Plastics contribute to particulate emissions,
environmental pollution, and adverse human effects (Pilapitya and Ratnayake, 2024). International
organizations like the Nordic Council of Ministers and the United Nations have initiated agreements to mitigate
the impacts of plastic pollution (Lau et al., 2020).

There are several established methods to address plastic pollution, including mechanical and chemical
recycling, as well as energy recovery (Li et al., 2022). Fuel recovery has gained significant attention. In 2020,
the global plastic-to-fuel market was valued at $ 233.5 M and is projected to reach $ 8,800 M by 2028, with a
CAGR of 15.8 % (The Insight Partners, 2022). Compared to mechanical and chemical recycling,
thermochemical conversion is advantageous for its ability to break down mixed or contaminated plastics into
valuable fuels and chemical feedstocks without the need for extensive sorting or cleaning (Wong et al., 2023).
Li et al. (2022) identified such thermochemical conversion technologies as heat treatment (HT), including
traditional pyrolysis and catalytic cracking. Heat treatment is a general method for plastic waste processing at
high temperatures. Thermal energy is supplied to meet the required activation energy for polymer cracking,
resulting in combustible gas and liquid oil.

To ensure long-term sustainability, plastic waste-to-fuel technologies must be aligned with broader
decarbonization goals. Deep decarbonization of industry requires a transition from fossil-based systems to
renewable and low-carbon alternatives. This includes integrating carbon capture and storage (CCS) and
adopting cleaner process heat sources. Thermochemical recycling must consider its high Scope 1 emissions.
Tan et al. (2025) highlights that optimization models are essential in developing viable decarbonization
roadmaps. It can identify emission trade-offs, integrate renewable energy inputs, and apply technologies like
CCS or hydrogen-based processing to minimize the carbon footprint of fuel recovery processes.
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Various studies demonstrate the efficacy of P-graph models in presenting an inexpensive, easy-to-use,
flexible, and visual decision-mapping of complex linear systems. For instance, Fan et al. (2020) developed an
integrated waste management model using P-graph to optimize municipal solid waste treatment systems.
Kumar et al. (2025) recently utilized a P-graph framework to design cost-effective supply chains for end-of-life
plastic recycling. Their model accounted for both capital and operational expenditures across various recycling
pathways. This approach identified optimal and near-optimal structures that maximized profit and reduced
GHG emissions, highlighting the potential of P-graph to support environmentally and economically sustainable
decision-making. While these studies demonstrate the applicability of P-graph in waste management, they
primarily focus on cost minimization or general municipal waste systems. To date, there remains a lack of
research of applying P-graph specifically to plastic waste-to-fuel supply chains with carbon footprint
minimization as the main objective. In this study, the P-graph framework is used to synthesize the plastic
waste-to-fuel supply chain. This paper intends to develop a decision-support tool for plastic waste
management. The rest of this paper is organized as follows: Section 2 gives the formal problem statement.
Section 3 discusses the P-graph implementation of the model. In Section 4, an illustrative case study involving
various heat treatment units is solved. Section 5 states the conclusions and prospects for future research.

2. Problem statement

The synthesis problem is stated as follows:

e  Given a supply chain system with m number of plastic waste sources;

e Given certain fuel demands with n number of sinks;

e  Given operating units, each has a unique carbon footprint and product yield;
The problem is to determine the optimal (and near-optimal) allocation of plastic waste sources to fuel sinks,
which minimizes the overall carbon footprint.

3. P-graph model development

P-graph is an approach to process network synthesis (PNS) based on graph theory principles. It is a bipartite
graph that uses M-type nodes for material and energy streams and O-type nodes for processes and
operations. Three main algorithms based on PNS axioms comprise the P-graph framework (Friedler et al.,
1992b). Maximal structure generation (MSG) assembles the O-type nodes into a superstructure of alternative
configurations (i.e., maximal structure) using information implicit in their links to the M-type nodes (Friedler et
al., 1993). This rigorous procedure prevents human error. Solution structure generation (SSG) identifies all
structurally feasible network configurations; each solution structure is a subset of the maximal structure, and
identification is algorithmically efficient due to a drastic reduction of the search space in typical PNS problems
(Friedler et al., 1992a). The third algorithm, accelerated branch-and-bound (ABB), determines optimal and
near-optimal solutions using additional information such as flowrates and cost functions under linearity
assumptions (Friedler et al., 1996). ABB is algorithmically faster than the standard branch-and-bound
procedure for the equivalent mixed-integer linear programming (MILP) model. Although the original PNS
problem was defined in the context of chemical process plant design, P-graph has also been applied to a wide
range of analogous “PNS-like” problems (Friedler et al., 2019). Many novel applications map new problems to
the classical PNS problem. The book by Friedler et al. (2022) gives a comprehensive introduction to P-graph
theory and applications, along with implementation in Python code. The software P-Graph Studio is also
available with more complete features, including a graphical user interface (P-Graph, 2024).

Figure 1a illustrates the general source-sink network of a plastic waste-to-fuel supply chain containing two
sources and two sinks. Figure 1b represents the P-graph translation of the network. For model demonstration,
carbon emissions of plastic-to-fuel technologies are represented by a source node.

jm»
i
SD

ot
Oy
o n

Source A

=i
iy
oD

o
[+]
]

EB

Source B

a)

Figure 1: Plastic waste-to-fuel supply chain represented by (a) general source-sink network and (b) P-graph
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In this study, the network components of the supply chain of plastic-to-fuel include plastic waste raw materials,
plastic-derived fuel products, and thermochemical waste conversion operating units. Feasible source-sink
networks are developed through the following generalized steps: (1) establishing user-defined assumptions,
model inputs, and outputs, (2) P-graph modelling, and (3) evaluating optimal and near-optimal solutions. The
development of the P-graph model will consider the constraints associated with material balances and carbon
emissions. A comparison of the relative advantages of such solutions was made based on their topological
features beyond objective function values.

4. Case study

This case study deals with the allocation of plastic waste subjected to demand constraints and environmental
impact considerations. The objective function is to minimize the carbon footprint from plastic-to-fuel conversion
technologies. Table 1 summarizes the flow rates of each heat treatment (HT) operating unit, including such
emissions. All waste plastic sources were assumed to be unlimited to supply compatible plastic waste-to-fuel
technologies classified into various types of plastic, including high-density polyethylene (HDPE),
polypropylene (PP), and polystyrene (PS). The efficiency of the operating units in converting plastic waste into
fuel products is denoted as the conversion rates, in t/y (Li et al., 2022). Data from the existing literature were
adopted for specific mixture ratios and their weight per weight conversion values. Traditional heat treatment of
equal amounts of PE and PP was reported to yield 55.6 % gasoline (Santos et al., 2019). Lin and Yang (2005)
provided a yield value of 91.2 % gases on the catalytic pyrolysis of PP, PE, and PS. Paucar-Sanchez et al.
(2023) found 56.7 % gasoline for a simple heat treatment technology.

Table 1: Operating unit streams (Li et al., 2022)

Operating Technology Input/s Rate (t/y) Output/s Conversion Emissions
Unit Rate (tly) (t COzly)
HT1 Catalytic cracking (BaTiOs) HDPE 1 Liquid oil 0.686 2.04
HT2 Catalytic cracking (HZSM-5) HDPE 1 Gases 0.726 2.16
HT3 Hydrothermal liquefaction HDPE 1 Diesel 0.450 1.34
HT4 Simple heat treatment PE:PP:PS 0.13:0.69:0.19 Gasoline 0.567 1.80
HT5 Catalytic cracking (HZSM-5) PE:PP:PS 0.62:0.30:0.07 Gases 0.912 2.89
HT6 Pyrolysis of plastic with biomass PP 1 Diesel 0.556 1.66
HT7 Catalytic cracking (HZSM-5) PP 1 Liquid oil 0.920 2.74
HT8 Traditional heat treatment at 550 °C PP 1 Liquid Oil 0.744 2.22
HT9 Traditional heat treatment at 450 °C PE:PP 0.5:0.5 Gasoline 0.556 1.68
HT10 Traditional heat treatment at 500 °C PS 1 Liquid oil 0.825 2.87

The supply chain network is also subjected to emissions from the combustion of plastic raw materials. The
case study follows the experimental data on CO2 emissions, in t CO2 per t fuel (Joshi and Seay, 2019). The
COz2 emission values are based on the combustion of a raw material, where E, in t CO2/y, was derived from

Eq(1).
E=y-F (1)

where y is equivalent to the ratio of CO2 to fuel (wt/wt) from the experimental data, and F is the conversion
rate to fuel produced per year. For the sinks, the constraints were based on the transport energy consumption
data from the Philippine Energy Situationer Report in 2022 (Philippine DOE, 2022). In Table 2, the percentage
requirement for each fuel was quantified from the report with an assumed total demand of 294,000 GJ/y.

Table 2: Sink data (from Philippine DOE, 2022).

Fuel Demand Requirement

Gases 3.3%
Diesel 48.2 %
Liquid Oil 2.6 %

Gasoline 421 %
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Figure 2: P-Graph superstructure for the case study

The superstructure in Figure 2 is used to represent the source-sink relationships. The carbon footprint is
represented by the red raw material node with a cost of 1 $/t to define the objective function of carbon
minimization in terms of the cost-minimization nature of the model. From the maximal structure, there were 32
feasible solutions generated using the ABB algorithm with a maximum solutions limit of 100.
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Figure 3: Optimal solution

Figure 3 depicts the optimal solution with the lowest carbon footprint value of 20,180.10 t COz/y. All three
types of heat treatment technologies for HDPE were included in the structure, signifying the efficiency of using
HDPE in plastic-to-fuel supply chains. This is consistent with the results with HDPE having the highest yield,
followed by PP, PS, LDPE, and PS (Javed et al., 2023). The carbon footprint values were normalized using
net calorific values (NCV) derived from conversion factors in the 1996 IPCC guidelines (IPCC, 2000). The
NCV used were 43.33 GJ/t for diesel oil and gases, 44.8 GJ/t for gasoline, and 42.6 GJ/t for crude oil. These
values were combined with the carbon emissions, in t CO,/y, to calculate the carbon footprint in t CO,/GJ.
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Figure 4: Results for optimal and near-optimal solutions

The performance of the model was further evaluated within 1 % of the lowest carbon emission value. From 32
feasible structures, this premise leads to 15 near-optimal structures. Figure 4 shows the summary of the
amount of plastic waste used, in t/y, and the carbon footprint values, in t CO2/GJ, for each of the optimal and
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near-optimal solutions. The case study yielded carbon footprint values ranging from 0.1229 to 0.1266 t
CO2/GJ, which are relatively less than the carbon footprint of conventional processes. Based on the data from
EPA (2024), the carbon footprint of crude oil consumption can be derived as 0.7034 t CO2/GJ.
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Since operational considerations are not always readily consolidated into a mathematical model, it is important
to identify multiple configurations for further decision-making. Near-optimal solutions were used to relate the
tradeoffs between carbon footprint and raw material utilization. For instance, although the optimal solution
yields the lowest footprint value, three technologies depend on the availability of HDPE. Figure 5 shows an
alternative supply chain network that uses all four types of plastic waste. The selected solution has a carbon
footprint value of 0.1231 t COzly, yielding a 0.16 % difference from the optimal solution. It can be observed
that there are two technologies allocated for mixtures compared to the optimal solution, which has one unit for
mixed plastic waste.
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Figure 6: Alternative solutions (a) Near-optimal solution 2 and (b) Near-optimal solution 3

Near-optimal solutions 2 and 3 were considered to exhibit notable differences in technology while having the
same carbon footprint as near-optimal solution 1. HT3, HT5, and HT9 are consistent in all three solutions,
signifying their reliability in the supply chain. Figure 6a shows near-optimal solution 2, which provides HZSM-5
as an alternative catalyst to BaTiOs for catalytic conversion to liquid oil. HZSM-5 zeolite accounts for one of
the most commonly used catalysts for cracking polyolefins (Abnisa, 2023). Figure 6b represents near-optimal
solution 3 as an alternative with simple heat treatment instead of catalytic conversion. Decision-makers may
evaluate the implications in operational costs and feasibility for choosing the final configuration.

5. Conclusions

This work developed a P-graph methodology for optimizing plastic waste-to-fuel supply chains. The approach
applied the P-graph framework to match plastic waste sources to downstream fuel demands while considering
the total carbon footprint of the network. The optimal network yielded the lowest value at 0.1229 t CO,/GJ
among solutions reaching up to 0.1266 t CO,/GJ. Plastic waste-to-fuel is denoted as a promising alternative to
fossil fuel, as these values were less than the carbon footprint of conventional fuel production at 0.7034 t
CO2/GJ. The proposed model is a decision-support tool for evaluating raw material allocation, technology
selection, and carbon footprint. Future work may extend the model to better reflect the heterogeneous nature
of plastic waste mixtures instead of having fixed mixture ratios. Multi-objective optimization can be explored to
quantify the operational costs with emissions. Life cycle assessment (LCA) and sensitivity analysis can help
ensure the robustness of the plastic waste-to-fuel models with varying conversion yields and emission factors.
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