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ABSTRACT

The oil and gas supply chain encompasses multiple links, and its optimisation is transforming
into intelligent, sustainable development. Considerable research has been conducted to reduce
carbon emissions and environmental effects while reducing operational costs and promoting
green supply chain management. This paper details process-integration methods (e.g. Pinch
Analysis and mathematical programming methods), introduces and summarises common tools,
analyses problem considerations, constructs models and solution algorithms, and summarises
the results in similar fields. The study found that the optimisation of this supply chain should
consider multiple objectives, including economics, environmental effects and social aspects and
emphasise the importance of supply and demand balance, cost optimisation and sustainability.
Future research should develop efficient algorithms to solve complex optimisation problems and
incorporate big data and real-time monitoring technology to enhance system resilience and
adaptability. Synergistic interdisciplinary research promotes new methods and technology for
sustainable development in the oil and gas industry.
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INTRODUCTION

In 2023, oil consumption in China reached 756 million tonnes, with refined oil consumption

at 399 Mt and natural gas consumption at 391.7 Gm? [1]. A robust consumption market requires
areliable logistical system to meet the substantial oil and gas transportation demands. In China,
the annual volume of gas entering the primary transmission network of China’s natural gas
pipeline system exceeds 220 Gm?® |2]. Efficient oil and gas logistics optimisation can enhance
the overall operational efficiency of the supply chain. Meeting user demands while reducing
logistics costs significantly decreases carbon emissions associated with transportation. This
approach is crucial for improving economic efficiency and sustainable development [3].

Against the growing global energy demand, the oil and gas industry is facing unprecedented

challenges as a critical source of energy supply. According to the International Energy Agency,
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global demand for oil and gas is expected to grow continuously over the next few decades,
placing greater demands on the flexibility and efficiency of the oil and gas supply chain.
However, the current oil and gas supply chain faces problems, such as excessive costs,
inefficiencies and environmental effects. Oil and gas supply chain optimisation is a complex
problem where decision variables (e.g. transportation route selection [4], distribution schemes,
and loading plans) can significantly affect transportation costs [5]. The types of transportation
equipment, nature of the transport medium, fuel prices, access time limitations at stations and
ports, and loading capacity restrictions further increase the complexity of the problem [6]. The
oil and gas transportation process involves multiple stages, such as upstream exploration [7],
midstream transportation [8], and downstream marketing [9]. Considering the potential for
optimisation in the oil and gas supply chain at global, national, regional and local levels, many
studies have researched this problem [10].

Researchers have focused on improving the efficiency of oil and gas supply chains by
improving innovation and management [11]|. For example, big data analysis and machine
learning can optimise demand forecasting and resource allocation by integrating modern digital
technology into oil and gas transportation and capabilities [12], which can improve their
competitive advantage and innovate performance and processes [13]|. In addition, by
constructing mathematical models, researchers are able to clearly describe and quantify the
relationships among various components, particularly under different constraints. These
models have been widely applied in multiple fields, such as demand forecasting [ 14], inventory
management [15], and transportation scheduling [16]. They provide decision-makers with a
scientific basis, enabling them to make optimal decisions under complex constraints [17].
Simulation techniques evaluate the risk due to uncertainty [18], and the dynamic behaviour of
each link in the supply chain is simulated to assess the system performance [19]. The
relationship between process characteristics and economic growth is analysed through the
framework of graphical modelling [20]. Although various approaches to studying supply chain
optimisation have been taken, this paper reviews the current problems in optimising the oil and
gas supply chain from the perspective of process integration, exploring how to integrate the
links and their intrinsic relationships systematically and achieve synergistic efficiencies and
deficiencies at the design and operation levels.

Process integration is a broad concept, a set of methods combining several parts or the
whole process to view problems from a more integrated perspective to reduce resource
consumption and emissions, such as greenhouse gases (GHGs) [21]. Process integration
initially focused on heat integration and has evolved into the Pinch Analysis, which remains a
widely employed heat integration method [22]. At its core, it represents a holistic approach to
process design and operation, emphasising the mutual utilisation of materials and energy in
multiple processes [23]. Specific processes require external heat input to address the heat
integration problem, whereas others necessitate cooling. The application of temperature
matching to optimise heat exchange between these two processes enables the efficient recovery
and use of generated waste heat. This approach can significantly reduce the demand for external
utilities and achieve the desired temperature adjustments in the processes [24].

The principles of process integration have been applied to quality networks, such as water
networks [25]. These approaches enhance water resource efficiency and reduce the
consumption of clean water by optimising the allocation, utilisation|26], and regeneration of
various grades of water resources in chemical parks [27]. The supply chain also presents
similar opportunities for integration [28]|. Adopting a holistic approach to resource allocation
can achieve an optimal match between supply and demand [29]. This strategy enhances the
efficiency of the supply chain and reduces energy consumption, costs [30], and environmental
pollution associated with its operations [31]. Therefore, optimising the oil and gas supply chain
from the process system integration perspective involves optimising individual components or
subprocesses and emphasising the global optimality of the entire supply chain system. This



approach integrates existing resources, minimises waste at individual stages, and optimises the
cost structure, maximising overall efficiency and effectiveness.

This paper describes the existing process-integration methods, including Pinch Analysis,
mathematical programming methods, and P-graph methods (Figure 1). In addition, it
introduces and summarises commonly used tools, provides a new perspective on optimising
oil and gas supply chains, and emphasises the necessity of systemic wholeness, economy,
sustainability and technical efficiency improvement. Compared with the traditional literature,
this paper summarises the existing optimisation techniques and explores how to achieve
systematic and sustainable optimisation by integrating different methods and technology. This
study presents directions for future research, providing new ideas and case studies to support
industry practices and promote the oil and gas industry’s move toward a more efficient,
transparent and sustainable direction.
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Figure 1. Literature review diagram
METHODS

This paper summarises a series of advanced optimisation methods from the process-
integration perspective to deal effectively with the current challenges facing the energy supply
chain. These methods focus on improving the efficiency of individual links and emphasise the
overall optimisation of the entire supply chain system. The study aims to balance economic
benefits and environmental effects to ensure sustainable development with limited resources
by introducing multi-objective programming and uncertainty analysis.

Pinch Analysis

The Pinch Analysis has been applied to supply chain problems and studied in supply chain
optimisation, performance assessment, and environmental impact assessment [32]. The Pinch
Analysis was initially derived from the thermodynamic problem of combining and matching
logistics requiring heating or cooling in a chemical process to improve energy efficiency. In
heat integration problems, many industrial processes require an external heat source, whereas
some processes also require cooling. The potential for heat exchange between these processes
can be identified through a Pinch Analysis [33].

Scholars use a similar concept in supply chain optimisation problems, often drawing
separate combinatorial curves for supply and demand. These curves are matched to visualise



the inventory situation at the beginning and end of a period and determine whether shortages
or overages occur at various time points. This method helps decision-makers visualise the
inventory situation and energy requirements at different times. This visualisation allows users
to identify potential shortages or surpluses quickly so that they can adjust accordingly [34].

The earliest application of the Pinch Analysis to a supply chain problem was in 2002 [35],
which introduced the idea of the pinch point method in supply chain planning by proposing a
combinatorial graph for a supply chain problem using the number of products as the horizontal
axis and time as the vertical axis (Figure 2). Given the demand, the minimum productivity is
calculated, and the resulting logistics planning scheme reveals the surplus and shortage of
inventory as it fluctuates over time, where the pinch point is the time at which zero inventory
occurs. This method enables a quick observation of how production, capacity, distribution and
inventory can be adjusted to maximise profits while meeting specific period and demand
targets.

A follow-up study by Singhvi et al. [36] applied the proposed Pinch Analysis to two
arithmetic cases and compared the results with those of the equivalent problem solved using
GAMS. The initial solution provided by the pinch point method effectively saves the time
required to solve the GAMS model, which is one-sixth of the time required to solve the model
directly. Moreover, in|37], the extended prioritised cost was proposed, and Pinch Analysis was
applied to determine the cost minimisation scheme in the resource allocation problem. The
internal resource invocation and inter-regional resource scheduling methods in the studied
region were determined by rationalising the planning of dedicated and general-purpose
resources.
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Figure 2. Typical composites by Pinch Analysis (adapted from [35])

The carbon Pinch Analysis is also an effective method for supply chain planning (Figure
3) [38]. The method provides a convenient graphical tool. The aim is to meet the energy needs
of the study area, and this method can visualise how the adjustment of the energy mix can
reduce carbon emissions to enable the study area to meet the planned carbon emission targets.
Li et al.[39] used the Pinch Analysis to plan regional electricity and biomass energy supply
chains under carbon emission constraints. The biomass supply from various regions was
adjusted and plotted in the electricity demand and carbon emission maps to determine the
required minimum external electricity supply. Hwangbo et al.[40] proposed a hybrid carbon
dioxide (COz)-hydrogen Pinch Analysis for hydrogen energy supply chains to compare the
differences in environmental costs visually between existing and integrated supply chains.
Figure 4 illustrates the kilograms of CO, equivalent for H» demand in various processes.



Moreover, in [41], a Pinch Analysis was employed for bioenergy supply chains to compare the
GHG emissions of different energy supply GHG emissions of various energy supply options.
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Figure 3. Comparative analysis of greenhouse gas emissions by energy demand (adapted from
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Figure 4. Mixed carbon dioxide-hydrogen energy Pinch Analysis (adapted from [40])

With the development of the Pinch Analysis, its application has expanded to uncertain
optimisation and multi-objective optimisation. These extensions enable Pinch Analysis to
provide higher-quality initial solutions and accelerate the mathematical programming solution
process when facing complex supply chain problems. For example, Priya and Bandyopadhyay
[42] proposed a multi-objective Pinch Analysis method, which weighs the cost and quality of
various resources.

In addition, the Pinch Analysis considering uncertainty has been assessed; for example,
Bandyopadhyay [43] investigated how to synthesise the source-sink network without accurate
parameters. The proposed method expresses uncertainty as intervals, sets upper and lower
bounds on parameters, and explores the solution process of the resource planning problem.



Jalanko and Mahalec [44] applied a supply-demand pinch-based algorithm to optimise gasoline
blending for multiperiod planning under component quality uncertainty. They examined its
performance on a full space model. These extensions enable Pinch Analysis to provide higher
quality initial solutions and accelerate the subsequent mathematical programming solution
process when facing complex supply chain problems.

Visualisation is the most significant advantage of the Pinch Analysis based on this overview
and analysis. The Pinch Analysis can reduce energy consumption and costs and improve the
overall efficiency of the supply chain via effective heat integration and resource allocation. In
supply chain planning problems, users can obtain a preliminary supply and demand planning
scheme for the supply chain using simple calculations.

In addition, the difference in results from various scenarios can be visualised by panning
the supply curves. The method can also provide a high-quality initial solution, accelerating the
solution speed using mathematical planning methods to determine a better solution. The
development of the Pinch Analysis continues to evolve into a broader range of application
scenarios, such as uncertain and multi-objective optimisation, but further research is still
necessary to improve the applicability and reliability of the method.

Mathematical programming method

The complex, dynamic oil and gas storage and transportation logistics supply chain
involves all aspects, from raw material collection, transportation and storage to the final
product delivery (Figure 5). Optimising the efficiency and cost of this supply chain has
become critical as global energy demand increases and market competition intensifies. In the
oil and gas storage and transportation logistics supply chain, mathematical programming has
been used as an effective tool to optimise aspects of resource allocation, reduce costs, improve
efficiency and meet market demands. Common models include linear programming, mixed
integer linear programming (MILP), and mixed integer nonlinear programming (MINLP),
where objective functions and constraints are set to realise the ideal state.

Mathematical programming methods enable determining the optimal supply chain network
structure. Moreover, these methods can optimise inventory levels in uncertain market
environments and transportation routing and scheduling. It employs an objective function to
minimise transportation or total inventory costs to meet market demand and flow balances,
forecast demand based on different time frames, adjust the inventory strategy and determine
the optimal transportation solution.
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Deterministic programming. In deterministic programming, all parameters are known and
deterministic, meaning no uncertainty or randomness exists in the model. This approach is
suitable for scenarios where future conditions can be accurately predicted and based on which
optimisation strategies can be developed to improve operational efficiency and reduce costs.

Deterministic planning has a wide range of applications in the petroleum supply chain,
covering the entire process, from crude oil extraction to refined product distribution (e.g.
facility siting, capacity programming and profit maximisation). Bandyopadhyay et al. [45]
proposed a deterministic model for the strategic design and programming of refined oil product
supply chains that make decisions regarding optimal depot locations, storage capacities,
transportation modes and routes for the long term. Kazemi and Szmerekovsky [46] proposed a
MILP model to determine the optimal location for a product distribution centre for refined
petroleum, storage capacity, transportation mode and transhipment volume. In [15], a multi-
objective supply chain optimisation model for refined petroleum products was proposed,
considering the three objectives: minimising costs, maximising profits and maximising service
levels.

English literature is currently characterised by greater versatility of the established model,
better fit to the situation, and more considerations than domestic literature. In addition, the
deterministic model is primarily applied to formulate distribution plans for a specific period
under known production, demand and transportation infrastructure conditions. However, due
to its inability to account for uncertain factors, such as fluctuations in production and demand,
this model is unsuitable for long-term logistics planning. Therefore, the derived logistics
planning scheme may struggle to meet distribution requirements during peak periods of oil
production demand.

Mathematical programming has also been studied in many models for optimising the
hydrogen supply chain. For example, Montignac et al. [47] developed and implemented a
multi-objective dynamic optimisation model based on the MILP model to analyse the trade-off
between cost and carbon emissions in the hydrogen supply chain. Dautel et al. [48] developed
an industrial decarbonisation MILP model that considers the local grid and renewable power
supply, hydrogen production, compression, and storage and transport to the user. The method
obtains the minimum cost by optimising the hydrogen supply chain when demand is known.
Zhou et al. [49] proposed a novel multi-objective optimisation model for a multiperiod urban
hydrogen supply chain, finding that multi-objective optimisation is more effective than single-
objective optimisation when focusing on only the minimum cost and maximum hydrogen
demand coverage. The study results revealed that multi-objective optimisation better balances
conflicting objectives. Li et al. [S0] developed a MILP model for the hydrogen supply chain
design considering the primary energy availability, production technology options,
transportation modes and storage types in Dalian, China. Further, De-Leon Almaraz et al. [51]
proposed a multi-objective MILP model to achieve the averaged cost, potential risk of global
warming, and social cost-effectiveness of the hydrogen supply chain, considering economic,
environmental and social aspects.

Mathematical models for optimising the CO> supply chain often involve multiple links,
including CO: capture, transportation, storage and utilisation. D’Amore and Bezzo [52]
introduced a MILP framework for the strategic design and programming of a large-scale
European supply chain for carbon geo sequestration, where the entire network was
economically optimised over a 20-year time horizon to provide the geographic location and
size of the capture and storage sites and the most convenient transportation modes and routes.

Moreover, Akgul et al. [53] proposed a multi-objective MINLP model to optimise a
biomass-based supply chain, including carbon capture and storage for the UK. Kalyanarengan
Ravi et al. [54] employed a MILP model to select suitable sources, capture technology
transportation networks and CO; storage sites and optimise the lowest total cost of CO>
emission reductions across the Netherlands. Wu et al. [55] proposed an optimisation model to



support regional carbon capture, transport, and sequestration programming under uncertainty
with a least-cost strategy supporting CO> capture and sequestration programming in a localised
region.

To improve the profitability of the natural gas supply chain, Arya et al. [56] compared the
effects of the genetic algorithm, generalised reduced gradient, and ant colony optimisation
(ACO) algorithms with the objective of the value of fuel consumption using the natural gas
supply chain of France as an example. They concluded that ACO is the most efficient algorithm
in searching for an approximate globally optimal solution. Liu et al. [57] introduced new
energy sources to reduce the energy consumption of the compressor and established a low-
carbon and low-energy operation model. They employed an improved particle swarm
optimisation (NHPSO-JTVAC) algorithm to solve the model. Figure 6 presents the
optimisation objective iteration process. In addition, Wei et al. [58] developed a stochastic
optimisation algorithm that integrates particle swarm optimisation and high-fidelity simulation
for solving a complex MINLP model to maximise energy consumption reduction during
pipeline operation. Rodriguez et al. [59] applied a meta-heuristic algorithm of simulated
annealing for optimisation to determine the optimal pipeline layout and location of the
installation nodes.
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Figure 6. Steps to determine the optimal solution iteratively (adapted from [57])

Moreover, Arya and Honwad [60] developed a steady-state model combining the properties
of gas hydrodynamics, compressor characteristics, and other factors to minimise fuel
consumption in the pipeline network using an ACO algorithm to achieve a fixed throughput.
Mikolajkova et al. [61] employed the segmental linearisation of the MINLP model into a MILP
to solve the optimal operation of the natural gas distribution problem, considering technical
and operational aspects. Wang et al. [62] proposed a MILP model based on the topology of the
existing natural gas pipeline, load and pressure at each node to modify natural gas pipelines,
inject hydrogen into the pipeline, and minimise the pipeline replacement and compressor
operation costs. Zhou et al. [63] established an automated corresponding framework for
optimising the operation of large, complex natural gas pipelines with coupled data and
mechanisms, in which the optimisation modelling of the MILNP model was applied to reduce
the energy consumption to determine the most economical operation scheme.



Deterministic programming has played a critical role as an optimisation tool in supply chain
management, especially in refined oil products, hydrogen and natural gas, demonstrating its
broad application potential. Figure 7 summarises the commonly employed algorithms and
models. However, although deterministic programming can provide clear solutions in many
cases, its limitations should not be ignored. With the development of data science and artificial
intelligence technology, combined methods (e.g. uncertainty programming, dynamic
programming and multi-objective optimisation) may become a new trend in research.
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Figure 7. Commonly used models and algorithms

Uncertainty programming. Uncertainty programming offers an effective optimisation tool
for oil and gas supply chain management, helping decision-makers make better decisions in
complex and uncertain environments. Through rational modelling and solving, uncertainty
programming can improve the flexibility, responsiveness and overall efficiency of the supply
chain. In the practical application of oil and gas supply chains, demand, supply and price are
often stochastic, as illustrated in Figure 8, and uncertainty studies provide an effective
framework to optimise the decision-making and maximise the expected benefits or minimise
the risks.
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Many studies have analysed the effectiveness of various uncertainty models in oil and gas
supply chains via empirical cases, especially the downstream uncertainty in the supply chain,
which has been studied in depth. Alnagbi et al. [64] proposed a multiproduct, multicycle
stochastic programming model considering cost and demand uncertainty in the crude oil supply
chain. The model sets inventory and orders not delivered on time as penalties and transportation
costs in the objective function. The effect of demand uncertainty on supply chain returns is
more significant and affects the returns from the consolidation of firms in the supply chain.
Lima et al. [65] proposed a MILP model with an economic efficiency objective to determine
the optimal supply chain network planning and oil distribution scheme. A fuzzy programming
approach was applied to consider the effects of transportation cost and demand uncertainty in
the downstream oil supply chain on the planning scenario. In another of his articles [66], a
multistage stochastic programming method was proposed to solve the oil distribution problem
optimally in the downstream petroleum supply chain. The time series of stochastic parameters
were studied using the ARIMA method under scenario-based analysis to obtain future demand
data. The proposed method effectively addresses the effect of oil price and demand uncertainty
on the supply chain. Azadeh et al. [67] studied the natural gas supply chain stages from
exploration, extraction, production, transportation and storage to distribution. They proposed a
multi-objective, multiperiod fuzzy linear programming model to evaluate and optimise the
natural gas supply chain, considering economic and environmental objectives. The model
considers uncertainties in demand, capacity and cost and is solved using the possibilistic
programming approach.

Mathematical uncertainty modelling for optimising oil and gas supply chain costs is
evolving. An in-depth study of uncertainty in costs, storage and transportation modes can
provide crucial theoretical support and practical guidance for optimising transportation
decisions, reducing transportation costs and improving supply chain efficiency. For example,
Zhang et al. [68] investigated and proposed a mathematical programming model of a supply
chain network for synergistic biomass and crude oil collection, storage and transportation,
identifying the optimal biomass storage locations and transportation modes for the studied case.

Additionally, Ghatee and Zarrinpoor [69] considered an optimisation model of facilities
(e.g. oil wells, gas injection wells, production units, refineries, gas injection centres,
distribution centres and terminals) to design an oil supply chain with upstream, midstream and
downstream levels. The model applied optimisation objectives that included three dimensions:
economic, environmental and social costs. Alizadeh and Karimi |[70] proposed a two-objective
MILP model for the refined petroleum supply chain. The uncertainties considered in the model
included refinery and tanker inventories, transportation costs, production volumes and user
demand. The solution included chance-constrained programming, scenario-based
programming and P-robust optimisation methods for model solutions. Attia et al. [15] applied
medium-term planning of the oil and gas supply chain in Saudi Arabia. They developed a multi-
objective optimisation model that demonstrated the sustainability and environmental aspects
of the planned operations and performed a sensitivity analysis to determine how the changes
in the critical parameters affect the decision-making results. Figure 9 presents the influence of
the output parameters on the oil and gas production by varying the price of the crude oil versus
the demand.



Wang, B., Hao, H.
Process Integration in Optimising the Qil and Gas ...

920

Oil production
=—@=(Gas production

918 /

9=0=-0=90=9=-0—Q

|
!f

916

—90—90-0—0—0

Crude oil production(Mbbl/month)

Year 2025
Volume 1, Issue 1, 1010556

560000

520000

480000

Natural gas production (Mcft/month)

9
914 . . . 440000
30 60 90
Crude oil price ($ /bbl)
(a)
1200 T 880000
=== il production
Gas production
/O-—-—o_o_o
5 / ]
E - S
£ 900 F—= ~ 720000 £
E \ :’
£ \ / 5
. é "&,Q o
2 ,,;><o E
E LN £
= ] <
S 600 / ~, 560000 —
= =
3 2
“ z
9
300 - : : 400000
0.5 1.0 1.5

Percent of demand (Mbbl/month)

(b)

Figure 9. Crude oil prices and user demand by oil and gas production level (adapted from [15])

P-graph

P-graph was developed [71] as a tool for solving process network synthesis problems. Its

primary features include graphical

modelling,

automatic

generation of maximal

superstructures, support for logical constraints, more-complete solution algorithms and a
combination of network structure and goal optimisation. The graph has various application
scenarios, such as energy supply chain optimisation | 72|, water and energy network integration
optimisation |73] and municipal solid waste treatment system optimisation [74].

The P-graph is effective for process integration. In the oil and gas supply chain, the proper
allocation of resources is critical, and the P-graph can graphically display relationships between
links to help decision-makers identify the optimal resource allocation, improving overall
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efficiency and reducing costs [75]. The literature up to 2013 on using the P-graph method for
supply chain and process integration in supply chain and process networks was reviewed [76].
The review concluded that the P-graph has relevant applications in supply chain integration,
programming, optimisation and management and can output optimisation results quickly and
intuitively. Vance et al. [72] designed a sustainable energy supply chain using the P-graph. The
purpose of this supply chain is to meet the demand for electricity and heat in rural areas and
recycle agricultural waste. The authors proposed a new defining indicator, “emergy,” to
measure the energy consumed directly and indirectly to produce products or maintain service
delivery processes. This renewable energy supply chain can reduce costs by 17% compared to
using a grid or natural gas for electricity generation. How et al. |77] proposed an optimisation
method based on the P-graph for biomass supply chains. The method identifies the bottlenecks
in the studied efficiency improvement problem in the biomass supply chain and provides the
optimisation results after removing the bottlenecks. The objective function of the problem is
determined using a hierarchical analysis that evaluates the three dimensions of economic,
environmental and social sustainability.

In practice, optimising oil and gas supply chains often involves multiple objectives, such
as minimising costs, maximising efficiency and minimising environmental effects. The
P-graph can consider these objectives simultaneously and provide comprehensive solutions by
constructing multi-objective optimisation models. To make the P-graph theoretical framework
more convenient to apply to the actual problems of the oil and gas supply chain, one study | 78]
proposed a method to optimise the distribution scheme using the P-graph to optimise the supply
chain of refined oil products. The method considers economic and environmental costs and
quantifies the environmental costs generated during the distribution of refined oil products by
pipeline, railroad and water transportation. These costs are quantified by introducing pollutant
emission factors, pollutant emission costs and other indicators, reducing NOx emissions and
introducing considerable environmental benefits. Kodba et al. [79] u employed a multiperiod
optimisation model based on a P-graph for the biomass supply chain. The objective function
of the model includes minimising the overall distribution cost and GHG emissions. In contrast,
the decision-making process considers seasonal variations in biomass supply, and the input
model parameters include the biomass feedstock content, biogas digester location and
transportation distance.

In [80], the authors proposed an optimisation method for the energy supply chain that
considers each village and town as a unit and a region containing multiple units. The top-level
model optimises the regional supply chain network to minimise the carbon footprint. The
second layer model takes each unit as the research object and applies the P-graph to optimise
the supply chain in the unit. This method can effectively design the supply chain network to
improve the utilisation efficiency of biomass energy and reduce CO> emissions. The P-graph
provides optimisation results and visual analysis tools to help decision-makers better
understand the influence of decisions on the supply chain so that they can make more scientific
decisions.

The P-graph has been widely used in optimisation studies of supply chains and process
networks as an effective process-integration tool. Many scholars have proposed problem-
specific optimisation models using P-graphs, covering diverse fields, such as sustainable
energy, biomass and oil and gas supply chains. According to the current research, it is common
to propose multilevel optimisation strategies for supply chain scenarios to enhance efficiency
and sustainability by considering seasonal variations, pollutant emissions and other factors in
the optimisation model. Despite the many results in practical applications, exploring how to
combine P-graph with other optimisation methods is still necessary to improve the solution
efficiency and application breadth and provide more comprehensive and effective decision
support for energy and resource management.



CONCLUSION

This paper presents an in-depth discussion of different optimisation methods from a
process-integration perspective, especially for optimising oil and gas supply chains. The
analysis of the existing literature revealed that multiple methods have advantages and
applicability in various application fields. First, the Pinch Analysis has significant advantages
in improving energy utilisation efficiency. This analysis helps decision-makers identify
potential shortages or surpluses via visualisation to optimise inventory management and energy
demand. Second, mathematical programming methods demonstrate flexibility and power when
dealing with complex optimisation problems. These methods can determine optimal solutions
under multiple constraints by constructing mathematical models. In addition, the P-graph
method is an effective process-integration tool that simultaneously considers multiple
objectives, such as economic, environmental and social sustainability. This approach is robust
in optimising biomass and oil and gas supply chains, identifying bottlenecks, and providing
visual analyses to assist decision-makers in better understanding the influence of decisions on
the supply chain.

In today’s increasingly complex oil and gas supply chains, integrated optimisation is
performed by simultaneously considering multiple objectives and combining research results
from economics, environmental science and sociology to enhance the comprehensiveness and
applicability of the model. In supply chain management, process integration involves
integrating the processes of suppliers, manufacturers, distributors and retailers to improve the
overall efficiency of the supply chain. This work systematically identified metrics to assess
supply chain optimisation in the literature on optimising supply chains. This study categorised
the objectives, as indicated in Figure 10, and the analysis indicates that most studies have
emphasised the importance of supply and demand equilibrium, optimised cost, multi-objective
optimisation and sustainability. In contrast, stability and risk control have received little
attention, suggesting shortcomings in the social field of supply chain optimisation research
analysed from a process-integration perspective.

Figure 10. Frequency (%) of mentioned supply chain capabilities in the literature

With the deepening research on process integration, the existing integration methods are
becoming increasingly abundant, and they gradually fit the actual optimisation problems in the
oil and gas supply chain. Further research can be conducted on the following aspects of process-
integration methods.



(1) With the rapid development of the oil and gas industry, efficiently solving complex
optimisation problems in the oil and gas supply chain has become an important topic. Future
research should focus on developing more efficient algorithms and solvers to address large-
scale optimisation models.

(2) In optimisation research in the oil and gas supply chain, multiple factors (e.g. market
demand fluctuations, supply chain disruptions, market prices, etc.) must be incorporated into
modelling to design models closer to the actual situation. This approach can improve the
accuracy of decision-making and the adaptability of the system.

(3) Internet and big data technology should be combined to research oil and gas supply
chain optimisation based on real-time data. Real-time monitoring and data analysis from links
in the supply chain can develop dynamic scheduling and optimisation algorithms to improve
resource use efficiency and reduce operating costs.

(4) Many uncertainties exist in the oil and gas supply chain, such as price fluctuations and
demand changes. In the future, research on uncertainty analysis should be strengthened to cope
with uncertainty by establishing robust optimisation models, fuzzy programming models and
other techniques to improve the stability and reliability of the supply chain.

(5) Combining process-integration methods with other disciplines (e.g. environmental
sciences, computer sciences, etc.) for collaborative interdisciplinary research promotes the
application of new methods and technology. This approach can enhance the breadth and depth
of research and promote the sustainable development of the oil and gas industry.
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