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ABSTRACT

Despite the potential benefits of decision-level integration for process and energy supply chains
(SCs), these systems are traditionally assessed and optimised by incorporating simplified unit op-
eration models within a spatially distributed network. The desired organisational-level integration
cannot be achieved without leveraging complex computational tools and concepts. This work pro-
poses a multi-scale agent-based model to facilitate the transition from traditional practices to co-
ordinated SCs. The proposed multi-agent system framework incorporates different enterprise di-
mensions of the process and energy SCs, including raw material suppliers, rigorous processing
plants, and consumers. The behaviour of each agent type and its interactions are implemented,
and their impact on the overall system is investigated. This approach allows for the simultaneous
assessment and optimisation of process and SC decisions. By integrating each decision level into
the operation, the devised framework goes beyond existing studies in which the impacts of lower
decision levels are neglected. A biofuel SC example comprising farmers, biorefineries, and end-
users is presented to demonstrate the application of the proposed multi-agent system. The in-
volved actors seek to increase their payoffs given their interdependencies, intra-organisational
variables, and the underlying dynamics of the network. The aggregated payoff of the supply net-
work is optimised under different scenarios, and fractions of capacity allocated to biofuel produc-
tion and consumption are obtained. The results indicate that integrated decision-making signifi-
cantly influences SC performance. The proposed research expounds a more realistic view of multi-
scale coordination schemes in process and energy SCs.

Keywords: Process and energy systems, Decision level integration, Agent-based models, Biofuel supply
chains, Payoff optimisation

INTRODUCTION

Effective coordination between supply chain (SC)
levels from operational to strategic areas is an essential
tool for improving the comprehensiveness of process and
energy system models [1]. Such a decision-level integra-
tion notion is true for models encompassing changing
policy decisions and technological innovations, such as
those in biofuel SCs [1]. Biofuels can provide an essential
alternative to fossil fuels as they utilise renewable feed-
stocks whilst allowing for lower net carbon dioxide emis-
sions [2]. Although the further adoption of biofuels has
been touted as a possible key contributor to meeting the
climate objectives, the complex interactions between
stakeholders, such as raw material suppliers, processing
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plants, and consumers, and the impact of government
policies, such as subsidies, result in unclear or oversim-
plified outcomes from conventional biofuel SC models.
Several studies have explored the optimisation of
biofuel SCs to meet sustainability objectives [3-5]. Whilst
some explore the impact of technology options on SCs,
none were found to investigate the effects of biorefinery
process details on biofuel adoption. In this context, com-
putational approaches such as agent-based modelling
have been used to handle the complexities and uncer-
tainties associated with biofuel SCs, specifically the
feedback relationships between agents [1]. The most rig-
orous studies [1, 6], proposed agent-based models to
simulate the adoption of biofuels by stakeholders in re-
sponse to government policies such as differing subsidy
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levels and products' social and environmental impacts.
The current investigation utilises a multi-scale agent-
based model to capture the organisational structure of
integrated SCs. Such multi-faceted features allow for
simultaneous assessment and optimisation problems,
particularly exploring the optimal adoption in biofuel-
driven processes and energy systems. The framework
extends decision-making beyond that from prior studies
by including decisions at the firm level, through adjust-
ments to intra-organisational planning options, as well as
at lower levels, through the incorporation of biorefinery
process variables.

METHODOLOGY

Biofuel Adoption Problem Formulation

In this work, a biofuel SC is modelled as an interre-
lated system of computational ecosystems featuring dis-
tributed and asynchronous decision-making, and incom-
plete information.The conceptual structure of the system
is shown in Figure 1.
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|
]

Ecosystems

Biorefineries | End-Users

s Feedstock Supply Fuel Supply
A .

Pmmmmv Feedstock Demand -——————=
Option 1: Biofuel Crop Option 1: Adopt Biofue Option 1: Use Biofuel

Option 2: Non Biofuel Crop>| (Option 2: Not Adopt Biofuel>|COption 2: Not Use Biofuel

Figure 1. Conceptual model of the biofuel SC [1].

Farmers

The system comprises multiple actors, including
farmers, biorefinery facilities, and end-users, each with
binary options regarding biofuel adoption. The biofuel
adoption problem is formulated as follows.

maxpo Ur = Yeescr Ztmerm U(P,0) (1a)
s.t. PEOP,OEOO (1b)

Where U7 is the total utility of all involved ecosys-
tems (SCE) in all sample periods (T,,), which is calculated
by the individual payoff functions (U (P, 0)). The planning
decision variables (P) include re-evaluation frequencies,
while the operational-level decisions (0) entail adjusting
biorefining facility process parameters. Additionally, the
feasible regions of both levels confined by equality, ine-
quality, and implicit constraints are denoted by sets 6,
and 0,.
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Supply Chain Dynamic Behaviour

The SC behaviour at the aggregate level is driven by
actors alternating between adopting or not adopting bio-
fuels and changing the ecosystem’s payoff. The following
constraints determine the rate at which actors choose
the former at the ecosystem level [1].
L = a, (pe(filt = 7)) - o(®)),Ve,i € SCE (2)

at

po=2(1+ ert(SA02=UD)) ve s (3)

e
Ae € (ae,minv ae,max) (4)

Where f, is the fraction of actors in an ecosystem

adopting biofuels and «a, [ﬁ] is the re-evaluation fre-

quency for each ecosystem, bounded by minimum and
maximum values (@ min, %e max)- 1he preference probabil-
ity of biofuel adoption (p.) depends on the payoff of se-
lecting said option. As a result, two utility functions, rep-
resented as G., and G,, are defined for adopting or not
adopting biofuels, respectively, influenced by same-tier
and neighbouring ecosystem adoption fractions. 7, de-
notes the delay parameter and accounts for the asyn-
chronous information flows between ecosystems and the
inherent inertia to respond to external changes. Finally,
the uncertainties are introduced through measurement
errors of utility functions, characterised by g, [1].

Biorefinery Model

The production process behaviour is reflected via a
nonlinear model of a biodiesel plant described elsewhere
[7]. The closed form of the process model is described
below.

F(X)=0 (5)
x € (xmin'xmax)v Vx €X (6)

Where X refers to the process variables and param-
eters, including feed and solvent flow rates and temper-
atures along with water mass flow and the boiler pres-
sure. The set F relates the final product flow rate, purity,
temperature, and heat duty requirement to the input pa-
rameters [7].

The plant’s overall profit is calculated based on the
following equation.

Profit = Salegogieset — TAC (7)

Where Saleg;,qieser FEPresents the final product sale,
and TAC refers to the total annual costs, which include
the operational and annualised capital costs discounted
by a given factor.

Multi-Scale Agent-Based Model

A multi-agent system encompasses various actors
carrying out numerous tasks. These agents can select
from multiple resources to complete their assignments.
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Figure 2: Schematic representation of the agent-based model employed. (a) shows the higher abstraction levels,
(b) gives a representation of the biofuel SC at the planning level, and (c) illustrates an entity behaviour at the
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Their choices are based on the perceived benefits of
each resource. While these decisions are rational, they
may not always result in the best overall performance for
the system. Due to these similarities, the agent-based
modelling approach is selected to reflect the complex
process and energy systems. The framework material-
ises a two-level hierarchy by conceptualising and ab-
stracting specific supply networks [1, 8]. For implemen-
tation purposes, the AnyLogic software (ver. 8.7.9) [9] is
employed due to its ease of use in incorporating different
intricacy levels.

Supply Chain Domain Model

Figure 2(a) shows the domain model, in which con-
nections of two broad modules are established. The sup-
ply chain module offers the main functionality to repre-
sent the overall structure of supply networks. At the same
time, the site module involves elements comprising Unit
and Site to capture the details of an individual or ecosys-
tem in a network.

Application-Level Model

The specialised model, as illustrated in Figure 2(b),
supports the high-abstraction model for the biofuel
adoption problem and encompasses three intercon-
nected agents to represent partners of the SC. The
framework reflects the two-option behaviour of each
component in the system, as demonstrated in Figure 2(c).
A linear realisation of coupled payoff functions is used,
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similar to the case discussed in the previous investigation
[1]. The process model is deployed in Python using
Pyomo (ver. 6.8.0 ) [10] and connected to the main plat-
form via the Pypeline interface.

Solution Strategy
The solution strategy is depicted in Figure 3.

Setting Up Candidate Solution)<——

‘ Receiving Process Inputs ‘

Pypeline Interface l

4{ Requesting Biofuel Process Simulation

‘ Retuming Plant Profit }—b{ Simulating Supply Chain ‘

Pyomo Library

All Time Periods Finished?

‘ Evaluating Total Utility ‘

Yes /K No
@ Finalising Solution

Solution Coverged?
Figure 3. The solution workflow.

As seen in the figure, the optimisation engine cre-
ates a candidate solution comprising the re-evaluation
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Figure 4: The variation of adoption fraction over time for (a) Scenario 1, (b) Scenario 2, (c) Scenario 3, and (d)
Scenario 4.

rates and biofuel process variables and sends it to the
corresponding ecosystems. Each ecosystem computes
its contribution to the total utility and sends the infor-
mation to the main agent. For the biorefinery optimisa-
tion, process variables are sent to the external Python
model, and the obtained profit value is used to scale the
respective ecosystem payoff. In this context, the process
model is an implicit constraint of the optimal adoption
problem. The aggregated utilities are then calculated,
and if required, a new candidate solution is generated to
be utilised for the next iteration. Notably, without the bi-
orefinery's implicit constraints and under specific condi-
tions with no delays and uncertainties, the optimisation
and agent interactions may lead to an equilibrium point
(See [1]).

CASE STUDY

A biofuel SC case study is adopted from the prior
study [1]. The specific model and parameters for biofuel
plants [7] are also incorporated into the optimisation
problem. Four scenarios are considered, details of which
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are summarised in Table 1. As seen in the table, the con-
sidered cases are characterised by different subsidy lev-
els or delay parameters (scaled against default values),
and the inclusion or absence of the biorefinery consider-
ations (Equations 5-7). Notably, two subsidy types, con-
stant and phased-out policies, are considered. The sub-
sidy values positively affect the payoff of adopting bio-
fuels in each ecosystem. While both types have a similar
base value, the latter is in full effect at the start and line-
arly decreases to zero at the final period [1].

Table 1: Implemented scenarios.

No. Process Subsidy (Base Delay Scale

Constraints Value) Factor
1 No Constant (5) 1
2 Yes Constant (5) 1
3 Yes Phased-Out (5) 1
4 Yes Phased-Out (5) 1/2

The dynamic adoption problem (Equations 1-7), im-
plemented in the AnyLogic environment, is optimised us-
ing OptQuest solver across 10 years with monthly sample
periods. Ecosystem populations of farmers, biorefineries,
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and users are 1000, 10, and 30000, respectively. A max-
imum of 1000 generations is used as the convergence
measure to improve performance, compared to the de-
fault criteria. Other considerations, such as raw material
and biodiesel prices and bounds for the ecosystem pa-
rameters, remain the same as in the prior works [1, 7].
Notably, the existence of delay and uncertain parameters
and process constraints pose a serious challenge in
reaching and identifying equilibria in discussed scenar-
ios. The implemented scenarios intend to evidence the
impacts of decision-level integrations and intricate con-
siderations (delays and uncertainties) on the SC's overall
performance. All experiments are performed on an In-
tel(R) Xeon(R) CPU E5-2620 processor and 128GB RAM.

RESULTS AND DISCUSSION

Figure 4 presents the predicted adoption fraction
over time for the different scenarios. In addition, the sup-
ply chain decision variables and utility function values are
listed in Table 2. In the following sections, the study re-
sults are discussed.

Table 2: Scenario results.

No. QFarmers aBiorefineries Qysers uT
1 0.165 0.009 12.68 540.31
2 0.13 0.008 26.81 536.15
3 0.089 0.008 7.33 823.24
4 0.083 0.014 18.11 731.63

Influences of The Biofuel Process Model

As seen in Figures 4(a) and 4(b), there is a signifi-
cant difference in the adoption fraction of actors in the
system, particularly in the later time horizons. This com-
parison indicates the impacts of the biofuel process on
SC behaviour. While biorefineries attain similar adoption
fractions in both cases, a late accelerated adoption and
a subsequent drop (particularly for farmers) can be seen
in the second scenario. This observation can be at-
tributed to the fact that processing plant integration en-
hances the whole environment's visibility, slightly down-
grading the actors' participation. In addition, the second
scenario features the coupling of raw material supply
from farmers and biofuel demand from users. At later
planning stages, the increased potential supply of feed-
stocks creates local competition among farmers, ad-
versely influencing their adoption. The resulting drop has
cascading effects on downstream actors, as shown in
Figure 4(b).

The same conclusion can be drawn by comparing
the objective function values in Table 2, in which incor-
porating plant constraints leads to a more accurate esti-
mation of the total utility. Here, the changes in SC deci-
sion variables are more noticeable, particularly the re-
evaluation rates of users. Based on Table 2, due to the
Babaei et al. / LAPSE:2025.0300

introduction of process constraints, users re-evaluate
their decisions more frequently. At the same time, other
ecosystems assess their decisions less regularly, so
emergent and asymmetrical effects on farmers and users
can be observed.

Subsidy and Delay Effects

Figures 4(b) and 4(c) show that a constant subsidy
leads to higher overall adoption fractions, indicating its
effectiveness in promoting consistent adoption. How-
ever, the declining subsidy leads to a higher total utility
value, owing to the regular changes in the adoption pat-
terns. Therefore, a trade-off between subsidy types and
values exists, potentially guaranteeing a less oscillating
adoption and higher payoffs.

Scenario 4 has a reduced delay factor compared to
Scenario 3. Figures 4(c) and 4(d) reveal that a smaller
delay factor results in faster adoption rates, highlighting
the importance of information flow and responsiveness in
the SC. The reduced information delay also translates to
higher adoption fractions across all parties. In contrast,
increased information flows lead to a lower utility and a
less stable adoption pattern, specifically for biorefineries
and end-users.

Overall, Figure 4 and Table 2 provide evidence sup-
porting the argument that biofuel SC models should con-
sider process details, policy types, and information de-
lays to represent system behaviour accurately. These
factors directly impact the adoption patterns of different
actors, ultimately influencing the success of policy imple-
mentation.

CONCLUSION

This work proposes an agent-based framework to
explore the multi-scale integration of process plant con-
straints and the dynamic interactions of multiple actors in
the context of process and energy SCs. The developed
model implements a bilevel structure to reflect the gen-
eral and specialised cases such as biofuel SCs. The agent
technology effectively captures the interdependencies
and feedback relationships among different actors. By
accounting for these actors' individual decisions and be-
haviours, the model provides a more comprehensive rep-
resentation of the SC dynamics and reveals the potential
for emergent system-level behaviours that may not be
apparent in simpler models and conventional research
works.

The capability of the framework is evidenced via a
biofuel SC case study. The SC actors, namely farmers,
biorefineries, and end-users, interact in a dynamic net-
work. The case study aims to find an optimal collective
adoption pattern based on a two-option strategy at indi-
vidual levels. Multiple optimisation scenarios featuring
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different parameter values and subsidy types are imple-
mented to evaluate the SC aggregated payoff and adop-
tion behaviours. The results show that integrated deci-
sion-making leads to a more realistic and insightful bio-
fuel SC model. Integrating process constraints results in
a more accurate estimation of the total utility function
compared to models that rely on simplified unit operation
representations. The findings also underscore the im-
portance of moving beyond the traditional assumption
that biorefineries are the sole decision-makers in the SC.

The advantages that arise from this framework ex-
tend beyond those mentioned in this study. In this regard,
future research should include a better representation of
individual payoff functions to capture the intricacies and
interactions in biofuel SCs. Furthermore, policy efforts
should focus on implementing more complex subsidy
types and environmental sustainability measures. By em-
bracing a more holistic and dynamic modelling approach,
researchers and decision-makers can better understand
the biofuel SC and develop more effective strategies to
address the challenges and opportunities associated
with this emerging industry.

ACKNOWLEDGEMENTS

This research is funded by the Department of Health
and Social Care using UK Aid funding and is managed by
the EPSRC. The views expressed in this publication are
those of the authors and not necessarily those of the De-
partment of Health and Social Care.

REFERENCES

1. D. Agusdinata, S. Lee, F. Zhao, W. Thissen.
Simulation modeling framework for uncovering
system behaviors in the biofuels supply chain
network. SIMULATION 90 (2014):1103-1116
https://doi.org/10.1177/0037549714544081

2. D. Kumari, R. Singh. Pretreatment of lignocellulosic
wastes for biofuel production: a critical review.
Renewable and Sustainable Energy Reviews 90
(2018):877-891
https://doi.org/10.1016/j.rser.2018.03.111

3. S. Shirazaki, M. S. Pishvaee, M. A. Sobati.
Integrated supply chain network design and
superstructure optimization problem: a case study
of microalgae biofuel supply chain. Computers &
Chemical Engineering 180 (2024): 108468
https://doi.org/10.1016/j.compchemeng.2023.1084
68

4. M. Umar, M. Tayyab, H. R. Chaudhry, C.-W. Su, N.
Navigating epistemic uncertainty in third-
generation biodiesel supply chain management
through robust optimization for economic and
environmental performance. Annals of Operations

Babaei et al. / LAPSE:2025.0300

Research (2023): 1-40
https://doi.org/10.1007/s10479-023-05574-1

5. S.Bairamzadeh, M. Saidi-Mehrabad, M. S.
Pishvaee. Modelling different types of uncertainty
in biofuel supply network design and planning: A
robust optimization approach. Renewable energy
116 (2018): 500-517
https://doi.org/10.1016/j.renene.2017.09.020

6. P.Yang, X. Cai, X. Hu, Q. Zhao, Y. Lee, M. Khanna,
Y.R. Cortés-Pefia, J.S. Guest, J. Kent, T.W.
Hudiburg, E. Du. An agent-based modeling tool
supporting bioenergy and bio-product community
communication regarding cellulosic bioeconomy
development. Renewable and Sustainable Energy
Reviews 167 (2022): 112745
https://doi.org/10.1016/j.rser.2022.112745

7. L. Zhou, M. Pan, J.J. Sikorski, S. Garud, L.K. Aditya,
M.J. Kleinelanghorst, I.A. Karimi, M. Kraft. Towards
an ontological infrastructure for chemical process
simulation and optimization in the context of eco-
industrial parks. Applied Energy 204 (2017): 1284-
1298
https://doi.org/10.1016/j.apenergy.2017.05.002

8. R. Milton, P. Jagroop, S. F. Brown. Technoeconomic
process modelling of waste remediation within a
supply chain network. Computer Aided Chemical
Engineering. 52 (2023) 2649-2654
https://doi.org/10.1016/B978-0-443-15274-
0.50421-2

9. A.Borshchev. Multi-method modelling: AnyLogic.
(2014): 248-279 In: Discrete-Event Simulation and
System Dynamics for Management Decision
Making. Ed: S. Brailsford, L. Churilov, B. Dangerfield
John Wiley & Sons, Ltd (2014)
https://doi.org/10.1002/9781118762745.ch12

10. William E. Hart, Jean-Paul Watson, David L.
Woodruff. Pyomo: modeling and solving
mathematical programs in Python. Mathematical
Programming Computation 3(3) (2011): 219-260
https://doi.org/10.1007/s12532-011-0026-8

© 2025 by the authors. Licensed to PSEcommunity.org and PSE
Press. This is an open access article under the creative com-
mons CC-BY-SA licensing terms. Credit must be given to creator
and adaptations must be shared under the same terms. See
https://creativecommons.org/licenses/by-sa/4.0/

Syst Control Trans 4:924-929 (2025) 929


https://doi.org/10.1177/0037549714544081
https://doi.org/10.1016/j.rser.2018.03.111
https://doi.org/10.1016/j.compchemeng.2023.108468
https://doi.org/10.1016/j.compchemeng.2023.108468
https://doi.org/10.1007/s10479-023-05574-1
https://doi.org/10.1016/j.renene.2017.09.020
https://doi.org/10.1016/j.rser.2022.112745
https://doi.org/10.1016/j.apenergy.2017.05.002
https://doi.org/10.1016/B978-0-443-15274-0.50421-2
https://doi.org/10.1016/B978-0-443-15274-0.50421-2
https://doi.org/10.1002/9781118762745.ch12
https://doi.org/10.1007/s12532-011-0026-8

