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 A B S T R A C T

This study investigates the use of multi-agent systems (MAS) to optimise energy flow in industrial seaport 
clusters, with an emphasis on reducing operational costs, minimising carbon emissions, and increasing 
renewable energy utilisation. The proposed framework combines decentralised control via MAS, dynamic 
load scheduling, and smart grid interaction across three operational strategies: individual building-level 
optimisation, cluster-level coordination, and peer-to-peer energy trading. Simulation results from a UK-based 
pilot site indicate that cluster-level optimisation achieves an average 60% cost saving and 30% emission 
reduction. The peer-to-peer strategy enables up to 90% renewable self-consumption, reducing grid dependence 
by 30–35%. In contrast, the individual strategy remains sensitive to demand fluctuations, with grid dependency 
rising to 70% under high-load conditions due to limited energy sharing and battery saturation.

These findings demonstrate the scalability and adaptability of MAS-based energy frameworks in industrial 
contexts. By critically evaluating performance under variable operational scenarios, this study offers practical 
insights for sustainable energy management and industrial decarbonisation pathways.
1. Introduction

Demand-side energy management in building clusters presents a 
promising pathway for enhancing both economic performance and 
environmental sustainability, while accelerating the transition to low-
carbon industrial systems (Kaspar et al., 2022; Amin et al., 2022). 
The increasing deployment of renewable energy sources (RES) requires 
intelligent energy management solutions to mitigate production inter-
mittency, ensure operational stability, and optimise energy use and 
associated costs (Amin et al., 2026). Recent advances in artificial intel-
ligence (AI) and cyber–physical systems have enabled the emergence 
of decentralised energy management paradigms, where interconnected 
actors coordinate energy flows, dynamically adjust loads, and engage 
in peer-to-peer (P2P) trading to increase renewable self-consumption 
and reduce grid dependency (Huang et al., 2020).

Industrial seaport facilities — especially those supporting fisheries 
and food processing — face unique energy and environmental chal-
lenges. These facilities are often located in coastal or remote areas, 
characterised by ageing infrastructure, limited grid access, and el-
evated electricity tariffs (Food and Agriculture Organization of the 
United Nations, 2020; Alqarni et al., 2023). In response, the concept 
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of the ‘‘smart port’’ has emerged, underpinned by the digitalisation 
of energy infrastructure and operational processes. Yang et al. (2018) 
describe smart ports as cyber–physical ecosystems integrating sensor 
networks, data platforms, and energy control mechanisms to enable 
intelligent decision-making. Buiza et al. (2015) further highlight that 
smart ports prioritise environmental efficiency, operational reliability, 
and economic competitiveness.

This study builds upon the theoretical foundations of multi-agent 
systems (MAS) and distributed optimisation. MAS enables autonomous 
coordination among energy entities — such as buildings, storage units, 
and local generators — by facilitating real-time decision-making and 
inter-agent communication, which is suitable for complex energy sys-
tems with heterogeneous actors, temporal variability, and spatial dis-
tribution of resources (Du et al., 2023; Bregar, 2020).

Despite extensive literature on microgrids and industrial energy 
management, energy-intensive fishing facilities have received limited 
attention despite their high energy volatility, reliance on fossil fuels, 
and insufficient integration of renewable resources. Existing approaches 
often lack scalability, adaptability, and holistic coordination across the 
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Nomenclature

Acronyms

CO2 Carbon dioxide
DR Demand response
EC Electricity costs
GD Grid dependency
KPI Key perfomance indicator
MAS Multi-agent system
P2P Peer-to-peer
PV Photovoltaic
RES Renewable energy sources
UK United Kingdom
Units

% Percentage
£ British Pound Sterling
kWh Kilowatt-hour
kWp Kilowatt-peak
MWh Megawatt-hour
ton Weight in ton
Variables

A, b Coefficients for energy flow equation
Aeq, beq Coefficients for energy balance equation
ci(x) Non-linear constraint for energy contradic-

tion
L Number of days
SoC State of charge
X Decision three-dimensional vector

cluster level, especially in integrating dynamic P2P trading with multi-
layer optimisation (Alzahrani et al., 2021; Iris and Lam, 2021). This 
paper addresses these gaps by proposing a layered MAS-based optimisa-
tion framework tailored to the operational profiles of industrial seaport 
facilities. The framework integrates three complementary strategies:

• Dynamic load scheduling to optimise energy consumption and 
production across buildings and time periods.

• Cluster-level coordination to optimise collective energy opera-
tions and reduce costs and grid reliance.

• P2P energy trading to facilitate decentralised energy exchange 
among buildings and maximise on-site renewable self-consump-
tion.

The core contributions of this research are as follows:

1. Articulation of literature gaps in MAS-based energy manage-
ment specific to industrial seaports and fisheries, contributing 
to emerging discourse on sustainable port development.

2. Design of a multi-layered MAS framework integrating local con-
trol, central coordination, and cooperative trading mechanisms 
to enhance operational flexibility and system resilience.

3. Evaluation of decentralised P2P energy trading in a real-world 
industrial cluster, demonstrating its impact on renewable self-
consumption and cost savings under different operational condi-
tions.

4. Critical assessment of technical and environmental performance 
metrics — including cost, emissions, and grid dependence — 
under various optimisation strategies using validated simulation 
data.
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The paper is structured as follows. Section 3 presents the method-
ology, pilot site characterisation, and optimisation formulation. Sec-
tion 4 discusses the simulation results and scenario-specific insights. 
Conclusions and future research directions are summarised in Section 5.

2. Related work

Recent research highlights a wide range of strategies for energy 
optimisation and decarbonisation in industrial settings, including smart 
ports and seafood processing facilities. This section categorises relevant 
contributions across four primary domains: energy management in sea-
ports, renewable energy integration, peer-to-peer (P2P) energy trading, 
and multi-agent systems (MAS) for energy optimisation.

Energy management in seaports: Recent research has explored 
smart energy systems in seaports, particularly focusing on fish process-
ing and cold-chain logistics. Alzahrani et al. (2020) developed a smart 
microgrid model for the Milford Haven fishing port, incorporating 
PV panels, battery storage, and a MILP-based optimiser to manage 
electricity cost and emissions. The study achieved 15.4% electricity cost 
reductions and 13.7% carbon emissions savings through the integrated 
scheduling of deferrable loads and storage operation. However, the 
model relied on static scheduling and assumed full demand forecast ac-
curacy, which may limit its responsiveness under real-time operational 
fluctuations.

In a broader seaport energy context, Iris and Lam (2021) introduced 
an integrated energy system combining demand response (DR), energy 
arbitrage, and multi-vector control in a smart port framework. The 
model considered various load types (e.g., HVAC, refrigeration, light-
ing) and optimised power flow from renewable sources and the grid. 
Their results indicated 15.2% cost savings and a 4.3% improvement 
in energy autonomy. Notably, their framework lacked explicit agent-
based coordination or peer-to-peer mechanisms, instead depending on 
centralised optimisation for load shifting and battery dispatch.

Although these studies highlight the importance of flexible demand 
modelling, especially for energy-intensive assets such as like cold rooms 
and ice-making units, they underscore the growing emphasis on inte-
grating renewable generation and storage within port environments. 
Further research is required to investigate impacts of fixed price tar-
iffs, decentralised intelligence, and stochastic variability modelling on 
seaport energy environments.

Renewable energy integration: Several studies explore the inte-
gration of renewable energy sources (RES) in port environments. Ramos 
et al. (2014) assessed the potential of tidal energy to power the port 
of Ribadeo in Spain, using high-resolution simulation of tidal currents. 
The methodology included monthly energy output estimation based on 
flow velocities and turbine efficiency, indicating a yearly energy po-
tential of 94.9 MWh and a carbon reduction of up to 85% compared to 
conventional diesel generation. The results suggest feasibility for partial 
port electrification using tidal currents under consistent hydrodynamic 
conditions.

Similarly, Arena et al. (2018) investigated wave energy converters 
(WECs) to supply EV charging stations in ports. Their work combined 
energy production forecasting with EV charging profiles and concluded 
that 2–3 WEC units could meet 45%–60% of energy demand, although 
production was seasonally variable. The study highlights the impor-
tance of aligning marine energy production with real-time demand 
profiles.

Buonomano et al. (2023) proposed a dynamic simulation model 
for the Port of Naples, integrating photovoltaic (PV), solar thermal, 
and hydrogen energy systems. The framework included multi-domain 
energy modelling and optimisation via genetic algorithms. The system 
achieved a renewable self-consumption rate of 84.3% and cut carbon 
emissions by 59.7%. This approach combined multiple RES and storage 
systems, offering higher flexibility and energy independence.

Collectively, integrating multiple energy vectors (e.g. tidal, wave, 
and hybrid solar systems) can enhance energy sustainability in port 
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facilities, with typical outcomes showing up to 85% renewable integra-
tion and 60% emission reductions through applying simulation-based 
potential assessments or real-world optimisation frameworks.

P2P energy trading: P2P models have emerged as viable mecha-
nisms to enhance distributed energy coordination and self-sufficiency 
in local energy communities. Alzahrani et al. (2021) proposed a P2P 
energy-sharing algorithm using a dynamic pricing mechanism within 
smart port microgrids, emphasising agent-based coordination under 
seasonal demand variations. Their two-stage model, tested at a fish-
ing port, achieved a 21.6% reduction in energy costs and a 9.4% 
improvement in renewable self-consumption.

May and Huang (2023) explored a MAS framework using reinforce-
ment learning for decentralised P2P trading. The proposed framework 
incoprated dynamic price signals led to improved system efficiency 
and user satisfaction. The findings noted the influence of prosumer 
behaviour on market stability, suggesting behavioural modelling as 
critical for long-term performance.

Tushar et al. (2020) provided a comprehensive review of mar-
ket mechanisms in P2P energy systems. They categorised designs 
into community-based and fully decentralised architectures, identi-
fying trade-offs in computational complexity, trust mechanisms, and 
scalability. Dynamic pricing was identified as a critical enabler for 
grid responsiveness and fair compensation. Key limitations include 
transaction costs, lack of standardised protocols, and absence of legal 
frameworks for decentralised markets. Otherwise, the integration of 
distributed ledger technologies (DLT) may enhance traceability and 
automate settlements through smart agreements (AlSkaif et al., 2021).

Overall, P2P energy trading literature highlights the need for scal-
able, agent-coordinated, and incentive-compatible models to support 
energy flexibility in microgrids and industrial settings. 

MAS in energy optimisation: Recent advancements have signif-
icantly expanded the role of MAS in complex energy environments, 
especially within industrial and building-scale microgrids. MAS-based 
frameworks have demonstrated strong potential in handling decen-
tralised decision-making, dynamic energy coordination, and stochastic 
conditions without requiring centralised control.

Zhu et al. (2022) proposed a MAS deep reinforcement learning 
(DRL) model for multi-energy management in industrial parks. The 
system leveraged decentralised execution and centralised training using 
a soft actor–critic algorithm and attention-based mechanisms to reduce 
coordination overhead. Their simulation, based on real data, reported 
improved learning stability and efficiency while minimising long-term 
energy costs under fluctuating demand conditions. Similarly, Shen et al. 
(2022) designed a multi-agent DRL framework for building energy 
systems using duelling deep Q-networks and a value-decomposition 
approach. Their results demonstrated a 43% reduction in unutilised 
renewable energy and 8% cost savings compared to rule-based meth-
ods, indicating MAS adaptability to supply–demand mismatches and 
resource constraints.

Incorporating blockchain into MAS energy control has gained at-
tention for enhancing transparency and trust in decentralised envi-
ronments. AlSkaif et al. (2021) introduced a blockchain-enabled MAS 
platform for residential P2P trading that supports contract enforce-
ment and transaction traceability. Their findings emphasised reduced 
transaction delays and improved user trust, which are essential for de-
centralised energy ecosystems. Further, integrating federated learning 
(FL) has emerged as a promising approach to MAS-based optimisa-
tion. Yang et al. (2025) applied FL to decentralised energy control 
across buildings, allowing agents to collaboratively train control poli-
cies without sharing raw data. This method improved resilience under 
fluctuating loads and protected data privacy, a critical consideration in 
competitive industrial environments.

Communication constraints in MAS systems have also been stud-
ied. Domyshev et al. (2024) presented a MAS control model addressing 
both power and communication limitations in microgrids. Their sim-
ulation showed that distributed negotiation outperforms centralised 
5063 
scheduling in terms of adaptability and network resilience. Wang et al. 
(2024) proposed a distributed online optimisation approach using MAS 
to manage integrated energy systems. Their method dynamically up-
dates local agent strategies under time-varying prices and demand, 
proving effective in reducing both energy cost and operational com-
plexity in real-time settings.

Hybrid optimisation methods have also been explored in litera-
ture. Liu and Tang (2024) combined stochastic programming with 
generalised Nash bargaining in a MAS framework to manage energy dis-
tribution among microgrids. Their simulations demonstrated improved 
fairness and cost-effectiveness, particularly under uncertain renewable 
generation scenarios.

Finally, Petri et al. (2019) implemented a MAS-based control frame-
work tailored for energy optimisation in fish-processing industries. 
Their study modelled building-level agents to simulate various oper-
ational scenarios, highlighting the value of agent-based modelling in 
industrial load optimisation and emission reduction.

Despite these advancements, two critical challenges remain in the 
MAS literature:

• Limited integration of hybrid renewables: Most MAS frame-
works rely exclusively on solar PV. While sufficient in some 
contexts, this limits applicability in regions with high poten-
tial for tidal, wind, or wave energy, particularly coastal ports. 
Altough the feasibility of such sources have demonstrated in 
literature (Arena et al., 2018; Ramos et al., 2014), few MAS 
models incorporate multi-resource forecasting, control, or opti-
misation logic. Without hybrid integration, MAS energy man-
agement remains constrained in its environmental and economic 
adaptability.

• Absence of lifecycle contextualisation: Operational efficiency 
alone is insufficient to claim sustainability. Embedded carbon in 
PV panels, battery manufacture, and disposal must be accounted 
for to determine net environmental benefit Petri et al. (2025). 
However, few MAS frameworks embed lifecycle assessment (LCA) 
metrics into their optimisation objectives, resulting in incomplete 
sustainability evaluation. Without such metrics, decision-makers 
may overestimate the benefits of decentralised energy systems, 
especially over long time horizons.

Overall, MAS represents a frontier technology in industrial energy 
optimisation. The combination of decentralised autonomy, adaptive 
learning, and agent-level intelligence provides a flexible architecture 
for managing increasingly complex energy systems (Adewoyin et al., 
2025). As industrial sectors seek scalable solutions to meet decarbon-
isation targets, MAS — enhanced with federated learning, blockchain 
trading, and multi-renewable control — offers a viable pathway, partic-
ularly when incorporating lifecycle metrics and real-world implemen-
tation barriers (Celik et al., 2021; Alzahrani et al., 2021; Iris and Lam, 
2021). 

To address these gaps, this study investigates the following hypothe-
ses:

• A layered MAS-based framework can effectively reduce energy 
costs and emissions in industrial seaport environments (Yang 
et al., 2018; Alzahrani et al., 2021).

• Cluster-level optimisation outperforms individual building-level 
control in terms of cost efficiency and renewable energy utilisa-
tion (Buonomano et al., 2023).

• P2P energy trading enhances renewable self-consumption and 
grid independence beyond conventional control strategies (Shen 
et al., 2022; Ramos et al., 2014).
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Fig. 1. Layered multi-agent framework for smart energy management across cluster and building levels in industrial seaport facilities.
3. Methodology

Our methodology implements a layered multi-agent structure to 
explore energy optimisation across multiple operational levels in in-
dustrial energy clusters. The proposed framework integrates dynamic 
load scheduling, decentralised control, and real-time data exchange to 
minimise operational costs and environmental impact while maximis-
ing renewable energy use and grid independence. It leverages a deep 
reinforcement learning (DRL) scheme that adapts to changing demand, 
intermittent generation, and dynamic electricity tariffs.

The architecture comprises two hierarchical agent layers, as il-
lustrated in Fig.  1: (i) building-level agents independently manage 
energy production, consumption, and storage within each facility; and 
(ii) cluster-level agents coordinate energy transactions and distributed 
storage systems across the entire site, facilitating centralised decision-
making for enhanced efficiency and resilience.

To capture variations in consumption and generation patterns, the 
model applies temporal segmentation, dividing the day into four pe-
riods (early morning, daytime, afternoon, evening). A week-ahead op-
timisation horizon is adopted to balance computational cost and pre-
dictive accuracy, enabling the evaluation of strategic energy decisions 
under different operational conditions. 

3.1. Pilot and energy modelling

The framework is applied to a case study at Milford Haven port in 
Wales, UK—one of the country’s largest energy hubs, as shown in Fig. 
2. Five energy-intensive buildings are modelled (Fig.  2):

• J-Shed: multi-tenanted facility
• Packaway: equipped with a 50 kWp PV system
• K-Shed: includes a 50 kWp solar PV and a monthly consumption 
of approximately 4000 kWh

• M-Shed: multi-purpose industrial unit
• F-Shed: dedicated to fish processing activities

Each building integrates one or more energy sources — solar PV, 
battery storage, and the national grid — and supports four operational 
appliances: cold room, lighting, ice flake machine, and box washer. The 
model is built on the following key assumptions:
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• Energy demand: The model incorporates historical demand pat-
terns and adaptive forecasting to account for future variations, en-
hanced by real-time monitoring. Real-time monitoring enhances 
this approach, allowing the system to respond dynamically to 
both predictable cycles and unexpected fluctuations.

• Renewable energy production: Solar energy generation is mod-
elled using historical irradiance data specific to the pilot location, 
with adjustments for seasonal changes. The capacity is deter-
mined by available rooftop space, ensuring that local renewable 
resources are fully utilised.

• Battery storage: Each building is equipped with a fixed-capacity 
battery system based on average energy storage systems in indus-
trial facilities, considering average daily energy use in the pilot 
site. This configuration provides sufficient capacity for effective 
load management without incurring excessive costs.

• Charging/discharging rates: The power rates for battery charging 
and discharging are set based on the operational specifications of 
industrial battery technologies. The model optimises charge/dis-
charge cycles through a cost-minimisation algorithm that pri-
oritises renewable energy utilisation during peak tariff periods, 
directly impacting energy cost and grid dependency.

Model validation includes:

• Calibration against measured demand with ±5% accuracy.
• Scenario simulation under normal, high-demand, and high-gen-
eration conditions.

• Key performance indicator (KPI) monitoring for energy cost, car-
bon emissions, and grid reliance.

• Sensitivity analysis on system size (varying PV and battery capac-
ities), demand volatility (using stochastically scaled demand pat-
terns), weather uncertainty (via altered solar irradiance profiles), 
and dynamic pricing shifts (modifying tariff inputs).

3.2. Optimisation formulation

The optimisation focuses on controlling key energy vectors: (i) 
energy consumption by buildings; (ii) energy imported from the power 
grid; (iii) energy exported to the grid; (iv) battery charging/discharging 
rates; and (v) energy traded among buildings in peer-to-peer (P2P) 
scenarios. These variables were selected for their direct influence on 
the system’s energy balance and their ability to accommodate dynamic 
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Fig. 2. Major industrial buildings and their energy attributions located in Milford Haven port, Wales.
operational goals, including: minimising electricity cost, reducing car-
bon emissions, and enhancing self-consumption of renewables. Each 
variable is linked to physical constraints and cost structures, forming 
the basis for multi-objective optimisation.

P2P energy trading adopts a fixed mid-tariff benchmark, based on 
average industrial rates at the pilot site (approximately £0.14/kWh 
during the study period). This simplification reduces model complexity 
while enabling economically balanced transactions. However, it lim-
its responsiveness to dynamic market signals such as time-of-use or 
marginal pricing. Future enhancements could adopt decentralised price 
finding, such as agent-based bidding, blockchain smart contracts, to 
reflect temporal energy value (Tushar et al., 2020). 

The optimisation problem is formulated to minimise the net daily 
energy cost across a given scheduling horizon. The objective function 
is defined as: 

𝑓 (𝑥) =
𝐿
∑

𝑖=1
[𝑥𝐿+𝑖 − 0.9 ⋅ 𝑥2𝐿+𝑖] ⋅ dailyPrice𝑖 (1)

Where:

• 𝑥 is a decision variable vector of length 3L, representing: 𝑥𝑖: daily 
energy demand, 𝑥𝐿+𝑖: energy purchased from the grid, and 𝑥2𝐿+𝑖: 
energy sold to the grid.

• dailyPrice𝑖 represents the unit electricity price (in £/kWh) on day 
𝑖.

• The coefficient 0.9 reflects a standard feed-in-tariff assumption, 
where buildings sell electricity back to the grid at 90% of the 
purchase price.

The model is subject to four critical constraint sets:

• Energy balance ensures that total demand is met by the sum of 
local generation, battery discharge, and grid imports: 
𝐴eq ⋅ 𝑥 = 𝑏eq (2)

where 𝐴eq maps energy flows, and 𝑏eq denotes daily forecasted 
demand.

• Energy flow limitations prevent total energy flows (e.g., battery 
or grid imports) from exceeding system capacity: 
𝐴 ⋅ 𝑥 ≤ 𝑏 (3)
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• Non-negativity enforces all energy variables cannot be non-nega-
tive: 
𝑥 > 0 (4)

• Contradiction energy prevents economically illogical behaviour 
(e.g., buying and selling to the grid simultaneously). 
𝑐𝑖(𝑥) = 𝑥𝐿+𝑖 ⋅ 𝑥2𝐿+𝑖 = 0 for 𝑖 = 1,… , 𝐿 (5)

The framework is implemented in MATLAB, using fmincon func-
tion for constrained nonlinear multivariable optimisation, chosen for its 
robust object-oriented programming capabilities and extensive library 
of built-in mathematical tools.

3.3. Scenario development

The analysis incorporates temporal segmentation which divides the 
day into four distinct periods: early morning (00:00-06:00), daytime 
(06:00-12:00), afternoon (12:00-18:00), and evening (18:00-00:00), 
allowing to accurately capture the typical daily routine and activities 
of a fish processing facility. The analysis focuses on three distinct 
scenarios: (i) long-term optimisation of individual buildings, (ii) cluster 
optimisation, and (iii) P2P optimisation. In addition, each scenario 
is performed under normal conditions, high operational conditions 
(doubled demand), and high penetration of renewable energy (doubled 
production).

3.3.1. Scenario 1: Long-term optimisation of the individual building
The individual building optimisation algorithm is designed to allow 

each building to independently manage its energy use, storage, and 
scheduling, as described in Algorithm 1. It operates in a daily loop 
across the simulation horizon, using local forecasts and tariff data to 
minimise cost and grid dependency.

Each day, the algorithm:

1. Forecasts building energy demand based on historical usage and 
operating schedules.

2. Estimates available solar generation using irradiance profiles 
and system capacity.

3. Retrieves the applicable electricity tariff, which may vary by 
time of day.
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4. Schedules appliances according to flexibility, priority, and oper-
ational constraints.

5. Optimises battery charging and discharging, ensuring physical 
limits and satae of charge (SoC) bounds are respected.

6. Solves a cost-minimisation problem to balance solar, grid, and 
battery energy sources.

7. Logs energy flows and cost indicators to evaluate performance 
over time.

This decentralised model allows each agent to act autonomously, but 
its performance may be suboptimal when excess solar energy cannot be 
shared, especially during high demand. 
Algorithm 1 Individual Building Optimisation
1: procedure OptimiseBuilding(building, timeHorizon)
2:  for each day in timeHorizon do
3:  predictDemand(building, day)
4:  estimateSolarProduction(building, day)
5:  optimiseEnergySchedule(building, day)
6:  for each appliance in building do
7:  scheduleApplianceUsage(appliance, day)
8:  end for
9:  updateBatteryState(building)
10:  logDailyData(building)
11:  end for
12: end procedure

3.3.2. Scenario 2: Cluster optimisation
The cluster optimisation strategy treats the set of industrial build-

ings as a single, integrated energy system with centralised coordination, 
as coded in Algorithm 2. This allows for smarter resource distribution 
across the site. The algorithm follows this structure:

1. Aggregate forecast data: Total site demand and total site solar 
production are computed.

2. Determine global battery status: The shared battery’s charge/
discharge status is updated centrally.

3. Optimise the site-wide energy schedule, deciding how much 
energy to draw from the grid, store, use, or export.

4. Distribute optimised energy allocations to each building based 
on their needs and constraints.

5. Schedule appliances and local operations while respecting the 
centralised plan.

6. Calculate costs, emissions, and grid interaction metrics.

This strategy leverages economies of scale but assumes full coordina-
tion and communication, which may be challenging in practice.
Algorithm 2 Cluster Optimisation
1: procedure OptimiseCluster(buildings, timeHorizon)
2:  initialiseGlobalBuilding(buildings)
3:  for each day in timeHorizon do
4:  aggregateDemand(buildings)
5:  aggregateSolarProduction(buildings)
6:  optimiseClusterEnergySchedule(day)
7:  for each building in buildings do
8:  allocateEnergy(building, day)
9:  for each appliance in building do
10:  scheduleApplianceUsage(appliance, day)
11:  end for
12:  end for
13:  updateGlobalBatteryState()
14:  distributeCostsAndRevenues(buildings)
15:  logClusterData()
16:  end for
17: end procedure
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3.3.3. Scenario 3: P2P optimisation
In this scenario, we focus on decentralised energy trading within 

the energy cluster, enabling buildings to directly exchange energy. 
The P2P trading rates are set using a static mid-range tariff value, 
derived from averaged industrial electricity pricing data specific to the 
Welsh context. This simplification allows the model to emphasise agent-
level interaction dynamics while maintaining economic feasibility, as 
described in Algorithm 3. The P2P optimisation algorithm enables 
decentralised trading among buildings, where each agent decides when 
and how much energy to trade with others based on local conditions.

The steps are:

1. Forecast individual building demand and solar output.
2. Optimise each building’s local schedule and battery usage.
3. Identify energy surplus and deficit buildings during each time 
slot.

4. Evaluate possible trades between surplus and deficit agents using 
a static mid-tariff baseline.

5. Execute energy trades if both parties benefit and physical con-
straints allow it.

6. Update battery status and grid interactions after trading.
7. Record KPIs for each agent, including cost, emissions, and grid 
reliance.

8. Record KPIs for each agent, including cost, emissions, and grid 
reliance.

This method adds flexibility and autonomy but introduces coordination 
complexity and potential inefficiencies when surplus energy is not 
matched effectively.
Algorithm 3 Peer-to-Peer Optimisation
1: procedure OptimisePeerToPeer(buildings, timeHorizon)
2:  for each day in timeHorizon do
3:  for each building in buildings do
4:  predictDemand(building)
5:  estimateSolarProduction(building)
6:  optimiseIndividualSchedule(building)
7:  end for
8:  for each timeslot in day do
9:  for each building A in buildings do
10:  for each building B in buildings where B ≠ A do
11:  if canTrade(A, B, timeslot) then
12:  price = calcTradePrice(A, B, timeslot)
13:  execEnergyTrade(A, B, price, timeslot)
14:  end if
15:  end for
16:  end for
17:  end for
18:  for each building in buildings do
19:  finaliseGridTransactions(building)
20:  updateBatteryState(building)
21:  calculateEmissions(building)
22:  logBuildingData(building)
23:  end for
24:  calculateClusterEmissions()
25:  logClusterData()
26:  end for
27: end procedure

4. Results and discussion

This section presents a comprehensive evaluation of the three pro-
posed optimisation strategies — individual, cluster, and peer-to-peer 
(P2P) — under varying operational conditions. Simulations were car-
ried out over a four-week horizon at the Milford Haven pilot site. 
Each strategy was assessed under three distinct operational states: nor-
mal, high demand, and high renewable generation. The performance 
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Table 1
Monthly electricity costs, carbon emissions, and grid dependence for the pilot seaport in Wales under baseline and three optimised scenarios, 
with corresponding potential savings across different operating conditions.
 Use-case KPI Scenario Savings [%]
 Baseline SC1 SC2 SC3 SC1 SC2 SC3  
 Normal EC [£] 3785.7 (±75) 3043.7 (±64) 1559.7 (±32) 1813.3 (±37) 19.6 58.8 52.1  
 CO2 [ton] 3.33 (±0.06) 2.84 (±0.05) 2.37 (±0.04) 2.17 (±0.03) 14.7 28.7 34.7  
 GD [MWh] 14.7 (±0.3) 11.1 (±0.2) 5.8 (±0.1) 6.9 (±0.1) 24.6 60.2 53.3  
 High Demand EC [£] 7481.5 (±130) 6881.5 (±120) 5981.5 (±105) 6481.5 (±112) 8.3 18.1 13.4  
 CO2 [ton] 6.66 (±0.12) 6.11 (±0.10) 5.31 (±0.09) 5.76 (±0.10) 8.4 18.2 13.5  
 GD [MWh] 29.5 (±0.6) 27.1 (±0.5) 23.5 (±0.4) 25.5 (±0.5) 8.4 18.2 13.5  
 High Production EC [£] −2163.7 (±50) −3118.0 (±61) −3674.0 (±70) −3351.0 (±66) −44.1 −69.8 −54.9 
 CO2 [ton] 0.97 (±0.02) 0.15 (±0.01) 0.12 (±0.01) 0.11 (±0.01) 84.6 87.3 89.2  
 GD [MWh] −9.1 (±0.2) −12.8 (±0.3) −15.1 (±0.4) −13.7 (±0.3) −42.3 −67.1 −52.7 
Fig. 3. Daily electricity profiles for individual building optimisation under normal, high-demand, and high-production scenarios, showing demand, grid interactions 
(sell and purchase), battery usage, and solar generation.
was measured across three critical KPIs: electricity cost (EC), carbon 
emissions (CO2), and grid dependency (GD). Table  1 summarises the 
monthly results, including error deviations to reflect system sensitivity 
to input variability (e.g., weather fluctuations and demand profiles). 
These statistical measures enhance the reliability of the analysis and 
allow a more rigorous comparison across strategies.

4.1. Scenario 1: Individual building optimisation

The individual optimisation strategy enables each building to in-
dependently schedule its energy usage, without inter-building coordi-
nation or shared energy resources. As shown in Fig.  3, daily energy 
profiles vary considerably depending on the operational condition.
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Under normal conditions, the buildings demonstrate consistent daily 
consumption and modest solar generation. The system achieves a 
19.6% reduction in energy costs and a 14.7% cut in emissions, with 
standard deviations of ±2.0% and ±1.5% respectively. Approximately 
85% of solar generation is self-consumed, with the remainder unused 
due to the absence of sharing mechanisms. Grid reliance remains above 
40%, revealing the inherent limitations of isolated decision-making.

Under high demand, system rigidity becomes more noticeable. De-
spite intensified battery cycling and optimised scheduling, the cost and 
emission reductions decrease to around 8.3% and 8.4% respectively. 
The low variability (±1.1%) indicates limited adaptivity, as buildings 
reach storage and flexibility limits. The battery rapidly saturates, and 
excess demand must be met through grid imports. Without coordinated 
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Fig. 4. Cluster-level electricity profiles under normal, high-demand, and high-production scenarios, showing aggregated demand, grid exchanges (sell and 
purchase), battery operation, and solar generation.
Table 2
Summary comparison of the three strategies across operational scenarios.
 Metric Individual Cluster P2P  
 Cost saving (%) 16.0 45.0 39.0  
 Emissions reduction (%) 35.9 48.1 45.8  
 Grid import reduction (%) 25.1 62.5 53.2  
 Coordination complexity Low High Medium 
 Sensitivity to demand spikes High Low Medium 

load balancing or shared energy assets, the strategy is constrained in 
peak demand scenarios.

By contrast, high renewable availability yields net financial gains, 
with buildings becoming net exporters. The system achieves an 84.6% 
emissions reduction and an effective reversal in grid dependency (–9.1 
MWh), facilitated by high battery utilisation and surplus generation. 
Nevertheless, some solar energy remains underutilised due to the lack 
of demand-matching. This underscores the limitation of independent 
optimisation: while effective under abundant supply, it underperforms 
in collaborative potential and dynamic system-wide efficiency. 

4.2. Scenario 2: Cluster optimisation

The cluster optimisation strategy treats the entire facility as a 
coordinated energy system, as illustrated in Fig.  4. Under normal condi-
tions, this approach achieves a 58.8% cost saving and 28.7% emissions 
reduction—around triple the performance of the individual strategy. 
The standard deviations (±2.5% cost, ±1.8% emissions) indicate robust 
system stability. This efficient performance is mainly driven by the 
pooled battery system, which redistributes energy across buildings and 
eliminates solar curtailment.
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Even under high demand, the system maintains 18.1% cost and 
18.2% emissions reductions, outperforming other strategies in this 
stress scenario. However, performance plateaus as shared battery sat-
uration limits further optimisation. These diminishing returns reveal 
that while central coordination is more resilient, it cannot fully offset 
physical system constraints such as fixed storage capacity.

In high-production scenarios, cluster optimisation produces net 
profits and 87.3% emissions reduction. Solar utilisation exceeds 95%, 
enabled by optimised distribution and load shifting. However, while 
statistically consistent, these predicted results are based on perfect 
communication and ideal storage efficiency assumptions. Real-world 
constraints — latency, interoperability, fault tolerance — may reduce 
practical gains.

4.3. Scenario 3: P2P optimisation

The P2P strategy introduces a decentralised trading mechanism 
where buildings exchange surplus energy directly, as shown in Fig. 
5. Under normal conditions, it yields a 52.1% cost saving and 34.7% 
emissions reduction. Although slightly less efficient than the cluster 
approach, its decentralised nature offers greater autonomy and flexibil-
ity. However, wider standard deviations (±3.1% cost, ±2.0% emissions) 
indicate more sensitivity to matching delays and agent behaviour.

Under high demand, P2P outperforms the individual strategy but 
trails behind the cluster approach, with 13.4% cost and 13.5% emis-
sions reduction. The battery system is heavily utilised, but occasional 
mismatches in energy trading lead to underutilised renewables. Static 
mid-tariff pricing, used in the current model, fails to incentivise dy-
namic trade responses and may constrain future scalability. Incorporat-
ing real-time pricing or auction models could mitigate this limitation.

In high-production conditions, average building profits reach
£670/month, and carbon emissions decrease by 89.2%. However, 
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Fig. 5. P2P optimisation electricity profiles under normal, high-demand, and high-production scenarios, showing demand, grid exchanges, battery use, solar 
output, and peer-to-peer transactions.
this performance highly depends on sufficient surplus–deficit align-
ment. Variability in agent participation or forecasting errors could 
reduce real-world efficiency. Moreover, transaction costs, regulatory 
tariffs, and infrastructure interoperability may affect implementation 
feasibility. 

4.4. Comparative insights

Table  2 summarises the trade-offs between all strategies. While 
cluster optimisation provides the highest average performance and 
stability, it requires robust central coordination and full interoperabil-
ity. It has limited responsiveness to individual demand spikes. P2P 
trading balances efficiency and autonomy but is exposed to negotiation 
inefficiencies. Independent building optimisation, while simplest to 
implement, underperforms in all scenarios except those with significant 
renewable surplus. 

These findings suggest a hybrid framework — combining cluster-
wide control for baseline optimisation and P2P trading for local bala-
ncing — may yield the most resilient and scalable solution. Moreover, 
integrating real-time pricing and stakeholder engagement mechanisms 
(e.g., fair cost allocation, demand response incentives) can further 
enhance adaptability and fairness in future implementations. 

5. Conclusion

This study has demonstrated the effectiveness of Multi-Agent Sys-
tems (MAS) in addressing the complex energy management challenges 
of industrial seaport facilities, where energy demand is highly variable, 
infrastructure constraints are pronounced, and renewable integration 
is often limited. The proposed MAS-based optimisation framework — 
applied and validated using real-world data from Milford Haven port in 
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the UK — delivers significant improvements in operational efficiency, 
environmental performance, and energy autonomy.

Through the simulation of three optimisation strategies — individ-
ual building control, centralised cluster coordination, and decentralised 
peer-to-peer (P2P) energy trading — the study provides a comprehen-
sive evaluation of trade-offs across cost savings, carbon emissions, and 
grid dependency. Key findings include:

• Individual building optimisation yielded moderate gains, ach-
ieving 19.6% (±2.0%) cost reduction and 14.7% (±1.5%) emis-
sions reduction. While suitable for isolated building manage-
ment, this strategy struggles under high-demand scenarios due to 
limited flexibility and the absence of shared resources.

• Cluster-level optimisation demonstrated the highest perfor-
mance across all KPIs, with average savings of 58.8% (±2.5%) 
in electricity costs and 30% (±1.8%) in carbon emissions. Co-
ordinated energy scheduling and shared battery systems enabled 
near-optimal utilisation of renewables and substantial grid inde-
pendence.

• Peer-to-peer optimisation provided a decentralised alternative 
with promising outcomes — achieving 52.1% (±3.1%) cost reduc-
tion and 34.7% (±2.0%) emissions reduction — primarily through 
direct energy exchange between buildings. Although performance 
was slightly lower than cluster control, P2P offered enhanced 
flexibility and autonomy, making it suitable for contexts with 
heterogeneous ownership or decentralised governance structures.

These findings underscore the scalability, resilience, and adapt-
ability of MAS-based control frameworks for energy-intensive sectors. 
While the pilot focused on a seaport context, the proposed methodology 
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is readily transferable to other industrial domains such as food process-
ing, aquaculture, and manufacturing. It provides a promising pathway 
towards cost-effective, decentralised, and low-carbon energy systems.

Nonetheless, several limitations necessitate critical consideration:

• Limited validation scope: The current framework was evalu-
ated using data from a single industrial site, which may restrict 
generalisability. Performance under different regulatory regimes, 
weather profiles, or industrial sectors remains to be tested.

• Restricted renewable portfolio: The study focused exclusively on 
solar PV systems. Future research should integrate other renew-
able energy sources — including wind, tidal, and biomass — as 
well as long-duration storage technologies such as hydrogen or 
thermal energy storage.

• Static optimisation parameters: PV size, battery capacity, and 
temporal segmentation were pre-defined. Dynamic reconfigura-
tion of these parameters in response to real-time conditions could 
unlock greater system flexibility.

• Simplified P2P market structure: The current P2P trading model 
does not account for transaction expenses, market liquidity lim-
its, verification latency, or regulatory conditions, such as grid 
codes, feed-in tariffs, and local trading permits, which can sig-
nificantly impact trading viability and outweigh economic gains 
in small-scale P2P setups. Additionally, the absence of mecha-
nisms for dispute resolution and billing validation poses legal and 
operational risks.

In light of these limitations, several future research directions are 
proposed:

• Cross-sector scalability assessment: Apply the MAS framework 
to diverse industrial environments to evaluate its generalisabil-
ity, adaptability, and cost–benefit potential across sectors and 
regions.

• Integration of multiple RES and hybrid storage: Extend the model 
to include additional renewable sources and complementary stor-
age systems. Hybrid configurations may improve energy resilience
and enable higher penetration of renewables in constrained envi-
ronments.

• P2P market design and stakeholder participation: Future work 
should incorporate dynamic pricing, transaction validation, and 
regulatory mechanisms. Involving industrial stakeholders in the 
design-phase participatory modelling would ensure alignment 
with real-world economic and institutional constraints.

• Adaptive control and learning-based optimisation: Introduce adap-
tive algorithms — such as reinforcement learning or evolutionary 
optimisation — to enable real-time response to fluctuating supply, 
demand, and market signals.

• Lifecycle impact assessment: Incorporate life cycle analysis (LCA) 
to assess long-term environmental and economic sustainability. 
While short-term gains are evident, the embodied carbon and 
financial cost of PV panels and battery systems must be accounted 
for in a full-system decarbonisation assessment.

In conclusion, this study advances the application of intelligent en-
ergy systems in industrial clusters and provides a robust foundation for 
future work on distributed energy management, collaborative optimi-
sation, and industrial decarbonisation. The MAS framework offers not 
only technical efficiency but also a governance model for future-ready, 
low-carbon industrial ecosystems.
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