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Abstract—Artificial intelligence (AI) has become the game changer
in smart grids-an enabler of network autonomy, self-healing, and
reconfiguration. This study integrates AI and Internet of Things (IoT)
to organise peer-to-peer (P2P) energy prosumers into virtual clusters
without altering the physical topology of the power network. The aim
is to enable an autonomous, scalable and dynamic virtual microgrids
(VMG) by leveraging federated learning, agentic AI, AI agents, IoT,
and cluster zooming to optimise P2P energy trading costs for pro-
sumers and operational expenditure (OPEX) for network operators,
depending on the number of prosumers available. The study employs
a central controller AI to coordinate multiple local AI agents. Each
Al agent resides in the network server and monitors energy trading
traffic for each long-range wide-area network (LoRaWAN) gateway
to optimise trading and OPEX costs via cluster zooming achieved by
the spreading factor (SF) via adaptive data rate (ADR) mechanism
of LoRaWAN. The agentic AI module in the cloud autonomously
selects and adapts the network coverage based on SF, via the Al
energy trading agent configured in the LoRaWAN access network
server, to zoom the clusters (i.e., VMGs) in grid-connected and island
modes. The study formulates an energy trading model connecting the
physical (electrical) and virtual (telecom) distances and OPEX in the
VMG. With agentic Al-assisted cluster zooming, over 70% of the
energy is traded at lower SF. At the same time, the energy costs
decrease by 40% in proportion to the network size and the number
of prosumers. For the network operator, OPEX reduces by 21% and
38% in base-station power consumption. Ultimately, grid-connected
prosumers pay higher charges than their off-grid counterparts. The
agentic AI model in this study exemplifies a use case of the 3GPP
model of the future 6G network.

Index Terms—Cell zooming, energy trading agent, artificial in-
telligence, agentic Al, Internet of Things, LoRaWAN, optimisation,
peer-to-peer energy trading, virtual microgrids.

I. INTRODUCTION

Artificial intelligence (AI) is a pervasive digital technology
that traverses many fields of study, including power networks
and smart grids [1], [2]. In most cases, Al complements other
digital technologies, such as the Internet of Things (IoT), to
enable intelligent solutions [2]. In power distribution networks
with embedded generation, Al and peer-to-peer energy trading
and sharing (P2P-ETS) are integrated to enhance decentralisation,
efficiency, and sustainability in the management of local energy
networks [1], [3], [4]. P2P-ETS transforms passive energy con-
sumers into active prosumers [5], [6], provides a platform for
selling or sharing excess energy produced or stored by prosumers
[3], [7]1. When energy prices are high, and the costs of self-
consumption from own production and storage are lower, grid
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power may become less attractive [8], [9]. In that case, energy
prosumers with sufficient generation and storage could disconnect
from the local energy market (i.e., local power network) turning to
self-consumption, leading to voltage instability and high network
charges (e.g., Transmission Network Use of System (TNUoS) and
Distribution Use of System (DUoS)) for remaining consumers
[10]. This grid defection problem is commonly associated with
high energy costs and the affordability of energy infrastructure
for generation and storage.

In the UK, for example, non-commodity (e.g., distribution,
network, government taxes and renewable energy levies) charges
constitute about 65% of energy costs and increase every year
[11]-[14]. By organising energy prosumers into virtual networks
that leverage telecom infrastructure, such problems, including
transmission losses and operational costs (OPEX), can be reduced,
thereby enhancing energy balance, efficiency, and environmen-
tal sustainability [14], [15]. In particular, low-power wide area
networks (LP-WANSs), such as long-range wide-area networks
(LoRaWAN), can be leveraged to enhance network management
[7], [15], reduce power losses [16], and lower network fees [14],
thereby improving efficiency. By overlaying telecom networks on
power networks and enabling data collection, innovative tech-
nologies such as AI agents and agentic Al systems [17], [18]
based on TinyML [19] can be deployed in smart grids to enhance
operational efficiency. Note that Al agents and agentic Al are not
synonymous [18]. AI agents perform specific tasks, while agentic
Al is an autonomous system that can make decisions and adapt
to its environment, often based on inferences from the agents.

LoRaWAN has evolved to become the technology of choice
for IoT, 5G, and 6G applications [20]-[22]. While LoRaWAN
and LoRa are IoT technologies, the latter allows for point-to-
point communication and the former is a networking protocol
built on top of LoRa, enabling multiple devices (e.g., prosumers)
to connect to a gateway and form a network. Thus, LoORaWAN
is more suitable for the present study. It is particularly attractive
due to its triple capabilities: low power consumption, low data
rates, and wide-area coverage [23]. By leveraging the spreading
factor (SF) via its adaptive data rate (ADR) feature, LoORaWAN
enables dynamic scaling up or down of the coverage area — a
process called cell zooming in wireless communication [24]. It
was integrated with 6G in the 6G-LoRaGRAN project [25] as a
pathway for wide-area coverage enhancement. Cell zooming (e.g.,
using SF in LoRaWAN) is superior to traditional base transceiver
station (BTS) power control due to its simplicity, improved energy
efficiency, and ability to respond to fluctuating traffic or resource
demands intelligently. In LoORaWAN, the gateway is equivalent to
BTS, where SF12 and SF7 offer the longest and shortest ranges,
respectively, whereas the reverse holds for data rates. Hence, for a
given use case, ADR enables a trade-off among coverage, energy
savings and data rate.

However, the SF can be autonomously assigned by the agentic
Al (in the cloud) via a local Al energy trading agent (AI-ETA),
based on the trading data, similar to using signal quality (e.g.,



received signal strength indicator (RSSI), signal-to-noise ratBection IV with the conclusion following.

(SNR) and data rate) [26]. Switching SF using Al reduces packet

loss and improves energy ef ciency in LoRaWAN by at least 30%

in static and dynamic modes compared to using ADR [27], [28].

Employing agentic Al, AI-ETA, AlI-ADR and |oT in cell zooming

is, therefore, a powerful and cost-effective way to dynamically

adjust communication network coverage in real-time based on

the number of active prosumers. It mitigates over-provisioning of

network resources and unnecessary costs. In community energy

networks, cluster zooming with 10T is a promising technique for )

optimising operating costs, energy costs, power losses, and re 1. Smart energy network showing prosumers connected to Lo-

carbon footprint. It has been previously shown that employi AN gateway using LORAWAN sensors [26]

ICT to organise energy prosumers into virtual microgrids (VMG),

reduces energy trading cost [7], [15], [23], [29]. This study ll. SysTEM MODEL

proposes Al-based SF switching in LoRaWAN to manage clusterThe 10T networks enable prosumers to exchange real-time

zooming in the transactive energy system formed by VMGéatathe basis for metering, P2P trading and transaction settle-

without altering the physical architecture of the power networRient. With current loT and cellular (4G/5G) networks, energy

Unlike [30] seeking seller prots, SF-enabled cluster zoomingrosumers' facilities equipped with LoRaWAN sensors can be

via agentic Al and AI-ETA, optimises the number and distande@motely monitored by an energy trading network manager (user)

of prosumers at each trading session, reducing trading costs aaghown in Figure 1. Each 4G/5G BTS may connect k LoRaWAN

motivating passive energy consumers to become active prosumgaseways, while a large trading area might encompass n cellular

The scheme is also useful for grid resilience as it enables rafidiSs. Consider a large P2P energy trading area with prosumers

recovery from network failures or over-subscription of telecoi@ndomly distributed therein. In P2P-ETS, prosumers remain

network capacity. Our main contributions in this study are  physically organised (connected to LV distribution network) and
modelling, design and implementation of agentic Al and AI€an can be logically grouped intq virt_ual clusters via IoT devices
ETA to control VMGs based on energy trading data. loUch a@s LORaWAN, as shown in Figure 2 (Plane 1), that are
Al agents and agentic Al are proposed to predict vM@&onnected to a wide area network (WAN) such as cellular network

(or coverage) size, based on energy trading data that GS/5GI6G) or satellites (Plane 2) [14]. Logical grouping refers
integrable in the present 5G and beyond: to organising prosumers into clusters based on overlaying com-
elastic trading networks in which energy prosumers ar@unication network and data exchanged rather than hard physical
logically grouped into virtual networks and can self—adjuﬁounda”es or location on the power g_nd alone. The WAN BTSs
to improve operational ef ciency. We evaluate operationgonnect to the cloud (Plane 3). Practically, LORaWAN covers a
cost performances for the energy trading models, includifigtance up to 5 km in non-line of sight (NLOS) and 30 km in
the network charges; LOS [33]. It can increase or reduce the P2P cluster size depending
dynamic availability and coverage of overlaying loT netOn tr_afc density by a_dj_ustlng its physical attribute, SF (Plane 4).
works in P2P trading system. The hybrid model combind8@ this study, we envision an SF controlled by an AI-ETA on the
a Poisson-point process with the exibility of SF controlled®twork server, which depends on the number of prosumers and
by agentic Al and Al agents in LoORaWAN; other energy trading data in a VMG. We assume that the clusters
dynamic discovery of active prosumers based on the traf €F VMGs) formed by using the AI-ETA experience tolerable
density at the LoRaWAN station in each trading session taierference at the edges of the VMG networks. The AI-ETA
minimise non-commodity costs; enables neighbouring peers to discover each other and trade energy
trading cost model that incorporates the distance of a sellfough a power distribution network. All prosumers within the
from a buyer in the network fees. The cost model provid&§rvice area of an AI-ETA have the capability to both produce
an analytical relationship connecting the physical (electrica®’d consume energy. In this study, the AI-ETA is enabled by
and logical (communication) distances. When energy pre®RaWAN due to its scalablll'gy, energy consumption, dynamic
sumers are reasonably separated, the energy trading co§oierage and packet loss merits over other LP-WANs [20], [34].

higher, thus encouraging local energy trading, which reducE8€rgy prosumers can use their energy trading client (ETC) as a
emissions and power losses. local gateway (e.g., LoORaWAN sensors or other sensors with Wi-

i, BLE, or ZigBee via a multi-protocol gateway) to connect wire-
investigate a new model of energy trading among prosumel%S.SIy to LoRaWAN. We consider packet loss because it increases

However, unlike existing related works that explore opportunitié@certamty’ reduces the amount of energy sold, and increases total

for trading cost optimisation [7], [31], our model follows Jenergy cost [34]. Additionally, all prosumers are assumed to be

nonlinear energy trading cost function that is strictly convex i hysically connected to an energy distribution network and are

nature. The rationale is that nonlinear energy trading models 'P%I;/if()rf F:Srg;::t?ﬁeto :]ras(jisafr::i?%’eim/?tng;g%’::setl;:gs' [OSUMErs
widely used in practical systems [32]. To reduce the energy tradi%% X pny y 9 P

The unique feature of SF in LoRaWAN is the motivation t

cost for consumers, we then formulate and solve the optimisati Ing an energy trading graph G = (P;E), where P =

. o ! 1, ;Png is the set of prosumers, N is the total number
problem of the energy cost model in a distributed fashion, as toPprosumerS in the VMG network and E P P is the set of

energy demands of consumers are mdep(_endent. edges. Let all prosumers that sell energy in a given trading interval,
The system model is presented in Section Il and the propoae e denoted by 1) 2 P:i 2 N, where N = f1:  :Ng is

cost model in Section Ill. The simulation results are discussedin
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