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Abstract

Peer-to-peer (P2P) energy trading has emerged as a novel approach to enhancing the co-
ordination and utilization of distributed energy resources (DERs) within modern power
distribution networks. This study presents a techno-economic analysis of different DER
characteristics, focusing on the integration of photovoltaic (PV) systems and energy stor-
age systems (ESS) within a community-based P2P energy trading framework in Aswan,
Egypt, under a time-of-use (ToU) electricity tariff. Eight distinct cases are evaluated to
assess the impact of different DER characteristics on P2P energy trading performance and
an unbalanced low-voltage (LV) distribution network by varying the PV capacity, ESS
capacity, and ESS charging power. To the best of the authors” knowledge, this is the first
study to comprehensively examine the effects of different DER characteristics on P2P en-
ergy trading and the associated impacts on an unbalanced distribution network. The find-
ings demonstrate that integrating PV and ESS can substantially reduce operational costs—
by 37.19% to 68.22% across the analyzed cases—while enabling more effective energy ex-
changes among peers and with the distribution system operator (DSO). Moreover, DER in-
tegration reduced grid energy imports by 30.09% to 63.21% and improved self-sufficiency,
with 30.10% to 63.21% of energy demand covered by community DERs. However, the anal-
ysis also reveals that specific DER characteristics — particularly those with low PV capacity
(1.5 kWp) and high ESS charging rates (e.g., ESS 13.5 kWh with 2.5 kW inverter) —can sig-
nificantly increase transformer and line loading, reaching up to 19.90% and 58.91%, respec-
tively, in Case 2. These setups also lead to voltage quality issues, such as increased voltage
unbalance factors (VUFs), peaking at 1.261%, and notable phase voltage deviations, with
the minimum Vb dropping to 0.972 pu and maximum Vb reaching 1.083 pu. These findings
highlight the importance of optimal DER sizing and characteristics to balance economic
benefits with technical constraints in P2P energy trading frameworks.

Keywords: P2P energy trading; local electricity markets; energy communities; transactive
energy; distributed energy resources; impacts on distribution networks; photovoltaic
systems; energy storage systems; low-voltage distribution networks; time-of-use tariffs
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1. Introduction

The urgent need to address climate change and reduce greenhouse gas emissions has
accelerated the global transition toward sustainable and low-carbon energy systems. Re-
newable energy sources such as solar, wind, hydro, and biomass play a critical role in this
transition due to their natural replenishment and minimal environmental impact. Among
these, distributed energy resources (DERs), including photovoltaic (PV) systems, wind
turbines, energy storage systems (ESS), combined heat and power (CHP), and controllable
loads, enable decentralized energy generation and management at the local level. DERs
enhance energy access, reduce emissions, and improve grid resilience.

Photovoltaic systems and energy storage have emerged as the most widely adopted
DER technologies in residential and community energy systems driven by their modular-
ity, scalability, and rapidly declining costs. However, integrating these resources into ex-
isting power grids introduces significant technical challenges related to voltage stability,
power quality, and infrastructure capacity, especially when deployment is uncoordinated.
Addressing these challenges is essential to unlock the full potential of DERs in facilitating
more flexible, reliable, and sustainable energy networks [1].

Uncertainty modeling plays a crucial role in energy market optimization, especially
in systems incorporating DERs. Various uncertainty modeling techniques, such as sto-
chastic programming, scenario-based methods, and Conditional Value at Risk (CVaR),
have been widely applied in the literature to address uncertainty in energy systems. For
example, stochastic programming is commonly used to model uncertainties in multi-energy
distribution systems, taking into account external factors such as natural disasters [2]. Simi-
larly, risk-averse optimization and CVaR techniques are integrated to optimize multi-en-
ergy systems while considering constraints like carbon emissions [3].

The increasing integration of DERs within low-voltage (LV) distribution networks has
catalyzed a paradigm shift in the structure and operation of electrical power systems [4,5].
Passive consumers are being transformed into active “prosumers” —individuals or entities
capable of both generating and consuming electricity. Technologies such as PV [6] and ESS
have enabled this transition, allowing energy to be produced and stored at the point of con-
sumption. This evolution aligns with emerging paradigms such as hybrid AC/DC mi-
crogrids, which are considered foundational for the smart cities of the future [7]. As a result,
new models of energy interaction have emerged, among which peer-to-peer (P2P) energy
trading has gained significant attention. This decentralized market structure allows
prosumers to directly exchange energy with each other, complementing the existing cen-
tralized wholesale market and the supply models driven by distribution system operators
(DSOs) [8,9].

P2P energy trading enables prosumers who generate surplus electricity to sell or
share it with others experiencing a simultaneous energy deficit. By facilitating the local-
ized balancing of energy supply and demand, P2P trading enhances the self-sufficiency
of communities and reduces reliance on upstream grid infrastructure [10]. This model
supports greater penetration of renewable energy and provides a market-based mecha-
nism for increasing the flexibility and resilience of LV distribution networks. Numerous
studies have highlighted the benefits of P2P trading, including reduced total energy costs,
increased consumption of locally generated renewable energy, improved utilization of
DERs, and enhanced user engagement in energy markets [11,12]. Furthermore, pilot pro-
jects and experimental implementations worldwide have demonstrated the technical and
economic viability of P2P energy trading systems, especially within energy communities
and microgrids connected to distribution networks [13].

Despite these promising developments, the academic literature remains limited in its
evaluation of the technical impacts of P2P energy trading on LV distribution networks,
particularly in the context of grid constraints. While economic and market-based aspects
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of P2P trading have been extensively studied, fewer investigations have addressed its in-
fluence on operational variables such as voltage profiles, power losses, transformer and
line loading, and overall system stability. Those that do exist often simplify the network
modeling by excluding real-world grid limitations or assuming idealized conditions. For
example, studies have shown that under low levels of DER penetration and trading, the
introduction of P2P markets does not violate standard network constraints [14]. However,
at higher levels of DER penetration, especially when combined with flexible resources
such as ESS, certain operating limits may be exceeded, leading to issues such as voltage
unbalance, excessive peak demand, and increased power losses [15,16].

Specifically, the presence of ESS has been observed to introduce greater complexity
into grid operations. Although storage can enable time-shifting of energy and support
load balancing, its uncontrolled or poorly coordinated usage may lead to undesirable grid
impacts. Research indicates that when ESS is integrated into P2P trading systems, the re-
sulting charging and discharging cycles may intensify voltage deviations and increase
network losses, particularly during high-demand winter months or high-generation sum-
mer periods [17,18]. In some cases, voltage magnitudes have been reported to exceed per-
missible limits, particularly at end nodes in radial networks, where grid support is lowest.
Such deviations are often linked more closely to generation surpluses from PV systems
than to the trading mechanism itself [19]. Similarly, ESS operations have been linked to
increased voltage unbalance and overheating in certain network components, indicating
that without coordinated control, even beneficial technologies may degrade network per-
formance [20].

Nevertheless, there is also evidence that with appropriate control strategies and net-
work-aware market mechanisms, P2P energy trading can provide significant operational
benefits. For example, one study incorporating network tariff design into P2P frameworks
reported a 34.3% reduction in community peak demand without compromising economic
viability or violating operational constraints [21]. This highlights the potential of P2P mar-
kets to not only increase DER utilization but also to improve grid efficiency, provided that
their operation is harmonized with network conditions. Furthermore, systems that in-
clude flexible resources such as controllable loads, smart inverters, and demand response
schemes are better positioned to mitigate potential issues and maximize the benefits of
P2P integration [22].

Recent works have highlighted the importance of DER coordination and optimized
P2P energy trading frameworks. For instance, a recent study proposed a 3D design of a
small hybrid energy farm tailored for microgrid applications [23], and [24] introduced an
optimal P2P energy transaction mechanism among distributed prosumers in high-pene-
tration renewable systems. A number of studies have focused on the optimal sizing of
DERs within the context of P2P energy trading. These works explore scenarios where par-
ticipants—ranging from microgrids to various building types or households—can ex-
change energy. For instance, particle swarm optimization and game theory were applied
in [25] to size DERs in interconnected microgrids, aiming to reduce supply loss and en-
hance profits. Follow-up studies [26,27] expanded on this concept. In [28], reinforcement
learning was used to plan and manage community battery systems in South Korea, tar-
geting peak demand reduction and improved economic outcomes. Other approaches in-
clude bi-level optimization with genetic algorithms to balance battery costs and self-suffi-
ciency [29] and genetic algorithms applied to optimize battery installations in Japanese
commercial buildings [30] and U.S. university campuses [31], often comparing centralized
vs. decentralized systems. Mixed-integer linear programming was utilized in Turkey for
PV and battery planning with P2P trading [32], while game theory guided DER planning
in Italy using Portuguese data due to local profile unavailability [33]. A separate Spanish
study optimized PV deployment in residential communities to increase local generation
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and profitability [34]. Another study proposes a linear programming framework for the

optimal planning and operation of DERs within a residential energy community in Spain

[35]. However, none of these studies provides a comprehensive analysis of the impact of

different DER sizes on P2P energy trading performance and the associated impacts on

unbalanced distribution networks.

While previous studies offer valuable insights into P2P trading and DER integration,
many are based on simplified network models and overlook the real-world complexities
of unbalanced LV distribution networks. Additionally, the effects of varying DER sizes,
especially PV and ESS, on key grid performance indicators remain underexplored. These
gaps are particularly evident in regions like Egypt. Therefore, more comprehensive stud-
ies are required to bridge these technical and regional gaps.

In light of these findings, there is a clear need for more comprehensive research that
evaluates the technical implications of P2P energy trading within realistic LV distribution
network conditions. This includes assessing how different characteristics of PV systems and
ESS influence key grid performance indicators such as peak demand, power flow patterns,
voltage stability, and DER contributions. Understanding these impacts is critical for design-
ing P2P trading platforms that are both economically attractive and technically feasible. This
paper addresses this gap by investigating the operational impacts of different P2P energy
trading cases within a modeled LV distribution network. Through detailed simulations and
analyses that incorporate different DER characteristics —including variations in PV capac-
ity, ESS capacity, and charging/discharging capabilities —we evaluate how P2P trading im-
pacts peak demand, energy self-sufficiency, local trading volume, voltage variations, volt-
age unbalance, and network components loading (i.e., transformer and lines).

To our knowledge, this paper is the first to comprehensively investigate the operational
implications of P2P energy trading in LV distribution networks under different DER inte-
gration characteristics. The findings offer valuable insights into the technical viability of P2P
models and provide practical recommendations for enhancing DER coordination and sys-
tem performance in decentralized energy systems. Table 1 provides a comparative overview
between this study and related research. Although the referenced studies vary in terms of
experimental setup, timeframe, and DER configurations, the table aims to illustrate the va-
riety of evaluation approaches, not to offer a direct performance comparison.

Contributions to this study are summarized as follows:

e A P2P energy trading model for a community equipped with photovoltaic (PV) sys-
tems and energy storage systems (ESS) connected to an unbalanced low-voltage (LV)
distribution network. The novelty lies in combining market-based optimization with
unbalanced three-phase power flow analysis, which is not commonly addressed in
earlier P2P studies.

*  An evaluation of the techno-economics of coordinated DER management using P2P
energy trading under a time-of-use tariff (ToU), considering different DER character-
istics and operational parameters. Compared to fixed-size DER models in previous
work, this study explores eight practical DER setups, leading to a cost reduction of
up to 68.22% and self-sufficiency increase from 0% to 63.21% in optimal cases.

* A techno-economic comparison of the analyzed cases, focusing on operational costs,
energy imports/exports, energy trading volume, peak grid consumption, and the
proportion of demand met by local DERs. This detailed comparative analysis helps
identify DER combinations that maximize local energy exchange while minimizing
grid dependency.

*  An evaluation of the technical impacts of P2P energy trading on the LV distribution
network under different DER characteristics, with attention paid to key parameters
such as voltage profiles, voltage unbalance, and component loading. The results
show that poorly coordinated DER configurations (e.g., high ESS charging with low
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PV) can lead to voltage unbalance up to 1.26%, emphasizing the importance of DER
sizing and control.

Table 1. Overview of related studies on the impact of P2P energy trading on distribution networks.
(Note: This is a qualitative comparison highlighting the scope, DER characteristics, and evaluated

impacts, not a direct experimental comparison.).

DER DERs Study Voltage Evaluated

Country Technologies Characteristics Period Unbalance Impacts Reference
Voltage, Power
England PV, EV No 1 Day Yes Losses, [14]
and Peak Demand
Australia PV, ESS, a;loi((;sontrollable No 1 Day No Voltage, Power Losses  [15]
Voltage, Power
Norway PV, ESS/EV No 21 Dzzr()sum' No Losses, [16]
and Peak Demand
England PV, WG, ESS, and EV No 1 Month No Voltage [17]
Ireland PV, ESS No January/June No Voltage, Power Losses  [18]
Ireland PV, ESS No January/June No Voltage [19]
Voltage, Peak De-
Spain PV, ESS, and EV No 1 Month (July) Yes mand, and Compo- [12]
nents Loading
Ireland PV, ESS No January/June Yes Voltage, Power Losses  [20]
Voltage, Peak De-
Egypt PV, ESS, and EV No 1 Month (June) Yes mand, and Compo- [11]
nents Loading
Voltage, Peak De-
Spain PV, ESS, and EV No 1 Month (July) Yes mand, and Compo- [21]
nents Loading
Voltage, Peak De- This
Egypt PV, ESS Yes 1 Month (June) Yes mand, and Compo- Study

nents loading

PV (photovoltaic), ESS (energy storage system), EV (electric vehicle), and WG (Wind Generator).

The remainder of this paper is organized as follows: Section 2 introduces the P2P
energy trading model and outlines the approaches used to evaluate its impact on the LV
distribution network. Section 3 provides a detailed description of the case study, includ-
ing the characteristics of the LV distribution network, generation profiles, characteristics
of DERSs, electricity pricing under a ToU tariff, and the cases studied in the analysis. Sec-
tion 4 presents and discusses the results, focusing on the technical impacts of P2P energy
trading across the studied cases. Finally, Section 5 concludes the paper by summarizing
the key findings and offering directions for future research.

2. Modeling Approach

To assess the impacts of P2P energy trading considering different DER characteristics
on distribution networks and their consequent effects on network reliability and perfor-
mance, this study employs a two-stage cascading modeling framework. The first stage in-
volves a centralized P2P energy trading optimization, which determines the optimal energy
dispatch schedules for all community households collectively that are connected to the same
LV distribution network. The second stage uses a three-phase alternating current (AC)
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power flow analysis to evaluate the physical grid impacts resulting from the dispatch pro-
files obtained in the first stage.

The optimization problem in the first stage is formulated as a linear programming
model and solved using MATLAB 2021a with an hourly resolution. Inputs to the MATLAB
optimization include household demand profiles, electricity pricing signals, PV generation
profiles, and DER ratings. The output consists of net demand profiles for each prosumer
and corresponding DER dispatch schedules, reflecting energy exchanges in the P2P market.

Subsequently, the net demand profiles serve as inputs for the detailed power flow anal-
ysis performed using the open-source Pandapower software version 2.9.0 [36,37]. Pan-
dapower conducts a comprehensive three-phase power flow calculation based on detailed
LV distribution network data and prosumer net demands. The outputs from this stage pro-
vide key electrical parameters, including phase voltage magnitudes, voltage unbalance fac-
tors, and loading levels on network components such as lines and transformers.

Figure 1 illustrates the overall schematic of the P2P energy trading optimization and
its impact evaluation process, highlighting the data flow between the P2P energy trading
model and physical network assessment. This integrated approach enables a holistic eval-
uation of how P2P trading, influenced by DER characteristics, affects both energy dispatch
decisions and distribution network operational conditions.

Second Stage

P2P Trading Mode! LV Distribution Network

pandapower

S

L

Network Component Data

Figure 1. Schematic overview of the two-stage modeling framework integrating P2P energy trading
optimization and three-phase AC power flow analysis for assessing impacts on unbalanced LV dis-

tribution networks.

2.1. Modeling of P2P Energy Trading

The P2P energy trading model is formulated as a linear multi-period optimization
problem over a trading horizon T (i.e., one month). The model considers a community of
h households, each equipped with DERs such as PV systems and ESS.
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The objective of the optimization is to maximize the community’s economic benefit
by minimizing the total cost of energy imported from the DSO, while maximizing revenue
from exporting surplus energy to the DSO. p(,is the import price from DSO and p(;, is
the export price to DSO at time instant t. G ) represents the energy imported from the
DSO by household h at time instant t, while E(; ) represents the energy exported to the
DSO by household h at time instant t. The objective function of the problem is indicated
by (1), as proposed in [19,21,38].

minz Z( P&y - Geemy— Pl - Eceny) At 1)
t h

The P2P energy trading model is subject to a set of operational constraints, which fall
into three general categories: energy balance constraints, P2P trading constraints, and
DER operating constraints.

Energy balance constraints ensure that, for each household / and at each time instant
t, the total energy supply (energy imported from DSO G ), energy imported from peers

(Ptz,f), PV generation PV (, ), and ESS discharging power D(t h)) equals or exceeds the total

energy demand (energy exported to DSO E, ), energy exported to peers X%, demand
Dem ), and ESS charging power C{;)). For a household equipped with both PV and

ESS, the energy balance is represented by (2):

Geeny + 1G58 + PVieny + Diony = Eqemy+X{n + Dempy + CG3) VteT,VvheH ()

This constraint guarantees that all demand components (consumption, charging, and ex-
ports) are satisfied by available energy sources (DSO, P2P, PV, and storage discharge). For
households without PV or ESS, the corresponding terms
(PV (thy Dionys Ecenys Xy and CG5Y) are excluded from the equation.

In the proposed community energy system, households (peers) can engage in P2P
energy trading without requiring direct physical connections. Instead, trades are facili-
tated via the shared LV distribution network. To ensure consistency in energy accounting,
the following constraints govern P2P transactions:

The energy imported by household / from peer p at time instant f, denoted I(t hepy

must equal the energy exported by peer p to household 4, X, (tp—ny adjusted by a P2P trad-
ing efficiency factor 7?7, as indicated by (3):
Linepy =P X0y VD #hVteT,YVheH ©)

where P?P is the loss factor set to 0.95 (i.e., a 5% loss during trading).
The total P2P energy exported by household h € H attime instant t, X3, is the sum

of its exports to all other peers, as indicated by (4).

xP2P p,P2P
X = Z XE e VteT,YheH )

p*h
Similarly, the total energy imported by household h € H at time instant t, If%), is
the sum of all imports from peers, as indicated by (5).

JP2P p,P2P
180 = Z e vt € T,Yh € H )

p#*h

To maintain energy balance across the entire community, the total P2P energy im-
ported must equal the total energy exported, accounting for network losses. This is en-
sured by the following constraint, indicated by (6).

> xgan =3 i veer ©
h h
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The operation of ESS is governed by several physical and technical limitations, in-
cluding charge/discharge power limits, state of charge (SoC) levels, and energy conserva-
tion dynamics.

The charging C§;%) and discharging D(;) rates for each ESS are constrained by their
respective maximum power ratings, as indicated by (7) and (8). Where C5S and D®5S are

the maximum limits of charging and discharging, respectively.

0<Ci < CEss vteT,Vh€H @)

0 < D) < DESS vt € T,Yh € H (8)

Each battery’s SoC is restricted to remain within a defined operational range, typi-
cally between 20% and 100% of its storage capacity. The lower and upper levels for energy
stored S§%;) in kWh for each ESS, denoted as S¥¥Sand S§%55, respectively, are indicated by

©)-
SESS <SG < SESS vt €T,Vh € H 9)

This operational range is chosen to protect battery health and extend its lifespan, as
recommended by battery management best practices and manufacturer guidelines.

The evolution of the SoC over time is modeled based on the previous time step’s SoC
and the charging/discharging activity, considering round-trip efficiencies for charging
nESS and discharging n5%°, indicated by (10).

Stery = Sty +ESS - CE5 At — (/5% - DESH At vt ET,YheH (10)

At the beginning of the simulation (e.g., the first hour of the first day), the SoC of each
ESS is initialized to a random value between 20% and 80% of its maximum capacity. For
each subsequent day, the final SoC of the previous day becomes the initial SoC for the
current day, ensuring continuity across the simulation horizon.

2.2. Evaluation of Impacts on the LV Distribution Network

The power flow analysis evaluates the impact of DER dispatch resulting from P2P
energy trading on the operation of the LV distribution network. Following the identifica-
tion of the optimal trading case by the P2P energy trading optimization model, a power
flow simulation is performed. The net active power demand at each connection point is
defined as the total capacity imported, both from the DSO and through P2P trading, minus
the total capacity exported, including both local consumption and P2P exports. Thus, (11)
indicates the net active power demand Pt for each household h at each time instant t.

P(rz'h) = G(t,h) + I(P;'Z’S - E(t,h) - X(F;'Z’S Vt € T, Vh € H (11)

Pandapower uses P,y as an input to run the power flow. It is assumed that the
charging and discharging of ESS occur behind the node connection point and are therefore
not explicitly included in (11). Additionally, the P2P trading model used in this study
focuses solely on the exchange of active power and does not account for reactive power
flows. Accordingly, the power flow simulations are conducted under the assumption of a
constant power factor of 0.95pu.

The model excludes reactive power dynamics and uses aggregated load profiles in-
stead of capturing load diversity at the household level. These choices were made based
on data availability and customers’ privacy constraints. The available data from the DSO
is at the transformer level supplying the residential customers and for active power only.
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3. Case Study

This section describes the LV distribution network employed as a case study, de-
mand profiles, importing/exporting prices from/to the DSO, DER characteristics, and the
cases considered for analysis.

3.1. LV Distribution Network

The case study utilizes the unbalanced IEEE European low-voltage test feeder [39],
which is supplied by an 11 kV/0.416 kV transformer rated at 800 kVA. The transformer
employs delta/grounded-star winding connections to step down the voltage for distribu-
tion. The LV distribution network comprises 55 single-phase consumers, each connected
at distinct nodes along the feeder. The consumers are unevenly distributed across the
three phases, as depicted in Figure 2: 21 consumers connected to Phase a (orange), 19 to
Phase b (blue), and 15 to Phase c (green).

10 11
12 A Main grid
*:\ 8 ge  Phase A
Ny Blue Phase B
r‘) 2 . 7 Green Phase C
11/0.416 kv 17
800 kVA 35
16
15 33
36
13 37
53
19
50
18
23
24 a7
28 43
27 45
26 a1
44 40
32 39
38 42

Figure 2. Schematic representation of the IEEE European LV distribution network used in this study.

3.2. Demand Profiles

The demand profiles used in this study were derived from actual measurements rec-
orded at the transformer connection point for residential customers in Aswan during June
2020. To generate individual household profiles, the total real power demand aggregated
over the three phases was first averaged per consumer and subsequently scaled by a ran-
dom factor ranging between 0.6 and 1.3 to reflect consumption variability. All profiles have
an hourly resolution. Figure 3 presents the aggregate demand profiles for the 55 households
over a three-day period, illustrating typical consumption behaviors within the network.
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Figure 3. Aggregated demand profiles for 55 households over three-days (where H — household
and dem — Demand). (Note: The stacked area plot illustrates the total demand from 55 house-

holds, where each colored layer represents an individual household’s consumption.).

3.3. Electricity Prices

Currently, Egypt employs a flat electricity tariff structure, meaning the same rate ap-
plies regardless of the time of day. However, future regulatory frameworks are expected
to incorporate time-of-use (ToU) tariffs with higher integration of local generation and
flexible devices like ESS, electric vehicles, etc., which vary prices based on demand periods
to incentivize consumers to shift their electricity consumption to off-peak periods. This
study focuses on ToU pricing to analyze its effects on P2P energy trading. Flat tariff rates
for 20222023 were obtained from the Egyptian Electric Utility and Consumer Protection
Regulatory Agency (EgyptERA) [40], while ToU prices assume lower rates during
nighttime hours. Selling prices, based on feed-in-tariffs (FIT) for exported energy, were
sourced from [41] to reflect payments to prosumers. Figure 4 depicts the three-day price
profile used in the simulations.
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Figure 4. Electricity prices over three days.

3.4. DER Characteristics

The network under study includes different DER characteristics, comprising PV sys-
tems and ESS. Households are categorized as either consumers without DERs or prosum-
ers equipped with one or more DERs. Table 2 summarizes the DER installations across
the network, indicating that 18 households are consumers without DERs, 33 households
(60%) are prosumers equipped with PV systems, and 22 households (40%) have ESS in-
stallations. Historical PV generation profiles specific to Aswan were obtained from Re-
newables.ninja [42], which utilizes meteorological data from NASA’s MERRA-2 database
dating back to 2019 [43]. Renewables.ninja does not model Maximum Power Point Track-
ing (MPPT) explicitly, but it assumes perfect MPPT so that PV output is always at the
maximum possible level given the solar irradiance, weather, and system parameters.

This modeling approach ensures that the operational behavior of PV systems is realis-
tically represented in the simulation framework and adequately integrated into the P2P en-
ergy trading cases. Figure 5 depicts the typical PV generation for one household over three
days. The ESS used in this study is modeled based on the specifications of the commercially
available Tesla Powerwall. ESS units are modeled with charging and discharging efficien-
cies of 95%, representing realistic operational characteristics. The charging and discharging
of the ESS are controlled to optimize the energy community objective function, and they are
optimized centrally by the energy community manager. Figure 6 depicts the general struc-
ture of a household with integrated DERs and their conversion systems [44].
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Table 2. Installed DERs at individual households.

Household DER Household DER Household DER Household DER
1 PV + ESS 15 PV + ESS 29 No DER 43 PV
2 PV + ESS 16 PV 30 PV + ESS 44 No DER
3 PV + ESS 17 No DER 31 No DER 45 PV + ESS
4 No DER 18 PV + ESS 32 PV 46 No DER
5 PV + ESS 19 No DER 33 PV + ESS 47 No DER
6 No DER 20 PV + ESS 34 PV 48 PV + ESS
7 PV 21 No DER 35 No DER 49 PV
8 PV 22 No DER 36 No DER 50 PV + ESS
9 PV + ESS 23 PV + ESS 37 PV + ESS 51 No DER
10 No DER 24 PV 38 No DER 52 PV + ESS
11 No DER 25 PV 39 PV 53 PV + ESS
12 PV + ESS 26 No DER 40 PV + ESS 54 PV + ESS
13 No DER 27 PV + ESS 41 PV 55 PV + ESS
14 No DER 28 No DER 42 No DER
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Figure 5. PV generation profile for one household over three days in pu.
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Figure 6. DERs and their conversion system for: (a) a household with only PV; (b) a household with
PV and ESS.

3.5. Analyzed Cases

This study compares eight cases to evaluate how different characteristics of DER im-
pact the performance of P2P energy trading and the LV distribution network. Each case
includes households equipped with various combinations of PV systems and ESS. These
characteristics differ in terms of PV capacity (i.e., kWp), ESS energy capacity (i.e., kWh),
and ESS charging power (i.e., kW). The values chosen for these parameters are based on
commercially available residential DER systems, such as typical PV and ESS, ensuring
practical relevance. Specifically, PV capacities of 1.5 kWp and 3 kWp represent common
residential PV installations in Egypt used by customers to decrease their electricity bills,
while ESS energy capacities (7 kWh and 13.5 kWh) and charging powers (2.5 kW and 5
kW) reflect widely used battery specifications. These configurations allow for a realistic
assessment of DER integration under practical conditions. All DERs are operated under
P2P energy trading, allowing households to use their DERs to cover their demand and
exchange surplus energy locally before interacting with the DSO. These eight cases are
evaluated against a base case in which no DER systems are installed and all households
purchase electricity from the DSO at a ToU tariff. The comparison provides an in-depth
analysis of how different DER characteristics influence grid dependency, operational
costs, energy imports and exports, and overall system performance. The key attributes of
the eight DER characteristics and the base case are summarized in Table 3.

Table 3. Characteristics of the base case and the eight different DER cases.

PV Capacity ESS Capacity Charger Power

Case (KWp) (KWh) (kW) Remarks

Base 0 0 0 No DER (DSO supply only)
Case 1 3 13.5 5 High PV capacity, ESS capacity, and charge rate
Case 2 1.5 13.5 5 Low PV capacity; high ESS capacity and charge rate
Case 3 3 13.5 2.5 High PV and ESS capacity; low charge rate
Case 4 1.5 13.5 2.5 Low PV capacity and charge rate; high ESS capacity
Case 5 3 7 5 High PV capacity and charge rate; low ESS capacity
Case 6 1.5 7 5 Low PV and ESS capacity; high charge rate
Case 7 3 7 2.5 High PV capacity; low ESS capacity and charge rate
Case 8 1.5 7 2.5 Low PV capacity, ESS capacity, and charge rate
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4. Results

The presentation of results is divided into two main sections. The first section pro-
vides a comparative analysis of the techno-economic performance of the studied cases.
The second section evaluates the impact of these cases on the LV distribution network.

4.1. Comparative Analysis of Techno-Economic Cases

This section presents a comparative analysis of the studied cases, focusing on key
performance indicators such as operational costs, energy imports and exports, the propor-
tion of demand met by DERs, peak grid consumption, and total energy traded locally
within the P2P network. The simulation results for the eight DER characteristics, along
with their comparison to the base case without DER integration, are summarized in Table
4. Similar techno-economic evaluations of P2P energy trading frameworks and their im-
pacts on community energy systems have been reported in previous studies [11,12],
demonstrating the importance of such analyses in optimizing DER integration and local
energy markets.

Table 4. Comparative analysis of the base case and eight cases with different DER characteristics for

one month.
ESS 13.5kWh, C 5kW ESS 13.5 kWh, C 2.5 kW ESS 7kWh, C5kW ESS 7 kWh, C 2.5 kW
No DER PV PV PV PV PV PV PV PV
3kWp 1.5kWp 3kWp 1.5kWp 3kWp 1.5kWp 3kWp 1.5kWp
Base Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8

Costs of DSO Energy Import (EGP)

24,139.86  7836.56  14,610.05 7836.56 14,610.05 10,535.64 15,160.11 10,535.64 15,160.11

Revenue of DSO Energy Export (EGP) 0 165.36 0 165.36 0 2095.85 0 2095.85 0

Total Operational Costs (EGP)

24,139.86 7671.20  14,610.05 7671.20 14,610.05 8439.79  15,160.11  8439.79  15,160.11

Cost Reduction vs. Base (%) - 6822  -3947  -68.22 -39.47 -65.03 3719  -65.03  -37.19
20,368.03 7492.60 14239.09 749260 1423909 929458 13,789.78 929458 13,789.78

Energy Imported from DSO (kWh) 6321  -3009  -6321 -30.09 5436  -3229  -5436  -32.29
Energy Exported to DSO (kWh) 0 195.00 0 195.00 0 247153 0 247153 0
Demand Supplied by DSO (%) 100 36.79 69.90 36.79 69.90 45.64 67.71 45.64 67.71
Demand Supplied by DERs (%) 0 63.21 30.10 63.21 30.10 54.36 3229 54.36 3229
Peak Grid Consumption (kW) 61.20 95.72 130.49 59.91 88.20 38.46 120.92 38.46 74,85
Change in Peak Demand vs. Base (%) - +56.40 +113.21 -2.10 +44.11 -37.15 +97.58 -37.15 +22.30
Total P2P Energy Traded (kWh) 0 691972 514857  6919.72 514857 347323 226889 347323  2268.89

4.1.1. Analysis of Operational Costs

The analysis of total electricity costs within the community’s P2P energy trading net-
work reveals substantial variation across different DER characteristics. These differences
are primarily driven by the combination of PV capacity and ESS characteristics. As pre-
sented in Table 4, the deployment of DERs, particularly cases combining PV and ESS, re-
sults in significant reductions in community total operational costs compared to the base
case—with no DER integration —which depends entirely on electricity imported from the
DSO. The base case incurred the highest operational cost at 24,139.86 EGP, reflecting typ-
ical dependence on the DSO.

In contrast, cases with DER integration achieved cost reductions ranging from ap-
proximately 37% to over 68%, depending on the installed DERs characteristics. The most
cost-effective case—PV 3 kWp with ESS 13.5 kWh, characterized by a high PV and ESS
capacity —achieved a 68.22% reduction in operational costs, particularly in Case 1 (PV 3
kWp with ESS 13.5 kWh and 5 kW) and Case 3 (PV 3 kWp with ESS 13.5 kWh and 2.5 kW),
lowering the total energy costs to 7671.20 EGP. This reduction highlights the critical role
of both PV generation and ESS in reducing DSO dependence. These findings are sup-
ported by previous studies, which showed that integrating PV and ESS can result in P2P
markets delivering significant cost savings for end-users while supporting more flexible
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pricing schemes that enhance grid operations [16]. The significant savings result from the
high self-consumption of renewable energy and the ability to store surplus energy for use
during periods of high energy prices or low PV generation.

Cases with higher PV capacities generally resulted in lower operational costs due to
increased renewable energy generation. This not only reduced electricity imports from
the DSO but also enabled surplus energy exports, thereby generating additional revenue.
For instance, cases with PV 3 kWp produced significantly more electricity than those with
1.5 kWp, enhancing energy independence. Moreover, higher ESS capacities facilitated
load shifting and increased self-consumption, further decreasing reliance on the DSO. In-
terestingly, varying ESS charger power rates (2.5 kW or 5 kW) had no impact on opera-
tional costs, indicating that the ESS capacity is more critical than the charging rate in de-
termining economic performance.

The analysis of energy import and export costs further illustrates the economic ben-
efits of DER adoption. The base case meets all energy demand through imports, resulting
in high costs and zero export revenue. Conversely, cases with DER integration signifi-
cantly reduce import costs, with the lowest value—7836.56 EGP—observed in systems
characterized by high PV and ESS capacities, specifically those combining PV 3 kWp with
ESS 13.5 kWh (notably in Cases 1 and 3). Export revenues reached up to 2095.85 EGP,
specifically those with PV 3 kWp with ESS 7 kWh (Cases 5 and 7), since the small ESS do
not enable storing all the excess PV generation for house demand later use or local trading
within the community. Cases with only PV 1.5 kWp capacity, however, recorded no ex-
port revenue due to the complete onsite consumption of generated energy within the com-
munity of households.

The integration of DERs, through appropriate combinations of PV generation and
ESS, significantly reduces the operational costs of the community. As supported by pre-
vious studies, local electricity market approaches have been shown to effectively reduce
energy costs for energy communities by maximizing the consumption of locally generated
clean electricity, with PV and ESS combinations showing the highest economic potential
[18]. Moreover, smart community-based electricity markets can achieve up to a 50% cost
reduction in summer and boost local green energy consumption by over 30%, primarily
through enhanced self-consumption and energy arbitrage enabled by PV and ESS [19].
These findings highlight the importance of carefully selecting DER capacities to maximize
economic efficiency and energy independence within P2P energy trading frameworks.

4.1.2. Analysis of Energy Imports and Exports

A key objective of integrating DERs in P2P energy trading networks is to reduce de-
pendence on the DSO by increasing local energy generation and its consumption within
the community. Analyzing energy flows, specifically energy imports from the DSO and
exports of surplus energy, provides valuable insights into how different DER characteris-
tics affect system performance and economic outcomes. The results of community energy
imports and exports are summarized in Table 4.

In the base case, without DER integration, the total energy imported from the DSO
was 20,368.03 kWh over the simulation period. This reflects complete reliance on the DSO
to meet the community’s energy demand. In contrast, all cases with DER integration sig-
nificantly reduced DSO imports. The lowest import values—7492.60 kWh (a 63.21% re-
duction) —occurred in cases with a high PV and ESS capacity (PV 3 kWp with ESS 13.5
kWh), particularly in Cases 1 and 3. This demonstrates the effectiveness of high PV gen-
eration and ESS capacity in reducing grid consumption. Figure 7a illustrates energy im-
ports from the DSO across all DER-integrated cases, showing periods of zero imports for
Cases 1 to 8, during which prosumers met their demand through self-generation or by
trading energy with other households at prices lower than those of the DSO.
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No energy exports were recorded in the base case where all households were only
consumers. However, in cases with DER integration, some exports to the DSO occurred,
although prosumers primarily prioritized intra-community trading. As shown in Table 4
and Figure 7b, cases with a high PV and ESS capacity (PV 3 kWp with ESS 13.5 kWh)
exported no energy or limited amounts of energy to the DSO, indicating enhanced self-
consumption within the community by P2P energy trading or taking advantage of ESS
flexibility in storing all or most of the surplus PV generation.
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Figure 7. Comparison of the cases studied based on: (a) imports from the DSO, (b) exports to the

DSO, and (c) traded energy within the community over three days.

Notably, cases with a high PV capacity and low ESS, particularly Cases 5 and 7,
achieved the highest export volumes, reaching 2471.53 kWh due to the limited ESS capac-
ity. Conversely, systems with a low PV capacity (1.5 kWp), regardless of ESS size or
charger rating, exhibited zero exports during the entire simulation period. In these cases,
all generated energy was consumed locally, either directly by household loads, exchanged
P2P within the community, or stored in the ESS for later use. Even when combined with



Electricity 2025, 6, 57

17 of 31

relatively large storage (ESS 13.5 kWh), small-scale PV systems only met the immediate
household demand, with no surplus available for export.

These findings highlight the critical role of a sufficient PV capacity in enabling both
self-sufficiency and participation in P2P or exports to DSO. While smaller PV systems can
reduce DSO dependence through localized generation and storage, they do not generate
surplus energy for exporting to the DSO. These results align with previous studies show-
ing that community energy trading can reduce electricity costs, decrease exports to DSO,
and increase self-sufficiency through DERs [11,12].

4.1.3. Analysis of Peak Grid Consumption

The analysis of peak grid consumption across different DER characteristics reveals
significant variation, primarily influenced by the combination of PV capacity and ESS
characteristics. As presented in Table 4, the base case—without any DER integration—
recorded grid consumption with the highest value of 61.20 kW during the studied month,
with 100% of the energy demand supplied by the DSO.

With the introduction of DERs, peak consumption levels varied significantly across
the studied cases. The most notable reduction occurred in cases combining a high PV ca-
pacity with a low ESS capacity (PV 3 kWp, ESS 7 kWh), regardless of the ESS charger rate
(6 kW or 2.5 kW), particularly in Cases 5 and 7. These characteristics achieved a 37.15%
reduction in peak grid consumption relative to the base case and supplied 54.36% of the
total energy demand through local generation and storage, indicating a high degree of
self-sufficiency.

An even greater self-sufficiency (63.21%) was observed in cases combining a high PV
capacity with a high ESS capacity (PV 3 kWp, ESS 13.5 kWh), particularly in Cases 1 and
3. However, these cases did not yield the lowest peak demand values, suggesting that ESS
capacity alone does not necessarily minimize peak demand.

In contrast, cases that combine a high ESS with low PV capacity (PV 1.5 kWp, ESS
13.5 kWh) and high charger rates (5 kW), specifically Case 2, resulted in significant in-
creases in peak grid consumption, reaching 130.49 kW —an increase of 113.21% over the
base case. This case demonstrates a lower efficiency in utilizing DERs, with only 30.10%
of demand met through local generation and storage due to the low PV generation. Recent
studies have proposed the inclusion of contracted power costs in the optimization objec-
tives of community energy trading. This approach has shown potential in reducing the
peak demand by over 30% without compromising economic performance or requiring
explicit modeling of grid constraints [21].

These findings highlight that DER integration does not guarantee reduced grid de-
pendency or peak demand; rather, the effectiveness depends critically on achieving the
right balance between PV generation and ESS capacity. Moreover, recent co-simulation
studies indicate that moderate levels of P2P energy trading do not significantly affect net-
work operational performance, supporting the feasibility of such market mechanisms in
LV distribution systems [14]. A higher PV capacity contributes more significantly to re-
ducing DSO reliance and enhancing self-sufficiency, especially when combined with an
appropriately sized ESS that can store and discharge energy efficiently. Therefore, optimal
system design must consider not only the presence of DERs but also their relative sizing
and operational parameters to ensure an improved energy performance and reduced de-
pendence on centralized infrastructure.

4.1.4. Analysis of Energy Trading Volume

The integration of DERs not only impacts peak grid consumption and energy gener-
ation but also significantly influences the volume of local energy exchange through P2P
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trading. Figure 7c illustrates the total energy trading volumes observed across different
characteristics for the first three days of the simulation period.

As presented in Table 4, the base case—without any DERs—resulted in zero P2P
trade (as expected), as all energy demand was supplied by the DSO. In contrast, cases with
DER integration facilitated varying levels of local energy exchange, with trading volumes
strongly correlated to both PV and ESS capacities.

The highest volume of P2P trade—6919.72 kWh —was observed in cases that combine
a high PV capacity with high ESS capacity (PV 3 kWp, ESS 13.5 kWh), whether using a 5
kW or 2.5 kW charger rate, particularly in Cases 1 and 3. Conversely, cases with a lower
PV capacity (1.5 kWp) or low ESS (7 kWh) demonstrated significantly reduced trading
volumes. For instance, Cases 6 and 8 recorded a total of 2268.89 kWh in P2P trade. Cases
with a high PV capacity but low ESS capacity (PV 3 kWp, ESS 7 kWh) exhibited interme-
diate trading volumes, reaching 3473.23 kWh, notably in Cases 5 and 7.

These findings indicate that high PV and ESS capacities serve as key enablers of local
energy trading. Previous studies have shown that residential ESS within local electricity
markets can significantly increase P2P transactions and unlock greater economic benefits
for communities, especially under static time-of-use pricing that allows seasonal optimi-
zation through energy arbitrage and surplus PV utilization [20]. However, other factors,
such as discharge capability, energy prices, and community load profiles, also influence
the effectiveness of surplus energy distribution within the network. Therefore, maximiz-
ing local energy resilience and trading activity requires a balanced and well-sized integra-
tion of DERs. Cases with appropriate PV and ESS capacities not only reduce grid depend-
ency and peak demand but also enable significant energy sharing among prosumers, con-
tributing to the development of more autonomous and sustainable energy communities.
These findings align with previous research indicating that P2P markets with integrated
PV and ESS provide economic benefits while promoting more efficient energy pricing
structures [16].

4.2. Analysis of Impacts on the LV Distribution Network

This section presents a comparative analysis of the studied cases to evaluate the im-
pact of different DER characteristics on the operational performance of LV distribution
networks. The analysis focuses on key network parameters, including phase voltage mag-
nitudes, voltage unbalance factors (VUF), transformer loading, and line loading. The sim-
ulation results during the simulation period (i.e., one month) for phase voltages, maxi-
mum VUF, and transformer and line loading across the eight DER characteristics, along
with their comparison to the base case without DER integration, are summarized in Table
5. Similar technical assessments of DER integration impacts on LV distribution networks
have been addressed in previous studies [11,12,16], highlighting the importance of such
evaluations in enhancing grid reliability and operational efficiency.

Table 5. Simulation results for the base case and eight DER cases evaluating their effects on the LV

distribution network across one month.

ESS 13.5kWh, C5kW  ESS 13.5 kWh, C 2.5 kW ESS 7kWh, C 5kW ESS 7 kWh, C 2.5 kW

No DER PV PV PV PV PV PV PV PV

3kWp 1.5kWp 3kWp 1.5kWp 3kWp 1.5kWp 3kWp 1.5kWp

Base Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8
Minimum Va (pu) 1.031 1.008 0.992 1.025 1.014 1.038 0.996 1.038 1.020
Maximum Va (pu) 1.046 1.076 1.070 1.069 1.063 1.069 1.063 1.069 1.064
Minimum Vb (pu) 1.028 0.988 0.972 1.015 1.004 1.036 0.977 1.036 1.009
Maximum Vb (pu) 1.046 1.080 1.083 1.069 1.069 1.068 1.065 1.068 1.064
Minimum Ve (pu) 1.034 1.026 1.027 1.031 1.031 1.035 1.035 1.036 1.035
Maximum Vc (pu) 1.047 1.063 1.057 1.062 1.055 1.062 1.055 1.062 1.055
Maximum VUF (%) 0.105 1.075 1.261 0.538 0.6441 0.408 1.216 0.408 0.586
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Maximum line loading (%) 22.45 43.97 58.91 26.20 37.73 17.88 54.99 17.88 32.02
Maximum transformer loading (%)  8.16 14.75 19.90 8.89 12.91 6.20 18.53 6.20 10.96

4.2.1. Analysis of Voltage Variations Impacts

The LV distribution network under study is inherently unbalanced, as each phase
supplies a distinct group of prosumers with unique load and generation profiles. Voltage
measurements were collected simultaneously across all three phases, with a particular fo-
cus on Load 53 —located at the end of the feeder line—where voltage fluctuations are typ-
ically most pronounced. Nodes at the feeder’s extremities are especially susceptible to
voltage drops during periods of high local demand and to voltage rises when local gener-
ation exceeds consumption. According to the EN 50160 standard [45], voltage levels in LV
networks should remain within the range of 0.90 to 1.10 per unit (pu). Figures 8-10 illus-
trate the voltage profiles recorded over a one-month/three-day simulation period for bet-
ter visibility.

As summarized in Table 5, DER characteristics significantly affect the magnitude and
stability of voltage levels across all three phases (Va, Vb, and Vc). In the base case —with-
out DER integration—voltage values remain within acceptable limits, with a relatively
narrow range between 1.028 and 1.047 pu. However, the deployment of DERs— particu-
larly cases combining a high PV capacity (3 kWp) with a high ESS capacity (13.5 kWh)—
results in increased voltage fluctuations. For instance, Case 1 exhibits a voltage range from
0.988 pu to 1.080 pu, indicating significant deviation due to the dynamic charging and
discharging behavior of storage units. This aligns with previous findings, showing that
while smart homes equipped with PV and ESS under community-based electricity mar-
kets can achieve significant cost savings and increase local green energy consumption,
their operation—especially in winter—may negatively impact voltage stability and in-
crease active power losses [18,19]. The greatest voltage deviation is observed in Case 2,
where the Phase b voltage drops to 0.972 pu and peaks at 1.083 pu, the largest voltage
spread recorded (the widest difference between the minimum and maximum voltage val-
ues), suggesting that a high ESS capacity with insufficient PV generation can lead to inef-
ficient energy usage and phase voltage deviation.

Conversely, cases with low ESS (7 kWh) and high PV capacities (Cases 5 and 7)
demonstrate more stable voltage profiles, with voltages remaining between 1.035 pu and
1.069 pu and reduced overall variation. Notably, across all cases, Phase b consistently reg-
isters the lowest voltage levels, and Phase c registers the smallest deviations in voltage.
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Figure 8. Phase a voltage over (a) one month and (b) three days.
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Figure 9. Phase b voltage over (a) one month and (b) three days.
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Figure 10. Phase c voltage over (a) one month and (b) three days.

These findings demonstrate that while DER integration facilitates localized energy
exchange and supports P2P trading, it also introduces voltage quality challenges. None-
theless, previous simulation studies have reported that moderate P2P trading levels may
not cause significant voltage or operational issues in LV networks [14]. Other research has
found that decentralized ESS integration under P2P trading schemes can increase voltage
fluctuations, even if voltage levels remain within acceptable limits [16]. Therefore, the
careful consideration of PV and ESS sizing, charger power, and balanced DER deployment
is essential to maintain voltage stability and ensure reliable LV network performance un-
der P2P trading conditions. In all the studied cases, none exceeded the acceptable limits.

4.2.2. Analysis of Voltage Phase Unbalance Impacts

Under ideal operating conditions, a balanced three-phase load results in no current
flow through the neutral conductor, thereby minimizing power losses and ensuring effi-
cient system performance. However, perfect load balancing is rarely achieved in practical
LV distribution networks due to inherent variations in the loads connected to each phase.
In traditional residential areas where customer consumption patterns are relatively uni-
form, phase unbalance is typically maintained within acceptable limits by distributing
single-phase loads evenly across the three phases.

This balance is expected to be significantly disrupted with the increasing integration
of single-phase DERs. Moreover, P2P energy trading introduces variability in both con-
sumption and generation patterns among prosumers compared to when they optimize
their DERs individually in home energy management systems. This agrees with previous
studies indicating that ESS operation under retail pricing schemes can significantly influ-
ence voltage unbalance, especially under ToU tariffs [20]
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The impact of P2P trading on voltage stability in LV distribution networks can be
assessed using the voltage unbalance factor (VUF), which evaluates the deviation in volt-
age magnitudes among the three phases. According to the symmetrical component
method, the International Electrotechnical Commission (IEC) defines the VUF as the ratio
of the negative-sequence voltage (V2) to the positive-sequence voltage (V1), expressed as
a percentage (12):

VUF = (V,/V4) * 100 (%) (12)

This metric represents the “true” measure of voltage unbalance. According to IEC
standards, the maximum permissible VUF in LV distribution networks is 2%. Figure 11
illustrates the VUF values recorded over a one-month/three-day simulation period.
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Figure 11. Voltage unbalance factor (VUF) over (a) one month and (b) three days.

As summarized in Table 5, the maximum VUF across different DER characteristics
under P2P energy trading conditions exhibits notable variations that reflect the impact of
DER sizing on voltage balance in the LV distribution network. In the base case, where no
DERs are integrated, the VUF remains as low as 0.105%, indicating a well-balanced net-
work under conventional operation. However, the integration of DERs and active P2P
trading introduces increased voltage unbalance, with the highest values observed in Cases
2 and 6, where VUF reaches approximately 1.261% and 1.216%, respectively.

In Case 2, the case with a high ESS capacity (13.5 kWh) and charging power (5 kW)
combined with a low PV capacity (1.5 kWp) tends to exhibit higher VUF values. This is
primarily because large ESS units in the community often charge simultaneously during
low electricity price periods, leading to uneven phase loading, as they typically operate
on a single phase. Such charging behavior causes unbalanced power flows in phases,
which increases voltage unbalance in the LV network. On the other hand, Case 6 is
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characterized by a low ESS (7 kWh) and high charging power (5 kW), combined with a
low PV capacity (1.5 kWp). While the storage capacity is lower than in Case 2, the limited
PV output still restricts local generation. Moreover, the simultaneous charging of ESS at
the high charging power results in high VUF values. In contrast, Cases 5 and 7, both in-
corporating balanced combinations of a high PV (3 kWp) with low ESS (7 kWh), demon-
strate the lowest VUF values among DER-integrated cases at just 0.408%.

Overall, while all characteristics remain within the IEC’s acceptable limit of 2%, the
results clearly show that the improper sizing or distribution of DER components—particu-
larly when combined with P2P energy trading—can lead to increased voltage unbalance.
Similar findings have been reported in previous community energy trading studies, where
voltage magnitude and voltage unbalance occasionally exceeded acceptable limits [12].

4.2.3. Analysis of Transformer and Line Loading Impacts

The integration of DERs under P2P energy trading frameworks can significantly in-
fluence both transformer and line loading in LV distribution networks. As prosumers ex-
change energy locally, the direction and magnitude of power flows shift dynamically, re-
sulting in variable loading conditions. Figures 12 and 13 illustrate transformer and line
loadings recorded over a one-month/three-day simulation period.

As summarized in Table 5, significant variations in network loading are observed
across different DER characteristics under P2P energy trading. In the base case without
DERs, the maximum transformer and line loadings are 8.16% and 22.45%, respectively.
However, with the integration of DERs, these values can increase substantially. For in-
stance, Case 2, characterized by a low PV capacity (1.5 kWp) with a high ESS capacity
(13.5 kWh) and high charging rate, results in maximum transformer loading (19.90%) and
line loading (58.91%) among all cases. This indicates that a low generation capacity com-
bined with high storage and charger power leads to significant energy exchanges across
the network. As a result, the peak of grid consumption increases by 113.21% compared to
the base case. Such flows may be intensified by the simultaneous charging and discharg-
ing of ESS within the community during periods of low electricity prices, which can over-
load network components. These findings are consistent with previous studies, which
found that P2P trading combined with ESS—especially under static ToU pricing —can in-
crease internal network losses and voltage issues, even though it offers economic benefits
to prosumers. However, other studies suggest that when flexibility in power dispatch is
enabled, P2P trading can alter network losses at a specific time, while overall daily energy
losses remain minimal in large-scale distribution systems [15, 16, and 20]. To mitigate such
impacts, recent studies have proposed including contracted power costs in energy trading
optimization models. This approach helps prevent the synchronization of high-power
flexible devices (e.g., ESS, EVs), thereby reducing peak demand and preventing violations
in line loading, voltage unbalance, and voltage magnitude in LV distribution networks
without requiring direct DSO interaction [21].

In contrast, cases with a higher PV capacity (3 kWp) and low ESS capacity (7 kWh),
particularly Cases 5 and 7, lead to a significantly lower transformer (6.20%) and line load-
ings (17.88%). In these cases, surplus PV generation is stored in ESS and later used at night
or traded with other prosumers within the community, reducing the reliance on energy
from the DSO. As a result, the peak of grid consumption decreases by 37.15% compared
to the base case. This indicates that increased PV generation, along with low storage usage,
can effectively reduce peak power flows, thereby lowering the load on both transformers
and distribution lines. This aligns with previous findings that, while community energy
trading can increase community peak demand and cause limit violations on some lines, it
generally maintains transformer loading within safe limits [12] .Similarly, P2P trading
under proper design can reduce energy costs and improve self-consumption without
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violating network limits. However, studies show that ToU tariffs combined with flexible
DERs may impact the network more than home energy management systems [11].

Although Case 2 highlights potential issues with increased transformer and line load-
ings, these impacts can be mitigated through coordinated ESS control strategies. Co-sim-
ulation studies confirm that under moderate P2P trading levels, the operational perfor-
mance of LV networks is not significantly affected [14]. For instance, implementing sched-
uled ESS charging times across prosumers or integrating demand response programs can
significantly reduce peak power flows. Additionally, deploying local optimization algo-
rithms that account for network constraints (e.g., line capacity or transformer ratings) can
enhance the operational reliability of the LV network under P2P energy trading frame-
works. Moreover, the efficient design of power-based control tariffs could decrease the
peak demand and the associated impacts on the distribution network. These strategies
present promising directions for future work and practical deployment.
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Figure 12. Transformer loading over (a) one month and (b) three days.
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4.2.4. Comparative Analysis of Different Cases Using Boxplot Representations

A comparative analysis was conducted to evaluate voltage variations, transformer
loading, line loading, and voltage unbalance across DER integration cases over a one-
month simulation period. Figure 14 illustrates that voltage levels for all three phases re-
mained within acceptable limits across the eight DER characteristics cases and the base
case for the entire simulation period.

Compared to the base case without DER integration, cases with DER integration ex-
hibited increased voltage variations. In the base case, phase voltages were relatively sta-
ble, remaining below 1.05 pu, indicating a well-balanced and steady voltage profile. How-
ever, the introduction of DERs, particularly under P2P trading, led to uneven voltage lev-
els across phases. This unbalance is attributed to the inherently unbalanced generation,
ESS charging/discharging, and demand patterns associated with DER integration and P2P
energy trading. Phase b experienced the highest voltage fluctuations, while Phase c
demonstrated the lowest. In particular, Case 2 (PV 1.5 kWp, ESS 13.5 kWh, and charger 5
kW) had a notably high impact on the LV distribution network voltages. It resulted in
voltage variations typically exceeding 1.06 pu, with maximum outliers reaching 1.083 pu
and remaining below 1.04 pu, with minimum outliers down to 0.972 pu.
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Figure 14. Comparison of the voltage variation impacts of different cases using boxplot representa-
tions over one month.

Figure 15 presents the transformer and line loading levels, as well as the VUF, over
the entire simulation period. Compared to the base case, cases with DER integration
showed increased higher VUF values. Moreover, most of the cases with DER integration
showed increased component loading, except Cases 5 and 7, which resulted in lower com-
ponent loading than the base case.

In the base case, the transformer’s average loading remained below 7% for most of
the simulation period, with maximum outliers reaching 8.16%. In contrast, in Case 2, the
average transformer loading stayed below 10%, but maximum outliers rose significantly
to 19.90%.

A similar trend was observed in line loading. While the base case showed an average
line loading under 18% with maximum outliers of 22.45%, Case 2 maintained an average
loading below 20% but with a substantial rise in outliers, reaching up to 58.91%.

Regarding voltage quality, the VUF in the base case stayed below 0.1% for most of
the simulation period, with maximum outliers at 0.105%. In Case 2, however, the VUF
remained below 0.5% for most hours, but outliers increased markedly, peaking at 1.261%.

This indicates a significant rise in voltage unbalance due to DER integration and P2P en-
ergy trading.
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Figure 15. Comparison of the transformer loading, line loading, and phase unbalance impacts of

different cases using boxplot representations over one month.
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4.3. Research Implications and Limitations

This study contributes to the growing body of research on P2P energy trading by
providing a detailed techno-economic analysis of how different DER characteristics im-
pact cost savings and power network performance in LV distribution systems. The find-
ings emphasize the critical role of proper DER sizing and coordination, especially of ESS,
to maintain network stability while maximizing economic benefits.

The two-stage modeling approach, combining market optimization with unbalanced
three-phase power flow analysis, offers a practical framework to evaluate P2P trading im-
pacts under realistic grid constraints. This approach can be adapted to other community
energy systems with similar characteristics.

However, this study has some limitations: only one representative LV network was
analyzed, which may not capture the diversity of real-world topologies. This requires fu-
ture research to study other LV networks [46]. Additionally, user behavior dynamics, dy-
namic tariffs [47], and advanced DER control strategies, particularly for high PV penetra-
tion, were simplified or excluded. These factors should be considered in future research
to improve model realism.

Future work could also explore scalability to larger networks, the integration of re-
active power flows, inclusion of the demand response for heat pumps [47], dynamic pric-
ing schemes, and inclusion of uncertainties to enhance the understanding of P2P trading
in real-world applications [48].

However, certain simplifications were made in the model, particularly the exclusion
of reactive power and the use of aggregated load profiles. These choices allowed us to
focus on core technical impacts. Future research should address these factors for a more
detailed analysis.

5. Conclusions and Future Research Directions

This study has conducted a comprehensive techno-economic analysis of different dis-
tributed energy resources (DER) characteristics within a peer-to-peer (P2P) energy trading
framework under a time-of-use (ToU) tariff in Aswan, Egypt. Results show that integrat-
ing PV and ESS, even at low capacities, can significantly improve community economic
performance by reducing the reliance on grid-supplied electricity and facilitating energy
exchanges among peers and with the distribution system operator (DSO). The most effec-
tive case, a 3 kWp PV system combined with a 13.5 kWh ESS, achieves a 68.22% reduction
in total operational costs. Key network parameters, including transformer loading, line
loading, voltage unbalance factors (VUF), and phase voltage magnitudes, were also eval-
uated. Cases with a low PV capacity but high ESS and charger rate increase both the trans-
former and line loading, with maximum line loading reaching 58.91% and transformer
loading up to 19.90%. In contrast, cases with a higher PV capacity and low ESS reduce
loading, improving asset utilization. The uneven deployment of DERs and simultaneous
charging of ESS significantly contribute to voltage unbalance, with VUF values exceeding
1.2% in severe cases. Additionally, DER integration in P2P energy trading increased the
voltage deviations, but none of the studied cases exceeded the acceptable limits.

However, it was also observed that certain configurations, particularly those com-
bining a high PV capacity with large ESS, tend to increase voltage fluctuations. These in-
sights highlight the importance of coordinated DER sizing, phase balancing, and the im-
plementation of advanced control strategies to ensure that the technical benefits of P2P
trading do not come at the expense of network reliability and power quality. Furthermore,
mitigation strategies, such as network-aware coordinated ESS charging/discharging, de-
mand response mechanisms, and power-based network tariffs, are recommended to alle-
viate potential overloading and voltage imbalance while maintaining the economic and
operational benefits of DER integration.



Electricity 2025, 6, 57

28 of 31

Building on these findings, future research could explore several promising directions:

e  Participant Diversity: Investigate the impact of DER characteristics on P2P energy
trading performance across different user types, such as commercial and industrial
buildings, to assess broader applicability and scalability.

e Network Design: Examine how various distribution network configurations (e.g.,
meshed vs. radial, urban vs. rural) influence the technical and economic outcomes of
DER-enabled P2P trading.

e Integration of Emerging Technologies: Incorporate additional DER technologies,
such as electric vehicles (EVs), heat pumps, and controllable/flexible loads, to model
more complex and realistic community energy systems.

e  Advanced Control and Pricing Mechanisms: Study reactive power flows, alternative
tariff structures (e.g., real-time pricing), and coordinated DER control strategies to
further enhance grid performance, efficiency, and market responsiveness.

e DER Control Under High Penetration Cases: Explore coordinated control mecha-
nisms for high PV and ESS configurations —such as voltage-aware ESS charging/ dis-
charging, smart inverter utilization, and phase-based load scheduling—to mitigate
voltage fluctuations and enhance overall grid stability.

¢ Modeling of Uncertainties: Stochastic assessment of the effect of DER sizes on P2P
energy trading performance and impacts on unbalanced distribution networks could
provide important insights.

These future research avenues will contribute to the development of more resilient,
efficient, and equitable P2P energy trading models better aligned with real-world distri-
bution network constraints and evolving operational challenges.
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Nomenclature

Sets

teT Time instant ¢ at time horizon T

h,p €H Household h and peer p in a community H households
Scalars

ypP2P P2P trading loss factor

CESS and DESS  ESSupper levels of charging and discharging powers
SESSgnd $ESS ESS upper and lower levels of storage levels

nESSand nE&SS ESS charging/ discharging efficiency

Parameters

Demp) Local energy demand by household h at time instant t
PV (th) PV generation by household h at time instant ¢

p(Gt) Import price from DSO at time instant t

p(Et) Export price to DSO at time instant t
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P&h) Net active power demand of household h at time instant ¢

Variables

I(';Z,S Energy imported via P2P trading by household h at time instant ¢

X, (F;_Z,S Energy exported via P2P trading by household h at time instant ¢

I g,m_p) Energy imported via P2P trading by household h from peer p at time instant ¢
X gf’p_,h) Energy exported via P2P trading by household h to peer p at time instant ¢
) Energy imported from the DSO by household h at time instant ¢

En) Energy exported to the DSO by household h at time instant t

S(Et,sif) Energy stored in ESS of household h at time instant ¢

D(Ets,f) Discharging power from ESS of household h at time instant t

C(";S,f) Charging power to ESS of household h at time instant ¢
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