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 A B S T R A C T

Integrating distributed generation into the main grid requires the active participation of both consumers and 
prosumers, offering technical and financial benefits for all stakeholders. This study proposes a multi-objective 
optimization approach to enhance peer-to-peer (P2P) market operations within low-voltage distribution grids. 
It focuses on optimizing the placement of modular PV panels, maximizing prosumer profits, and refining P2P 
strategies. Key objectives include minimizing the payback periods for PV owners and reducing the average 
monthly energy costs for consumers. The Multi-Objective Advanced Gray Wolf Optimizer (MOAGWO) is used 
as the solution method. Operational scenarios are also compared from a consumer reliability perspective as 
an assessment metric. The methodology is applied to a 55-node European low-voltage test feeder across six 
scenarios. Results indicate that prosumer payback periods remain around eight years for up to four prosumers 
but increase with further installations. Average monthly energy costs for customers ranged from 653 𝑡𝑜  1079. 
A quality assessment based on three multi-objective optimization metrics showed that MOAGWO and MOGWO 
yielded comparable performances.
1. Introduction

Traditionally, electrical distribution networks functioned as passive 
grids that connected consumers to supply points, fulfilling their elec-
trical needs. These grids were designed based on historical data and 
focused on the worst operational conditions of the network, typically 
experienced during peak load times [1]. The emergence of distributed 
generation (DG) units, battery energy storage systems (BESS), and 
electric vehicles (EVs) has led to the concept of Active Distribution Net-
works (ADN) [2], offering several advantages, such as reducing power 
losses [3], improving voltage profiles [4], and enhancing reliability [5]. 
However, increased penetration of distributed energy resources (DERs) 
beyond a critical threshold can also lead to problems like voltage 
rises and reverse power flows within the network. Therefore, network 
planners need to carefully consider both the benefits and potential is-
sues when connecting DERs, particularly in active low-voltage network 
planning [6,7].

One effective way to enhance prosumers’ financial benefits in a low-
voltage network with high DER penetration is by selling surplus energy 
to Distribution System Operators (DSOs) or neighboring consumers 
through the Transactive Energy Market (TEM). In [8], a prosumer 
segmentation and operating envelope strategy was proposed to jointly 
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reduce system costs and maximize prosumer profit in local electricity 
markets, emphasizing the importance of adaptive market participation 
strategies. Since DSOs may limit the amount of energy a prosumer can 
supply during specific time intervals or within certain geographical 
areas, TEM becomes a more appealing option for distributed generation 
owners [9,10]. Transactive Energy (TE) is defined as a system of 
economic and control mechanisms that facilitates a dynamic balance 
of supply and demand across the electrical infrastructure, using value 
as a key operational parameter [11].

Qayyum et al. proposed an intelligent energy-sharing platform that 
focused on providing a time-sensitive trading plan and reducing the 
overall network energy cost [12]. In [13], a TEM structure was de-
signed where the prosumers could negotiate with flexible load con-
sumers during energy shortages caused by incorrect forecasts. Hua et al. 
proposed a blockchain-based platform for microgrid prosumers to trade 
excess energy [14]. Similarly, in [15], a blockchain-enabled P2P energy 
trading society was introduced, incorporating multi-scale flexibility 
services to improve transaction coordination and market trust. The 
authors in [16] presented a case study of a microgrid where prosumers 
with DERs and flexible loads participated in a real-time energy market. 
Zheng et al. proposed a control strategy to coordinate the DGs in ADNs 
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Nomenclature

AAOD Average Annual Outage Duration
ADN Active Distribution Network
ALPG Artificial Load Profile Generator
AOD Average Outage Duration
BESS Battery Energy Storage System
DER Distributed Energy Resource
DG Distributed Generation
DisCo Distribution Company
DSO Distribution System Operator
DSUC Distribution System Usage Charges
EV Electric Vehicle
HV Hyper-Volume
LV Low-Voltage
MOAGWO Multi-Objective Advanced Gray Wolf Opti-

mizer Algorithm
MOGWO Multi-Objective Gray Wolf Optimizer
MOMVO Multi-Objective Multi-Verse Optimization
MV Medium Voltage
NSGA-III Nondominated sorting genetic algorithm III
P2P Peer-To-Peer
PSC Pareto Solution Candidate
PV Photovoltaic
r Average repair duration
SM Spacing Metric
TE Transactive Energy
TEM Transactive Energy Market
𝜆 Failure rate

and optimize energy utilization and costs through peer-to-peer (P2P) 
trading in [17]. Two-level framework optimizing network-constrained 
P2P transactions among multiple microgrids under uncertainty is inves-
tigated in [18]. In [19], a demand-response-based multi-layer P2P trad-
ing framework was proposed for renewable-powered microgrids with 
EV integration, emphasizing adaptive flexibility in trading decisions.

To minimize costs and optimize resource scheduling, it is essen-
tial that systems can reliably and consistently meet users’ energy 
needs [20]. Achieving optimal solutions through multi-objective opti-
mization in ADNs is critical for balancing diverse and often conflicting 
goals, such as cost efficiency, reliability, and sustainability [21]. In the 
context of P2P energy trading, identifying the most cost-effective and 
efficient methods for generating, distributing, storing, and consuming 
energy is vital for minimizing system losses. Several studies have 
applied optimization algorithms to develop optimal energy manage-
ment strategies for residential prosumers in P2P electricity markets 
and microgrids with DERs and flexible loads [22,23]. These studies 
aimed to minimize costs and optimize energy usage. A data-driven 
real-time operation strategy based on deep reinforcement learning 
for networked microgrids was also proposed in [24], emphasizing 
adaptive energy management under dynamic operating conditions. One 
proposed approach involves network-aware P2P energy sharing, which 
utilizes multi-objective optimization [25]. Additionally, a negotiation 
algorithm for DGs in retail markets has been suggested [26]. This 
algorithm supports self-management of energy trades and generates 
Pareto-optimal solutions through multi-objective optimization and a 
decision-making methodology.

Many studies on P2P energy trading have primarily focused on 
the technical and economic perspectives of either consumers or pro-
sumers, often overlooking the benefits for all stakeholders [27–29]. For 
instance, [30] investigated short-term, scenario-oriented energy man-
agement that considers market interactions and end-user participation, 
2 
but the balance between stakeholder benefits and constraints in P2P 
schemes under LV network constraints was not fully addressed. This 
study introduces a multi-objective optimization framework aimed at 
maximizing benefits for all stakeholders in a P2P energy trading market 
operating within a low-voltage (LV) distribution grid. In this context, 
the optimal placement of modular photovoltaic (PV) panels, the profits 
for prosumers, and the strategies for P2P market interactions between 
consumers and prosumers are determined. The goal is to minimize 
the payback period for PV owners while also reducing the average 
monthly energy costs for customers. The solution employs the Multi-
Objective Advanced Gray Wolf Optimizer Algorithm (MOAGWO) [31]. 
Additionally, the study includes a reliability analysis comparing the 
load point reliability indices across various operational scenarios.

The main contributions of the paper are as follows:

• Pareto optimal solutions are identified to facilitate decision-
making in balancing the conflicting goals of LV distribution grids 
and maximizing benefits for DSOs, consumers, and prosumers.

• A multi-objective framework for P2P energy trading is proposed, 
addressing various economic objectives and enhancing customer 
reliability.

• The payback period for PV owners and the average monthly 
energy costs for customers are optimized to encourage efficient 
resource utilization and the adoption of DERs.

• A strategic investment roadmap is provided to guide sustainable 
grid development, taking into account the effects of prosumer 
integration on load point reliability.

• Optimal locations for prosumers are determined using MOAGWO 
to ensure profit maximization and grid efficiency, thereby sup-
porting targeted investment strategies.

The structure of the paper is as follows. The statement of the 
problem, including the objective functions and constraints, is described 
in Section 2. Section 3 is devoted to the MOAGWO method and its 
implementation for the multi-objective optimization problem. Section 4 
shows the simulation results for test system applications. Finally, con-
clusions are summarized in Section 5.

2. Formulation of the multi-objective optimization problem

2.1. LV distribution network and P2P energy trading

The concept of transactive energy aims to facilitate a decentralized 
and efficient exchange of electricity between prosumers and consumers 
within a local electricity market. The key elements and principles that 
underlie transactive energy can be found in [32]. This market enables 
prosumers to actively participate, optimize their electricity usage and 
generation, and benefit from trading electricity with other market 
participants.

This study focuses on transactive energy trading in a low-voltage 
(LV) distribution grid consisting of residential loads. In this context, 
houses are classified into two categories: traditional houses without 
electricity generation facilities and prosumers equipped with rooftop 
generation units. Prosumers may generate surplus electricity beyond 
their own demand, which varies according to the time of day and 
weather conditions. They utilize their own generation as much as 
possible. In contrast, traditional houses can select suitable suppliers 
from neighboring prosumers or the Distribution Company (DisCo). 
Consumer preferences typically depend on energy prices and additional 
factors, such as environmental concerns, which can attract them to 
energy generated from renewable sources. Conversely, consumers may 
prefer the supply from the distribution grid, which they consider more 
reliable, often without regard to their own energy generation capa-
bilities. Random and consumer-specific loyalty factors influence these 
consumer preferences.

Each prosumer offers a unique price to consumers, determined 
by the distribution system usage charges (DSUC) paid to the DisCo 
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for utilizing their infrastructure and the power losses incurred in the 
transmission from prosumers to consumers. The bidding price for each 
consumer is calculated using the following:

𝐶pv = 𝐶opr + 𝐶pf (1)

𝐵𝑖,𝑛 =
𝑁𝑡
∑

𝑡=1
(𝐸𝑛𝑡 + 𝐸𝑙𝑡,𝑛𝑖) ⋅ 𝐶𝑝𝑣 ⋅ (1 + (𝐶𝑅𝑖𝑡

∕100)) (2)

where C𝑝𝑣 shows the base price of the prosumer, 𝐶opr is the fixed 
distribution system usage cost per kWh, 𝐶pf is the energy price per 
kWh that the DisCos will pay to the prosumers in the traditional market 
(based-on Turkey electrical regularities, it is considered to be half of the 
DisCo retail market prices). 𝐵𝑖,𝑛 is the bidding price of 𝑖th prosumer 
for the 𝑛th consumer. 𝐸𝑛𝑡 and 𝐸𝑙𝑡,𝑛𝑖 denote the energy need of the 𝑛th 
consumer at the 𝑡th time slot that is supposed to be supplied by the 𝑖th 
prosumer and the energy loss in the route connecting 𝑛th consumer to 
𝑖th prosumer, respectively. 𝐶𝑅𝑖𝑡

 is the profit rate of 𝑖th generation in 
the time interval 𝑡.

A detailed formulation of the objective functions based on the above 
discussion is elaborated in the following sections.

2.2. Objective functions

This study proposes a two-dimensional objective function: total 
energy cost and payback duration of PV units for the benefit of the 
consumers and prosumers, respectively.

2.2.1. Total energy cost (𝑓EC)
The price of prosumer energy depends on the energy loss along 

the route between the prosumer and the load point. Therefore, each 
customer’s bidding price will differ slightly in the same time interval. 
It should be considered that the lower price may not guarantee a 
bilateral contract between the prosumer and consumer as, based on 
the loyalty factor of the load point, it could be challenging to satisfy 
the expectations of the customer.

The energy cost for the consumers in the system can be calcu-
lated according to energy market specifications between prosumers, 
consumers, and the DisCo. As mentioned before, the energy price that 
a customer pays to a prosumer can be calculated based on 𝐵𝑖,𝑛. This 
is true when a customer is willing to use prosumer energy, but for a 
general case, the equation can be modified as follows;

𝐵𝑛,𝑖 =

{

𝐵𝑖,𝑛, if willing to use prosumer energy
0, if not willing to use prosumer energy (3)

where 𝐵𝑛,𝑖 is the price that 𝑛th consumer should pay to 𝑖th prosumer. 
Note that the rest of the time intervals that the 𝑛th consumer will not 
be supplied by prosumers will use the energy from DisCo, and the cost 
for that can be modeled by 𝐶𝑛,𝐷𝑖𝑠𝐶𝑜.

The energy cost for each customer can be calculated using the 
equations mentioned earlier. The energy cost for all the consumers in 
the system is an objective function for the optimization process and can 
be calculated as: 

𝑓EC =
𝑁
∑

𝑛=1

(

(
𝑁𝑝
∑

𝑖=1
𝐵𝑛,𝑖) + 𝐶𝑛,𝐷𝑖𝑠𝐶𝑜

)

(4)

where 𝑁 is the total number of consumers in the system and 𝑁𝑝 is the 
number of prosumers in the system.
3 
2.2.2. PV payback time (𝑓PB)
Based on the investment, operation, and maintenance costs of pro-

sumers in the system and the income of each prosumer for the market 
type in this paper, we can estimate the payback time of the PV units. 
The investment, operation, and maintenance costs of prosumers (for PV 
units) can be calculated as follows; 

𝐶𝐼𝑂𝑀 =
𝑁𝑝
∑

𝑛=1
(𝐼𝐶𝑃𝑉 +𝐷 ⋅ 𝑂&𝑀𝑃𝑉 ) × 𝑆𝑃𝑉𝑛 (5)

where 𝐼𝐶 denotes a PV investment cost of a prosumer in USD∕kW; 
whereas 𝑂&𝑀 denotes the annual operation and maintenance costs 
of the units in USD∕kW-yr and 𝐷 represents the estimated lifetime 
duration of the PV units. 𝑆𝑃𝑉  is the size of PV units installed at the 
prosumer connection point.

The estimated annual income of prosumers can be calculated based 
on the amount of energy sold to consumers and DisCo (𝐶𝑖,𝐷𝑖𝑠𝐶𝑜). 

𝐶𝑝 =
𝑁
∑

𝑛=1

𝑁𝑝
∑

𝑖=1
𝐵𝑛,𝑖 +

𝑁𝑝
∑

𝑖=1
𝐶𝑖,𝐷𝑖𝑠𝐶𝑜 (6)

The payback time will be the ratio of PV lifetime cost to the annual 
income of the prosumer: 

𝑓PB =
𝐶𝐼𝑂𝑀
𝐶𝑝

(7)

2.3. Constraints

There are some physical and logical constraints that should be con-
sidered in the optimization process. Each load point that is a candidate 
to install a rooftop PV unit can accommodate only one PV unit (with a 
specified size). These PV units have limited generation capacities, and 
their total capacity cannot be greater than the peak load demand of the 
prosumer. 
𝑃PV,𝑡 ≤ 𝑆PV (8)

where 𝑃PV,𝑡 is the PV output at time 𝑡.
According to market conditions, DisCos offer fixed prices for the 

prosumer surplus energy, which is much lower than the retail market 
prices. All TEM pricing rules in (2) are built with respect to this price, 
and therefore, the market limits the profit rate of the prosumer to make 
the overall prosumer bidding price lower than the distribution company 
price. 
𝐵𝑖,𝑛 ≤ 𝐶ret ,∀ 𝑖 = 1,… , 𝑁𝑝, 𝑛 = 1,… , 𝑁 (9)

where 𝐶ret is the DisCo retail price (per kWh). Constraint (9) guarantees 
that a prosumer should offer a price that is always lower than the Disco 
retail price for the consumer.

Finally, the sum of the power injected into the network by the pro-
sumers and the main grid is equal to the total loads and LV distribution 
losses.

2.4. Problem formulation

Using the objectives and constraints discussed in the previous sub-
section, the proposed multi-objective optimization can be formulated 
as follows: 
minimize
𝑤.𝑟.𝑡. 𝑋⃗

𝐹 (𝑋⃗) = {𝑓EC, 𝑓PB} (10)

𝑋⃗ = {𝐿⃗, 𝐶𝑅, 𝑀⃗}

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜

{

𝑔𝜇 ≥ 0, 𝜇 = 1, 2,… , 𝑝
ℎ𝜙 = 0, 𝜙 = 1, 2,… , 𝑞

where 𝐿⃗ is a common location vector for LV modular rooftop PV units, 
𝐶𝑅 is the control variable vector for prosumer profits, and 𝑀⃗ is the 
control variable for P2P market strategy. The terms ℎ𝜙 and 𝑔𝜇 denote 
the 𝜙th equality and 𝜇th inequality constraints, respectively. Note that 
𝑓  and 𝑓  are the conflicting objectives in the problem.
EC PB
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3. Solution methodology

3.1. Multi-objective optimization problems

The mathematical formulation of a K-dimensional multi-objective 
optimization problem can be expressed as follows: 

minimize
𝑤.𝑟.𝑡. 𝑋⃗

𝐹 (𝑋⃗) = {𝑓1(𝑋⃗), 𝑓2(𝑋⃗),… , 𝑓𝐾 (𝑋⃗)} (11)

𝑋⃗ = {𝐱1, 𝐱2,… , 𝐱𝑑}

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜

⎧

⎪

⎨

⎪

⎩

𝑔𝜙(𝑋⃗) ≥ 0, 𝜙 = 1, 2,… , 𝑝
ℎ𝜇(𝑋⃗) = 0, 𝜇 = 1, 2,… , 𝑞
(𝑋⃗)𝑙𝑏 ≤ 𝑋⃗ ≤ (𝑋⃗)𝑢𝑏

A set of solutions can be found for 𝐾 individual objective functions 
and 𝑑 control variables as an acceptable trade-off instead of an optimal 
solution. Note that (𝑋⃗)𝑙𝑏 and (𝑋⃗)𝑢𝑏 denote the lower and the upper 
bound vectors of the control variable vector 𝑋⃗, respectively. The op-
timal solutions can be characterized by dominance relations, Pareto 
efficiency, and optimality definitions [33].

3.2. Multi-objective advanced gray wolf algorithm (MOAGWO)

MOAGWO is the adoption of the AGWO method for multi-objective 
optimization problems. It is already shown in [31] that the AGWO 
algorithm would improve the simulation speed and convergence of 
the GWO algorithm [34]. The basic idea was to apply a dynamic 
method to evaluate the wolf positions, either in the exploration or the 
exploitation phase. Additionally, the mirroring distance concept was 
used to update the search agents’ positions, ensuring that the positions 
remained within the feasible range [31].

A brief explanation of the search process in the MOAGWO is as 
follows. Each wolf in the AGWO-based optimization process is called 
an agent, and the positions of the agents are shown by 𝑋⃗. The positions 
of the agents at 𝑖𝑡th iteration are shown by 𝑋⃗𝑖𝑡. Based on the objective 
functions for the optimization process, each agent has a set of objective 
values (𝐹 (𝑋⃗)). The best agents will be selected and stored in a set 
consisting of leaders. The positions of each leader are shown by 𝑋⃗𝑙
and the corresponding set of objective values by 𝐹𝑙(𝑋⃗). Note that in 
MOAGWO, the group of wolf agents includes 𝑁𝑤 agents.

The mathematical formulations for updating the positions of the 
agents in MOAGWO are as follows. The exploration or exploitation 
phase of the method is determined by the exploration rate (ER) using 
the following expression. 

ER = 𝑏1 − 𝑏2 ×
it

Max-it (12)

where Max-it is the maximum iteration number. Note that the initial ER 
value is 𝑏1 and it decreases with the increasing iterations and finally 
becomes 𝑏1 − 𝑏2 at the end of the optimization cycle. Since the ER
is high at the beginning of the optimization process and low in the 
final iterations, the search agent’s positions are assessed to be updated 
through the exploration phase in the early iterations compared to the 
final iterations. The evaluation of the position for each agent affected 
by the ER value is as follows: 

𝑋⃗𝑖𝑡 =

{

𝑋⃗𝑖𝑡 𝑟1 ≥ 𝐸𝑅
𝑋⃗𝑟𝑎𝑛𝑑 𝑟1 < 𝐸𝑅

(13)

where 𝑟1 is a random number between 0 to one and 𝑋⃗𝑟𝑎𝑛𝑑 is a random 
position for the agent.

The three random non-dominated leaders at each iteration are 
selected from the set of leaders, which are renamed as 𝛼, 𝛽, and 𝛿
leaders in the algorithm. Depending on the exploration or exploitation 
4 
phase of evaluation for each agent, the position of the agent will be 
updated as follows: 

𝑋⃗𝑖𝑡+1 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑋⃗1+𝑋⃗2+𝑋⃗3
3 𝑟2 ≥ 𝐸𝑅

{

𝑋⃗4 𝑟3 < 0.5
𝑋⃗5 𝑟3 ≥ 0.5

𝑟2 < 𝐸𝑅

(14)

where 𝑟2 and 𝑟3 are a random number in between zero to one and 𝑋⃗1
to 𝑋⃗5 are defined as: 

𝑋⃗1 = 𝑋⃗𝛼 − 𝐴1 ⋅ |𝐶1 ⋅ 𝑋⃗𝛼 − 𝑋⃗𝑖𝑡| (15)

𝑋⃗2 = 𝑋⃗𝛽 − 𝐴2 ⋅ |𝐶2 ⋅ 𝑋⃗𝛽 − 𝑋⃗𝑖𝑡| (16)

𝑋⃗3 = 𝑋⃗𝛿 − 𝐴3 ⋅ |𝐶3 ⋅ 𝑋⃗𝛿 − 𝑋⃗𝑖𝑡| (17)

𝑋⃗4 = 𝑋⃗𝑡 + 𝐴4 ⋅ |𝐶4 ⋅ 𝑋⃗𝛼 − 𝑋⃗𝑖𝑡| (18)

𝑋⃗5 = 𝑋⃗𝑡 + ((2 ⋅ 𝑎 ⋅ 𝑟4 − 𝑎) ⋅ 𝑐𝑜𝑠(2𝜋𝑟5)) ⋅ |𝐶5 ⋅ 𝑋⃗𝛼 − 𝑋⃗𝑖𝑡| (19)

where 𝑋⃗𝛼 , 𝑋⃗𝛽 , and 𝑋⃗𝛿 are the 𝛼, 𝛽, and 𝛿 position vectors for selected 
leaders and the other parameters are defined as: 

𝐴 = (2 ⋅ 𝑎 ⋅ 𝑟6 − 𝑎) ⋅ 𝑠𝑖𝑛(2𝜋𝑟7) (20)

𝑎 = 2 − 2 × 𝑖𝑡
Max-it (21)

𝐶 = 2 ⋅ 𝑟8 (22)

where 𝑟4 to 𝑟8 are random vectors between zero and one.
After updating the positions of each agent, the corresponding set 

of objective function values (𝐹 (𝑋⃗) = {𝑓1,… , 𝑓𝑛}) is calculated for 
the agents. The best agents are selected based on the non-domination 
concept and stored in a repository called the ‘‘Archive’’ set. The non-
dominated agents can be selected based on three possibilities for any 
two agents (𝐹𝑎(𝑋⃗) and 𝐹𝑏(𝑋⃗)); agent 𝑎 may dominate agent 𝑏, 𝑏 may 
dominate 𝑎, or neither 𝑎 nor 𝑏 dominates the other one based on the 
dominance definition given below. 

Definition 1.  Dominance: The agent 𝑎 dominates 𝑏, if: 

∀𝑚{1, 2, 3,… , 𝑤},
[

𝑓𝑎,𝑚 ⩾ 𝑓𝑏,𝑖
]

∧
[

𝑖 ∈ 1, 2, 3,… , 𝑤 ∶ 𝐹 (𝑋⃗)
]

(23)

The next step updates the Archive by adding the non-dominated 
agents. The MOAGWO uses the crowding distance, a parameter that 
measures the distance between non-dominated agents, to remove domi-
nated leaders from the archive and control the number of non-
dominated leaders. It can allow the new non-dominated agent to be 
added to the Archive either by updating or removing some leaders 
when the set becomes full. Note that the maximum number of solutions 
in the Archive is 𝑁𝑎𝑟𝑐ℎ. This process is briefly explained as follows:

• The new agent is not added to the Archive if at least one leader 
exists in the Archive and can dominate it.

• The new agent is added to the Archive if it dominates any leader, 
and the corresponding leader is therefore removed.

• This new agent is added to the Archive set if the new agent does 
not dominate any non-dominated leader in the set.

• In the case that the Archive set reaches its capacity and a new 
agent needs to be added, the grid mechanism [33] is used to 
reorganize the Pareto space and remove a leader in the most 
crowded segment.
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The process continues to update the positions of the agents with 
respect to the positions of the leaders and update the Archive with 
better quality non-dominated solutions. A dynamic stop standard is 
added to MOAGWO to find more accurate Pareto solutions based on the 
Hyper-volume (HC) index [33]. The optimization process stops when 
the index is smaller than the pre-specified values. The mathematical 
formulation of the stopping criteria is given in Eq. (24). 

𝐵𝑠𝑡𝑜𝑝 =

{

stop 𝑖𝑓 |𝐻𝑉 (𝑖𝑡, 𝑖𝑡 − 𝑎)| < 𝜖
next iteration 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(24)

where 𝐵𝑠𝑡𝑜𝑝 is used for the stopping process, 𝜖 is a pre-specified small 
number denoting a tolerance, 𝑛 and 𝑎 are the current iteration number 
and a predefined integer value for the comparison of the solutions with 
HV index. The MOAGWO algorithm is shown in Algorithm 1.
Algorithm 1: MOAGWO algorithm
Give the algorithm parameter and population parameters;
Initialize the random population of agents (control variables 𝑋⃗);
Initialize the random population of leaders in the Archive 
repository;
while it ≤ Max-it do

Check the boundaries of the agent using the mirroring 
method [31];
Use the position of each agent to calculate the objective 
values (𝐹 (𝑋⃗));
Find the non-dominated agents;
Update the Archive by non-dominated agents ;
for each agent do

Chose the exploration or exploitation phase;
Select three random leaders from the Archive;
Update 𝑋⃗ using the proposed formulations in [31];

end 
Check the stopping criteria;

end 
Return the Archive;

3.3. Reliability analysis and methodology implementation

Load point reliability indices are used as the decision criterion of 
Pareto optimal solutions. The load clustering details and details of 
reliability indices calculations with Monte Carlo Simulations can be 
found in [35,36].

The flowchart of the MOAGWO implementation for the problem 
defined by Eq. (10) is shown in Fig.  1. Note that 𝑄 =

∑

𝑀𝑇𝑇𝐹𝑒,𝑘 +
∑

𝑀𝑇𝑇𝑅𝑒,𝑘 and 𝑀𝑎𝑥𝑒 is defined as the total number of equipment in 
the network. MTTF represents Mean Time to Failure, MTTR is Mean 
Time to Repair, and 𝑀𝑎𝑥𝑒 is the maximum number of components in 
the grid.

4. Results and discussion

4.1. Test system and data

European LV test feeder [37] is used as the test system in this study. 
There are 55 load points in this network, which are fed through 10 
different line types, each having different characteristics. This network 
is connected to the 11 kV MV grid through an 800 kVA MV/LV 
transformer. The feeder is a three-phase radial network operating at a 
416 V/50 Hz line voltage and connected to the 11 kV MV grid through 
an 800 kVA MV/LV transformer.

Each load point in this network has a separate load profile gener-
ated by using the Artificial Load Profile Generator (ALPG) [38]. The 
detailed information about the number of adults and children living in 
households and publicly available statistics for the devices and electric 
power consumption [39] was used in ALPG to generate near-accurate 
5 
Table 1
Dis-Co energy price for different time intervals.
 Time interval Price ($cent/kWh) 
 Day 06:00–17:00 12.6502  
 Peak 17:00–22:00 18.5386  
 Night 22:00–06:00 7.9413  

Table 2
Reliability data of the LV distribution system.
 Failure rate (failure/year km) Repair time (h) 
 Main feeder 0.001 4  
 Branches 0.001 2  
 Main supply 1 5  

predicted energy consumption profiles. The load profile data can be 
find [38] and the load duration curves of the system and a random 
house for 365 days are shown in Fig.  2(a) and (b), respectively.

Real yearly data comprising the sun irradiation values of a spe-
cific area in Turkey are used in the optimization process [31]. The 
capacity factors of the PV units are selected to be 33%. In this study, 
we considered modular PV panels of 4 kW per prosumer, which are 
appropriate for a residential area comprising similar houses. The data of 
the generated power by prosumers can be found in [38] and the average 
output for the data of PV units is shown in Fig.  3. Optimal prosumer 
locations are identified as part of the multi-objective optimization 
process using the MOAGWO metaheuristic, which handles both discrete 
and continuous decision variables.

The load points are divided into three zones. Each zone is connected 
to other zone/s through a line segment. A random load point loyalty 
factor between 0.5 to 0.85 is assigned to each load point. This loyalty 
factor symbolizes consumer preferences between different prosumers 
and distribution companies based on environmental issues and adher-
ence to traditions. Each consumer prefers using the prosumer energy if 
the prosumer offers a price less than the Dis-Co price multiplied by the 
loyalty factor.

The European LV test feeder comprises ten branch types with dif-
ferent cross-sections (unit length resistances) that will affect the active 
power losses. A matrix (L) is constructed to represent the line losses 
between the consumer–prosumer pairs for a unit (1 kW) of energy 
consumption. Total energy loss along the route from prosumer-i to 
consumer-n at time-t, 𝐸𝑙𝑡,𝑛𝑖, can be computed as. 

𝐸𝑙𝑡,𝑛𝑖 = 𝑙𝑖𝑛 × 𝐸𝑛𝑡 (25)

where 𝑙𝑖𝑛 is the entry of L corresponding to prosumer-𝑖 and consumer-n, 
and 𝐸𝑛𝑡 denotes the energy consumption of consumer-n at time-t.

DisCo prices for residential consumers for the three time intervals 
are illustrated in Table  1 [40]. The price that Dis-Co pays for the 
prosumer supply is supposed to be half of these timely prices. In 
order that the prosumers can compete with the DisCo prices, they use 
two different 𝐶𝑅𝑖𝑡, considering the sunlight duration, one for normal 
daytime and the other for peak load duration.

Failure rate (𝜆) and average repair duration (r) of the cables ex-
tracted from the annual report of Istanbul Distribution Company-Trace 
District [41] are illustrated in Table  2 (see Fig.  4). 

4.2. Simulation results

4.2.1. Optimization results
The Pareto optimal solutions of the constrained optimization prob-

lem formulated by Eq. (10) are obtained for six scenarios, each rep-
resenting a different number of prosumers. For each scenario, optimal 
prosumer locations, prosumer profits, and P2P energy market strategy 
are determined for the two objectives. The Pareto fronts determined 
by the MOAGWO method for the six scenarios are shown in Fig.  5. 
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Fig. 1. The flowchart of the process.
Fig. 2. Load duration curves for the system (a) and a random house (b) over 365 days.
Fig. 3. The PV output curve.
6 
The results show that the average payback duration for the prosumers 
is around eight years, up to 4 prosumers, and increases beyond this 
point. The non-dominated solutions derived from Fig.  6 indicate that 
one of the first four scenarios can be the best solution, depending on 
the intended payback duration.

The first scenario involves the optimal allocation of 1 PV unit. The 
best locations for that unit are found to be L14, L15, L16, L17, and 
L19, all in Zone-2 of the test system. The distribution of the prosumer 
profits (𝐶𝑅) for a day and peak periods are found as 5 to 150% with 
an average of 71.2% and 44 to 110% with an average of 71.8%, 
respectively. Optimal market strategies are provided in the Appendix 
for some specific Pareto solutions.

The Pareto solutions for the second scenario comprise two optimal 
PV locations. The first ones are in Zone-3 (L50, L51, L52, and L55), 
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Table 3
The percentage of prosumer profits from P2P transactions compared to DISCO prices for the Pareto Solutions of each scenario.
 PV-1 PV-2 PV-3 PV-4 PV-5 PV-6

 Profit Profit Profit Profit Profit Profit

 Day Paek Day Paek Day Paek Day Paek Day Paek Day Paek  
 sc-1 5–150 44–110  
 sc-2 12–143 29–73 12–143 33–130  
 sc-3 9–136 5–117 7–138 6–133 8–141 6–77  
 sc-4 5–124 11–66 9–136 5–61 8–142 21–104 7–147 31–125  
 sc-5 9–150 13–145 6–140 6–109 6–148 6–87 6148 7–148 6–136 7–126  
 sc-6 5–149 5–150 5–146 5–144 5–150 5–147 5–146 6–148 5–149 6–149 5–150 7–115 
Fig. 4. European LV test feeder.

and the second ones are in Zone-2 (one from the L14-L18). Prosumer 
profits for the Day period are found to be 12%–143% and 13%–140% 
for the PV units in the third and second zones, respectively. For the 
Peak period, the profits are found as 29%–73% and 33%–130% for 
the prosumers in zones-3 and Zone-2, respectively. The profit ranges 
of the prosumers for the other scenarios are shown in Table  3, where 
the optimal PV locations in the Pareto solutions are not reported as 
they are spread all over the system. Optimal market strategies are again 
provided in the Appendix for some specific Pareto solutions.

The comparison of the control parameters and corresponding cost 
functions of different scenarios is done for some representative Pareto 
solution candidates (PSCs). For this purpose, two costs (670 and 780 
$/month) and one PB duration (9 years) are selected as the reference 
parameters. Note that these references are selected at an appropriate 
part of the Pareto solution space where a solution exists for all scenar-
ios. The three reference values in the Pareto space are shown in Fig. 
6.

The optimal market strategies for the PCSs above are shown in the 
Appendix, where the optimal PV locations are shown on the right-hand 
side of each figure. These figures show the best consumer/prosumer 
pairs (contracts) for optimizing multiple objectives. Note that the opti-
mum market strategy is shown for a specific random day of the year. 
The strategy for different days may change depending on the load and 
PV output profiles. These strategies show that the prosumers can supply 
all the consumers during the daytime once the number of prosumers in 
the system reaches four, indicating the best number of prosumers in the 
network and highlighting the grid’s PV-hosting capacity. Moreover, any 
surplus energy generated is fed into the main grid at a predetermined 
base price, thereby extending the payback period.

4.2.2. Reliability results
In the second phase of the study, the load point reliability indices 

are calculated for each scenario. For the sake of simplicity, the same 
PSCs with constant objective function values (𝑓PB = 9 years, 𝑓EC =
670 $/month 𝑓EC = 780 $/month) are considered for each scenario. 
Therefore, there are 3 × 6 = 18 TE market cases and one traditional 
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market case (base case without any prosumers) that will be considered 
in this section.

The P2P energy supply of a consumer depends on the irradiation 
level during the day, which is given in Fig.  3. Sometimes, more may be 
needed to supply a consumer or even meet the internal demand of the 
prosumer itself. Therefore, reliability analysis is performed considering 
both the irradiation level and the TE market strategy. In this regard, the 
TE transfer mechanism can provide energy in specific time intervals, as 
seen in the market strategy figures in the Appendix. For a downstream 
consumer with a bilateral contract with a prosumer, the failure duration 
is divided into time segments, each corresponding to either load fed 
or load loss. On the other hand, a downstream consumer without any 
bilateral contract with the prosumers will be subjected to an energy 
shortage along the total failure duration. Finally, upstream consumers 
will not be affected by the branch failures.

Load point reliability indices are calculated using the data in Table 
2 and the procedure explained in Section 3.3 for the six scenarios for 
the specified PSCs. Figs.  7, 8(a), and (b) show the failure rate, average 
outage duration, and annual outage duration (𝜆, r, and U) for several 
cases, respectively. The Failure Rate, Average Outage Duration (AOD), 
and Average Annual Outage Duration (AAOD) for the BC scenario are 
1.13 f/year, 4.25 h, and 4.79 h/year, respectively. It is clear from the 
figures that all three load point reliability indices show a steep decrease 
with increasing PV units up to sc-4, then they decrease with a lower 
slope or even slightly increase for sc-6.

Load point reliability improvements with respect to BC where all the 
load points are fed from the main grid through an MV/LV transformer, 
are illustrated in Tables  5–6. The average improvements provided by 
a single prosumer in failure rate, average outage duration, and annual 
outage duration are 6.0%, 5.8%, and 10.1%, respectively. An additional 
prosumer increases the improvements to 12.5%, 11.0%, and 20.6%. 
The third prosumer increases the improvements to 16.2%, 14.4%, and 
26.8%. The results show that the highest incremental improvements in 
reliability indices are obtained for the first and the second PV units. The 
third and fourth units provide relatively less improvement, while the 
reliability contribution of the fifth and sixth units becomes negligible as 
the consumers who will prefer buying their energy from the prosumers 
go into saturation. This is an expected case since reliability is not 
included in the optimization process as an objective or constraint.

The total energy cost for the base case operation scenario is calcu-
lated as 1080 $/month. Table  7 shows the impact of each additional 
PV unit on load point reliability indices in %, total energy costs in 
USD/month, and payback duration in years for the selected PCSs. 
The notation sc-X/sc-Y denotes the relative improvements of the sc-X 
scenario with respect to the sc-Y scenario. FRI, AODI, and AAODI stand 
for Failure Rate Improvement, Average Outage Duration Improvement, 
and Annual Average Outage Duration Improvement, respectively. PBDI 
and ECI denote the improvements in two econometric indices, payback 
duration, and energy cost, respectively. Note that PBDI for SC-1/BC 
denotes the PBD of SC-1 since there is no prosumer in the base case 
operating conditions.

While energy cost, service quality, and reliability indices are impor-
tant for consumers, the two important decision-making indices for the 
investors and prosumers are the payback duration of their investment 
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Fig. 5. Pareto optimal solutions for the six scenarios.
Fig. 6. Non-dominated Pareto optimal solutions for the six scenarios, reference costs, and reference payback duration.
Table 4
Failure Rate Improvement compared to BC (%).
 𝑓PB = 9 𝑓EC = 670 $/month 𝑓EC = 780 $/month 
 sc-1 5.7% 6.1% 6.2%  
 sc-2 12.5% 12.9% 12.0%  
 sc-3 16.3% 16.1% 16.3%  
 sc-4 21.3% 20.1% 21.4%  
 sc-5 24.3% 22.7% 23.6%  
 sc-6 23.7% 25.6% 25.5%  

and energy cost. Table  7 shows the impact of each PV unit on load 
point reliability indices, total energy cost, and payback duration. For 
a constant payback duration of 9 years, each additional prosumer 
improves the consumer reliability beyond the last one. However, the 
improvement rate is different. On the other hand, although the energy 
cost is less than the base case for all scenarios, the first prosumer 
provides a considerable decrease in the energy cost, but each of the 
subsequent ones brings an increase with respect to sc-1. The worst case 
is sc-6, where the consumers need to pay more even for a less reliable 
(more outages with longer durations) energy supply.

For constant energy cost (𝑓EC = 670 USD∕
month, 𝑓EC = 780 USD/month) conditions, each new prosumer provides 
an improvement in reliability indices. However, the improvement rates 
get smaller with the increase in the number of prosumers. However, 
most of the additional units increase the payback duration, which 
demotivates the PV installation (see Table  4).

4.2.3. Quality of Pareto solutions
The quality of the Pareto solutions found by MOAGWO is veri-

fied by comparing them with the Pareto solutions obtained by Multi-
Objective Multi-Verse Optimization (MOMVO) [42], Multi-Objective 
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Table 5
AAOD Improvement compared to BC (%).
 𝑓PB = 9 𝑓EC = 670 $/month 𝑓EC = 780 $/month 
 sc-1 9.6% 10.3% 10.4%  
 sc-2 20.6% 21.3% 19.8%  
 sc-3 26.9% 26.7% 26.9%  
 sc-4 35.3% 33.6% 36.4%  
 sc-5 40.2% 37.8% 39.2%  
 sc-6 39.5% 42.4% 42.3%  

Table 6
AOD Improvement compared to BC (%).
 𝑓PB = 9 𝑓EC = 670 $/month 𝑓EC = 780 $/month 
 sc-1 5.5% 6.0% 6.0%  
 sc-2 11.0% 11.4% 10.6%  
 sc-3 14.3% 14.5% 14.3%  
 sc-4 19.1% 18.4% 20.5%  
 sc-5 21.6% 20.4% 21.1%  
 sc-6 21.2% 22.8% 22.7%  

Gray Wolf Optimizer (MOGWO) [43], and Nondominated sorting ge-
netic algorithm III (NSGA-III) [44]. For this purpose, three popular 
multi-objective optimization metrics, namely the Spacing Metric (SM), 
C metric, and Hyper-Volume (HV) metrics, are used. The details of the 
metrics can be found in [33].

As MOGWO, MOMVO, and MOAGWO are parameter-free algo-
rithms, the NSGA-III parameters are first optimized with respect to the 
C metric across different parameter settings before the performance 
comparisons. The best parameters for the NSGA-III method are found 
as follows: Cross-over probability: 0.9; Mutation probability: 0.1; Cross-
over factor: 20; Mutation factor: 20. Note that all the parameters are 
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Table 7
Impact of PV units on load point reliability indices, total energy cost and payback duration.
 sc-1/BC sc-2/sc-1 sc-3/sc-2 sc-4/sc-3 sc-5/sc-4 sc-6/sc-5 
 
𝑓EC = 670 $/month

FRI 6.11% 6.75% 3.27% 3.98% 2.61% 2.86%  
 AODI 5.96% 5.46% 3.04% 3.92% 2.01% 2.39%  
 AAODI 10.31% 10.96% 5.45% 6.91% 4.18% 4.58%  
 PBD 12.1 −0.7 0.4 −0.2 1.8 1.2  
 
𝑓EC = 780 $/month

FRI 6.16% 5.80% 4.33% 5.08% 2.22% 1.90%  
 AODI 5.99% 4.61% 3.73% 6.16% 0.57% 1.63%  
 AAODI 10.37% 9.40% 7.14% 9.49% 2.77% 3.12%  
 PBD 5.3 1.4 1.6 0.8 1 1.5  
 
𝑓PB = 9 year

FRI 5.68% 6.79% 3.82% 5.03% 2.95% −0.52%  
 AODI 5.53% 5.46% 3.34% 4.80% 2.42% −0.39%  
 AAODI 9.57% 10.99% 6.34% 8.42% 4.88% −0.73%  
 ECD −375.6 17.3 29.7 33.0 45.9 92.9  
Fig. 7. Failure rate for each scenario.

Table 8
Optimization and simulation parameters for the optimization algorithms
used.
 Parameter Value/Description  
 Algorithm type MOGWO, MOMVO, MOAGWO 

(parameter-free); NSGA-III 
(parameter-based)

 

 Cross-over probability (NSGA-III) 0.9  
 Mutation probability (NSGA-III) 0.1  
 Cross-over factor (NSGA-III) 20  
 Mutation factor (NSGA-III) 20  
 Maximum archive size 100  
 Maximum number of iterations 2500  
 Population size 25 (wolves, universes, or individuals 

depending on algorithm)
 

 Stopping criteria parameters 𝑎 = 60, 𝜖 = 0.05  

optimized by experimental trials, and NSGA-III parameters are deter-
mined based on a grid-based experimental search. Other parameters, 
such as maximum archive size and the maximum number of iterations, 
are set to 100 and 2500, respectively. The search agent population 
size (also known as the number of wolves for MOGWO, the number 
of universes for MOMVO, and the number of individuals for NSGA-
III) is set to 25. Note that for the stopping criteria of the optimization 
process, 𝑎 is set to 60 and 𝜖 is set to 0.05. All algorithms are executed 
100 times independently to account for stochastic variation, and the 
best Pareto results are reported. The same initialization strategy and 
objective function evaluation procedures are applied across all algo-
rithms to guarantee consistency. We run the algorithms on a PC with 
16 GB of RAM, an Intel Core i7-7700 3.6 GHz processor, and MATLAB 
version 2021b. The optimization and simulation parameters for the 
optimization algorithms used in this study are summarized in Table  8.
- The spacing metric:

The concept of SM has a long history in the field of multi-objective 
optimization. The SM evaluates the distribution of non-dominated so-
lutions in the Pareto front space by calculating the standard deviation 
of the minimum Euclidean distances between the solutions. In other 
words, the SM uses a relative distance measure to assess how evenly 
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the solutions are distributed along the Pareto front. This metric is useful 
for understanding the diversity of solutions in a given set and can be 
used to compare different sets of solutions in terms of their spread or 
dispersion. The formulation for the SM is as follows: 

SM =

√

√

√

√(𝑛(𝑛 − 1))−1
𝑛
∑

𝑖=1

𝑛
∑

𝑗=1
(ED(𝑖, 𝑗) − ED)2 (26)

where SM is the value of the spacing metric, ED(𝑖, 𝑗) is the Euclidean 
distance between non-dominated solutions i and j. ED is the mean 
distance between all pairs of solutions and 𝑛 is the number of non-
dominated solutions.

A lower SM value generally indicates a more evenly distributed set 
of solutions, whereas a higher value may indicate a more concentrated 
set.

The results of the SM for different multi-objective optimization 
algorithms are presented in the form of box plots in Fig.  9. It is 
important to note that each box plot represents the distribution of SM 
values obtained from 100 independent runs of each algorithm for each 
scenario of the study. This means that the box plots show the range, 
median, and interquartile range of the SM values for non-dominated 
solutions found for all six scenarios using each algorithm. By analyzing 
the box plots, we gain clear insight into the diversity and distribution 
of solutions generated by the MOAGWO algorithm. As shown in the 
figure, the SM values for MOAGWO, MOGWO, and MOMVO are very 
close to each other, and the NSGA-III method performs worst in terms 
of SM values.
- The C index:

The C-index is a measure of the diversity and distribution of solu-
tions in a set of non-dominated solutions. It is calculated by finding 
the percentage of solutions in one set (A) that are dominated by at 
least one solution in another set (B). The C index can be calculated 
using the equation: 𝐶(𝐴,𝐵) = |𝑏∈𝐵;∃𝑎∈𝐴∶𝑎≤𝑏|

|𝐵| ×100, where 𝑎 and 𝑏 are the 
non-dominated solutions in sets A and B determined by two different 
methods, respectively. It is important to calculate both 𝐶(𝐴,𝐵) and 
𝐶(𝐵,𝐴) in order to fully understand the dominance of the solutions 
in each set. A higher value of 𝐶(𝐵,𝐴) compared to 𝐶(𝐴,𝐵) indicates 
a more acceptable convergence of the solutions in set A.

Based on the results shown in Table  9, it appears that the method 
MOAGWO produces a set of non-dominated solutions with a higher C-
index value when compared to the other methods MOGWO, MOMVO, 
and NSGA-III. This suggests that the solutions produced by MOAGWO 
are closer to the Pareto-optimal solutions than those produced by the 
other methods.

In addition, it can be seen that the C-index values for the comparison 
between MOAGWO and MOGWO are relatively close, with C(MOGWO, 
MOAGWO) having a slightly higher C-index value. Similarly, the C-
index values for the comparison between MOAGWO and MOMVO are 
relatively close, with C(MOMVO, MOAGWO) again having a slightly 
higher C-index value.
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Fig. 8. (a) Average outage duration and (b) Average annual outage duration for each scenario.
Fig. 9. The box-plots of SM values of different optimization algorithms.

Table 9
Comparisons of the algorithms using C index.
 Ave. STD Max. 
 C(MOAGWO, MOGWO) 32.5 14.2 82  
 C(MOGWO, MOAGWO) 34.6 13.9 79  
 C(MOAGWO, MOMVO) 13.3 13.4 91  
 C(MOMVO, MOAGWO) 29.7 15.5 85  
 C(MOAGWO, NSGA-III) 12.2 10.5 61  
 C(NSGA-III, MOAGWO) 36.3 15.7 92  

On the other hand, the C-index values for the comparison between 
MOAGWO and NSGA-III are much further apart, with C(NSGA-III, 
MOAGWO) having a significantly higher C-index value. This suggests 
that the solutions produced by MOAGWO can significantly dominate 
solutions produced by NSGA-III.

Overall, these results suggest that MOAGWO is superior to the other 
methods with respect to C-index results (better-quality solutions within 
the set of non-dominated solutions). Note that the minimum C index for 
all comparisons was found as zero.
- The hyper-volume metric:

The HV measure is calculated by determining the volume of the 
region dominated by a set of solutions, bounded by a reference point. 
It is often used to assess the convergence and diversity of the solutions 
on a Pareto front, as well as to compare the performance of different 
algorithms.

The HV for a set of non-dominated solutions called 𝑌  (consisting of 
solutions y1, y2, . . . ,yn) based on normalized values for two objective 
functions (𝑓1 and 𝑓2), and it is defined as: 

𝐻𝑉 (𝑌 ,𝑅) = 𝑣𝑜𝑙𝑢𝑚𝑒(
|𝑌 |
⋃

𝑖=1
𝑣𝑖) (27)

where 𝑅 is the reference point and is chosen as the maximum value 
for the normalized objective values. 𝑣 is the hypercube whose corners 
are the 𝑅 and all solutions in 𝐴. Higher values of HV mean that the 
solution set is closer to an optimal Pareto set and may also indicate a 
more uniform distribution of solutions in the objective space.

The Average, standard deviation, minimum, and maximum. The HV 
indices found for the different methods are shown in Table  10. The 
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Table 10
The HV values for algorithms.
 MOAGWO MOGWO MOMVO NSGA-III 
 Ave. 0.2740 0.2740 0.2733 0.2733  
 STD 0.0021 0.0021 0.0023 0.0014  
 Min. 0.2658 0.2658 0.2627 0.2700  
 Max. 0.2774 0.2773 0.2767 0.2766  

HV results are obtained by normalizing the objective function values 
and setting 𝑅 to (1,1,1). Based on the results shown in Table  10, it 
seems that the HV values for the four algorithms (MOAGWO, MOGWO, 
MOMVO, and NSGA-III) are relatively similar. The average HV values 
for MOAGWO and MOGWO algorithms are 0.2740, slightly higher than 
the others. On the other hand, MOAGWO can be assigned as the best 
one, as it shows the highest maximum HV value for the MOGWO.

5. Summary and conclusion

This study has presented a multi-objective optimization algorithm 
to enhance the benefits of consumer and prosumer participation in 
P2P market operation in LV distribution grids. The optimal location 
of the modular PV panels, prosumer profits, and P2P market strategy 
between the consumers and prosumers are determined to minimize the 
payback duration for PV owners and the average monthly energy cost 
of the customers. The MOAGWO is used as a solution tool. Moreover, 
a reliability analysis using MCSs is presented to compare the load-
point reliability indices across different operation scenarios. MCSs are 
used in the reliability analysis. The proposed methodology is applied 
to a 55-node European LV test feeder in six different scenarios, each 
representing a different number of prosumers in the system. Besides, 
the quality of the Pareto solutions determined by the MOAGWO is 
compared to those obtained by MOMVO, MOGWO, and NSGA-III by 
using two performance metrics.

Test system results showed that the payback duration for prosumers 
was around eight years for up to four prosumers in the grid and then 
increased for each additional PV installation. The average monthly 
energy cost for the customers was between 653 and 1079 USD/month. 
From non-dominated Pareto solutions for different scenarios, the best 
energy cost was found to be between 725–845 USD/month. Note that 
the method is not affected by the network size. Also, the proposed 
approach is a guide for the customers as the process is not controllable.

Load point reliability calculations were performed for some repre-
sentative Pareto solutions for each scenario. It was found that adding 
PV units to the network generally improved the failure rate, average 
outage duration, and average annual outage duration. However, big 
improvements for the first and second PV units have decreased for 
the subsequent PV unit additions. That is, with the increase in the 
number of prosumers, there will be a saturation, which will cause an 
increase in the payback duration and make nearly no difference in the 
reliability indices, or if the payback duration is assumed constant, the 
energy cost will increase dramatically with nearly the same reliability 
indices results. So, it will not be attractive for the demand points to 
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Fig. A.1. The market strategy of the system for Pareto solution with 𝑓EC = 670 $/month.
become prosumers as the payback duration will increase in the case of 
network saturation; for the consumers, as the energy cost will grow 
if the number of prosumers in the network increases, this situation 
could become a dissatisfaction reason. From Disco’s point of view, on 
the other hand, there will not be any economic benefits, considering 
no impressive improvement in the energy quality and infrastructural 
investments postponed. If it wishes to have more prosumers in the 
network, DisCo or any other authorities have to provide some incentive 
packages for prosumers, consumers, or both.

The quality analysis of the Pareto solutions evaluated using the 
three multi-objective optimization metrics showed that MOAGWO and 
MOGWO had similar performances. They are followed by MOMVO, 
while NSGA-III showed the worst performance.

This study serves as a proof of concept to identify the best Pareto-
optimal trade-offs between technical and economic objectives in LV 
distribution grids. The proposed framework will be extended to incor-
porate dynamic and real-time data, such as intraday variations in PV 
generation and demand profiles. We are also planning the accommoda-
tion of energy storage systems and electric vehicles (EVs) to investigate 
their impact on cost reduction, self-consumption improvement, and 
reliability enhancement. Another intention is to extend the proposed 
framework to larger and meshed LV networks to further validate its 
scalability. We will consider accounting for the impacts of different gen-
eration and consumption profiles depending on seasonal parameters. 
Finally, sensitivities for the loyalty factors and DisCo buyback prices, 
which are assumed to be constant, will be considered in an upcoming 
study.
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Appendix

The optimal market strategies for the system based on candidates 
are shown in Figs.  A.1, A.2, and A.3.
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Fig. A.2. The market strategy of the system for Pareto solution with 𝑓EC = 780 $/month.
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Fig. A.3. The market strategy of the system for Pareto solution with 𝑓PB = 9 years.
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