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ABSTRACT In order to pave the way for a modernized electricity grid with distributed energy sources and
storage, a direct energy transaction among peers in the local electricitymarket (LEM) is emerging. The design
of the local energy market has frequently concentrated on its structures and technological problems, but little
on how to increase the willingness of customers to participate by using a customer-centric approach. In this
article, we provide consumer engagement strategies in LEM with a focus on maximizing financial return
while exchanging energy with peers. The empirical investigation is subjected to two stages of optimization,
the first of which has a goal of minimizing system costs and the second of which has a goal of maximizing
consumer rewards. We present four methods for rewarding customers financially for taking part in LEM.
Segmentation of customers is proposed to achieve the profit maximization goal. The system cost is calculated
for two cases and cost saving is used to distribute among the market participants. The proposed LEM model
results in 12.87% cost savings which is used to incentivize the active participants of the market. Thus policy
makers can be recommended to integrate such market mechanisms to ensure a flexible and efficient market
mechanism.

INDEX TERMS Peer-to-peer energy trading, local energy market, energy policy, energy economics,
customer engagement, optimization strategy.

NOMENCLATURE
Indices
h Households.
t Periods.
Parameters
Np Number of prosumers.
Nc Number of consumers.
Nh Number of households.
Nt Number of periods.
Pbuymaxh,t Power purchase limit.

The associate editor coordinating the review of this manuscript and

approving it for publication was Wencong Su .

Psell maxh,t Power sell limit.
PEvaluepeak Peak power export in value segment.
PEmasspeak Peak power export in mass segment.

PEpremiumpeak Peak power export in premium segment.
PEvalueavg Average power export in value segment.
PEmassavg Average power export in mass segment.

PEpremiumavg Average power export in premium segment.
Pbath,ini Initial battery power for prosumers.
dt Time period adjustment factor.
FCh,t Fixed Cost.
Ploadh,t Load of each households.
Pgenh,t Generation of each households.
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ηh,ch Charging efficiency of battery.
ηh,dch Discharging efficiency of battery.
Pbat maxh,t Maximum battery power.
Pbat ch limh,t Battery charge limit.
Pbat dch limh,t Battery discharge limit.
9h,t Lowest buy price of households.
θ lemh,t LEM price.

θ
feed in
h,t Feed in price to grid (sell price).

θ
buy
h,t Power buy price from grid.
Mmin Minimum reward.
Mmax Maximum reward.
CS Cost saving.
8value
h,t Reward limit for value segment.

8mass
h,t Reward limit for mass segment.

8
premium
h,t Reward limit for premium segment.

Variables
Pbuyh,t Power purchased from grid.
λ PB
h,t Binary Variable for Power purchase from grid.

Pbuy lemh,t Power buy from LEM.
λ

PB lem
h,t Binary Variable for Power Buy from LEM.

Pimporth,t Power import by households.
Pexporth,t Power export by households.
Psellh,t Power sell to grid.
λ

PS
h,t Binary Variable for Power sell to grid.

Pselllemh,t Power sell to LEM.
λ

PS lem
h,t Binary variable for Power sell to LEM.

Psell no payh,t Power sell to Grid without pay.
Mvalue
h,t Monetary reward for value segment.

λMvalue
h,t

Binary variable of value segment reward.

Mmass
h,t Monetary reward for mass segment.

λMmass
h,t

Binary variable of mass segment reward.

Mpremium
h,t Monetary reward for premium segment.

λMpremium
h,t

Binary variable of premium segment reward.

Pbath,t Power in the battery.
Pbatchh,t Battery charging power.
λ
batch
Ph,t Binary variable of battery charging power.

Pbatdchh,t Battery dis-charging power.
λ
bat dch
Ph,t Binary variable of battery dis-charging power.

Cgridh,t Cost of power purchase from grid.
Clemh,t Cost of power buy in LEM.

Rgridh,t Revenue from power sell to grid.
Rlemh,t Revenue from power sell in LEM.

I. INTRODUCTION
Globally, upgrades to the power distribution systems are
being made as part of the move toward resilience systems.
Moving away from a centralized, traditional energy sys-
tems and toward more accessible, sustainable, and renewable
alternatives is on trend [1]. Due to volatility of household

energy usage [2], it is useful to initially take into account
general principles of market design coupled with the inherent
value of energy market stability in order to prepare for the
upcoming task of rethinking procurement frameworks for
distributed energy resources (DER) and storage. The goal of
procurement strategies should be the development of effi-
cient and profitable economic delivery systems for relevant
market needs [3]. Such energy transition can be facilitated
by local electricity market (LEM) by enabling the exchange
of energy, which will increase the acceptable integration of
DER [4]. Notwithstanding the development of the smart grid
and the present appearance of LEM, considerable regulatory
obstacles must be solved before the adoption of such energy
market becomes relatively common [5]. LEM theoretically
enables prosumers to directly share their assets among peers
in electricity trading. By allowing customers the freedom to
select how they exchange their electricity, these marketplaces
are based on a customer centric approach. Future studies
should encourage methods to integrate LEM with the current
wholesale marketplaces so that customers maymove between
them whenever it is most practical [6].

An energy sharing among peers in LEM can bring overall
cost saving for the system while not affecting the grid oper-
ation prominently [7]. An LEM model was suggested in a
study in [8] to analyze the impact of consumer battery stor-
age in various scenarios. Results indicated a 31% reduction
in power costs over the scenario without LEM and battery
storage. An investigation with peer to peer energy transaction
in LEM is presented in [9] for four scenarios considering
the battery operation. The results suggest that energy sav-
ing up to 13% is achieved when prosumers are engaged in
internal energy transactions, while the energy saving up to
25% is gained when battery energy storage is considered. The
study [10] examines how a LEM affects peak power capacity
planning since industrial users are subject to a significant
peak power for grid consumption. The findings indicate that
it is possible to save between 6.8% and 11.0% on power
expenditures by using energy trading among peers. Peak
shaving is the main driver of the net cost reductions since it
lowers peak power costs by up to 25%. The authors of [11]
suggest using a blockchain trading system tomodel the power
exchanges for 11 contemporary smart homes in LEM while
taking into account a variety of market pricing. The power
produced locally reduces the cost of the system by 16.5% and
benefits the users. The research in [12] investigated the effec-
tiveness of various optimization algorithms and evaluated the
advantages that LEM may offer to market players through
several case studies that took into account end customers with
varied features. Results reveal that compared to a base case
without LEM, the suggested market mechanism improves
market participants’ overall expenses by about 30–40%.With
the objective of energy cost minimization in energy trading
among peers, an investigation [13] has proposed prosumer
reward gain up to 22%. A twofold auction-based LEM is sug-
gested in [14] while taking into account several Cases in order
to confirm how well the platform performs in showcasing
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the potential of local energy usage. The findings demonstrate
that local energy production and use may be balanced even at
minor engagement with the utility grid. Also authors claimed
to obtain tremendous cost saving up to 45%.

These investigations can be considered as an excellent
research and, the efforts of authors are admirable. However,
the study should not end up to cost savings only when it is
about empowering small prosumers and social welfare. The
optimal use of this saved cost in terms of rebate program
or financial incentive would encourage customers in energy
transition and participating in newmarket platform like LEM.
Giving consumers incentives for their support of the electric-
ity network, is a solution that is socially optimal [15] for the
well-being of the entire community and, can lead to changing
individual behavior [16]. A large scale field experiment [17]
concludes that the customers show higher willingness to par-
ticipate in innovative market framework when it is subjected
to incentive based policy.

One of the few research on financial incentive strategies
for lowering peak home energy use is presented in the publi-
cation [18]. In order to address the problems of loss aversion
and the size of the financial gain discovered while examining
the obstacles to consumer involvement with time of use tar-
iffs, the financial incentive schemes investigated were novel,
authors claimed. In order to create the best possible plan for
maximizing the benefits of demand response (DR), incentive
based DR [19] method is investigated the article [20] using
the demand-price elasticity approach. Results indicate that
the planned DR strategy results in considerable savings for
customers’ power bills as well as for the distributed system
operator (DSO). Considering a price optimization problem,
a research in [21] show that a well-constructed time varying
retail tariff offers adequate incentives for setting up and run-
ning a hybrid energy system. Future study should take into
account incentive schemes for self-use of energy, according
to the authors. The prices that best combines market flexi-
bility and the accompanying costs to economic efficiency is
likely to be a mix of time of use and flexible price incen-
tives [22]. The research in [23] has focused on reduction of
electricity bills of customers while using the locally generated
power and sharing of the revenue has been suggested. While
the investigation in [24] has revealed the effectiveness of
game theoretic approach in revenue distribution among the
peers involved in local energy transactions. In an interesting
work [25], authors have proposed two stage game theoretic
strategy in an incentive based demand response program with
21% of energy cost savings.

Thus, it becomes an emerging research question that, how
the electricity market operators ensure the engagement of
the customers by encouraging them? The authors [26] con-
sider this as an important research question which should
be addressed urgently with concern of net zero target by
2050. When key motivators of the relevant behavior are tar-
geted, policy to promote sustainable energy behaviors will
be more successful for which, multiple strategies may be
used to promote sustainable behaviors of various customer

TABLE 1. Cases under study.

FIGURE 1. Demand curve and customer segments.

in a groups or segments [27], [28]. The methods of seg-
mentation may be applied in a variety of ways within the
operations of a power distributor for example, the creation
of electricity tariffs in each group of customers, enabling
savings to the individual consumer [29] and even for a cluster
of microgrids [30]. A strong evidence is provided in the inves-
tigation [31] on the financial benefits to peers while sharing
the energy locally in small groups. The amount of consumer
engagement is not expected to significantly rise unless the
flexible market operation & techniques are in line with the
customer’s preferences. Understanding customers’ motives
and values, such as self-reliance and monetary reward, would
require a customer centric approach [32] in order to achieve
their engagement [33]. The study in [34] proves that the
fiscal incentives motivates households to invest in or upgrade
to energy efficient assets. All of this raises the possibility
that comprehensive strategies for customer engagement are
required, such as an approach that empowers the customer
and seeking more subtle and optimized solutions to make
use of their resources. We declare this as our research goal
statement.

In light of the foregoing, the novelty and contribution of
this work are as follows:

•Two stage optimization approach is proposed in LEM for
system costminimization andmonetary rewardmaximization
for prosumers

•A novel tactic is suggested for prosumer segmentation
based on optimized power export which is the result of first
stage of optimization

•Four strategies are proposed for calculation of monetary
reward of prosumers, of which, two strategies take account
the prosumer segments for reward maximization

The structure of the paper is as follows. The section II
describes proposed methodology with functional diagram
of market operation, the mathematical modeling of the
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FIGURE 2. Market operation.

problem is formulated in section III, the details of empirical
investigation and system specifications are described in
section IV, section V is the result analysis and the conclusion
are discussed in section VI.

II. PROPOSED METHODOLOGY
In this paper, we simulate an LEM network with 36 house-
hold customers in which 30 customers are prosumers i.e.
having their own solar PV generation and battery energy
storage and they are allowed to buy/sell electrical power,
while 6 customers are normal consumers who can only import
the power and cannot generate or sell the power. The power
transaction cost of this network is calculated for two cases,
one without LEM and other with LEM. In case 1, the power
exchange is allowed with utility grid only where customer
can purchase electricity at retail price and prosumers can sell
power to utility grid at feed in price. In addition to utility grid
power exchange as case 1, in case 2, customers are allowed to
purchase power from their peers at LEM price or mid-market
price, as per equation (19). Also in case 2, prosumers can
sell power in grid at feed in price or they can sell power to
peers at LEM price. Customers are growing more eager to
have various rate alternatives available to them so they may
reduce their electricity bills [35].

An LEM price being lesser than retail electricity purchase
price and higher than feed in price, case 2 ensures the cost
saving compared to system cost of case 1. We suggest that
the cost savings can be optimally allocated among them
in terms of financial compensation in order to engage and
attract consumers and prosumers, without compromising the
revenue stability of grid operators. The customers would be
strongly encouraged to participate actively in the system by
this financial incentive. As indicated in table 1, we suggest
four distinct ways in our study to provide financial advantages
to clients. In our study, the monetary reward is exclusively
given to prosumers and not to non-prosumers. The only ben-
efit for non-prosumers or consumers is the ability to purchase
energy at LEM prices, which are lower than utility grid retail
prices. On seeing the monetary benefit to prosumers, con-
sumers would be interested in becoming prosumers and take
part in LEM. Additionally, such economically advantageous
energy affordability initiatives may be useful when making
an investment in energy-efficient equipment [35].

For this test study, the first two strategies are applied at the
end of first stage optimization to calculate the reward amount.
In strategy 1, the cost saving is distributed equally among
prosumers. While exporting power to grid/LEM, prosumers
would generate a revenue, which is used to calculate reward in
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TABLE 2. Segmentation and reward limit.

strategy 2.We consider a reward amount to be 30%of revenue
in our study. In strategy 3 and strategy 4, we use second stage
of optimization with objective of monetary rewardmaximiza-
tion. Also we take a reference of the concept of demand curve
as explained in [36]. The concept of demand curve can be
seen in fig.1. below, followed by our hypothesis for strategy
3 and strategy 4.

The demand curve shows the relation between quantity
of a product to be sold and the respective price. At higher
price, less quantity would be sold. Similarly, at lower price,
more quantity would be sold. As shown in fig.1. (a), there are
three pricing points P1, P2 and P3 with their corresponding
quantity to be sold in a market. Here P1 and P3 are highest
and lowest prices which corresponds to lowest and highest
quantity to be sold. For medium price point P2, the product
sold would be medium. Thus, there could be three types of
customers or there could be three ways the product could
be sold. However, the revenue to seller would depend on
the multiplication of price with quantity sold which is the
area covered underneath the demand curve. If seller wants
to make the maximum revenue, the price and quantity mul-
tiplication should cover maximum area as shown in fig.1.
(b). However, this would be a maximum theoretical revenue
and not a practical case. As suggested in [36], a seller has
to find a way to sell a product at multiple price to multiple
customers. This means that a product of different brands
can have different prices and can have interest of different
types of customers. There exists a customer who would buy
cheaper product and seller can have highest business for the
same. On contrary, there exists a customer who are willing
to pay higher than an average product price but seller may
have less number of such customers. Lastly, a large mass
of customers is there who would buy an average brand of
a product at average price. This suggest a segmentation of
customers in multiple numbers to maximize the business and
revenue. Utility companies must provide a variety of goods
and services to clients in order to meet their wide range of
tastes and take advantage of customer-side resources, even in
the electricity industry [35]. Looking to this, fig.1. (c) shows
three segments of customers as value segment, mass seg-
ment and premium segment, which covers all three types of
customers.

Since the demand curve applies to the entire community,
it is utilized to segment the customer base into three groups.

In the opposite situation, where a single customer is offered
an energy transaction by several aggregators, the supply curve
might be helpful. In this scenario, a customer would utilize
the supply curves of several aggregators and may segment
aggregators for the most profitable power exchange. Another
agent who may function as a liaison between clients and
aggregators is invited by this activity. The supply curve-based
multi aggregator LEM model may be the subject of future
research. In order to maximize profits for sellers in a market.
We adopted an economic interpretation of the demand curve
in our work, for which the reference paper [37] was used to
understand the concept.

In our strategy 3 and strategy 4, we hypothesize to segment
the customers, not to sell any product, but to provide the
monetary reward. The major motivation behind the sugges-
tion of these strategies is the customer engagement in local
level trading of power which can result in win-win situation
for prosumers and utility company. We take the base of
power exported by prosumers at the end of first stage of
optimization and classify the customers into three segments.
In strategy 3, the prosumers are classified into value segment,
mass segment and premium segment based on peak value
of power export. Similarly, for strategy 4, the prosumers are
classified into value segment, mass segment and premium
segment based on average value of power export. In both
strategies, prosumers under value segment would get a lowest
reward, mass segment prosumers would get medium reward
and premium segment prosumers would get highest reward.
This kind of strategy would also motivate the prosumers to
upgrade themselves towards highest reward. Yet the sum of
reward given to all prosumers collectively is restricted below
the cost saving.

Customer segmentation boosts the efforts for customer
engagement and successful local energy trading. In addition
to enabling highly focused and more successful customer
segmentation gives aggregators a deeper knowledge of the
all consumers and their requirements. Aggregators may gain
a deeper understanding of customers through segmentation.
With this knowledge, they may adjust segmentation rules and
reward policy for customer profit maximization. Addition-
ally, market operators be able to design targeted advertising
and marketing campaigns that appeal to and attract more
consumers to become prosumers. The segmentation rule and
reward limits are depicted in table 2 below.
The suggested work serves as a test case for evaluating

the proposed LEM model utilizing an empirical research
methodology. There is currently no established standard for
segmentation-based consumer reward because no research
has been done in this area at best of our knowledge. The
segment rules and reward amount limits were determined
empirically by the authors. The reward limits for the value
segment, mass segment, and premium segment, respectively,
are taken into consideration for this test research. The sys-
tem cost savings and the maximum incentive are taken into
account when determining these rates, such that the total
reward received by all prosumers should be less than or nearly
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equal to the cost savings. We also agree that there might
be another combination of segmentation rules and reward
amount limits which may be give expected results for par-
ticular LEM network.

As seen in fig. 2, a market operation uses a step-by-
step methodology. DSO, Aggregator, and participants are
described along with their duties and responsibilities, as well
as how they relate to one another. The optimization carried
out in the current study is detailed at the aggregator level, and
there is no market clearing since the aggregator controls the
community and proposes the optimum transaction solution
taking the objective function into account. The aggregator is
the one to ensure the cost saving and based on that offer the
power exchange and monetary rewards to prosumers.

III. PROBLEM FORMULATION
In the first stage of optimization, the overall system cost is
calculated considering the power buy/sell in utility grid/LEM.
The objective is to minimize the system cost as per
equation 1.

Minimize

( Nt∑
t=1

Nh∑
h=1

(
Cgridh,t − Rgridh,t

)
+(Clemh,t − Rlemh,t ) + FCh,t

)
(1)

where, the time period is t, number of household customers is
h, the cost of power purchase from grid and LEM are marked
as Cgridh,t and Clemh,t respectively and the revenue for power sell

in grid and LEM are denoted as Rgridh,t and Rlemh,t respectively.
The fixed cost for each customer is FCh,t.
While making power transaction with grid, the cost and

revenue are calculated as per equation (2) and (3) respectively,
followed by the constraints (4) – (8).

Cgridh,t =

(
Pbuyh,t × θ

buy
h,t

)
× dt ∀h∈ Nh, ∀t ∈ Nt (2)

Rgridh,t = (Psellh,t × θ
feed in
h,t )×dt ∀h∈ Nh, ∀t ∈ Nt (3)

where, Pbuyh,t and θ
buy
h,t are the amount of power purchase from

grid and its price respectively. Psellh,t and θ
feed in
h,t are the amount

of power sell to grid and feed in price respectively and dt is
time period adjustment factor.

0 ≤ Pbuyh,t ≤ Pbuymaxh,t × λ
PB
h,t ∀h∈ Nh, ∀t ∈ Nt (4)

0 ≤ Psellh,t ≤ Psell maxh,t × λ
PS
h,t ∀h∈ Nh, ∀t ∈ Nt (5)

where, the constraints (4)-(5) bounds the power transaction
amount with the grid where the maximum limit of power buy
and power sell are Pbuymaxh,t and Psell maxh,t respectively. λ PB

h,t and
λ

PS
h,t respectively are the binary variables associated to power

buy and sell to grid.

0 ≤ λ
PB
h,t ≤ 1 ∀h∈ Nh, ∀t ∈ Nt (6)

0 ≤ λ
PS
h,t ≤ 1 ∀h∈ Nh, ∀t ∈ Nt (7)

λ
PB
h,t + λ

PS
h,t ≤ 1 ∀h∈ Nh, ∀t ∈ Nt (8)

where, the upper and lower values of binary variables are
stated in (6) and (7). The limitation (8) confines the simul-
taneous operation of prosumer for buying or selling power
with grid in time period t.

While making power transaction with grid, the cost and
revenue are calculated as per equation (9) and (10) respec-
tively, followed by the constraints (11) – (15).

Clemh,t = (Pbuy lemh,t × θ lemh,t )×dt ∀h∈ Nh, ∀t ∈ Nt (9)

Rlemh,t = (Psell lemh,t × θ lemh,t )×dt ∀h∈ Nh, ∀t ∈ Nt (10)

where, the power purchase and power sell in LEM are Pbuy lemh,t
and Psell lemh,t respectively and θ lemh,t is LEM price for all pro-
sumers.

0 ≤ Pbuy lemh,t ≤ Pbuymaxh,t × λ
PB lem
h,t ∀h∈ Nh, ∀t ∈ Nt (11)

0 ≤ Psell lemh,t ≤ Psell maxh,t × λ
PSlem
h,t ∀h∈ Nh, ∀t ∈ Nt (12)

where, the constraints (11) – (12) bounds the power transac-
tion amount with LEM where the maximum limit of power
buy and power sell are same as for grid power transaction.
λ

PB lem
h,t and λ

PS lem
h,t respectively are the binary variables asso-

ciated to power buy and sell in LEM.

0 ≤ λ
PB lem
h,t ≤ 1 ∀h∈ Nh, ∀t ∈ Nt (13)

0 ≤ λ
PS lem
h,t ≤ 1 ∀h∈ Nh, ∀t ∈ Nt (14)

λ
PB lem
h,t + λ

PS lem
h,t ≤ 1 ∀h∈ Nh, ∀t ∈ Nt (15)

where, the bounds of binary variables are stated in (13) and
(14). The constraint (15) limits a prosumers’ action in LEM,
i.e., a one can either purchase or sell power in LEM in the
time period t.

λ
PB
h,t + λ

PS lem
h,t ≤ 1 ∀h∈ Nh, ∀t ∈ Nt (16)

λ
PB lem
h,t + λ

PS
h,t ≤ 1 ∀h∈ Nh, ∀t ∈ Nt (17)

Nh∑
h=1

Pbuy lemh,t =

Nh∑
h=1

Psell lemh,t ∀h∈ Nh, ∀t ∈ Nt (18)

According to the constraint equation (16), a prosumer can-
not buy the power from grid and sell to LEM at a same time
period t. Similarly, according to constraint (17), a prosumer
cannot buy power from LEM and sell it to grid at same time
period t. The equation (18) represents that the total buy power
and total sell power in LEM is same. Equations (19) and (20)
shows the calculation of LEM price which is the mean value
of minimum buy price of prosumers and feed in price [38].

θ lemh,t =
9h,t + θ

feed in
h,t

2
∀h∈ Nh, ∀t ∈ Nt (19)

9h,t = min(θbuyh,t ) ∀h∈ Nh, ∀t ∈ Nt (20)

where 9h,t signifies the minimum buy price of each
prosumer.
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The equations (21) and (22) are the battery energy balance
equation for prosumers.

Pbath,1 = Pbath,ini + Pbatchh,1 × ηh,ch −
Pbatdchh,1

ηh,dch
∀h ∈ Nh (21)

Pbath,t = Pbath,t−1 + Pbatchh,t × ηh,ch

−
Pbatdchh,t

ηh,dch
∀h∈ Nh, ∀t ∈ [2,N t ] (22)

where Pbath,t represents the battery power status, Pbath,ini is the
initial battery power, ηh,ch and ηh,dch represents the charg-
ing and discharging efficiencies of battery respectively. The
equation (21) is related at first charging time period when t
= 1 while equation (22) is applied for other charging time
periods. The energy balance equations follow the constraints
(23) – (25).

0 ≤ Pbath,t ≤ Pbat maxh,t ∀h∈ Nh, ∀t ∈ Nt (23)

0 ≤ Pbatchh,t ≤ Pbatch limh,t × λ
batch
Ph,t ∀h∈ Nh, ∀t∈ Nt (24)

Pbatd chh,t ≤ Pbatd ch limh,t × λ
batd,ch
Ph,t ∀h ∈ N h, ∀t ∈ Nt (25)

where, the equations (23) relates the battery capacity Pbath,t
andmaximum power level in battery Pbat maxh,t . The constraints
(24) – (25) limits the charging and discharging of battery
within bounds.Where the charging and discharging power are
denoted as Pbatchh,t and Pbat dchh,t respectively and, their respec-
tive binary variables are λ

batch
Ph,t λ

batdch
Ph,t . The limits of charging

and discharging are expressed as Pbatch limh,t and Pbat dch limh,t
respectively.

0 ≤ λ
batch
Ph,t ≤ 1 ∀h∈ Nh, ∀t∈ Nt (26)

0 ≤ λ
bat dch
Ph,t ≤ 1 ∀h∈ Nh, ∀t ∈ Nt (27)

λ
batch
Ph,t + λ

bat dch
Ph,t = 1 ∀h∈ Nh, ∀t ∈ Nt (28)

where, the binary variables λ
batch
Ph,t and λ

bat dch
Ph,t are restricted

by (26) and (27). The limitation (28) confines the battery
operation at time t i.e. battery can be either charged or dis-
charged at same time.

A comprehensive set of power balancing equations and
limitations are given in (29) – (32) to make the problem more
realistic. The power balancing equation, which is applied to
each prosumer in each time period, is represented by equation
(29).

Pimporth,t + Pbat dchh,t + Pgenh,t = Ploadh,t + Pexporth,t

+ Pbatchh,t ∀z∈ Nz, ∀t ∈ Nt (29)

where, the power imported by prosumers is denoted as
Pimporth,t , Pbatdchh,t represents the battery discharge power, Pgenh,t
is the power generation by prosumers, Ploadh,t is load power,
Pexporth,t is the exported power, Pbatchh,t is the charging power of
the battery. The equation (30) estimates the imported power
which is summation of power buy from grid and LEM by
prosumers at time t.

Pimporth,t = Pbuyh,t + Pbuy lemh,t ∀h∈ Nh, ∀t ∈ Nt (30)

The power export is calculated as per equation (31), where
Psell no payh,t represents the power sell without payment i.e. the
excess power exported past contracted power. The bounds for
power sell without pay (32) limits the power export under
maximum contracted power.

Pexporth,t = Psellh,t + Psell lemh,t + Psell no payh,t ∀h ∈ Nh, ∀t ∈ Nt

(31)

0 ≤ Psell no payh,t ≤ PSmaxh,t × λ
PS
h,t ∀h∈ Nh, ∀t ∈ Nt (32)

The second stage of optimization is also formulated as mixed
integer linear programming method and is clarified below.

Maximize

( Nt∑
t=1

Nh∑
h=1

(
Mvalue
h,t + Mmass

h,t + Mpremium
h,t

))
(33)

The equation (33) signifies the objective function of second
stage optimization where, Mvalue

h,t , Mmass
h,t andMpremium

h,t are the
monetary reward for prosumers under value segment, mass
segment and premium segment respectively. The objective is
to maximize the monetary reward to prosumers.

0 ≤ PEvaluepeak < 2 (34)

2 ≤ PEmasspeak < 5 (35)

PEpremiumpeak ≥ 5 (36)

0 ≤ PEvalueavg < 0.2 (37)

0.2 ≤ PEmassavg < 0.4 (38)

PEpremiumavg ≥ 0.4 (39)

The upper and lower limit of the peak power export in three
prosumers segments are stated in the equations (34), (35) and
(36) for strategy 3. While, upper and lower limit of average
power export for prosumer segments are stated in equations
(37), (38) and (39) for strategy 4. Here the peak power export
value of prosumers under value segment, mass segment and
premium segment are PEvaluepeak , PEmasspeak and PEpremiumpeak respec-
tively. And the average power export value of prosumers
under value segment, mass segment and premium segment
are PEvalueavg , PEmassavg and PEpremiumavg respectively.The peak
power export values and average power export values are not
a variable and they are extracted from optimized power value
Pexporth,t which was resulted from first stage of optimization,
as mentioned in table 2 and equations (34 – 39).

Mmin
= 0 ∀h∈ Nh,∀t ∈ Nt (40)

Mmax
=
CS
Np

∀h∈ Nh,∀t ∈ Nt (41)

The minimum reward Mmin and maximum reward Mmax

are calculated by equations (40) and (41) where CS is the cost
saving which difference between system cost without LEM
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and system cost with LEM.

0 < Mvalue
h,t ≤ 8value

h,t × Mmax
× λMvalue

h,t
∀h∈ Nh, ∀t ∈ Nt

(42)

0 < Mmass
h,t ≤ 8mass

h,t ×Mmax

×λMmass
h,t

∀h∈ Nh,∀t∈ Nt (43)

0 < Mpremium
h,t ≤ 8

premium
h,t ×Mmax

× λMpremium
h,t

∀h∈ Nh,∀t∈ Nt (44)

The equations (42), (43) and (44) are limits of monetary
reward of each segment in relation to maximum reward
amount. The parameters 8value

h,t , 8mass
h,t and 8

premium
h,t repre-

sents the reward limit for respective segments. For value
segment, the reward limit is up to 65% of maximum reward.
For mass and premium segments, the respective reward
amount is limited up to 85% and 150% of maximum reward
in strategy 3. For strategy 4, the equations (42) – (44) remains
the same with reward amount limited to 60%, 80% and
125% of maximum reward in value segment, mass segment
and premium segment respectively. Here, λMvalue

h,t
, λMmass

h,t
and

λMpremium
h,t

are the binary variables for respective segmented

prosumers, and their values are limited by constraints (45) –
(47). The 0 value of binary variable signifies that prosumers
are not under particular segment and will not get reward
while, while when it is 1, the prosumer will receive reward.
The binary variables are further constrained by equations (48)
– (49).

0 ≤ λMvalue
h,t

≤ 1 ∀h∈ Nh, ∀t ∈ Nt (45)

0 ≤ λMmass
h,t

≤ 1 ∀h∈ Nh,∀t∈ Nt (46)

0 ≤λMpremium
h,t

≤ 1 ∀h∈ Nh,∀t∈ Nt (47)

λMvalue
h,t

+ λMmass
h,t

+ λMpremium
h,t

= 0 ∀h ∈ Nh, ∀t ∈ Nt (48)

Mvalue
h,t < Mmass

h,t <Mpremium
h,t ∀h∈ Nh, ∀t ∈ Nt (49)

The constraints (48) signifies that the prosumer can receive
reward from one segment only while constraint (49) differen-
tiates the level of reward amount.

Mmass
h,t + Mvalue

h,t + Mpremium
h,t ≤ CS ∀h∈ Nh, ∀t ∈ Nt (50)

The equation (50) restricts the total amount of reward to be
equal or below than the cost saving. Just like other empirical
investigations, our work is also not free from assumptions.
For our proposed work, it is assumed that the infrastructure
needed for information flow and power transaction is avail-
able and network constraints are within limit. Additionally,
considering higher variation in battery power, load and gener-
ation, the more number of segmentation would work better in
the suggested strategies. This will cover large range of power
variations and still falling within a segment.

IV. CASE STUDY DETAILS
In order to support the recommended optimization model,
the case study details are supplied in this section. The case

FIGURE 3. Battery capacity & installed PV power of prosumers.

FIGURE 4. Electricity buy/sell price.

study examines two scenarios, the first of which excludes
LEM power transactions for the system and the second of
which includes them while allowing prosumers to take part.
Prosumers are not segmented in case one and are not given
reward, but they are segmented in case two and are rewarded
in case two, there are four strategies proposed to calculate
the reward amount of each prosumer. The various cases and
strategies used to evaluate the model is presented in Table 2.
There are a total of 36 electrical power end users in the system
under investigation, of whom 30 are prosumers and 6 are
consumers. A part of the network, that is created and utilized
for study, is the system data of research [39], [40], [41], [42].
The source makes the data available for public download and
use [43].

The installed PV energy source and battery storage unit’s
power capacity are shown in Fig. 3. Prosumers use one
of three different battery storage unit types ranging from
13.5kWh to 15kWh. A total of 430 kWh can be stored by
all prosumers. The prosumers’ installed PV capacity ranges
from 3.5 kW peak at the lowest end to 7.76 kW peak at
the highest. A combined peak PV output of 150.9 kW has
been installed by prosumers. Prosumers, who have decided to
export electricity to the grid, pay a fixed price depending on
the contractual power with the retailer. Each prosumer’s fixed
cost value ranges from 0.3251 EUR per day to 0.6209 EUR
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FIGURE 5. Prosumer revenue.

TABLE 3. System specifications.

per day. According to the power contract with the retailer,
they are subject to buy/sell limitations. The power buy range
is 4.6 – 10.35kW while power sell range is 2.3 – 5.175kW.
The rest of the system specifications are listed in Table 3.

Fig.4. shows the electricity purchase price from utility grid
and power sell price i.e. feed in price.

V. RESULT ANALYSIS
MATLAB 2021b was used to run the simulation. This opti-
mization issue involving mixed integer linear programming
was solved using the CPLEX solver of the TOMLAB toolbox.
System cost findings are obtained for two cases with the
goal of lowering system costs and a cost saving comparing
both cases. Results are based on 2021 Portuguese feed-in
tariffs of 0.045 EUR per kWh [40]. Case 1 forbids all players
from taking part in LEM, but Case 2 allows all players to
take part. In both situations, case 1 does not offer reward
whereas case 2 does. Table 4 below displays the first stage’s
optimization outcomes.

In the case 1, the optimized system cost is 103.42 EUR
which reduces to 90.10 EUR in case 2. Thus when LEM
power transaction is allowed, a cost saving of 13.32 EUR
i.e. 12.87% is achieved. The revenue generated by prosumers
while selling the power in both cases is shown in Fig.5.

The cumulative revenue gained by prosumers, in case 1,
is 3.19 EUR where lowest revenue received by prosumer is
0 and highest revenue received by prosumer is 0.55 EUR.
For case 2, i.e. with LEM, the cumulative revenue generated
by prosumers is 19.23 EUR where the range of revenue
is 0 – 1.93 EUR. Here, there are two things worth to note.
First, some of the prosumers are earning very low or almost
zero revenue because, according to objective of system cost
minimization, they are exporting very less power to grid/LEM
or best way is to use generated power by themselves only.
Secondly, the revenue generated in case 2 is much higher than
that of case 1 because in case with LEM power transaction,
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FIGURE 6. Prosumer segments by peak power export.

FIGURE 7. Prosumer segments by average power export.

the prosumers are allowed to sell power at LEM price which
is higher than sell price to utility grid at retail feed in price
and at a same time, prosumers are allowed to buy power at
LEM price which is lesser than the power buy price from
retailer. This is the same reason that system cost is lesser in
case 2 compared to case 1.

A cost savings of 13.32 EUR is realized by comparing the
system costs of cases 1 and 2. To disperse this cost savings
across prosumers as monetary reward, we propose four strate-
gies. The circular economy idea would incentivize current
prosumers to invest in and expand their renewable and storage
capacity, which would increase their willingness to engage in
LEM. in all strategies, the common constraint is that the total
amount of monetary reward is less or equal to cost saving.
In strategy 1, the cost saving amount is equally distributed

TABLE 4. Case study results.

among all prosumers. While in strategy 2, the prosumers get
30% amount of the revenue they have generated by selling
power to grid/LEM in case 2.

The strategy 3 and strategy 4 are based on the second stage
of optimization where we make use of optimized value of
power export which is the result of first stage of optimization.

The peak power export by each prosumer in time period t
and average power export by each prosumer in time period
t are shown in Fig.6. and Fig.7. respectively. Moreover, the

62888 VOLUME 11, 2023



P. Mochi et al.: Prosumer Segmentation Strategies for LEM Partaking by Monetary Reward

FIGURE 8. Prosumer reward.

TABLE 5. Reward statistics.

prosumers are segmented based on their peak power export
and average power export. Analyzing the Fig.6. for strategy 3,
there are 8 prosumers in value segment, 17 prosumers in mass
segment and 5 prosumers in premium segment. All prosumers
in premium segment has reached the maximum power export
limit of 5.175kW which is the contracted power limit with
utility grid. Similarly, for strategy 4, the Fig.7. shows there are
13 prosumers in value segment, 7 prosumers in mass segment
and 10 prosumers in premium segment. The reward amount
to each prosumer in all four strategies is compared in Fig 8.

Here, it is seen that all prosumers, according to their seg-
ment, reaches to highest possible monetary reward amount.
Also it seems that many prosumers receive the same reward
who are in same segment, keeping the sum of reward by all
prosumers below the cost saving.We have also tried to add the
constraint for prosumers’ reward not to be the same amount
within same segment, which resulted in different reward
amount in same segmented prosumers but keeping total sum
of reward much lesser than cost saving. As the aim of study
is to maximize the reward and to make full utilization of
cost saving, the result with different reward amount were not
considered as an optimum result. For suggested segmentation
rules and reward limit, highest level of exploiting the cost
saving is considered as final results.

In strategy 4, the prosumers, according to their segments,
reaches to highest possible reward. The table 5 shows the
comparison of reward amount in all four strategies.

As per the comparison of reward amount gained by all
prosumers in four strategies is shown in Fig.8. here, one can
compare the reward amount of each prosumer in all strate-
gies. It is observed that each prosumer gets different amount
of reward in all four strategies. Furthermore, the minimum
reward, maximum reward, average reward and total reward
amount are compared in table 5.

VI. CONCLUSION
Prosumer segmentation for profit maximization and provid-
ing the best reward to prosumers are the ideas underlying
the suggested LEM model. In the first stage of optimization,
the work’s goal is to lower system costs, and in the second
stage of optimization, it’s to maximize financial rewards
for participants. A system comprising 30 prosumers using
solar PV systems with battery storage and 6 consumers was
the subject of an empirical investigation. Using the CPLEX
solver from the TOMLAB toolbox, the mixed integer linear
programming problem is resolved in MATLAB. The findings
of the first stage of optimization were utilized to determine
each prosumer’s optimum power export. The first strategy
suggests giving all prosumers an equal financial compensa-
tion, whereas the second strategy computed rewards based on
how much money prosumers made by selling power to the
grid or LEM. In the third and fourth strategies, consumers
are divided into value, mass, and premium segments based
on peak and average power exports. Prosumers’ monetary
benefits are established based on their market sectors in
addition to their revenue from power export to the grid or
LEM. Two scenarios, one without LEM operation and the
other with LEM power transactions, are used to calculate the
system expenses. The LEM operation results in a 13.32 EUR
cost saving. It is assumed that the necessary infrastructure for
information and power transfer is in place.
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The findings indicate that the total reward in all suggested
techniques is either lower than or equal to the cost sav-
ings. The customer profit maximization can be accomplished
by implementing the suggested strategies. The suggested
approach can be used by LEM system operators to increase
energy customers’ desire to engage in LEM. With the help
of this new paradigm, both consumers and power distribu-
tors operating in LEM may overcome significant obstacles.
The dependence on grid power import could be decreased
with more prosumers in LEM. Future research may examine
the multiple aggregator system, novel segmentation criteria,
novel incentive approach, and limits taking cost-saving mea-
sures into account.
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