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Abstract: With the energy structure transition and the development of the green power market, the
role of electricity retailers in multi-market green power trading has become more and more important.
Particularly in China, where aggressive green energy policies and rapid market transformations
provide a distinct context for such studies, the challenges are pronounced. Under demand-side
response, electricity retailers face the uncertainty of users’ electricity consumption and incentives,
which complicates decision-making processes. The purpose of this paper is to explore the optimization
decision-making problem of multi-market green power trading for electricity retailers under demand-
side response, with a special focus on the Chinese market due to its leadership in implementing
substantial green energy initiatives and its potential to set precedents for global practices. We
first construct a two-party benefit optimization model, which comprehensively considers the profit
objectives for electricity retailers and utility maximization for users. Then, the model is solved
by the Lagrange multiplier method and distributed subgradient algorithm to obtain the optimal
solution. Finally, the effectiveness of the incentive optimization strategy under the multi-market
to promote green power consumption and improve the profit of electricity retailers is verified by
arithmetic simulation. The results of this study show that the incentive optimization strategy under
multi-market, particularly within the Chinese context, is expected to provide a reference for electricity
retailers to develop more flexible and effective trading strategies in the green power market and to
contribute to the process of promoting green power consumption globally.

Keywords: green power; demand-side response; multi-market; electricity retailers

1. Introduction

The global shift towards sustainable development has increasingly influenced energy
policies, emphasizing the integration of environmental, economic, and social considerations
to ensure long-term viability [1]. The concept of sustainable development in energy trans-
actions necessitates a combined approach of technological advancements and economic
principles for balanced growth. On 27 September 2023, China’s National Development and
Reform Commission (NDRC) and six other departments released the ‘Measures for Electric-
ity Demand Side Management (2023 Edition)’, which proposes to strengthen demand-side
response (DSR) capabilities and increase the proportion of green electricity consumption [2].
This significant policy update, reflecting China’s commitment to sustainable energy prac-
tices, positions the Chinese electricity market as an ideal case study for this research. With
the implementation of the new measures, participants in the electricity market are facing
unprecedented opportunities and challenges, while the market demand and the behavioral
patterns of electricity consumers have experienced significant shifts. Therefore, focusing on
China provides a pertinent and timely examination of these dynamics in a context where
green power initiatives are both mature and actively evolving, exemplifying a model of
sustainable development in action.
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As a key medium in the electricity market, electricity retailers can effectively guide
electricity consumers to optimize their electricity consumption patterns by selling green
electricity to them in conjunction with the implementation of well-designed incentives. This
strategy not only enhances customer satisfaction and improves the market competitiveness
of electricity retailers, but also promotes the widespread consumption of green electricity,
which is of great practical significance for promoting the energy transition and realizing
the goal of sustainable development.

Existing literature on green power trading and demand-side response covers a range of
topics. Studies indicate that household green power trading could contribute significantly
to carbon emission reductions [3]. Various approaches have been proposed to assign value
to green electricity [4], determine willingness to pay [5], and to optimize tradable green
certificate prices [6]. Other research explores the impact of green bonds, energy price
volatility [7], and hydrogen production from green electricity [8]. New energy market
models [9,10], optimization strategies [11], and blockchain-based mechanisms have also
been proposed to enhance green power trading, particularly in China [12]. DSR plays a
crucial role in power systems. Research suggests using price incentives and deep learning
algorithms to improve load profiles and consumer response depths [13,14]. Techniques
like recurrent neural networks and resilient distributed controllers mitigate risks like fake
data injection attacks [15–17]. Price-based DSR, the participation of retailers with energy
storage systems, and innovative schemes like coupon-based response have been explored as
well [18–20]. Additionally, incorporating consumer psychology and blockchain technology
offers promising avenues for advancing DSR programs, ensuring their effectiveness and
sustainability [21,22]. Although the above literature has extensively explored the role of
demand-side response and green power in the electricity market, most of the studies focus
mainly on the proof of concept of DSR and the application of a single market, while less
consideration has been given to how to effectively combine demand-side response strategies
with multi-market trading, and, further, techniques for incentivizing demand-side response
have not been adequately studied.

The Markov Decision Process (MDP) is crucial for advancing smart energy manage-
ment and adeptly navigating the complexities and uncertainties of modern energy systems.
MDP plays a significant role in facilitating strategic energy management across coordi-
nated smart buildings and in incorporating advanced machine learning techniques to
enhance cost-effectiveness and user satisfaction in smart facilities [23,24]. Additionally,
the application of MDP extends to renewable energy integration, optimizing operations at
photovoltaic-assisted electric vehicle charging stations and in-home energy systems [25,26].
These approaches adeptly manage real-time energy demands and pricing while adapting
to user behaviors and dynamic market conditions. In the realm of smart grid and home
energy management, MDP is instrumental in developing cost-effective pricing strategies
and demand response programs, demonstrating remarkable flexibility in adapting to user
preferences and fluctuating energy scenarios [27–29]. Together, these applications highlight
the robustness of MDP in boosting the efficiency and sustainability of energy management
across various domains.

In this study, the MDP is used to represent the uncertainty of user electricity con-
sumption and incentives; the optimal decision model is then constructed to maximize the
benefits of electricity sales and user utility. The model is solved by the Lagrange multi-
plier method and distributed sub-gradient algorithm, and finally, the simulation of the
example shows that the real-time incentive optimization strategy can effectively improve
the profit of the electricity retailers and promote the consumption of green electricity in a
multi-market environment.
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2. Methodology
2.1. Analysis of Response Uncertainty

The electricity consumption state of a customer is only related to the previous period
and not to the previous electricity consumption state, which can be regarded as the ‘Markov
property’ of the stochastic sequence.

The period time of a user’s electricity consumption is divided into 24 h: h denotes
the hth period of time, I denotes the current user, and i denotes each user. There are a
total of J users: J denotes the set of users. i ∈ J is denoted as Ii(h) to represent the state
space of the electricity consumption of user i in period h. The state space of the electricity
consumption of the user i in period h refers to the set of all possible electricity consumption
behaviors of the user in that period. This includes the various electricity usage patterns
of the consumer during that period, such as high load usage, low load usage, and outage
status. This state space is useful for analyzing and predicting the electricity consumption
behavior of the customer, which is essential for formulating targeted demand response
measures and optimizing electricity sales strategies. xi(h) ∈ Ii(h) denotes the electricity
consumption of user i in period h. The electricity consumption of user i in period h refers
to the total amount of electricity consumed by user i in a specific period. This indicator is
very important for the power system because it helps the power sales company or power
management department to understand the demand for electricity in each period, better
schedule the supply of electricity, and to regulate the operation of the power grid. Then:{

Ii(h + 1) = xi(h + 1)
∣∣∣∣ Ii(0) = xi(0), Ii(0) = xi(0),
· · · Ii(h) = xi(h),

}
(1)

The power consumption behavior of the user follows the Markov property; that is, the
power consumption in each period only depends on the state of the previous period, and
in any period, the power consumption h of the user is limited, xi(h) ∈

[
mi(h), Mi(h)

]
, mi(h)

represents the total power consumption of the user due to the operation of the necessary equip-
ment in the period of user i. Mi(h) represents the electricity consumption required by user i
to turn on all electrical appliances during the h period. The electric interval

[
mi(h), Mi(h)

]
is discretized and divided into n states, denoted as Ii(h) =

{
xi

1(h), xi
2(h), · · · xi

n(h)
}

, where

xi
1(h) = mi(h), xi

n(h) = Mi(h). f i(h) =
[

f i
1(h), f i

2(h), · · · f i
n(h)

]T ∈ [0, 1]n is the initial state;
that is, the probability distribution of each power consumption state when it is sent to the
user without incentive, and f i

k(h) ∈ [0, 1], k = 1, 2, · · · n represents the possibility of various
possible power consumption behaviors of user i in a specific period h. This involves the
statistical analysis of user behavior patterns to estimate how often and regularly they use
electricity over different periods.

The user will choose the electricity consumption state according to the incentive
provided by the retailer, to determine the electricity consumption in the next period.
This means that the user’s power consumption behavior can be adjusted through the
incentive mechanism, to achieve the optimization of power consumption efficiency and the
reasonable distribution of power resources. Pi

h,h+1 represents the probability xi(h + 1) from
the power consumption state xi(h) during period h to the power consumption state h + 1
during period h, which is expressed as Pi

h,h+1 = Pr
{

Ii(h + 1) = xi(h + 1)
∣∣Ii(h) = xi(h)

}
.

The incentive that user i receives from the electricity retailers in period h is represented
as λi(h), and the incentive vector of j users is λ(h) = [λ1(h), λ2(h), · · · , λj(h)]T . The state
transition probability matrix describes the probability that the user will transfer from the
current state of electricity consumption to the possible state of electricity consumption in
the next period after receiving the incentive from the electricity retailers. This matrix can
predict future electricity consumption behavior based on historical data and user behavior
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patterns, thus providing decision support for electricity retailers. Therefore, it can be
expressed as

Pi
h,h+1(λ

i(h)) =


ai

11 + bi
11λi(h) · · · ai

1n + bi
1nλi(h)

ai
21 + bi

21λi(h) · · · ai
2n + bi

2nλi(h)
...

. . .
...

ai
n1 + bi

n1λi(h) · · · ai
nn + bi

nnλi(h)

 (2)

Each element satisfies 0 ≤ ai
de + bi

deλi(h) ≤ 1, d = 1, 2, · · · n, f = 1, 2, · · · n, and each

column satisfies
n
∑
d

ai
de + bi

deλi(h) = 1, f = 1, 2, · · · n.

The probability matrix of the user’s power consumption state takes into account a
variety of influencing factors, and it represents the probability of the user moving from
the current power consumption state to other possible states under different incentives.
This matrix is usually modeled and analyzed based on the user’s electricity consumption
history, incentive strategy effect, and external conditions.

ω1(h + 1)
ω2(h + 1)

...
ω j(h + 1)

 =


u11P1

h,h+1

(
λ1(h)

)
u12E · · · u1jE

u21E u22P2
h,h+1

(
λ2(h)

)
· · · u2jE

...
...

. . .
...

uj1E uj2E · · · ujjP
j
h,h+1

(
λj(h)

)




ω1(h)
ω2(h)

...
ω j(h)

 (3)

2.2. Transaction Model Construction
2.2.1. Utility Function of Power Users

The relationship between the customer’s satisfaction and the degree of electricity
consumption can be described by utility function, which is a common method in mi-
croeconomics. Utility function can reflect the satisfaction degree of users under different
consumption levels and help to analyze and predict users’ preferences and responses to
electricity consumption. The utility function U(x, π) is commonly used, and the utility
function must satisfy ∂U(x,π)

∂π > 0, U(0, π) = 0(∀π > 0).

U(x, π) =

{
πx − α

2 x2, 0 ≤ x ≤ π
α

π2

2α , x > π
α

(4)

2.2.2. Profit Function of Electricity Retailers under Demand-Side Response

In period h, the profit of an electricity retailer’s participation in demand-side response
is determined by the combination of the cost of incentive compensation to customers, the
cost of purchasing electricity, and the revenue from electricity sales. This profit function
helps the retailer evaluate the economic benefits of implementing demand response, balance
costs and benefits, and optimize its market strategy.

CMO,h = −C1,h − C2,h + C3,h

C1,h = λh
N
∑

i=1
li,h

C2,h = Pgrid
h γ1h∆h + L(h)γ2h

C3,h =
N
∑

i=1
xi,hξh

(5)

In this formula, CMO,h, C1,h, C2,h, and C3,h represent the profit of the seller participating
in the demand response during period h, the incentive compensation cost issued to the user,
the power purchase cost, and the electricity sales revenue generated by selling electricity to
the user, respectively. λh represents the incentive compensation price issued to users under
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the electricity retailer during period h. If the electricity retailers have no demand response
plan, λh is 0, and li,h represents the response amount of users i after receiving incentives
from electricity retailers during period h. If the user does not participate in the response
during this period, li,h is 0, and Pgrid

h represents the power of green electricity purchased
from green electricity generators during period h in the spot market, γ1h represents the
price of green electricity purchased from green electricity generators during period h in
the spot market, L(h) represents the green electricity purchased by the seller from the
spot market, γ2h represents the price of green electricity purchased by the seller during
period h in the spot market, gh represents the power purchased by the seller during the h
period, and gh ∈

[
gmin

h , gmax
h
]
, where gmax

h = ∑i∈J Mh
i gmin

h = ∑i∈J mh
i ; ∆h, represents the

unit optimization period. Xi,h indicates the electricity consumption of user i during period
h, and ξh represents the retail electricity price during period h.

The optimization model will take into account the cost minimization and user utility
maximization of e-commerce vendors participating in demand response. The model is
based on the MDP to optimize real-time excitation in multiple periods and to ensure the
power supply and demand balance. Such a model can effectively guide e-commerce sellers
to develop real-time dynamic incentive strategies to achieve dual optimal economic benefits
and user satisfaction.

maxE
(

T
∑

h=1

[
N
∑

i=1
Ci(xi

h, πi
h
)
− CMO,h

∣∣xi(0) = xi
0

])
s.t.(1) ∼ (3)

(6)

In this simulation, it is considered that green electricity needs to be purchased from
the spot market when the hybrid electricity purchased by electricity retailers in the medium
and long-term market faces an imbalance between supply and demand. L(h) is used to
represent the green electricity purchased by the electricity retailers in the spot market
during period h. Therefore, constraints are added to the objective function:

J

∑
i=1

(
Xi

h − Li
h

)+
≤ Pgrid

h ∆h (7)

In this formula, [·]+ represents the plus function, and the convention [x]+ = max{x, 0}.
This constraint means that, to avoid the imbalance between supply and demand, the
electricity selling company needs to ensure that the amount of electricity purchased from
the grid is greater than the total amount of electricity sold to the end user when conducting
electricity transactions. This is done to ensure the reliability of the power supply and to
meet sudden power demand, while also allowing flexibility and a margin of safety for the
company’s operations.

3. Model Optimization and Solution

The objective function (6) is converted into two parts for solving.

E

[
J

∑
i=1

Ci

(
xi

h, πi
h

)
− CMO,h

]
=

J

∑
i=1

Ci

(
xi

h, πi
h

)
− CMO,h (8)

E

[
H

∑
h=k+1

[
J

∑
i=1

Ci

(
xi

h, πi
t

)
− CMO,h

]]
=

T

∑
h=k+1

[
J

∑
i=1

Ci

(
xi

h, πi
h

)
− CMO,h

]
(9)

Because the actual electricity consumption of the user during each period usually does
not reach the set maximum, the seller needs to consider this variability when purchasing
electricity to ensure that it can meet the needs of the user without wasting resources.
Therefore, it is necessary to determine the specific expression of E

[
Ci
(
xi

h, πi
h
)]

in the case

of 0 < xi
h <

πi
h

αi
, i ∈ N, h = k + 1, k + 2, · · · , H.
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From Equation (7), this uncertainty can be handled by applying Chebyshev’s inequality
when faced with constraints containing a random variable Li

h. This approach helps to
convert the constraints of the random variable into a deterministic form for more efficient
processing and computation in the optimization model.

Pr

[
N

∑
i=1

(
xi

h − Li
h

)+
− Pgrid

h ∆h ≥ η

]
≤ ε (10)

where: η ≥ 0, Equation (10) denotes the difference between the amount of power required
by the customer and the amount of power purchased by the seller from the generator
in the current period, and is usually set to a pre-determined constant, which reflects the
fluctuations in power demand and reserve capacity requirements that are taken into account
by the electricity retailers in planning the purchase of power. ε denotes the probability that
the power purchased by the electricity retailers will not be able to satisfy the demand of the
customer, and this probability is usually set to a very small positive number to ensure that
the system’s reliability and customer power demand are met.

An efficient way to solve the modeling problem is to utilize the Lagrangian function.
This approach involves integrating constraints into the objective function to form a La-
grangian function, which, in turn, solves the original problem by finding the extreme points
of this function. This process not only optimizes the efficiency of problem solving, but is
especially effective when dealing with complex problems that contain multiple constraints:

Γ(X, P, λ, p) =
H
∑

h=k

[
J

∑
i=1

Ci
(

xi
h, πi

h
)
− CMO,h

]
−

J
∑

i=1
pi

[
di − ∑

h∈H
xi

h

]
− λh

[
J

∑
i=1

xi
h − Pgrid

h ∆h

]

−
H
∑

h=k+1
λhF

(
xi

h, Pgrid
h ∆h, e

) (11)

where λh > 0 represents the incentive, Pi(h ∈ H, i ∈ J) represents the Lagrange multiplier,
X = (Xi

h, i ∈ N, h ∈ H), P = (Pgrid
h , h ∈ H), λ = (λh, h ∈ H), P = (Pi, i ∈ J), and P is the

local multiplier, taking into account the specific constraints. Another expression can be
used to describe the process wherein the optimization is implemented within a specific
constraint framework. λ is the global multiplier, taking into account the overall constraint
framework for the analysis, representing the electricity consumption data in the model,
which is also the goal of our study (that is, the multi-temporal coupling of the incentives),
and e denotes an extremely small positive number, similar to the value of ε above.

S(λ, p) = max
xj

h ,pgrid
h ∈[mh ,Mh ]

Γ(X, P, λ, p) =
J

∑
h=1

Gi(λ, pi) + D(λ) (12)

where pi, i ∈ N, and

Gi(λ, pi) = max
xi

h

H
∑

h=K
Ci(xi

h, πi
h)− pi[di − ∑

h∈H
xi

h]− λhxi
h −

H
∑

h=K+1
λh[(xi

h)
2
+ 2

√
Λ
µ

2

2xi
h

+xi
h +

√
Λ
µ

2

1 +
Λ
σ

2

1 +
Λ
µ

2

2 +
1

N
√

2ε

Λ
σ1

√
N + 2N

(
Λ
σ1

)2
]

(13)

D(λ) = max
Pgrid

h ∈[mh ,Mh ]

λhPgrid
h ∆h +

H

∑
h=k+1

2eλh

(
Pgrid

h ∆h + η
)
−

H

∑
h=k

CMO,h (14)
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translates into the dyadic problem of solving the objective function Equation (6):

min
λ>0

S(λ, p) (15)

From the derivation process, it is evident that the objective function meets the condi-
tions of Lagrange’s strong dyadic theorem, so the original objective function can be solved
by solving the dyadic problem instead of solving the original objective function directly,
which can simplify the solution process under certain conditions.

The distributed gradient algorithm is used to solve the dyadic problem of the objective
function, which allows the user side and the electricity retailers to optimize independently.
Once the optimal solutions Xi∗

h and p∗ are derived from the algorithm, the electricity
retailers update the real-time incentive mechanism across multiple periods to optimize the
overall power trading strategy.

When h = k

λv+1
k =

[
λv

k − θk
∂D(λv, pv)

∂λv
k

]+
=

[
λv

k + θk

(
N

∑
i=1

xi∗
k

(
λ0, pv

i

)
− P∗

k (λ
v
k)

)]+
When h = k + 1, k + 2, · · · , H

λv+1
h =

[
λv

h − θh
∂D(λv, pv)

∂λv
k

]+
=

{
λv

h + θt[
J

∑
i=1

(xi∗
h (λv, pv

i )
2
+ 2
√

µ̂2
2

J
∑

i=1
xi∗

h (λv, pv
i )+

J
∑

i=1
xi∗

h (λ
ν, pν

i )− 2e(p∗h(λ
ν
h) + η) + N(

√
µ̂2

1 + σ̂1
1 + µ̂2

2) +
1√
2ε

σ̂1

√
N + 2Nσ̂2

1 ]

}+

The computation of the subgradient algorithm to update βi is publicized as follows:

pv+1
i = pv

i − βi
∂D(λv, pv)

∂pv
i

= pv
i + βi(di − ∑

h∈Hi

xi
h(λ

v, pv
i )), i ∈ J,

where v is the number of iterations, and θh and βi are the iteration steps. The user side and
electricity retailers interact with each other through information and updates Xi∗

h , p, λ, and
p∗ several times until the optimal solution is obtained.

From the above discussion, two parts, Algorithm 1 and Algorithm 2, which correspond
to the user and the selling e-commerce company, respectively, are obtained as follows:

Algorithm 1 User i, i ∈ N, part of the computation

Step 1: Set the elasticity coefficient πi
h in the user function and the step size βi in the

Lagrange multiplier iterative method, set the initial user state transfer probability, the Lagrange
multiplier pv

i , and the electricity consumption xi
h, h ∈ H, and specify the termination error as

0 < ε1 < 1, 0 < ε2 < 1, and the number of iterations v = 0;
Step 2: Obtain the incentive λv from the electricity retailers;
Step 3: Solve the objective function using λv and pv

i to obtain the electricity consumption xi∗
h ,

h ∈ H;
Step 4: Update the Lagrange multiplier pv

i , denoted as pv+1
i ;

Step 5: The electricity retailers receive the new electricity consumption xi∗
h , h ∈ H;

Step 6: If
∣∣λv+1 − λv

∣∣ < ε1 and
∣∣∣pv+1

i − pv
i

∣∣∣ < ε2 are satisfied, then the algorithm is complete

and the optimal solution xi∗
h is obtained; if not, update the number of iterations v = v + 1 and

return to Step 2.
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Algorithm 2 The part calculated by the electricity seller

Step 1: Set the step size in the Lagrange multiplier iterative method θt, assuming that the
original incentive λv is transmitted to each power user, and stipulate that the termination error is
set to 0 < ε1 < 1, 0 < ε2 < 1, and the number of iterations v = 0;

Step 2: Obtain the new electricity consumption under the incentive mechanism xi∗
h , h ∈ H;

Step 3: The incentive λv is used to solve the objective function, and the solution can be
obtained as the power sales Pτ+1∆h;

Step 4: Recalculate the new incentive named λv+1;
Step 5: The updated incentive PP is transmitted to all power users;

Step 6: If both
∣∣λv+1 − λv

∣∣ < ε1,
∣∣∣pv+1

i − pv
i

∣∣∣ < ε2 conditions are satisfied, then the algorithm

is complete and the optimal solution is calculated λ∗ = λv+1, P∗ = Pv+1; if not, update the
iteration number v = v + 1 and go back to Step 2 again.

4. Calculation Example Analysis
4.1. Basic Parameter Settings

In the setup of this study, the scenario under consideration involves one electricity
retailer and 400 users. Here, the day is divided into 24 periods for power optimization on
an hourly basis. The set limit of power purchase is based on the total amount of operation
of the user’s equipment. Meanwhile, the elasticity coefficient of the user utility function
varies between 10 and 11. In the pricing model, the purchased power price of the electricity
retailer is set to a fixed RMB 0.49 per kWh, while its sales price to users is set to 70% of
the cost price. Such a setup is intended to simulate a realistic electricity market trading
environment.

µ1 and µ2, which are set to 0 and 2, respectively, control some aspect of the utility
function. σ1 and σ2, both set to 1, also affect the utility function. αi is set to 0.25 and affects
the power consumption of the user. e is taken to be 0.1 and may involve energy losses or
other factors. To investigate different incentive strategies, three different step parameters
θh are set: 0.05, 0.001, and 0.0005 (Table 1).

Table 1. Basic parameter settings.

Parameters Numeric Parameters Numeric

µ1 0 σ2 1
µ2 2 αi 0.25
σ1 1 e 0.1

4.2. Analysis of Incentive Convergence

When the step size θh = 0.05, the fast convergence from the larger iteration step
size can be seen in Figure 1. In the initial stage, the excitation value rises rapidly, but as
the number of iterations increases, it starts to stabilize, showing good convergence. An
iterative process with a moderate step size can be seen when θh = 0.001. It converges
slower than the green line but faster than θh = 0.0005. It presents a relatively smooth and
stable convergence process. θh = 0.0005 represents an iterative process with a very small
iterative step size, and it shows a very slow convergence process. It requires more iterations
to reach a stable excitation value. The blue dashed line represents the optimal excitation
value, which is the target value that the other lines try to reach during the iteration process.
It is a fixed value that represents the optimal level of excitation that can be achieved within
the given parameters and conditions.
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As illustrated in Figure 1, larger iteration step sizes can reach convergence faster,
but may result in the oscillation of excitation values rather than stabilization. Conversely,
smaller iterative step sizes lead to slower convergence but can lead to smoother and more
stable target values. The step size θh plays a key role in excitation convergence. By choosing
an appropriate step size, it is possible to ensure that the system finds the optimal solution.
A moderately sized step size of 0.001 performs most effectively.

4.3. Profit Analysis of E-Commerce Sales
4.3.1. Profit Analysis of Electricity Retailer under Different Incentives

Figure 2 shows the profit of electricity retailers with different incentives. When the
demand-side response is not considered, the profit of the electricity retailer remains constant
and does not change with the incentive price. This is because disregarding demand-side
response usually implies that the revenues and costs of the electricity retailer are relatively
fixed and do not fluctuate significantly in response to changes in market prices. The
incentive price mainly affects the consumer or market participant’s behavior towards the
use of electricity, especially the consumption and use of green power. If the business model
and revenue structure of the electricity seller are not directly related to these changes, then
changes in incentive prices will not have a significant impact on its profits. When demand-
side response is considered, the profit of the electricity seller is in the low incentive price
range [0, 6.23]. As the incentive price increases, the profit increases during the initial phase
of customer demand-side response because the customer receive incentives issued by the
electricity retailer and the electricity retailer sells more electricity, which increases the profit.
As the incentive price increases to RMB 6.23/KWH, the profit of the electricity retailer
reaches a peak of RMB 180,886, which indicates the point of the optimal combination of
the incentive price and the effect of the demand response strategy, where the electricity
retailer can obtain the maximum profit. After the profit peaks, the incentive paid by the
electricity retailer to the customer exceeds the cost savings through demand response, and
the electricity retailer’s profit begins to decline and eventually falls to a negative value.
Overall, considering demand-side response increases the profitability of the retailer within
a certain range of incentives, which is beneficial to the retailer’s operations.
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4.3.2. Profit Analysis of Electricity Sellers in Different Markets under DSR

It can be seen in Figure 3 that, in the spot market considering the demand-side
response, the profit of electricity retailers shows large fluctuations, which indicates that
price fluctuations and changes in demand in the short term have a significant impact
on profit. When responding to demand-side response in the medium- and long-term
market, the profit of electricity retailers is more stable, reflecting the stability of profit due to
medium- and long-term contracts and stable consumption rates. In the case of combining
the spot and medium- and long-term markets, the profit fluctuations of electricity retailers
fall in between, with both profit levels and volatility optimized. This suggests that the
response speed of the market directly affects profits: the fast response of the spot market
can bring timely profit adjustments for electricity retailers, while the stable response of the
medium- and long-term market ensures the continuity of profits. In summary, through
demand-side response, the seller can adjust its strategy faster in the spot market, while the
medium- and long-term market provides a stable guarantee of profit, and the combination
of the two provides the electricity retailer with an optimized solution that balances risk
and return.
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4.4. Analysis of Green Power Consumption Rate
4.4.1. Analysis of Green Power Consumption Rate under Different Incentive Levels

Figure 4 shows the green power consumption rate under different incentive levels.
Due to the constraints of the electricity retailer’s renewable energy quota system, the
green power consumption rate stays constant when the demand-side response is not
taken into account, and regardless of how the incentive price changes, the electricity
retailer’s green power sales strategy remains fixed, and the electricity retailer has already
reached the minimum green power consumption ratio stipulated in the policy. Since quota
systems often specify a mandatory minimum consumption ratio, the electricity retailer
may just be meeting this basic requirement without further increasing the consumption of
green power. When considering the demand-side response, the green power consumption
rate increases with the incentive price, and as the incentive price mechanism encourages
more green power consumption, it causes the electricity retailer to exceed the minimum
percentage of green power consumption specified by the quota system. Combined with this
figure, we can analyze that the incentive strategy is an effective tool for promoting green
power consumption beyond the minimum consumption ratio under the framework of the
renewable energy quota system. Demand-side response measures can stimulate market
demand and encourage consumers to buy more green power, thus helping electricity
retailers to increase their green power consumption rate and achieve more aggressive
environmental goals.

Energies 2024, 17, x FOR PEER REVIEW 12 of 16 
 

 

4.4. Analysis of Green Power Consumption Rate 
4.4.1. Analysis of Green Power Consumption Rate under Different Incentive Levels 

Figure 4 shows the green power consumption rate under different incentive levels. 
Due to the constraints of the electricity retailer’s renewable energy quota system, the green 
power consumption rate stays constant when the demand-side response is not taken into 
account, and regardless of how the incentive price changes, the electricity retailer’s green 
power sales strategy remains fixed, and the electricity retailer has already reached the 
minimum green power consumption ratio stipulated in the policy. Since quota systems 
often specify a mandatory minimum consumption ratio, the electricity retailer may just 
be meeting this basic requirement without further increasing the consumption of green 
power. When considering the demand-side response, the green power consumption rate 
increases with the incentive price, and as the incentive price mechanism encourages more 
green power consumption, it causes the electricity retailer to exceed the minimum per-
centage of green power consumption specified by the quota system. Combined with this 
figure, we can analyze that the incentive strategy is an effective tool for promoting green 
power consumption beyond the minimum consumption ratio under the framework of the 
renewable energy quota system. Demand-side response measures can stimulate market 
demand and encourage consumers to buy more green power, thus helping electricity re-
tailers to increase their green power consumption rate and achieve more aggressive envi-
ronmental goals. 

 
Figure 4. Green power consumption rate under different incentive levels. 

4.4.2. Analysis of Green Power Consumption Rate under Different Incentive Modes 
The analysis in Figure 5 illustrates that combining incentives and demand-side re-

sponse has a significant effect on improving the green power consumption rate. Real-time 
incentives combined with demand-side response is the most efficient because it can 
prompt electricity retailers and consumers to quickly adapt to the immediate changes in 
the market, while in the absence of a demand-side response mechanism, the enhancement 
of the green power consumption rate is limited even if real-time incentives are imple-
mented. Therefore, a demand-side response strategy is indispensable for the optimization 
of green power trading, and it is particularly important in a multi-market environment to 
help electricity retailers optimize energy use and cost-effectiveness on different time 
scales. 

Figure 4. Green power consumption rate under different incentive levels.

4.4.2. Analysis of Green Power Consumption Rate under Different Incentive Modes

The analysis in Figure 5 illustrates that combining incentives and demand-side re-
sponse has a significant effect on improving the green power consumption rate. Real-time
incentives combined with demand-side response is the most efficient because it can prompt
electricity retailers and consumers to quickly adapt to the immediate changes in the market,
while in the absence of a demand-side response mechanism, the enhancement of the green
power consumption rate is limited even if real-time incentives are implemented. Therefore,
a demand-side response strategy is indispensable for the optimization of green power
trading, and it is particularly important in a multi-market environment to help electricity
retailers optimize energy use and cost-effectiveness on different time scales.
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4.4.3. Analysis of Green Power Consumption Rate in Different Markets under
Demand-Side Response

Figure 6 illustrates that in the spot market, the green power consumption rate exhibits
a significantly higher trend when considering the demand-side response. This is because
of the high price volatility in the spot market, and demand-side response can adapt to the
changes in price and green power supply by instantly adjusting consumption, especially
during periods of low electricity price and high green power supply, which prompts an
increase in electricity consumption and thus improves the green power consumption rate.
For the medium-to-long-term market, the green power consumption rate is relatively stable,
as this market is associated with long-term contracts and fixed prices. The demand-side
response can help electricity retailers optimize green power purchasing and consumption
strategies at the planning stage, keeping consumption rates stable to meet long-term
contract requirements and renewable energy targets. Green power consumption rates
are at their highest when a combination of spot and medium- and long-term markets are
considered, demonstrating the advantages of cross-market adjustments. The demand-side
response in this combined model can use the combination of price signals from the spot
market and the stability of the medium- and long-term market to optimize the green
power consumption rate. Therefore, the implementation of the demand-side response
strategy can significantly improve the green power consumption rate in the spot market
and maintain the stability of the consumption rate in the medium- and long-term market,
while the combination of the two can further optimize the efficiency of the consumption,
demonstrating that the cross-market demand-side response has significant advantages in
improving the green power consumption rate.
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5. Theoretical and Policy Implications

This study advances the theoretical framework of energy market optimization through
the application of MDP and sophisticated algorithms like the Lagrange multiplier method
and distributed subgradient algorithm, showcasing their efficacy in modeling the complex-
ities of multi-market green power transactions and demand-side responses. The findings
highlight the robustness of MDP in addressing the uncertainties inherent in energy systems,
providing a solid foundation for future research. From a policy perspective, the results
support the enhancement of DSR capabilities and advocate for regulatory frameworks that
encourage the adoption of innovative energy management technologies. By demonstrating
the effectiveness of incentive-driven DSR in the Chinese energy market, this research sug-
gests that similar policies could be beneficial if adapted to other regional contexts, thereby
promoting the global transition towards sustainable energy practices. Policymakers are en-
couraged to implement flexible incentive structures and foster public-private partnerships
to accelerate the adoption of smart energy solutions, enhancing both market efficiency
and sustainability.

6. Conclusions

This study focuses on the impact of demand-side response in the optimization deci-
sion of green power trading for electricity sellers in a multi-market environment. Through
modeling analyses and empirical studies, the findings of this paper show that demand-side
response strategies significantly enhance the green power consumption rate, with the
strategy of real-time incentives combined with demand-side response being the most effec-
tive. This finding provides strategic guidance for electricity retailers on how to optimize
green power trading under uncertain market conditions, emphasizing the importance of
flexibility and timely responses to market dynamics. The paper similarly optimizes green
power trading decisions for electricity retailers in a multi-market environment. Used in
conjunction with spot and medium- and long-term markets, the demand-side response
enables electricity retailer to maximize their profits while increasing green power consump-
tion, which in turn, supports the widespread use of renewable energy and contributes to
the economic and environmental sustainability of electricity markets.

However, this study also has certain shortcomings. First, the market environment of
the study is set in a more idealized way, which does not fully reflect the irregularities and
complexities of the real market. Second, the model in this paper has not yet taken into
account the possible impacts of policy changes, market rule adjustments, and new techno-
logical developments on green power trading and demand-side response mechanisms. In
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addition, future research needs to further analyze the dynamics of different market partic-
ipants’ behaviors and consider how to implement and manage incentive-based demand
response mechanisms in reality.

In summary, although this study provides valuable theoretical insights and practical
suggestions, further in-depth research and refinement are needed in practical applications to
support more accurate and effective decision making by electricity retailers in the changing
market environment.
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