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Abstract: Distributed energy storage and demand response technology are considered important
means to promote new energy consumption, which has the advantages of peak regulation, bal-
ance, and flexibility. Firstly, this paper introduces the carbon trading market and the new energy
abandonment penalty mechanism. Taking the energy storage cost, distribution network operation
cost, network loss cost, carbon transaction cost, and new energy abandonment cost as the objective
functions, the distributed energy storage optimization allocation model is established. Considering
the scheduling problems of various units in the system, the operation strategy of distributed energy
storage and demand response linkage is proposed. The improved bat algorithm is used to solve the
problem. The example analysis shows that under the combined action of energy storage and demand
response, the annual total cost of the distribution network is effectively reduced, the consumption
rate of new energy is improved, and the voltage quality and network loss of the power grid are
improved to ensure the reliability and stability of the distribution network.

Keywords: distribution network; distributed energy storage system; optimized allocation; carbon
trading mechanism

1. Introduction

With the active and steady advancement of the goal of ‘carbon emission peak and
carbon neutrality’, green, low-carbon, safe, and efficient are the new requirements for the
new energy system in the new era. It is gradually necessary to shift from a non-renewable
fossil energy supply to a renewable green energy supply. New energy power generation
is uncertain and difficult to predict. This will lead to the unstable operation of the power
grid and have a certain impact on the service life of the power grid equipment. Energy
supply as the main body, large-scale new energy access to the distribution network has the
problem of source-load time mismatch. In view of the above problems, the application of
energy storage is very important for the power grid. Energy storage can effectively deal
with the volatility and uncertainty caused by new energy access [1,2]. Energy storage has
the dual attributes of source-load, which can generate electric energy and consume electric
energy, and can effectively cope with the source-load mismatch caused by new energy
access [3].

The configuration of energy storage has many effects on the distribution network; to
improve the stability of the system, in Ref. [4], a peaking and frequency modulation working
area division method and cooperative control strategy based on the state of charge of energy
storage are proposed. In Ref. [5], considering the increasing demand for new energy access
for grid flexibility, a two-layer energy storage optimization configuration model considering
both economy and flexibility is established, which effectively quantifies the improvement
effect of energy storage on system peak regulation flexibility. In improving the system
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economy, in Ref. [6], a bi-level optimal scheduling method that comprehensively considers
the reliability and economy of peak shaving and valley filling is proposed. Considering
the network loss and the net income of the distribution network, the optimal scheduling
strategy for energy storage is obtained. In Ref. [7], a long-term planning model for the
coordination of fixed and mobile energy storage is proposed. The optimal location and
capacity of energy storage are determined by taking the minimum cost of the system as the
objective function. In Ref. [8], a hierarchical optimization method considering centralized
energy storage and distributed energy storage systems is proposed, which aims to minimize
the sum of operation costs and energy storage investment costs of different levels of
power grid and effectively improve the utilization efficiency of energy storage capacity. In
Ref. [9], aiming at the non-schedulability of distributed new energy generation in an active
distribution network, optimal scheduling is carried out considering the minimization of
system cost, and the optimal energy storage capacity and installation node of the system
are calculated by an intelligent optimization algorithm. In Ref. [10], a practical method for
site selection and capacity optimization of distributed energy storage systems is proposed.
In this paper, the grid-connected node set of energy storage is selected by the method
of weighted voltage sensitivity, and the distributed energy storage positioning model is
established. An energy storage partition method based on an improved flame propagation
model is proposed to obtain the partition result, and the maximum annual net income of
the partition energy storage is taken as the objective function to obtain the system energy
storage capacity. In terms of improving energy consumption. In Ref. [11], considering
improving the absorptive capacity of the distribution network for photovoltaic power
generation, a distributed energy storage strategy is proposed. In Ref. [12], considering the
integration of centralized and distributed energy storage into the power grid, a bi-level
programming model based on the cost minimization objective is constructed to optimize
the capacity and power configuration of the energy storage system. In Ref. [13], a joint
planning model of energy storage and power supply is proposed, aiming at minimizing the
cost of the distribution network and obtaining the decision of energy storage and power
supply capacity planning in a power grid with high renewable energy penetration. In
Ref. [14], two parameter optimization models are proposed to quantify the power and
capacity of the energy storage unit from the aspects of new energy reduction and system
flexibility for uncertainty mitigation. The proposed model is reduced to multi-parameter
mixed integer linear programming and solved by a decomposition algorithm.

From the above analysis, it can be seen that the existing literature has completed
some research on the configuration of energy storage, but the research on new energy
consumption, system economy, and stability is still in its infancy. This paper considers the
importance of the emission reduction effect of new energy in the carbon market, establishes
a carbon emission cost model, and proposes to convert the consumption of new energy into
the penalty cost of new energy ladder abandonment, so as to improve the profit means and
abandonment cost of new energy in essence. In this paper, the new energy consumption
capacity of the system is proposed as an important decision-making factor for power
planning, and an optimal configuration model of distributed energy storage considering
demand response and new energy consumption is proposed. The operation economy of the
distribution network, energy storage costs, wind curtailment costs of new energy, carbon
transaction costs, and network loss costs are included in the optimization objectives of the
study. The improved bat algorithm is used to solve the problem. The IEEE33 node is used
for simulation experiment verification, and the location and capacity selection scheme and
scheduling strategy of distributed energy storage in the distribution network are obtained.

The rest of this article is organized as follows. In Section 2, the carbon emission cost
model is described. In Section 3, the optimal allocation model for distributed energy storage
is described. In Section 4, after establishing the model, the INBA (Improved-Bat) algorithm
is proposed to solve the model. In Section 5, some numerical experiments are presented.
Section 6 concludes this article.
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2. Carbon Emission Cost Model

Carbon emission cost is the cost of carbon trading in the system, which consists of
Chinese Emission Allowance (CEA) and China Certified Emission Reductions (CCER) costs.

Ccarbon,s = Ccarbon,grid − Ccarbon,reduce (1)

In the equation: Ccarbon,s, Ccarbon,grid, and Ccarbon,reduce mean carbon emission cost, CEA
transaction cost and CCER transaction cost, respectively.

2.1. Carbon Emission Quota Model

In this paper, the baseline method is used to establish the carbon emission quota
baseline for the system, and on this basis, the free carbon emission interval of the system is
determined. If the carbon emissions of the system exceed the initial carbon emission quota
benchmark, the quota needs to be obtained through trading. The initial carbon emission
quota of the system is shown in Equation (2):

Qcarbon,free = γgrid,carbonQgrid,buy (2)

In the equation, Qcarbon,free is the baseline of carbon emission quota allocated to the system
by government agencies, Qgrid,buy is the electricity purchased by the system last year, and
γgrid,carbon is the carbon emission quota coefficient of purchased unit electricity traded with
the superior power grid.

Due to the different proportions of generating units in different places, the carbon
emission coefficient of purchased unit power and the carbon emission quota coefficient of
purchased power in the actual power grid are different. Similarly, due to the influence of
specific technology and operation characteristics, the fuel source used, and the efficiency of
the power generation process, the carbon emission coefficient of a unit power gas turbine
and the carbon emission quota coefficient of a unit power gas turbine are also different.
The actual carbon emissions of the system are shown in Equation (3):

Qcarbon,grid = γ′grid,carbon

T

∑
t=1

Pgrid,buy,t (3)

In the equation, Qcarbon,grid is the actual carbon emissions of the system, T is the cycle of
system participation in carbon trading, Pgrid,buy,t is the power purchased by the power grid
from the superior power grid at time t, γ′grid,carbon is the carbon emission coefficient of the
purchased unit power.

2.2. CEA Transaction Costs

The ladder carbon trading mechanism is added to the carbon emission trading market.
The ladder carbon trading is different from the traditional carbon trading. Its carbon price
changes according to the different carbon emissions of the system, which increases the cost
of fossil fuel power generation. The calculation method of step carbon trading is shown in
Equations (4) and (5).

ρcarbon,CEA =


ρ1

carbon,CEAQcarbon,free ≤ Qcarbon,grid + Qcarbon,l
ρ2

carbon,CEAQcarbon,free ≤ Qcarbon,grid + 2Qcarbon,l
ρ3

carbon,CEAQcarbon,free ≤ Qcarbon,grid + 3Qcarbon,l

(4)
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Ccarbon,grid =



ρ1
carbon,CEA

(
Qcarbon,grid −Qcarbon,free

)
Qcarbon,free ≤ Qcarbon,grid + Qcarbon,l

ρ2
carbon,CEA

(
Qcarbon,grid −Qcarbon,free −Qcarbon,l

)
+ρ1

carbon,CEAQcarbon,l Qcarbon,free ≤ Qcarbon,grid + 2Qcarbon,l

ρ3
carbon,CEA

(
Qcarbon,grid −Qcarbon,free − 2Qcarbon,l

)
+
(

ρ1
carbon,CEA + ρ2

carbon,CEA

)
Qcarbon,l Qcarbon,free ≤ Qcarbon,grid + 3Qcarbon,l

(5)

In the equations, ρcarbon,CEA is carbon price in the carbon emission quota market, which
is the CEA carbon price. ρ1

carbon,CEA, ρ2
carbon,CEA and ρ3

carbon,CEA are carbon prices under
different carbon emissions, which are set to 58, 62, and 68 yuan/t. Qcarbon,l is equal to the
carbon price in the carbon emission range.

2.3. CCER Transaction Costs

In this paper, only new energy emission reduction projects are considered in the CCER
project. The CCER transaction cost is the system’s photovoltaic and wind power generation
to replace fossil fuel power generation to reduce the system’s carbon emissions. The CCER
transaction calculation equations are shown in Equations (6) and (7):

Qcarbon,reduce = γcarbon,reduce

T

∑
t=1

(
P′pv,t + P′wt,t

)
(6)

Ccarbon,reduce = ρcarbon,CCERQcarbon,reduce (7)

In the equations, Qcarbon,reduce is the certified voluntary emission reduction obtained by
the system participating in CCER projects. P′pv,t and P′wt,t are the actual power generation
of photovoltaic and wind power at time t. γcarbon,reduce is the carbon emission reduction
per unit of new energy power. ρcarbon,CCER is the carbon price of the voluntary emission
reduction market; it is usually set at 58 yuan/t, namely the CCER carbon price.

3. Optimal Allocation Model of Distributed Energy Storage
3.1. Objective Function

The objective function consists of energy storage cost CESS, operation cost Cop, penalty
cost of new energy abandonment CPunish, carbon transaction cost Ccarbon, and network loss
cost Closs, the unit is yuan, as shown in Equation (8):

min f1 = CESS + Cop + CPunish + Ccarbon + Closs (8)

The cost of network loss is shown in Equation (9):

Closs = ∑
i,j∈N

T

∑
t=1

ρbuy,tRij(P2
ij,t + Q2

ij,t)

U2
i,t

(9)

In the equation, N is the total number of nodes. ρbuy,t is the real-time price of purchasing
electricity from the superior power grid at time t; the unit is yuan. Rij is the resistance of
line ij. Pij,t and Qij,t are the active and reactive power flowing through the line ij at time t,
the units are kW and kVar respectively. Ui,t is the voltage of node i at time t; the unit is kV.

3.1.1. Energy Storage Cost

The energy storage cost [12] consists of energy storage investment cost CESS
1 , energy

storage operation and maintenance cost CESS
2 , and energy storage recovery cost CESS

3 ; the
unit is yuan, as shown in the Equation (10):

CESS = CESS
1 + CESS

2 − CESS
3 (10)
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The investment cost of energy storage is shown in (11):{
CESS

1 = r(1+r)n

(1+r)n−1 (rPPESS + reEESS + CESS,I)

CESS,I = rESS,I(rPPESS + reEESS)
(11)

In the equation, r is the interest rate. n is the life cycle of energy storage equipment; the
unit is year. re is the unit energy capacity cost; it is usually set to 1200 yuan/kWh. rP is the
unit power cost; it is usually set to 300 yuan/kW. CESS,I is the energy storage infrastructure
cost; the unit is yuan. rESS,I is energy storage infrastructure price, it is usually taken as 5%.
EESS is the capacity of energy storage in power grid construction; the unit is kWh. PESS is
the energy storage configuration power; the unit is kW. The equal annual value coefficient
is introduced to convert the operation and maintenance costs to the present value.

The cost of energy storage operation and maintenance is shown in (12):

CESS
2 =

S

∑
i=1

(rP2Pess,i + rE2Eess,i) (12)

In the equation, rP2 is unit power maintenance cost; it is usually set to 3 yuan/kW. rE2 unit
capacity maintenance cost of energy storage system; it is usually set to 12 yuan/kWh. S
is the sum of operation and maintenance years, and the equal annual value coefficient is
introduced to convert the operation and maintenance cost to the present value.

The energy storage recovery cost refers to the economic benefits that can be obtained
by the energy storage system at the end of its service life. The recovery cost of energy
storage is proportional to the investment cost of energy storage. The expression of energy
storage recovery cost is shown in Equation (13):

CESS
3 = rresCESS

1 (13)

In the equation, rres is the coefficient factor of energy storage investment cost into recovery
cost, namely energy storage recovery rate. This article takes it as 5%.

3.1.2. Distribution Network Operation Cost

The operating cost is composed of electricity purchase and sale cost Cgrid and operation
and maintenance cost Cm, and the unit is yuan, as shown in Equation (14):

Cop = Cgrid + Cm (14)

The cost of purchasing and selling electricity is shown in Equation (15):
Cgrid = Cbuy − Csell
Cbuy = ρbuyQbuy
Csell = ρsellQsell

(15)

In the equations, Cbuy is the cost of power grid purchase; the unit is yuan. Csell is the income
of power grid sales; the unit is yuan. ρbuy is the electricity price at the time of purchase; the
unit is yuan/kWh. ρsell is the price of electricity sales; the unit is yuan/kWh. Qbuy is the
amount of electricity purchased; the unit is kWh. Qsell is the amount of electricity sold; the
unit is kWh.

Operation and maintenance costs are shown in Equation (16):

Cm =
S

∑
i=1

(
rpvPpv,i + rwtPwt,i

)
(16)

In the equation Cm is the operation and maintenance cost of the distribution network; the
unit is yuan. rpv and rwt are the unit power operation and maintenance cost coefficients of
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photovoltaic and wind turbines; they are usually set to 41 and 600 yuan/kW, respectively.
Ppv,i and Pwt,i are the power that photovoltaic and wind turbines need to maintain; the
units are kW.

3.1.3. The Punishment of Ladder New Energy Abandonment

Considering that it is unreasonable to use the fixed abandonment of wind and light
to calculate the grid with different new energy permeability [15], the new energy aban-
donment rate is used to judge the penalty coefficient. The calculation method is shown in
Equations (17) and (18):

rPunish =


α1 0 ≤ λs < λs1

α2 λs1 ≤ λs < λs2

α3 λs2 ≤ λs ≤ 1

(17)

CPunish =


β1 + α1λsQs 0 ≤ λs < λs1

β2 + α2(λs − λs1)Qs λs1 ≤ λs < λs2

β3 + α3(λs − λs2)Qs λs2 ≤ λs ≤ 1

(18)

In the equation rPunish is the penalty coefficient of segmented new energy abandonment,
and CPunish is the penalty cost of new energy abandonment; the unit is yuan. α1, α2, and
α3 are the penalty coefficients at different new energy abandonment rates; it is usually set
to 0.1, 0.12, and 0.15 yuan/kWh. λs is the new energy abandonment rate and λs1 and λs2
are the new energy abandonment rates at different stages; it is usually set to 0.05 and 0.1.
β1, β2, and β3 are the starting cost of new energy abandonment penalty at different new
energy abandonment stages; Qs is the new energy power generation in the prediction cycle;
the unit is kWh.

3.1.4. Carbon Emission Efficiency

The carbon reduction benefit of energy storage can be expressed as the carbon dioxide
emissions reduced by the new energy abandoned power absorbed by energy storage instead
of the power generation of thermal power units; it can also be used as a new energy project
to obtain CCER-certified emission reductions, thereby achieving carbon reduction benefits.
The carbon emission benefits of energy storage are shown in Equations (19) and (20):

Qcarbon,reduce = γdischarge(Qab,0 −Qab) (19)

Ccarbon,reduce = ρcarbon,CCERQcarbon,reduce (20)

In the equations, Qcarbon,reduce is to reduce the carbon emissions caused by thermal power
generation by investing in new energy power generation; the unit is t. Qab,0 and Qab are
the amount of new energy abandonment before and after the allocation of energy storage;
the unit is kWh. γdischarge is the carbon emission intensity of thermal power units; it is
usually set to 0.5703 t/MWh. ρcarbon,CCER is the carbon price; it is usually set to 58 yuan/t.

3.2. Constraint Condition

Power flow equation constraints are shown in Equation (21):
Pi,t = Ui,t

Nbus
∑

j=1
Uj,t
(
Gij cos θij,t + Bij sin θij,t

)
Qi,t = Ui,t

Nbus
∑

j=1
Uj,t
(
Gij cos θij,t − Bij sin θij,t

) (21)

In the equation: Pi,t and Qi,t are the active power and reactive power injected into node
i at time t, respectively; Ui,t and Uj,t are the voltage amplitude of nodes i and j at time t,
respectively; Gij and Bij are the real and imaginary parts of the node admittance matrix,
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respectively; θij,t is the phase angle difference between nodes i and j at time t; Nbus is the
number of grid nodes.

The node voltage constraint is shown in Equation (22):

Vmin,i ≤ Vi,t ≤ Vmax,i (22)

In the equation: Vmin,i and Vmax,i represent the minimum and maximum voltage of node i,
and Vi,t is the voltage value of node i at time t.

Branch current constraints are shown in Equation (23):

|Il.t| ≤ Imax
l (23)

In the equation, Il.t is the branch current of branch l at time t, and Imax
l is the maximum

branch current flowing through branch l.
Energy storage charge and discharge constraints are shown in Equation (24):

Pc,min ≤ Pc,t ≤ Pc,max
Pd,min ≤ Pd,t ≤ Pd,max
γc,t + γd,t = 1
Pess,t = γc,tηc,tPc,t − γd,tηd,tPd,t
Si,min ≤ Si,t ≤ Si,max
SOCmin ≤ SOCi,t ≤ SOCmax
SOC(0) = SOC(T) = 0.5

(24)

In the equation, Pc,min and Pc,max are the minimum and maximum charging power of the
energy storage device, and Pd,min and Pd,max are the minimum and maximum discharge
power of the energy storage device; these two equations indicate the charge and discharge
constraints of energy storage. γc,t and γd,t are the charge and discharge judgment coeffi-
cients of energy storage. When the energy storage is charged, γc,t is 1 and γd,t is 0. When
the energy storage discharges, γc,t is 0 and γd,t is 1. ηc,t and ηd,t are charge and discharge
efficiency, respectively, which are 0.95 in this paper. Si,t is the energy storage capacity of the
i-node energy storage device at time t; Si,min and Si,max are the minimum and maximum
values of the capacity of the energy storage device are connected to the i node; SOCmin and
SOCmax are the minimum and maximum charge of the energy storage device; SOC(0) and
SOC(T) are the initial and end charge of the energy storage device; the initial value is 0.5.

Energy storage installation constraints are shown in Equation (25):{
EESS,i ≤ EESS,max
PESS,i ≤ PESS,max

(25)

In the equation, EESS,i and PESS,i are the capacity and power of energy storage installed at
node i, respectively, and EESS,max and PESS,max are the maximum capacity and power of
energy storage installation, respectively.

4. Solution Method
4.1. Improved Bat Algorithm Principle

The bat algorithm is a meta-heuristic optimization algorithm that was first proposed
by Yang in 2010 [16]. It has been applied to solve various optimization problems in different
fields and is suitable for problems that require a global search for the best solution.

When the bat algorithm updates the speed, it only considers the speed of the previous
generation of bats and the group cognitive items and lacks its own flight experience.
When the bat population has excellent fitness and is far superior to other groups, the
bat individuals will lose diversity according to the update strategy of the traditional bat
algorithm and will follow the optimal individual and lose their own search ability, resulting
in a local optimum.



Sustainability 2023, 15, 14540 8 of 14

In order to solve the problem that the bat algorithm falls into the local optimum, the
particle swarm optimization algorithm is introduced to improve the bat algorithm. The
individual learning factor and the group learning factor of the particle swarm optimization
algorithm are combined to improve the speed update strategy of the bat algorithm, and the
inertia coefficient weight is introduced to improve the flight speed of the bat.

First, initialize. The position of the i-th bat in the D-dimensional space xi is shown in
Equation (26):

xi = (xi1, xi2, xi3, . . . , xiD) (26)

The velocity of the i-th bat vi is shown in Equation (27):

vi = (vi1, vi2, vi3, . . . , viD) (27)

The particle swarm optimization algorithm is used to improve the bat algorithm to
enhance the bat’s exploration ability and accelerate the convergence process. The bat
algorithm frequency, speed, and position update equation are as follows:

fi = fmin + δ( fmax − fmin) (28)

vi(t + 1) = kBA(t)vi(t) + c1 fi[xi(t)− pi,t,best] + c2 fi[xi(t)− gt,best] (29)

xi(t + 1) = xi(t) + vi(t + 1) (30)

In the equation, fi is the ultrasonic pulse frequency of the i-th bat. fmin and fmax are the
lower and upper limits of the ultrasonic pulse frequency. δ is the uniform variable of [0, 1].
xi(t) and vi(t) are the position and speed of the i-th bat at the t-th iteration. kBA(t) is the
weight of the inertia coefficient at the t-th iteration. c1 and c2 are the individual learning
factor and the group learning factor, respectively. pi,t,best is the local optimal solution
after the t-th iteration of the i-th bat, and gt,best is the global optimal solution after the t-th
iteration.

The inertia coefficient weight is introduced to further regulate the speed of the bat. In
the initial stage, kBA(t) is larger, which makes the bat have better global search ability, and
at the end of the fast iteration, kBA(t) is smaller, which improves the local search ability of
the bat.

kBA(t) = kBA,max − (kBA,max − kBA,min)
t

tmax
(31)

In the equation, kBA,max and kBA,min are the maximum and minimum inertial coefficient
values, respectively, and tmax is the maximum number of iterations.

In the bat algorithm, each bat has a certain probability of performing random walk near
the optimal solution, which adds a small amount of random disturbance to the movement
of the bat. The occurrence of the random walk mechanism is determined by the random
variable rand1 in [0, 1]. When the pulse signal emission frequency is less than rand1, the
bat enters the local search, which triggers the random walk mechanism and generates a
new solution. The bat random walk equation is shown in Equation (32):

xi,new(t) = gt,best + εA(t) (32)

In the equation, ε is the random number of [−1, 1], A(t) is the average pulse signal loudness
of all bats in iteration t, and xi,new(t) is the new position obtained by the random walk of
bats.

The loudness and emission frequency update strategy of a bat pulse signal are shown
in Equation (33): {

Ai(t + 1) = βBA Ai(t) 0 < βBA < 1
ri(t + 1) = ri,s[1− exp(−γBAt)] γBA > 0

(33)
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In the equation, Ai(t) is the pulse signal loudness of the t-th i-th bat, βBA and γBA are
constants, ri,s is the initial pulse signal emission frequency of the i-th bat, and ri(t + 1) is
the pulse signal emission frequency of the (t + 1)-th i-th bat.

4.2. Algorithm Implementation Steps

In summary, the specific implementation steps of the INBA (Improved-Bat) algorithm
proposed in this paper are as follows:

Step 1: Initialize the parameters of the algorithm, take the charge and discharge power
and capacity of the energy storage and the location variable as the position of the bat,
and initialize the pulse frequency, loudness, and other parameters of each bat; randomly
initialize the speed and position of the bat.

Step 2: Calculate the fitness value, the individual optimal fitness pbest, and find the
optimal fitness of the group gbest according to the objective function.

Step 3: Update the parameters of the algorithm according to Equations (28)–(30).
Step 4: For each bat individual, if rand1 > ri, a random walk is performed near the

current optimal individual according to Equation (31) to generate a new position, and
generate a random number, rand2, if rand2 < A, and the bat individual ‘s new moderate
value is improved, the current position is updated to the new position.

Step 5: If the fitness of bat individuals is better than the global optimal fitness, the
global optimal fitness is updated. The pulse frequency ri and loudness Ai are updated.

Step 6: Determine whether to meet the maximum number of iterations. If the answer
is yes, then transfer to step 7; otherwise, transfer to step 3.

Step 7: Output the global optimal solution.

5. Example Analysis
5.1. Example Setting

In this paper, MATPOWER is used to analyze the IEEE 33-node distribution network.
The reference power of the distribution network is 1 MVA, the reference voltage is 12.66 kV,
the scheduling period is 24 h, and each period is 1 h. The load is 4000 kW, the photovoltaic
unit is 250 kW, which is connected to nodes 22 and 32, respectively, and the wind turbine is
300 kW, which is connected to node 18. The time-of-use electricity price is set as shown
in Table 1. The variables are the power, capacity, installation location, and scheduling
strategy of energy storage; the objective function is Equation (8); and the constraint is
Equations (21)–(25).

Table 1. Time-of-use price.

Time Electricity Sales
Price/(yuan·kWh−1)

Electricity Purchase
Price/(yuan·kWh−1)

00:00–08:00
23:00–24:00 0.28 0.37

12:00–15:00
19:00–23:00 0.53 0.69

08:00–12:00
15:00–19:00 0.72 0.87

5.2. Results Analysis

The model established in this paper is a planning-running model. The model is a
Mixed Integer Nonlinear Programming (MINLP) problem. It is difficult to solve it directly
by using MATLAB to call GUROBI and other solvers. In this paper, the INBA algorithm
is used to solve the problem. In order to verify the advantages of the algorithm, other
algorithms are introduced for comparative analysis.

The energy storage setting refers t” ref’rence [12], the time-of-use electricity price
setting refers to reference [16], the INBA algorithm parameters refer to reference [17], and
specific parameter settings are shown in Table 2. The INBA, BA, and PSO algorithms are



Sustainability 2023, 15, 14540 10 of 14

used to solve the model. Considering that the global optimal solution obtained by each op-
eration is different, multiple solutions are needed to ensure the accuracy of the experiment.
Therefore, different algorithms are used to solve the model 50 times, respectively, and the
optimal results obtained are compared and analyzed.

Table 2. INBA algorithm parameters.

Parameter Numerical Value

fmin 20
fmax 500
Amin 0
A0 [1, 2]

βBA 0.9
r0 [0, 1]
c1 1.5
c2 0.5

kBA,max 0.9
kBA,max 0.4

The optimal costs of INBA, BA, and PSO are 7054.95, 7099.96, and 7125.99. The
optimization curves of different algorithms are shown in Figure 1. It is not difficult to find
that the operating cost of the system obtained by the INBA algorithm is smaller than that
of the other two algorithms, which are reduced by 45.01 and 71.04, respectively, and the
reduction ratios are 0.64% and 1.01%, respectively. The INBA, BA, and PSO algorithms
converge at the 23rd, 46th, and 54th generations, respectively. It can be seen that the INBA
algorithm has certain advantages over the BA and PSO algorithms. The INBA algorithm
can obtain a better global optimal solution and has better convergence speed.
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Figure 1. Comparison of optimization evolution curves of different algorithms.

Through calculation, the energy storage will be allocated at nodes 2, 18, 22, and 33.
The specific allocation is shown in Table 3.

The charging and discharging power of the energy storage is shown in Figure 2. The
scheduling strategy of each energy storage is relatively concentrated, charging at 0–6 a.m.,
13–15 p.m., and 20–24 p.m., and discharging at 8–12 a.m. and 16–20 p.m.

Energy storage equipment can reduce the power fluctuation and voltage fluctuation
in the power system, reduce the voltage loss of the power grid, and reduce the line loss in
the process of power transmission. The total network loss of the system before and after
the energy storage equipment is added to the power grid is shown in Figure 3. After the
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dis-tributed energy storage device is allocated, the network loss of the power system is
reduced by 0.53 MW, and the loss reduction effect is 13.6%, which excellently improves the
active network loss of the distribution network.

Table 3. Allocation of distributed energy storage.

Energy Storage Allocation Node Rated Capacity/kWh Nominal Power/kVA

1 22 400 200
2 2 676 300
3 18 666 200
4 33 547 200
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Figure 3. Comparison of network loss before and after allocating energy storage in power grid.

The voltage comparison before and after the grid allocation of the energy storage
is shown in Figure 4a,b. When the energy storage is not allocated, the voltage shown in
Figure 4a at nodes 18 and 33 is low. After the energy storage is allocated, the energy storage
performs reactive power compensation to increase its voltage, the voltage is shown in
Figure 4b. The minimum voltage before and after the grid allocation of the energy storage
shows that the minimum voltage per unit value after the grid allocation of the energy
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storage is 0.9534, while the minimum voltage per unit value before the energy storage is
0.9032, which indicates that the access of the energy storage device helps to improve the
voltage level of the grid, thereby improving the voltage quality of the grid. By increasing
the grid voltage level, energy storage devices can help the grid maintain a stable voltage
level in the face of load changes or other problems, thereby improving the stability of
the grid.
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The consumption of new energy under different schemes is shown in Table 4; four
schemes are designed according to whether to configure energy storage and whether to
participate in demand response. From the analysis of participating in demand response,
through the comparison between scheme 1, scheme 2, scheme 3, and scheme 4, it is
found that after participating in demand response, the consumption rate of new energy
is increased by 8.56% and 8.78%, respectively, and the consumption of new energy is
reduced by 602.3 kW·h and 618.78 kW·h, respectively. From the analysis of energy storage
allocation, through the comparison between scheme 1 and scheme 3, scheme 2 and scheme
4, it is found that the new energy consumption rate is increased by 26.92% and 27.14%,
respectively, and the amount of new energy abandonment is reduced by 1896.09 kW·h and
1912.57 kW·h, respectively. After the allocation of energy storage, the amount of new energy
abandonment is reduced. After the load participates in demand response, the volatility is
reduced. In summary, under the combined effect of energy storage and demand response,
the promotion effect on new energy consumption is the best.

Table 4. New energy consumption under different schemes.

Scheme Whether to Allocate
Energy Storage

Whether to
Participate in DR

New Energy
Consumption/kW·h

New Energy Waste
/kW·h

New Energy
Accommodation

1 No No 3930.91 3115.89 55.77%
2 No Yes 4533.21 2513.59 64.33%
3 Yes No 5827 1219.8 82.69%
4 Yes Yes 6445.78 601.02 91.47%

The costs of the four schemes proposed in this paper are shown in Table 5. Comparing
the four schemes, it can be seen that the introduction of energy storage and demand
response at the same time can effectively reduce the amount of new energy abandonment
and the cost of new energy abandonment. Due to the increase in new energy consumption,
the system can obtain more CCER certification in the carbon trading market, improve the
profit from the carbon trading market, and reduce the carbon trading cost. At the same
time, it also reduces the network loss and the operating cost of the system, which is helpful
to achieve the goal of economic and stable operation of the distribution network.
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Table 5. Cost analysis of different schemes.

Scheme Capitalized
Cost/yuan

Operation and
Maintenance

Cost/yuan

New Energy
Abandonment

Cost/yuan

Network Loss
Cost/yuan

Carbon Trading
Cost/yuan Total Cost/yuan

1 1383.7 137 1390 2570.2 2490.7 7971.6
2 1383.7 137 1159.7 2536.4 2388.7 7605.5
3 2248.4 163.6 627.8 2444.3 2280.3 7764.4
4 2248.4 163.6 308.5 2240.5 2114.9 7075.9

6. Conclusions

This paper proposes a new energy carbon reduction benefit model, that is, new energy
that participates in the carbon trading market, including CEA and CCER. In the carbon
trading market, new energy can obtain CCER-certified emission reductions, bringing
economic benefits and emission reduction benefits. At the same time, using the ladder
carbon transaction cost model, a high proportion of traditional energy systems will therefore
pay more costs, improve the importance of new energy in the transition to green energy,
and help promote the green energy transition of power grid systems.

In order to solve the problem of consumption in the distribution network with dis-
tributed new energy units, this paper proposes a joint strategy of distributed energy storage
and demand response to cope with the growing demand for new energy consumption in
the distribution network. Firstly, a price-based demand response mechanism is established
to guide users to increase electricity consumption during the peak period of new energy
and improve load distribution. Secondly, the location, capacity, power, and scheduling
strategy of distributed energy storage are taken as variables, and the operation cost of the
distribution network, energy storage cost, new energy abandonment cost, carbon transac-
tion cost, and network loss cost are taken as objective functions. The INBA algorithm is
used to solve the problem, and the simulation experiment is carried out by an IEEE33 node.
The results show that the scheme has a good economy while effectively improving the level
of new energy consumption. The application of distributed energy storage and demand
response strategies can effectively reduce system network loss and carbon transaction
costs, improve the voltage level of the power grid, and improve the stability of power grid
operation.

In future power grid construction, the application of distributed energy storage should
be considered, and the enthusiasm of users to participate in demand response should be
improved. The application of these means can effectively improve the peaking capacity of
the power grid and improve power quality. The cost analysis of the distributed energy stor-
age application scheme proposed in this paper helps operators make investment decisions
that are more in line with their interests, which is extremely important for the future power
grid with increasing new energy penetration.

Combined with the current research progress, the following work needs to be further
carried out:

(1) The power, discharge depth, and state of charge of battery-type energy storage
have an impact on the life of energy storage. The impact of various operating indicators
of energy storage on its life is a very complex issue. Next, the energy storage capacity
degradation model under the influence of various factors can be considered to accurately
calculate the energy storage life and the number of replacements during the planning
period.

(2) The fixed energy storage and mobile energy storage studied in this paper are set to
install lithium-ion batteries. In fact, there are various types of energy storage in the power
system. The optimal configuration of electrochemical energy storage, mechanical energy
storage, and electromagnetic energy storage in fixed and mobile forms can be further
considered.

(3) Compared with the traditional BA algorithm and PSO algorithm, the INBA algo-
rithm has a certain degree of improvement, and the solution speed is faster, but the solution
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results are only improved by 0.64% and 1.01%. The follow-up work can further improve
the INBA algorithm.
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