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Abstract

A distributed optimization model that comprehensively considers carbon
emission costs and economic benefits is constructed for the economic dis-
patch problem of multiple micro-grids in a smart grid. This model takes into
account the differences between fossil fuel and renewable energy generation
units, calculates their carbon emissions separately, and considers the benefits
of internal carbon taxes and carbon quota trading in micro-grids. Finally, an
effective solution for the economic dispatch model of smart micro-grids is
achieved through a distributed optimization method with dynamic weighting.
The simulation test outcomes indicate that this method can significantly
enhance user-side revenue, with micro-grids 1, 2, and 3 increasing their user-
side revenue by 40%, 46%, and 50%, respectively. Meanwhile, considering
the carbon emission benefits, the carbon emission costs of micro-grids 1, 2,
and 3 substantially reducing their carbon emission costs by 55%, 16%, and
16%, respectively. The above results indicate the validity of the proposed
economic dispatch model in optimizing and reducing carbon emission costs,
providing new strategies and tools for the green and economic operation of a
smart grid.
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Nomenclature
Symbol
CEGT ,i(t) The CEs of fossil fuel-based PGUs at time t
CERE ,i(t) The CEs of renewable energy generation units

(REGUs) at time t
CE i(t) The CEs of the distributed PGU at time t
CQ i(t) The initial carbon quota at time t
CostDSO

CO2,i
(t) The additional fee that needs to be paid to the

higher-level distribution network operator at time t
CostMG

CO2,i
(t) The CE quota trading cost of the microgrid

CostCO2,i(t) The CE cost of the micro-grid
CostFuel ,ij(.) The cost function of fossil fuel PGUs
pLoad ,i(t) The load demand of the microgrid
Uij(aij(t)) The utility value of flexible loads
CostLoad ,ij(aij(t)) The electricity cost of flexible loads
FMG,j The decomposed generation side objective function
ηij The penalty coefficient for the deviation between

the output of the EG and the EL
WMG,i[k] The dynamic weight matrix when iterating k times

on the power generation side
∇S̃MG,i[k] The sub gradient when iterating k times on the

power generation side
dLoad ,i[k] The momentum term on the demand side
WLoad ,i[k] The dynamic weight matrix on the demand side
∇S̃Load ,i[k] The sub gradient on the demand side

Abbreviation
Economic dispatch Eco-D
Power grid PG
Power generation
units

PGUs

Carbon emissions CEs
Equivalent generators EGs
Equivalent loads ELs
Chinese Yuan CNY
Output Power OP
Renewable Energy
Generation Units

REGUs
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1 Introduction

As the global energy crisis intensifies and environmental pollution becomes
more severe, smart grids have garnered attention as a pivotal technology
to enhance energy efficiency, facilitate renewable energy integration, and
achieve energy conservation and emission reduction goals. By integrat-
ing sophisticated information and communication technologies, smart grids
enable real-time monitoring and optimized management of power systems.
Among them, economic dispatch (Eco-D) is one of the core methods for
optimizing the management of smart grids, and it is of great significance in
reducing operating costs and improving energy utilization efficiency Refer-
ence [1, 2]. Especially in the multi-intelligent micro-grid environment, how to
achieve Eco-D to maximize economic benefits and minimize environmental
impact has emerged as a pressing issue. The current Eco-D methods for
microgrids are divided into centralized optimization and distributed opti-
mization. Centralized optimization relies on the central controller of the
micro-grid to collect information and distribute dispatch instructions to
distributed generation units after optimization. It mainly includes two sub-
categories: analytic optimization and heuristic optimization [3]. However, as
micro-grids continue to grow in size, the disadvantages of high communi-
cation costs, large computational complexity, and poor privacy protection
capabilities of centralized optimization greatly limit its application in Eco-
D. Unlike centralized optimization, distributed optimization does not require
the central controller of the micro-grid to collect information, thus it has
the advantages of low computational complexity, flexibility, and reliability,
and is currently the main optimization method for Eco-D of the power
grid (PG) [4].

Reference [5] proposed a micro-grid Eco-D method that considers
demand response for the micro-grid Eco-D problem. This method introduced
a dynamic pricing mechanism to accurately reflect the actual operating status
of the system. Simultaneously, flexible loads and air conditioning were uti-
lized as demand response resources, and a practical constraint on consumer
comfort was proposed to be imposed, reducing power generation costs. The
simulation outcomes indicated that this approach could increase consumer
profits by 69.2% and reduce the operating costs of air conditioning clus-
ters by 18.2% [5]. Reference [6] introduced a bidding approach leveraging
the non-dominated sorting genetic algorithm II to address the challenge of
determining the optimal bidding strategy and managing demand-side issues
in micro-grids, and modeled the unpredictability associated with solar and
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wind power generation units (PGUs) through logarithmic normal distribution
and Weibull probability distribution. The experiment outcomes showed that
this method could effectively improve the dependability of micro-grids and
curb economic costs and carbon emissions (CEs) [6]. Reference [7] pro-
posed an Eco-D method for micro-grids incorporating alternative energy
sources and batteries, aiming to tackle the Eco-D challenges faced by micro-
grids. This method could reduce the demand for electricity from the main
PG by integrating incentive-based demand response programs into energy
management issues during environmental emergencies, thereby enabling cus-
tomers to achieve economic benefits. The simulation outcomes indicated
that this approach could validly reduce the operating costs of the PG [7].
Reference [8] proposed a new-phased scheduling approach for micro-grid
scheduling in renewable energy and energy storage regions. This method was
based on the idea of reverse deduction to establish a feasibility proposition
that simultaneously ensures the robustness and unpredictability of scheduling
solutions. Simultaneously, it also established a multi-tiered robust scheduling
model based on scenarios, which mimicked the uncertainties of transaction
prices, renewable energy sources, and loads employing representative sce-
narios to ensure the financial feasibility of the scheduling outcomes [8].
Reference [9] introduced a mixed integer linear programming approach to
address the Eco-D challenge in micro-grids. This method fully considered
the nonlinear scheduling and hydraulic factors of pumps, as well as the
daily water consumption factors of buildings. By employing segmented linear
approximations for univariate and bivariate nonlinear functions, it converted
the nonlinear problem into a mixed integer linear programming formulation.
The simulation outcomes indicated that this approach could validly reduce
the economic cost of the PG [9].

In summary, there have been many achievements in addressing the Eco-D
problem of smart micro-grids. However, due to the current power generation
methods still relying mainly on fossil fuels, this has brought a great burden
to the environment, leading to an exacerbation of the greenhouse effect.
However, most of the current Eco-D methods for smart micro-grids do not
consider CEs. Therefore, in order to achieve dual optimization of economic
and CE benefits, a distributed optimization model for smart grid Eco-D is
proposed, which comprehensively considers the cost of CEs and economic
benefits to achieve collaborative emission reduction and economic operation
among smart micro-grids. Through the dynamic weighted distributed opti-
mization solution method, it not only improves the collaborative emission
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reduction effect of micro-grids, but also offers an alternative approach to the
Eco-D of smart grids. The innovation of the research lies in proposing an
Eco-D model for the PG, which realizes the dual interaction of PG infor-
mation and energy, and deeply considers the complexity of power exchange
between PGs. Through this innovative approach, the model is able to
implement a dual-layer scheduling strategy within and between micro-grids,
significantly reducing the operating costs of micro-grids while improving the
economic benefits for users. The contributions of the research are as follows:
A distributed optimization model that comprehensively considers CE costs
and economic benefits is proposed for the Eco-D problem of multi-intelligent
micro-grids in smart grids, and an effective solution to the Eco-D of smart
microgrids is achieved through a dynamically-weighted distributed optimiza-
tion solution method. Innovative models and methodologies are introduced
for the ecological and Eco-D of smart grids, offering fresh perspectives and
instruments to attain green and cost-effective operations, with significant
theoretical and practical implications.

The article is divided into three sections. The first section is the research
method, which will study the distributed Eco-D model and its solution
method for smart micro-grids considering CE costs. The second section is the
research results, which will analyze the optimization effect of the distributed
Eco-D model for smart micro-grids. The third section is the conclusion,
which will summarize the entire research.

2 Methods and Materials

To achieve Eco-D of multiple smart micro-grids and effectively improve the
collaborative emission reduction effect of micro-grids, a distributed Eco-
D method considering CE costs and economic benefits was constructed.
Meanwhile, a distributed optimization solution method based on dynamic
weighting was established.

2.1 Distributed Eco-D Model for Smart Micro-grids Considering
CE Costs

Due to the fact that the power generation equipment of different micro-
grids is not exactly the same, they often have different CE characteristics.
Therefore, to achieve Eco-D of smart micro-grids, the study first constructed
a CE cost model for multi-smart micro-grids. For smart micro-grids, their
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distributed generation units can be divided into fossil fuel and renew-
able energy categories [10, 11]. The CEs of fossil fuel PGUs are mainly
greenhouse gases, and the formula for calculating their CEs is given in
Equation (1).

CEGT,i(t) =

nG,i∑
j=1

eGT,ijpGT,ij(t) (1)

In Equation (1), CEGT ,i(t) is the CEs of fossil fuel-based PGUs at time
t. nG,i is the number of fossil fuel-based PGUs. eGT ,ij represents the CE
factor of gas turbines. pGT ,ij(t) is the output power (OP) of the gas turbine
at time t. Unlike fossil fuel PGUs, renewable energy PGUs often generate
low-carbon benefits, so their CEs calculation formula is in Equation (2).

CERE,i(t) = −(ePV ,ipPV ,i(t) + eWP ,ipWP ,i(t)) (2)

In Equation (2), CERE ,i(t) represents the CEs of renewable energy
generation units (REGUs) at time t. ePV ,i and eWP ,i are the CE factors of
photovoltaic units and wind power units. pPV ,i(t) and pWP ,i(t) are the OP
of photovoltaic units and wind power units. At this point, the CE calcula-
tion formula for distributed generation units in the micro-grid is given in
Equation (3).

CE i(t) = CEGT ,i(t) + CERE ,i(t) (3)

In Equation (3), CE i(t) is the CEs of the distributed PGU at time t.
Within a micro-grid, apart from paying its internal carbon tax, it can also
engage in the purchase or sale of carbon credits with other micro-grids,
resulting in its CEs cost being a composite of its own carbon tax and the
profits or losses from carbon credit trading. Firstly, the distribution network
operator will issue a certain initial carbon quota. When the CEs surpass
the initial carbon quota allocated, the micro-grid is required to pay extra
charges to the upper-tier distribution network operator, the amount of which is
proportional to its CEs [12, 13]. The initial carbon quota calculation formula
for micro-grids is shown in Equation (4).

CQ i(t) =

nG,i∑
j

δMT ,ij |pMT ,ij(t) (4)

In Equation (4), CQ i(t) represents the initial carbon quota at time t.
δGT ,ij is the initial carbon quota factor of the gas turbine. At this point, the
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CE cost model of the micro-grid is shown in Equation (5).

CostDSO
CO2,i(t) =



PCO2(CE i − CQ i),CE i ≤ CQ i + L

PCO2(1 + α)(CE i − CQ i − L) + PCO2L,CQ i

+L ≤ CE i ≤ CQ i + 2L

PCO2(1 + 2α)(CE i − CQ i − 2L)

+PCO2(2 + α)L,CQ i + 2L ≤ CE i ≤ CQ i + 3L

PCO2(1 + 3α)(CE i − CQ i − 3L)

+PCO2(3 + 3α)L,CQ i + 3L ≤ CE i ≤ CQ i + 4L

PCO2(1 + 4α)(CE i − CQ i − 4L)

+PCO2(4 + 6α)L,CQ i + 4L ≤ CE i

(5)

In Equation (5), CostDSO
CO2,i

(t) is the additional fee that needs to be paid
to the higher-level distribution network operator at time t. PCO2 represents
the price of greenhouse gases per unit weight. L is the range of CEs. α is the
growth rate of CE costs. At this point, the trading cost of CE quotas is shown
in Equation (6).

CostMG
CO2,i(t) =

∑
j∈Mi

PCO2,ij(CE
B
ij(t)− CES

ij(t)) (6)

In Equation (6), CostMG
CO2,i

(t) is the CE quota trading cost of the
microgrid. PCO2,ij represents the unit trading price of CE quotas between
microgrids. CEB

ij(t) is the purchased CE quota. CES
ij(t) is the CE quota for

sales. At this point, the CE cost of the micro-grid is in Equation (7).

CostCO2,i(t) = CostDSO
CO2,i(t) + CostMG

CO2,i(t) (7)

In Equation (7), CostCO2,i(t) is the CE cost of the micro-grid. After
constructing the CE cost model of the smart micro-grid, to achieve Eco-
D of multiple smart micro-grids, Eco-D models are constructed from the
generation side and demand side respectively. On the power generation side,
cost optimization of micro-grids is achieved by controlling their own power
output and exchanging power [14, 15]. When REGUs operate in the max
power point tracking mode, the Eco-D model for the generation side of smart
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micro-grids is represented by Equation (8).

min

nG,j∑
j=1

CostFuel ,ij(pMT ,ij(t)) +
∑
j∈Mi

PEX ,ijpEX ,ij(t) + CostCO2,i(t)

(8)

In Equation (8), CostFuel ,ij(.) represents the cost function of fossil
fuel PGUs. PEX ,ij represents the unit cost of exchanging electrical energy
between microgrids. pEX ,ij(t) represents the exchange power between
microgrids at time t. The cost function of fossil fuel PGUs is shown in
Equation (9).

CostFuel ,jj(pMT ,jj(t)) = m2
Fuel ,jj(pMT ,jj(t))

2

+m1
Fuel ,jjpMT ,jj(t) +m0

Fuel ,jj (9)

In Equation (9), m1
Fuel ,jj , m

1
Fuel ,ij , and m0

Fuel are the quadratic coeffi-
cient, first-order coefficient, and constant coefficient of the fossil fuel PGU,
respectively. In the Eco-D process of smart micro-grids, to guarantee the
steadiness and safety of the system, PGUs and loads must follow specific
constraints. The constraint conditions are shown in Equation (10).

nG,j∑
j=1

pMT ,ij(t) + pWT ,i(t) + pPV ,i(t) +
∑
j∈Mi

pEX ,jj(t) = pLoad ,i(t) (10)

In Equation (10), pLoad ,i(t) represents the load demand of the microgrid.
Because of the strong uncontrollability of REGUs, the constraints that their
OP should meet are shown in Equation (11).{

0 ≤ pWP,i(t) ≤ pWP,i,max

0 ≤ pPV ,i(t) ≤ pPV ,i,max

(11)

In Equation (11), pWP ,i,max and pPV ,i,max respectively represent the
nominal max OP of wind power and photovoltaic power. For fossil fuel
PGUs, the constraints they should meet are shown in equation (12).

pGT ,jj(t− 1)−∆pGT ,j,max ≤ pGT ,jj(t) ≤ pGT ,jj(t− 1)

+∆pGT ,jj,max

0 ≤ pGT ,jj(t) ≤ pGT ,jj,max

(12)
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In Equation (12), ∆pGT ,ij,max and pGT ,ij,max are the max ramp up
power and maximum OP of the fossil fuel PGU, respectively. The constraints
that the exchange power between micro-grids should meet are shown in
Equation (13).

−pEX ,ij,max ≤ pEX ,ij(t) ≤ pEX ,ij,max (13)

In Equation (13), pEX ,ij,max represents the maximum exchange power
between micro-grids. On the demand side, loads are categorized into two
types: traditional loads and flexible loads. Among these, flexible loads can
adapt dynamically in response to electricity price information and utility
functions. The optimization objective function for the response of flexible
loads is shown in Equation (14).

max

n1,i∑
j=1

[Uij(aij(t))− CostLoad ,ij(aij(t))] (14)

In Equation (14), nL,i represents the number of flexible loads. Uij(aij(t))
represents the utility value of flexible loads. aij(t) represents the amount of
flexible load connected. CostLoad ,ij(aij(t)) represents the electricity cost of
flexible loads. The calculation of the utility value of flexible loads is shown
in Equation (15).

Uij(aij(t)) =


βijaij(t)−

αij

2
(aij(t))

2, 0 < aij(t) <
βij
αij

(βij)
2

2αij
,

βij
αij

≤ aij(t)

(15)

In Equation (15), βij and αij are the quadratic and linear coefficients
of the utility function, respectively. The constraints that flexible load access
should meet are shown in Equation (16).

nL,i∑
j=1

aij(t) = ap(t)

0 ≤ aij(t) ≤ aij,max

(16)

In Equation (16), ap(t) represents the expected amount of flexible load
connection. aij,max indicates the maximum amount of flexible load that can
be connected.
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2.2 Distributed Optimization Solution Method Based on
Dynamic Weighting

A smart micro-grid Eco-D model that comprehensively considers CEs has
been constructed through the above method. To solve the model, a dynamic
weighting-based solution method has been developed. Due to the coupling
of CE cost model, power generation side Eco-D model, and demand side
response model in the above intelligent micro-grid Eco-D model, it is nec-
essary to decouple the model before solving the distributed optimization
model to simplify the calculation. The decoupling method used in the study
is to introduce equivalent generators (EGs) and equivalent loads (ELs) at the
power interconnection lines between smart micro-grids. Due to the ability of
smart micro-grids to exchange power, the equivalent power output and EL
demand in the decoupled system are balanced. After decoupling through the
above methods, each micro-grid can perform local scheduling of its equiva-
lent generators and equivalent loads internally, and achieve distributed solu-
tion of economic scheduling problems for grid-connected multiple micro-grid
systems by exchanging and negotiating their own scheduling schemes with
other micro-grids [16, 17]. For the decoupled Eco-D model, the objective
cascade analysis method is used for further decomposition research. The Eco-
D objective function of the decomposed power generation side is shown in
Equation (17).

minFMG,j = fMG,j +
∑
j∈Mi

ηij [(p
EG
ij [k]− pELji [k − 1])

+ (pELij [k]− pEGji [k − 1])] (17)

In Equation (17), FMG,j represents the decomposed generation side
objective function. fMG,j represents the original objective function of the
power generation side. ηij represents the penalty coefficient for the deviation
between the output of the EG and the EL. pEGij [k] is the output of the EG
at the a-th iteration. pELij [k] is the output of the EG and the EL demand. In
addition, to ensure consistency between the scheduling results of EGs and
ELs, a linear penalty term was introduced in Equation (17). At this point, the
constraints that the EG and EL need to satisfy are shown in Equation (18).{

min[pEGij [k − 1], pELji [k − 1]] ≤ pEGij [k]

min[pELij [k − 1], pEGji [k − 1]] ≤ pELij [k]
(18)



Distributed Optimization Model for Economic Dispatch of Smart Grid 467

DGi,1 Loadi,1

DGi,2 Loadi,2

DGi,3 Loadi,3

DGi,9 Loadi,9

Equivalent generatorij

Equivalent loadij

DG agenti,2

DG agenti,5

DG agenti,6

Equivalent 
generator 

agentij

Equivalent 
load agentij

Equivalent 
load agentij

DG agenti,9

DG agenti,8

DG agenti,7

Point of common 
couplingij

Equivalent generator agentij

... ...

Note: Solid and dashed lines respectively 
represent different connection methods

 

Figure 1 Double-layer optimization model on the power generation side.

After decomposing the model using the above method, independent solv-
ing of the smart micro-grid can be achieved. After introducing an EG, the
double-layer optimization model on the power generation side is shown in
Figure 1.

In Figure 1, the double-layer optimization model on the power gen-
eration side collects power fluctuation information within the PG and the
previous scheduling plan of adjacent micro-grids through common coupling
point agents, EG agents, and EL agents, and optimizes the output of fossil
fuel PGUs in the current PG in the upper layer information network. It is
worth noting that the power fluctuation data transmitted through the common
coupling point proxy has a critical impact on the access status of EGs and
ELs [18]. Meanwhile, as the CE cost model belongs to a non-smooth step
function, it needs to be approximated during the iterative solution process of
the model. The solution formula is shown in Equation (19).

dMG,i[k] = ρdMG,i[k − 1] + (1− ρ)WMG,i[k]∇S̃MG,i[k]

PMG,i[k + 1] = PMG,i[k] + dMG,i[k]

pMG,ij [k + 1] =


pMG,ij,min, pMG,ij [k + 1] < pMG,ij,min

pMG,ij [k + 1], pMG,ij,min ≤ pMG,ij [k + 1]

≤ pMG,ij,max

PMG,ij,max, PMG,ij [k + 1] > pMG,ij,max

(19)

In Equation (19), dMG,i[k] represents the momentum term at iteration k
on the power generation side. ρ represents the inertia coefficient of the smooth
momentum term. WMG,i[k] represents the dynamic weight matrix when
iterating k times on the power generation side. ∇S̃MG,i[k] represents the
sub-gradient when iterating k times on the power generation side. PMG,i[k]
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Start

PCC agent sends grid power 
fluctuations to DG agent

DG agent, EG/EL agent determine 
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EG/EL agent sharing scheduling 
scheme for adjacent power grids

DG agent, EG / EL agent shares the 
objective function subgradient 
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Interlock the sending and receiving 
matrices to obtain a dynamic weight matrix
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End

Yes

No

 

Note: PCC represents the point of common coupling. DG stands for distributed generation. EG and EL respectively represent 

EGs and ELs. 

Figure 2 Resolution procedure of the two-layer optimization model on the power generation
side.

represents the power vector. pMG,ij,max and pMG,ij,min are the upper and
lower limits of the constituent elements of the power vector, respectively. The
resolution procedure of the double-layer optimization model on the power
generation side is shown in Figure 2.

In Figure 2, first, the power fluctuation information inside the PG is sent
to the distributed power generation agent through the common coupling point
agent, and the neighbors of the distributed power generation agent, EG agent,
and EL agent are determined based on the adjacency matrix. Then, the EG
agent and the EL agent are utilized to share the current dispatching scheme
and sub-gradient components with the adjacent power generation (PG) units.
Subsequently, the receiving and sending matrices within the communication
network are determined. The above matrix is synchronized and locked to
obtain a dynamic weight matrix [19, 20]. Then the distributed Eco-D model
is solved. At this time, if the model meets the convergence condition, the
dispatching scheme is output, otherwise the current dispatching scheme is
shared with the adjacent PG again. For the demand side, its double-layer
optimization model is shown in Figure 3.

As depicted in Figure 3, the demand-side double-layer optimization
model gathers information on the upcoming access volume and the time-
of-use electricity price adjustment plan of the PG unit via a common
coupling point proxy. Using this information, it optimizes the access volume
of flexible loads through the information network. The solution formula
for the double-layer optimization model on the demand side is shown in
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Figure 3 Double-layer optimization model on the demand side.
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Figure 4 Resolution procedure of the demand-side double-layer optimization model.

Equation (20).

dLoad ,i[k] = ρdLoad ,i[k − 1] + (1− ρ)WLoad ,i[k]∇S̃Load ,i[k]

Li[k + 1] = Li[k] + dLoad ,i[k]

lij [k + 1] =


0, lij [k + 1] < 0

lij [k + 1], 0 ≤ lij [k + 1] ≤ lij,max

lij,max, lij [k + 1] > lij,max

(20)

In Equation (20), dLoad ,i[k] represents the momentum term on the demand
side. WLoad ,i[k] represents the dynamic weight matrix on the demand side.
∇S̃Load ,i[k] represents the sub-gradient on the demand side. Li[k + 1] rep-
resents a vector composed of variables to be optimized. lij [k + 1] represents
the elements in the variable vector to be optimized. lij,max and lij,min are
the upper and lower limits of vector elements. The solution process of the
demand side double-layer optimization model is shown in Figure 4.

In Figure 4, the time-of-use electricity price is first sent to the load agent
through the common coupling point proxy. The load agent will adjust the
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flexible load group access volume at the corresponding time and determine
its adjacency matrix. Then, the response optimization objective function
gradient components of adjacent PGs are shared through load agents, and
the receiving matrix and sending matrix are determined based on them.
The model synchronizes and locks the above matrix to obtain a dynamic
weight matrix. Finally, the model is solved, and if it satisfies the convergence
condition, the response scheme is output. Otherwise, the gradient components
of the response optimization objective function of the adjacent PG will be
shared again.

3 Results

3.1 Simulation Environment Settings

To confirm the capability of the raised distributed optimization scheduling
method for smart grids, simulation tests were conducted. The simulation
testing platform was MATLAB/Simulink platform. In the simulation test, the
factors of distributed power sources are given in Table 1.

According to Table 1, distributed power sources 1-1, 1-4, 2-1, 2-3, 2-
4, 3-1, 3-3, and 3-4 were all renewable energy generators, while the rest

Table 1 Distributed power supply factors
Distributed Power Fuel Fuel Fuel
Power Rating Quadratic Primary Constant
Supply (kW) Term Coefficient Term Coefficient Term Coefficient
1-1 280 / / /
1-2 5500 0.06 6.42 79.03
1-3 5000 0.07 5.21 79.96
1-4 260 / / /
1-5 4000 0.07 6.08 70.05
2-1 230 / / /
2-2 7000 0.07 6.03 69.99
2-3 200 / / /
2-4 290 / / /
2-5 6000 0.08 5.82 64.21
3-1 290 / / /
3-2 5500 0.06 5.28 69.21
3-3 90 / / /
3-4 200 / / /
3-5 5000 0.06 6.20 82.08
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Table 2 Power exchange and load parameters
PG PG 1 PG 2 PG 3
PG 1 / 0.48 0.49
PG 2 0.51 / 0.45
PG 3 0.45 0.46 /
Load Load requirements Quadratic term

coefficients of the
utility function

Utility function
once the term
coefficient

1-1 0–6550 2.01 0.04
1-2 2000 / /
1-3 260 / /
1-4 0–660 2.60 0.04
1-5 2000 / /
2-1 100 / /
2-2 0–2550 2.37 0.04
2-3 0–2100 2.71 0.04
2-4 0–2500 2.83 0.03
2-5 1550 / /
3-1 0–350 2.19 0.04
3-2 0–2550 2.57 0.04
3-3 2550 / /
3-4 0–3530 2.03 0.05
3-5 2500 / /

were fossil fuel generators. For fossil fuel generators, their carbon quota
factor and CE factor were 0.41 kg/kWh and 0.65 kg/kWh, respectively. For
renewable energy generators, the additional marginal carbon quota factor was
0.05 kg/kWh. The starting and trading prices for CE costs were 0.27 Chinese
Yuan (CNY)/kg and 0.41 CNY/kg, respectively. The length of the CE interval
and the cost increase were 20 kg and 1, respectively. The power exchange and
load parameters are given in Table 2.

According to Table 2, the power exchange coefficients between PGs were
all between 0.45–0.51, and the quadratic coefficients of each load utility
function were above 2.0, while the first-order coefficients were generally
around 0.04. During testing, the line voltage and system frequency of the PG
were 380 V and 50 Hz, respectively, and the impedance of the transmission
line per 1 km was 0.64+j0.1 ohms. In addition, to obtain input scenarios for
simulation testing, the study utilized Latin hypercube sampling to process
the data and reduced it using K-means. The wind and photovoltaic power of
typical scenarios are shown in Figure 5.
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Figure 5 Wind power and photovoltaic power in a typical scenario.
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distributed power sources. 

Figure 6 Output Power (OP) of the fossil fuel power supply.

As shown in Figure 5(a), the output power (OP) of photovoltaic power
sources varied significantly within 24 hours, but the minimum OP of all
photovoltaic power sources was around 5 kV. As shown in Figure 5(b), the
OP of the wind PGU gradually increased over time, and the OP of DG2-3 and
DG3-3 both significantly increased after 16:00.

3.2 Analysis of Load and Environmental Fluctuations Impact

The study first investigated the scheduling results of the proposed distributed
optimization method when both load and environment fluctuated. The OP of
fossil fuel power sources in each PG is shown in Figure 6.

According to Figure 6(a), in smart micro-grid 1, the OP trends of various
fossil fuel power sources were basically consistent, reaching their maximum
within the range of 8–12 hrs. The maximum OP of DG 1-2, DG 1-3, and DG
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Figure 7 Incremental cost of fossil fuel power supply.

1-5 were 56 kW, 52 kW, and 45 kW, respectively. According to Figure 6(b), in
smart micro-grids 2 and 3, the OP variation trend of fossil fuel power sources
in the same grid was consistent. The OP of the fossil fuel power source in
micro-grid 2 reached its minimum at 8 hrs, while micro-grid 3 reached its
minimum between 13 and 17 hrs. After the distributed optimization method
proposed through research scheduling, each micro-grid could flexibly adjust
its OP. The incremental cost of fossil fuel power sources for each PG is shown
in Figure 7.

As shown in Figure 7(a), the incremental cost trend of each fossil fuel
power source in smart micro-grid 1 was consistent. Among them, DG 1-
2 had the highest incremental cost, which could reach up to 13.8. DG 1-5
had the smallest incremental cost, with a maximum incremental cost of only
12.2. As shown in Figure 7(b), the incremental cost of fossil fuel power
sources in the same grid was consistent in smart micro-grids 2 and 3. The
minimum incremental costs of the two were 8.5 and 8.7, and the maximum
were 9.6 and 10.2, respectively. The above results indicated that after the
proposed distributed optimization method for scheduling, each micro-grid
could maintain the consistency of its incremental cost, that is, each grid
achieved optimal economic scheduling.

3.3 Demand Side Response Impact and CE Cost Analysis

To confirm the impact of the demand side effects on the interests of users, a
simulation test without considering the demand response was conducted, and
the optimization effect of the micro-grid with different loads and distributed
power supply was compared. The flexible load access of each PG is shown in
Figure 8.
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Figure 8 Flexible load access volume.

As shown in Figure 8(a), the trend of flexible load integration in micro-
grid 1 was completely consistent. The flexible load connection amount of
EL 1-1 was always lower than that of EL 1-4, and the connection amounts
of both reached their peak between 8 and 12 hrs, which was consistent with
the OP changes of distributed power sources in its PG 1. In Figure 8 (b),
the trend of flexible load access in micro-grid 2 was consistent. Among
them, EL 2-4 had the highest access volume, and all three showed significant
fluctuations between 3 and 12 hrs. As shown in Figure 8(c), the trend of
flexible load access in micro-grid 3 was also consistent, with significant
fluctuations between 11 and 19 hrs for all three micro-grids. The user-side
revenue situation is shown in Figure 9.

Comparing Figures 9(a) and 9(b), compared to the situation without
demand response, the user side benefits significantly increased under the con-
dition of demand response. Among them, micro-grid 1 had the highest user
side revenue of 125 CNY and 175 CNY respectively in the absence/presence
of demand response. The highest user side revenue for micro-grid 2 in the
absence/presence of demand response was 153 CNY and 224 CNY, respec-
tively. The highest user side benefits for micro-grid 3 in the absence/presence
of demand response were 100 CNY and 150 CNY, respectively. The user
side revenue of the three increased by 40%, 46%, and 50% respectively.
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Figure 9 User-side revenue situation.

-50
0

0

50

100

150

C
ar

bo
n 

em
is

si
on

s 
co

st
s (

C
N

Y
)

4 8 12 16 20 24
Time (h)

MG 1 MG 2

-20
0

0

40

60
C

ar
bo

n 
em

is
si

on
s 

co
st

s (
C

N
Y

)

4 8 12 16 20 24
Time (h)

MG 1 MG 2

(a) Not considering low-carbon benefits (b) Consider low-carbon benefits

MG 3MG 3

20

Figure 10 CE costs of micro-grids.

The above results indicated that the proposed distributed optimization method
for PG Eco-D could effectively improve user side benefits. The CE cost of
micro-grids is shown in Figure 10.

Comparing Figures 10(a) and 10(b), after considering low-carbon ben-
efits, the CE costs of each micro-grid were significantly reduced. Without
considering the CE benefits, the highest CE costs for micro-grids 1, 2,
and 3 were 137 CNY, 13 CNY, and 45 CNY, respectively. Considering
the CE benefits, the highest CE costs for micro-grids 1, 2, and 3 were 62
CNY, 11 CNY, and 38 CNY, respectively, reducing them by 55%, 16%, and
16%, respectively. The above results indicated that the proposed distributed
optimization method for PG Eco-D could effectively reduce CE costs.

4 Discussion and Conclusion

To achieve Eco-D of multi-intelligent micro-grids, a distributed optimization
model for Eco-D of smart grids was proposed, and its effectiveness in improv-
ing user side benefits and reducing CE costs was verified through simulation
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testing. The test results showed that considering demand response, for micro-
grids 1, 2, and 3 with different distributed power sources and loads, their
user-side revenue increased by 40%, 46%, and 50%, respectively, which was
significantly better than the situation without demand response. Meanwhile,
considering low-carbon benefits, the CE costs of each micro-grid significantly
decreased, with micro-grids 1, 2, and 3 reducing their CE costs by 55%, 16%,
and 16%, respectively. This was because the proposed Eco-D model for the
PG could achieve dual interaction of PG information and energy, and fully
considered the power exchange problem between PGs, enabling it to achieve
dual-layer scheduling between networks, validly curbing the cost of micro-
grids and raising the economic benefits of users. The above results indicated
that the proposed model had the potential to achieve a win-win situation of
economic and environmental benefits, providing an effective solution for the
Eco-D of smart grids. However, due to the absence of the effects of energy
storage units on the PG when constructing Eco-D models, the model had
poor dispatch performance when facing power systems with energy storage
units. Therefore, in the future, energy storage units will be introduced into
the model to enhance the renewable energy consumption rate of the PG.
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