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Abstract: This paper focuses on an optimal schedule for a micro energy grid considering the maximum
total carbon emission allowance (MTEA). Firstly, the paper builds an energy devices operation model
and demand response (DR) model. Secondly, to maximize the economical operation revenue, the
basic scheduling model for the micro energy grid is constructed. Thirdly, the conditional value at
risk method and robust stochastic theory are introduced to describe the uncertainty of wind power,
photovoltaic power, and load, and a risk aversion model is proposed. Finally, this paper selects
the Xinxiang active distribution network demonstration project in Jining, China as an example.
The results show that: (1) a micro energy grid can make the most use of the complementary characters
of different energy sources to meet different energy demands for electricity, heat, cold, and gas; (2) the
risk aversion scheduling model can represent the influence of uncertainty variables in objective
functions and constraints, and provide a basis for decision makers who have different attitudes; and
(3) DR can smooth the energy load curves. MTEA can enhance the competitiveness of the clean
energy market, thus promoting the grid-connected generation of clean energy. Therefore, the risk
aversion model can maximize the economic benefits and provide a basis for decision makers while
rationally controlling risks.

Keywords: micro energy grid; distributed energy; uncertainty; risk aversion; demand response

1. Introduction

In recent years, environmental pollution and the current depletion of fossil energy have become
more and more serious. The energy structure should be transformed and upgraded urgently. It is
the current trend of the energy field to pursue the efficient use, clean environmental protection, and
sustainable development of energy [1]. As a further extension of micro power grids, a micro energy grid
could realize the coordinated planning and unified scheduling of multiple energy sources (electricity,
heat, cold, and gas, etc.) through new energy technologies and internet technologies, which could
effectively improve energy efficiency while achieving local production and consumption of energy [2].
The China Development and Reform Commission also put forward the Guiding Opinions on the
Development of “Internet + Promoting” Intelligent Energy, pointing out that it is essential to strengthen
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the construction of multi-energy synergistic integrated energy networks, and the coupling interactions
and comprehensive utilization of different energy types, such as electricity, gas, heating, and cooling [3].

In recent years, micro energy grids have attracted widespread attention and practical development.
The smart polygeneration microgrid (SPM) project of the University of Genoa for the Savona campus
involves multiple electric, thermal, and combined heating and power generators [4]. Cassel University
integrated a wind turbine, PV, biogas power station and hydro power plant into a micro energy grid
(MEG) [5]. In 2014, the Xiaozhongdian wind-photovoltaic (PV)-hydro distributed demonstration project
of the China National Electric Power Group Corporation successfully connected to the grid in Yunnan
province [6]. The La Plata University in Finland is developing a 40 m diameter straight-leaf vertical
shaft wind turbine that drives an oil-fired heating system for greenhouse heating [7]. The pilot projects
of wind power heating in Linxi County and Zha’rutqi of the Inner Mongolia Autonomous Region
have been operational for three years, and the annual consumption of wind power is approximately
149 million kW·h [8].

The operation mechanism and scheduling operation of micro energy grids have always been
hotspots for research, both at home and abroad. On the premise of meeting the security constraints,
the micro energy grid uses different objectives to rationally arrange the operation of energy equipment
within the micro energy grid. Zhang et al. [9] constructed a micro energy grid operation optimization
mode taking the minimum daily operating cost as the target. Du et al. [10] introduced modeling,
planning and optimization methods for a regional integrated energy system. Luo [11] established a
model for minimizing the sum of various costs and analyzed the integrated energy system with P2G.
The above reference considered the objectives and related constraints of the micro energy grid, but the
proposed models were used to analyze the uncertainty of the distributed energy. In fact, the uncertainty
will affect the coordinated supply of multi-energy loads, such as electricity, heating, cooling, and gas,
in the grid.

The uncertainty of distributed energy in a micro-energy network is mainly reflected in the volatility
of wind power plants (WPP) and PV output power. A key issue for MEG operation is how to use units,
storage devices, electric vehicles, and load, to balance random changes of wind and solar units, to
guarantee the steady output of the MEG. Peik-Herfeh et al. [12] used the two-point estimation theory
to take an estimate point on both sides of the forecast value to represent the unit output variability.
Yang et al. [13] gained distribution parameters based on the characteristic that the wind speed obeys a
Weibull distribution. Zamani et al. [14] used a stochastic program to handle electricity price uncertainty
and studied a virtual power plant bidding model considering the uncertainty. Tan et al. [15] constructed
an economical dispatching model considering the output power volatility of clean energy, based on a
chance-constrained program. The above related research mainly considered uncertain variables as
random variables and constructed stochastic dispatching optimization models by using stochastic
modeling methods, such as stochastic programming and robust optimization. The validity of the
method was verified by actual cases.

The above research shows that the existing research about micro energy grids focuses on system
modeling, optimal operation, and uncertainty analysis. However, in uncertainty analysis, a stochastic
program describes the uncertainty with stochastic variables. Based on the probability distribution
of stochastic variables, system constraints are described as opportunistic constraints [16]. However,
whether DERs with a small capacity and large quantity have statistical characters needs to be checked.
The accurate establishment of information collection and a probability distribution function is difficult.
The optimal solution sets of robust optimization have a certain degree of restraint on the effects.
Adjusting the size of a coefficient can determine the dispatching scheme, which can restrain the
influence of uncertainty to different degrees [17]. At the same time, the existing research results are
more focused on the processing of constraints with uncertain variables, lacking consideration of the
objective function processing method with uncertain variables. Conditional value at risk (CVaR) can
quantitatively represent the uncertainty risk of the objective function. By combining it with robust
stochastic optimization theory, a relatively complete risk decision model can be constructed. According



Processes 2019, 7, 916 3 of 24

to the above analysis, an optimal dispatching model for a MEG is put forward. The main contributions
are as follows:

• This paper designs a novel structure for a micro energy grid optimal operation containing
production devices, conversion devices, and storage devices, depending on the demand
response and carbon emissions. The effects of price-based demand response (PBDR) and
incentive-based demand response (IBDR) on different energy load curves are compared and
analyzed. The optimization effect of the maximum total emission allowance (MTEA) on the MEG
operation is also analyzed.

• This paper establishes a basic dispatching model for the micro energy grid considering different
constraints, selecting maximizing operating revenue as the objective function of the MEG operation
with the constraints of load power balance, equipment operation, DR operation, maximum carbon
emissions, and rotating standby.

• This paper puts forward a risk aversion model for the micro energy grid on the basis of the
CVaR method and robust stochastic optimization theory. The CVaR method mainly describes the
influence of uncertainty factors of the objective function, and robust stochastic optimization theory
converts constraints with uncertainty variables to provide an optimal basis for decision makers.

The structure of the paper is as follows: Section 2 designs a core structure for the micro energy grid
and establishes an operation model of the equipment and DR operation model. Section 3 constructs
the basic scheduling model of the micro energy grid without considering uncertainty, which takes
maximizing the operational benefit as the optimization objective. Furthermore, a risk aversion model
of the micro energy grid is established on the basis of CVaR and robust stochastic optimization
theory in Section 4. Finally, Section 5 selects the China Jining Xinxiang Active Distribution Network
Demonstration Project as an example object to verify the effectiveness and applicability of the model.
Section 6 outlines the contributions and conclusions.

2. MEG Description and Output Model

This paper designs the basic structure of the micro energy grid and builds the energy devices
operation model and demand response (DR) model.

2.1. Structure Description

The micro energy grid includes energy production, conversion, storage equipment, and energy
consumers. Energy production equipment includes the wind power plant (WPP), photovoltaic
power generation (PV) and conventional gas turbine (CGT). Energy conversion equipment includes
power-to-gas (P2G), power to heating (P2H), heating to cooling (H2C), and power to cooling (P2C).
Energy storage equipment includes a gas storage tank (GS), power storage battery (PS), heat storage
tank (HS), and cold storage tank (CS). At the same time, in order to motivate users under a flexible
load to participate in the optimal operation of the MEG, the price-based demand response (PBDR)
and incentive-based demand response (IBDR) are implemented. The former is used to guide terminal
users to use electricity reasonably through the performance of a differentiated time-of-use price, while
the IBDR is mainly used to provide an emergency energy supply to the MEG. In the MEG, power
electronics converters are required for some voltage adaptations—for instance, the PV generation—and
the type of grid is AC. All the power from different devices must be converted into AC. Figure 1 shows
the structure of the micro energy grid.
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Figure 1. Structure of the micro energy grid.

According to Figure 1, MEGs are connected with an upper power grid, gas grid, heat grid and
cold grid. An MEG can interact with upper energy grids. When there is excess energy in MEGs, it can
be sold to upper energy grids to obtain economic benefits. Conversely, when the internal energy of an
MEG is insufficient, energy will be bought from superior energy grids. Because the real-time price
of different energy is different, the MEG will reasonably choose the energy sale or purchase scheme
according to the different prices of electricity, heating, cooling, and gas, so as to achieve the goal of
maximizing operating benefit. However, the output power of WPP and PV has strong uncertainty and
high environmental economics. Therefore, maintaining the balance of the operational benefit and risk
will be a key issue for formulating the optimal operation plan of the MEG.

2.2. Energy Devices Operation Model

The energy devices operation model includes the energy production (EP) operation model, energy
conversion (EC) operation model and energy storage (ES) operation model.

2.2.1. EP Operation Model

EP equipment contains WPP, PV, and CGT. WPP is decided by the wind speed and PV is decided
by the solar radiation, while CGT mainly produces heat vapor by consuming natural gas for the power
supply and heat supply. Generally speaking, CGT includes two types: following thermal load (FTL)
and following electric load (FET). This paper sets CGT to operate in FTL mode. The output models of
different devices are as follows:

(1) WPP operation model

Wind power generation is determined by the wind speed. The WPP generation output is calculated
according to the real-time wind speed and fan parameters:

g∗WPP,t =


0, vt ≤ vin
v− vin

vR − vin
gR, vin ≤ vt ≤ vR

gR, vR ≤ vt ≤ vout

0, vt ≥ vout

(1)
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(2) PV output model

PV power generation is determined by the solar photovoltaic radiation. On the basis of
photoelectric conversion principles, PV output power is calculated as follows:

g∗PV,t = ηPV × SPV × θt (2)

(3) CGT output model

When natural gas enters the gas turbine combustion chamber, it generates hot steam to drive the
turbine to work by combustion, and the exhausted hot gas can provide heating energy to users through
a heat recovery device. As for the principle of the gas turbine, existing research is very mature [18].
This paper directly quotes power and heating supply models in reference [19]. The specific model is
as follows:

gCGT,t = VCGT,tHngηCGT,t (3)

QCGT,t = VCGT,t(1− ηCGT,t − ηloss)ηhr (4)

2.2.2. EC Operation Model

EC mainly includes power-to-gas (P2G), power-to-cooling (P2C), power-to-heat (P2H), and
heat-to-cooling (H2C) convertors. The operating power model of various types of EC equipment has
already been constructed in our previous works [19].

(1) P2G device

P2G can utilize the curtailment output of WPP and PV to convert CO2 into CH4, which realizes
the interconnection of the power grid and gas network. P2G is divided into two processes: electrolysis
and methanation. Electrolysis uses excess electricity to generate hydrogen by electrolyzing water and
injecting it into the natural gas pipeline or a storage device. On the basis of electrolysis, the methanation
process uses the hydrogen to react with carbon dioxide to form methane and water under the action of
a catalyst. Figure 2 shows the technical principles of P2G-GS operation.
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The CH4 generated by P2G can be injected into a natural gas network, conventional gas turbines
(CGT), gas boilers (GB), and a gas storage tank (GST). The detailed operation model is as follows:

VP2G,t = gP2G,tηP2G/Hng (5)

Furthermore, the proportions of natural gas generated by P2G and injected into the CGT, GS and
natural gas network are ηCGT

P2G,t, η
GS
P2G,t, and ηNG

P2G,t.
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(2) Other devices

There is a certain efficiency in the conversion between different energies. Although the efficiency
is not constant, it usually does not change much when the equipment runs steadily. According to
reference [20], it can be regarded as constant. The mathematical model of the energy conversion unit is
expressed as: 

VP2G,t
QP2C,t
QP2H,t

QH2C,t

 =


gP2G,t 0 0 0
0 gP2C,t 0 0
0 0 gP2H,t 0
0 0 0 QH2C,t



ηP2G
ηP2C
ηP2H

ηH2C

 (6)

2.2.3. ES Operation Model

ES mainly includes power storage (PS), heat storage (HS), cooling storage (CS), and gas storage
(GS). According to the relevance between the energy supply and energy demand, different types of
energy storage equipment can use their own energy storage facilities to store and release energy. The
specific operation model is as follows:

SES,t =
(
1− ηloss

ES,t

)
SES,t−1 +

[
ESinput

t η
input
ES − ESoutput

t /ηoutput
ES

]
(7)

2.3. DR Operation Model

The DR operation model mainly includes the price-based demand response (PBDR) operation
model and the incentive-based demand response (IBDR) operation model.

2.3.1. PBDR Operation Model

The PBDR guides the terminal users to use energy reasonably by implementing a peak-valley
time-of-use price, which can realize “peak-cutting and valley-filling”. According to microeconomic
principles, the PBDR can be calculated by the price elasticity of demand [10], as follows:

Est =
∆Ls/L0

s

∆Pt/P0
t

{
Est ≤ 0, s = t
Est ≥ 0, s , t

(8)

where when s = t, Ee,h,c
st is self-elasticity; when s , t, Ee,h,c

st is cross-elasticity. Correspondingly, the change
of energy demand load after PBDR is calculated as follows:

La f ter
t = Lbe f ore

t ×

Ett ×

[
Pa f ter

t − Pbe f ore
t

]
Pbe f ore

t

+
24∑
s=1
s,t

Est ×

[
Pa f ter

s − Pbe f ore
s

]
Pbe f ore

s

 (9)

where ∆La f ter
t indicates the amount of load change after PBDR.

2.3.2. IBDR Operation Model

The IBDR is signed by the MEG operator and terminal users in advance. When emergency energy
demand occurs, the operator can directly control the energy usage behavior of the terminal users and
give some financial compensation. According to reference [10], demand response providers (DRPs)
are involved in the demand response stage by stage, mainly on the basis of different energy prices.
Therefore, the operation of DRPs should meet the following principles:

Dk, j,min
i ≤ ∆Lk, j

i,t ≤ Dk, j
i,t , j = 1 (10)

0 ≤ ∆Lk, j
i,t ≤

(
Dk, j

i,t −Dk, j−1
i,t

)
, j = 2, 3, . . . , J (11)
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∆Lk,IB
t =

I∑
i=1

J∑
j=1

∆Lk, j
i,t (12)

3. Basic Dispatching Model of the Micro Energy Grid

The section covers the construction of the basic scheduling optimal model for the micro energy
grid, aimed at maximizing the economic revenue of operation considering the constraints of the energy
power balance, device operation, and system reserve balance.

3.1. Objective Functions

The micro energy grid is mainly supplied by WPP, PV and CGT. Through conversion and storage
equipment, it can meet electricity, heating, cooling and gas load demands together. WPP and PV have
the characteristics of a low marginal cost of power generation and zero emissions of pollution. This
paper chooses maximizing the operating revenue as the operational optimization goal of the MEG.
The specific objective function is as follows:

maxR =
24∑

t=1

{
REP,t + REC,t + RES,t + RDR,t + RCarbon,t

}
(13)

The remaining carbon emission rights can be traded externally when the carbon emissions of the
MEG are less than the maximum emission trade allowance (META). For EP, the operating revenue is
equal to the energy supply income minus the energy supply cost. The energy supply revenue is equal
to the product of the electricity quantity and its price. The marginal cost of WPP and PV is basically
close to zero. The energy supply cost of CGT includes the fuel consumption cost and start-stop cost,
which is calculated as follows:

CCGT,t = C f uel
CGT,t + Csd

CGT,t

=

 a
(
gCGT,t + θe

hQCGT,t

)2
+

b
(
gCGT,t + θe

hQCGT,t

)
+ c

+


[
µu

CGT,t(1− µ
u
CGT,t−1)

]
Cu

CGT,t+[
µd

CGT,s(1− µ
d
CGT,s+1)

]
Cd

CGT,s+1

 (14)

For EC and ES, the operating revenue is equal to the energy output (energy release) income minus
the energy input (energy storage) cost. The calculation is as follows:

REC(S),t = Qoutput
EC(S),t

poutput
EC(S)

η
output
EC(S)

−Qinput
EC(S),t

pinput
EC(S)

/ηinput
EC(S)

(15)

For DR, operation revenue includes PBDR income and IBDR income. The former can increase the
energy supply, while the latter is mainly to reduce the penalty cost of a power shortage. The calculation
is as follows:

RDR,t = RPBDR,t + RIBDR,t =
24∑

t=1

[
pbe f ore

t Lbe f ore
t − pa f ter

t La f ter
t

]
+

∑
k∈
{power,heating,

cooling,gas
}{∆Lk,IB

t pk,IB
t − ∆Lk,shortage

t pk
t

}
(16)

RCarbon,t =
{[

aCGT + bCGT
(
gCGT,t + θe

hQCGT,t

)
+ cCGT

(
gCGT,t + θe

hQCGT,t

)2
]
−QMTEA,t

}
pCarbon,t (17)

3.2. Condition Constraints

To achieve an optimal supply of electricity, heating and cooling, it is necessary to comprehensively
consider the energy supply and demand balance constraint, EP, EC, ES operation constraint, and
system rotation reserve constraint of MEGs. The specific constraints are as follows:

(1) Energy supply and demand balance constraint
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gCGT,t + gWPP,t + gPV,t + goutput
PS,t + goutput

P2G,t + gUPG,t = Le
t + ginput

ES,t + ginput
P2G,t + ginput

P2H,t + gc,input
P2C,t + ∆Lp,PB

t + ∆Lp,IB
t (18)

QCGT,t + Qoutput
P2H,t + Qoutput

HS,t + QUHG,t = Lh
t + Qinput

HS,t + Qinput
H2C,t + ∆Lh,PB

t + ∆Lh,IB
t (19)

Qoutput
P2C,t + Qoutput

H2C,t + Qoutput
CS,t + QUCG,t = Lc

t + Qinput
CS,t + ∆Lc,PB

t + ∆Lc,IB
t (20)

(2) CGT operation constraints

For CGT, the relevance of the power generation and heating supply power is called the “electrical
heating character.” Under a given thermal power, the power generated has some adjustability. This is
because under a given amount of steam extracted, CGT adjusts the output power of the entire steam
turbine by adjusting the amount of condensation steam to generate electricity. However, the larger
the amount of steam extracted, the smaller the proportion of condensing steam required to generate
electricity, so the adjustment range is smaller. The specific constraints are as follows:

max
{
gmin

CGT − cminQCGT, cm
(
QCGT −Q0

CGT

)}
≤ gCGT ≤ gmax

CGT − cmaxQCGT (21)

uCGT,t∆g−CGT ≤
(
gCGT,t + θe

hQCGT,t

)
−

(
gCGT,t−1 + θe

hQCGT,t−1

)
≤ uCGT,t∆g+CGT (22)

where c is the reduction of power caused by extra extraction of the unit heating supply when the
steam inlet amount is constant. cm = ∆gCGT/∆QCGT is the elasticity coefficient of electricity power
and heating power under backpressure operation. Q0

CGT is a constant.

(3) EC operation constraints

EC includes P2H, P2C, H2C, and P2G. According to Equation (8), the energy conversion relevance
of different devices can be established. Different energy conversion devices have their own power
constraints; the details are as follows:

uP2G,tVmin
P2G,t ≤ VP2G,t ≤ uP2G,tVmax

P2G,t (23)

uoutput
EC,t Qoutput,min

EC,t ≤ Qoutput
EC,t ≤ uoutput

EC,t Qoutput,max
EC,t (24)

uinput
EC,t Qinput,min

EC,t ≤ Qinput
EC,t ≤ uinput

EC,t Qinput,max
EC,t (25)

(4) ES operation constraints

ESD includes ES, HS, CS, and GS. Energy storage capacity constraints should also be considered
when various types of energy storage equipment store or release energy. The specific constraints are as
follows:

Smin
ES,t ≤ SES,t ≤ Smax

ES,t (26)

uoutput
ES,t Qoutput,min

ES,t ≤ Qoutput
ES,t ≤ uoutput

ES,t Qoutput,max
ES,t (27)

uinput
ES,t Qinput,min

ES,t ≤ Qinput
ES,t ≤ uinput

ES,t Qinput,max
ES,t (28)

(5) System reserve constraints

MEGs are set to operate according to the “following thermal load” mode, so some electrical load
reserve capacity and cooling load reserve capacity need to be reserved. In addition, the randomness of
WPP and PV also requires MEGs to reserve certain capacity. The specific constraints are as follows:

gp,max
MEG,t − gp

MEG,t + goutput
PS,t +

[
Lp,a f ter

t − Lp,be f ore
t , 0

]+
+ ∆Lp,IB

t ≥ rpLp
t + rup

WPPgWPP,t + rup
PV gPV,t (29)

gp
MEG,t − gp,min

MEG,t + ginput
PS,t +

[
Lp,a f ter

t − Lp,be f ore
t , 0

]−
≥ rdn

WPPgWPP,t + rdn
PV gPV,t (30)
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gc,max
MEG,t − gc

MEG,t + goutput
CS,t +

[
Lc,a f ter

t − Lc,be f ore
t , 0

]+
≥ rcLc

t (31)

(6) Other operation constraints

An MEG also needs to consider the operation constraints of PBDR and IBDR, including maximum
output power constraints, start-stop time constraints, and uphill-downhill power constraints. CGT
operation also needs to consider start-stop time constraints. The specific constraints are described in
reference [10].

4. Risk Aversion Model of the Micro Energy Grid

To describe the uncertainty of the wind power plant (WPP), photovoltaic power generation (PV),
and load, the conditional value at risk (CVaR) method and robust stochastic optimization theory are
introduced to construct a risk aversion model for the micro energy grid in this section.

4.1. Uncertainty Factors Analysis

There are three uncertainty factors in the proposed MEG, which are gWPP,t, gPV,t, and Lt. Simulating
the uncertainty is the key to formulating an optimal dispatching strategy for the MEG. Generally
speaking, the load demand mainly consists of two parts: the forecast value and the forecast deviation.
Considering that the forecast deviation obeys a normal distribution, load demand can be calculated as
follows:

Lt = L f
t + ∆Le

t (32)

where if ∆Le
t obeys ∆Le

t ∼ [0, δ2
L,t], δ is the load forecast standard deviation, then the load demand

will obey Lt ∼ [L f
t , δ2

L,t]. In the proposed MEG, there are various flexible loads such as the electricity,
heating, cooling and gas, and energy storage equipment, which can cope with load uncertainty, so this
paper does not take the uncertainty of the load demand into account.

For WPP and PV, the uncertainty is mainly caused by the natural wind speed and photovoltaic
radiation intensity. Simulating the natural wind and photovoltaic radiation intensity is the key to
simulating uncertainty. Referring to [21], the Weibull and Beta distribution function can simulate the
wind speed and photovoltaic radiation intensity respectively, as follows:

f (v) =
ϕ

ϑ

( v
ϑ

)ϕ−1
e−(v/c)ϕ (33)

f (θ) =


Γ(ω)Γ(ψ)

Γ(ω) + Γ(ψ)
θω−1(1− θ)ψ−1, 0 ≤ θ ≤ 1,ω ≥ 0,ψ ≥ 0

0 , otherwise
(34)

This obtains the distribution function of the above uncertainty factors, which allows us to
analyze the uncertainty factors of the MEG. This paper uses the conditional risk at value method and
robust stochastic optimization theory to describe the uncertainty factors of the objective function and
constraints, respectively, and constructs the risk avoidance optimization model, which provides a basis
for decision makers who have different risk attitudes, so that they can properly formulate optimal
scheduling strategies.

4.2. Risk Aversion Optimal Model

The conditional value at risk method is used to represent the uncertainty factors of the objective
function in this paper. Compared with the traditional value at risk (VaR) method, it can represent a risk
distribution situation at the exterior of the confidence level, which is helpful to overcome the limitation
of VaR only being able to measure the risk under the confidence level but not at the tail. A detailed
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introduction of the CVaR method can be found in the author’s paper [22]. This paper constructs an
objective function with the CVaR method. The objective function is designed as follows:

Fβ(E,α) = α+
1

1− β

∫
y∈Rm

(L(E, y) − α)+p(y)dy (35)

where α indicates the threshold value of risk determination. β indicates the objective function
confidence of MEG operation. If Equation (37) achieves the minimum, it is the CVaR value. α
indicates the VaR value. L(E, y) = −R(E, y) indicates the loss function of MEG operation. ET =

[EMEG,t(1), EMEG,t(2), · · · , EMEG,t(T)] indicates the decision vector, and yT = [gWPP,t, gPV,t, Lt] indicates
the multivariate random vector. R(E, y) indicates the income function of MEG operation. According to
Equation (35), the risk caused by the uncertainty factor in the objective function can be described.

In order to describe the uncertainty factors in the constraints, the conventional constraints
need to be transformed into stochastic constraints. This paper used robust stochastic
optimization theory to set deviations of predicted power of WPP and PV as δWPP and δPV.
Correspondingly, gWPP,t and gPV,t will fluctuate in intervals [(1− δWPP,t) · gWPP,t, (1 + δWPP,t) · gWPP,t]

and [(1− δPV,t) · gPV,t, (1 + δPV,t) · gPV,t]. In order to facilitate analysis, RE was introduced to represent
WPP and PV, and δRE,t was introduced to represent δWPP,t and δPV,t, then the uncertainty force was
as follows:

−[gRE,t(1−ϕRE) ± eRE,t · gRE,t] = −[gWPP,t(1−ϕWPP) ± δWPP,t · gWPP,t] − [gPV,t(1−ϕPV) ± δPV,t · gPV,t] (36)

Further, since the WPP and PV uncertainty variables mainly appear in Equation (18), the system
net load demand is set to be Mt which can be calculated by Equation (37) as follows:

Mt = −
(
Le

t + ginput
ES,t + ginput

P2G,t + ginput
P2H,t + gc,input

P2C,t + ∆Lp,PB
t + ∆Lp,IB

t

)
− goutput

PS,t − goutput
P2G,t − gCGT,t (37)

Equation (17) can be rewritten according to Equations (38) and (39), as follows:

− [gRE,t(1−ϕRE) ± eRE,t · gRE,t] ≤Mt (38)

Referring to [23], for the flexibility of the stochastic model, auxiliary variables θRE,t(θ ≥ 0) and
the robust coefficient ΓRE,Γ ∈ [0, 1] were introduced to establish load supply and demand equilibrium
constraints based on robust stochastic optimization theory, as follows:

− (gRE,t + δRE,tgRE,t) ≤ −gRE,t + ΓREδRE,t
∣∣∣gRE,t

∣∣∣ ≤ −gRE,t + δRE,tθRE,t ≤Mt (39)

Finally, according to the objective function in Equation (35), combined with the constraints of
Equations (40) and (19)–(31), a risk aversion optimization model with the CVAR method and robust
stochastic optimization theory could be established. The specific model is as follows:

minFβ(G,α) = α+ 1
N(1−β)

N∑
k=1

zk

s.t.



Eq.(19) − Eq.(31)
Eq.(37) − Eq.(39)
zk = L(E, y) − α
zk ≥ 0
other constriants

(40)
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5. Example Analyses

This paper chose the Xinxiang Active Distribution Network Demonstration Project in Jining,
China as the example object to analyze the validity and applicability of the proposed model.

5.1. Basic Data

The Xinxiang Active Distribution Network Demonstration Project includes 1000 kW PV, 800 kW
WPP, and 2000 kW CGT. The cost parameters of CGT operation were selected according to reference [21].
In order to facilitate the model solution, the CGT operation cost function was divided into two stages,
and the slope coefficients were 0.55 ¥/kW and 0.15 ¥/kW, respectively. In order to meet the demand of
the multi-energy load of electricity, heat and cold, the demonstration project was equipped with P2H
1500 kW, P2C 1000 kW, H2C 1500 kW, and P2G 150 kW. The maximum energy storage and release
power of PS and HS in this demonstration project was 200 kW and 300 kW, the storage capacity was
1000 kW h, the maximum energy storage and release power under CS was 300 kW, and the energy
storage capacity was 1000 kW/h. In addition, the demonstration project was equipped with a 500 m3

gas storage tank, and the maximum gas storage and supply power were both 150 kW. The energy
efficiency of the different energy equipment was 96%. Considering that CGT operation can generate
carbon emissions, this paper took 85% of the total carbon emissions from MEG operation as the MTEA,
and chose a different energy load demand and real-time price of a typical load day as the basic data
of the energy supply. Figure 3 is the electricity, heating, cooling, and gas load demand on a typical
load day.Processes 2019, 7, x FOR PEER REVIEW 12 of 25 
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Figure 3. Electricity, heating, cooling, and gas load demand and real-time price on a typical load day.

Considering that EP, EC, ES and other energy equipment are dispatched and operated by the same
entity, the WPP, PV, and CGT power generation price were 0.54 ¥/kW·h and 0.83 ¥/kW·h. The CGT
power supply price and heating supply price were 0.35 ¥/kW·h and 0.25 ¥/kW·h. To promote the
interconnection of WPP and PV, the EC electricity consumption price was set to 0.25 ¥/kW·h, and
the EC heating consumption price was set to 0.2 ¥/kW·h when converting energy. The electricity,
heating and cooling prices provided by the demonstration project were executed at real-time prices
of different energy markets, as shown in Figure 3. To analyze the influence of uncertainty, the WPP
and PV parameters were set according to reference [10], and 10 typical WPP and PV output scenarios
were generated by scenario simulation and the reduction method proposed in reference [19]. The most
possible scenario was chosen as the input data, and the prediction deviation was set to 2%. Figure 4 is
the available output of WPP and PV on a typical day.
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Figure 4. Available output of WPP and PV on a typical day. WPP: wind power plant; PV: photovoltaic
power generation.

Thirdly, the model proposed in this paper includes 12 variables (four for production equipment,
four for conversion equipment, and four for storage equipment), each of which includes 24 dimensions
(24 h per scheduling period). To study the feasibility of CvaR and robust stochastic optimization theory
in controlling WPP and PV uncertainty, confidence β and the robust coefficient Γ were both set to 0.8,
and three simulation scenarios were compared for analysis:

• Case 1: Basic scenario, scheduling of the MEG without uncertainty. This scenario does not take
the uncertainty of WPP and PV into account. It analyzes the operation character of different
compositions of the MEG and focuses on the complementary effects among them.

• Case 2: scenario with CVaR, dispatching of the MEG with the CVaR method. The scenario
focuses on WPP and PV output uncertainty. CVaR is applied to change the objective function.
By comparing and analyzing the scheduling result of MEG operation under different values of
confidence β, the effectiveness of CVaR in dealing with the uncertainty of WPP and PV is verified.

• Case 3: Comprehensive scenario, dispatching of MEG with the CVaR-robust method. The scenario
constructs stochastic constraints using robust stochastic optimization theory, and discusses the
MEG dispatching optimal strategy with different robustness and prediction accuracy values, and
analyzes the validity of the CVaR-robust method.

Finally, in order to analyze the optimal effect of the demand response of MEG operation, peak, flat,
and valley periods of different load types of electricity, heating, and cooling were divided according
to reference [21], and corresponding time-of-use (TOU) prices were set. Among them, the peak
period price increased by 25%, the valley period price decreased by 25%, and the flat period price
remained unchanged. The price elasticity of electricity, heating, and cooling was selected according to
reference [21]. For the incentive demand response, the up-rotating reserve price and the down-rotating
reserve price of the electricity, heating and cooling reserve markets were 0.85 ¥/kW·h and 0.25 ¥/kW·h,
0.55 ¥/kW·h and 0.15 ¥/kW·h, and 0.45 ¥/kW·h and 0.15 ¥/kW·h, respectively. To avoid an excessive
response of PBDR and IBDR, which would result in a “peak-to-valley upside down” phenomenon
of the load curve, the total output of PBDR and IBDR should not exceed 10%, and the output power
should not exceed 100 kW.

According to the above basic data, this paper used GAMs software to call CPLEX11.0 solver
to solve the proposed model. The time for solving the above three simulation scenarios was less
than 20 s by using the Lenovo IdeaPad 450 series notebook computers with 4 GB RAM and a Core
T6500 processor.
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5.2. Example Results

5.2.1. Scheduling Results of Case 1

This scenario did not take the uncertainty effects of WPP and PV into account when analyzing
the complementary effect among different energy components. The main optimization objectives of
this scenario include maximizing the operational benefits and minimizing carbon emissions. Under
the mode of following thermal load, the heating and cooling load are mainly satisfied by CGT, while
the residual heating and cooling load are mainly satisfied by excess electricity through P2H and P2C.
Table 1 shows the scheduling results of the micro energy grid of Case 1.

Table 1. Scheduling results of the micro energy grid of Case 1.

Energy Production/kW·h Energy Conversion/kW·h

WPP PV
Conventional

gas turbine
(CGT)

Power-to-heat
(P2H)

Power-to-gas
(P2G)

Power-to-cooling
(P2C)

Heat-to-cooling
(H2C)

Power 10,731 7027 35,674 −1967 −2623 −14,649 -
Heating - - 57,600 1869 - - −10,724
Cooling - - - - - 43,946 14,477

Energy Storage/kW·h Gas storage
tank (GST)

Revenue/¥ Carbon/ton CVaR/¥
Power
storage

(PS)

Heat
storage

(HS)

Cooling
storage (CS)

Power ±2400 - - 1129 14,882.59 1.95 -
Heating - ±2400 - - 21,474.53 2.45 -
Cooling - - ±3600 - 11,180.93 - -

According to Table 1, if uncertainty risks are not considered, more WPP and PV will be scheduled
to satisfy the electricity load, and the remaining power will be converted into heating and cooling
through P2H and P2C. Since the unit electricity energy can convert more cooling energy and obtain
higher energy supply benefits, 14,649 kW·h electricity energy is converted into cooling energy. Since the
cooling load is mainly converted by P2C and H2C, and there is no direct supply of cooling source, and
the scheduled power of CS is higher than PS and HS at ±3600 kW. P2G can realize the cascade supply
of electricity–gas–heating–cooling to obtain higher economic benefits by converting electricity energy
into CH4, which will supply electricity and heating in CGT. Through the complementary operation
of EP, EC, ES and other different energy components, the MEG can realize the coordinated supply of
electricity, heating, and cooling, and the economic benefit of the MEG is 47,538.05¥. However, CGT and
utility power grid (UPG) also generate 4.4 tons of carbon emissions. Figure 5 is the output distribution
of the micro energy grid of Case 1.

According to Figure 5, the output distribution of micro energy grid at different times was analyzed.
As far as electricity load is concerned, it was mainly satisfied by WPP, PV, and CGT, and PS stored
electricity during valley times and released electricity during peak times. At the same time, since
CGT operates in the mode of following thermal load, the MEG needed to buy electricity from UPG
during peak times to satisfy the balance of power supply and demand. As far as heating load is
concerned, CGT was the main source of heating, and the residual heating load is satisfied by P2H. HS
stored heating during valley times and released heating during peak times. To satisfy the demand of
cooling load, part of the heating entered H2C. As far as cooling load is concerned, P2C is the main
source of cooling. This is because the unit electricity energy can be converted into more cooling energy.
CS mainly stored cooling during valley times and released cooling during peak times. Through the
coordinated operation of different energy components, the MEG was able to realize the optimal supply
of electricity, heating, cooling, and other loads.
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5.2.2. Scheduling Results of Case 2

This scenario analyzed the feasibility of the CVaR method when describing the uncertainty of
WPP and PV. The CVaR method can transform the objective function using uncertain variables and
construct the minimum risk objective function. Compared with Case 1, this scenario mainly considered
three objective functions, which are maximizing economic benefits, minimizing operational risks, and
minimizing carbon emissions, in order to discuss the MEG’s optimal scheduling scheme. Table 2 shows
the dispatching results of the micro energy grid of Case 2.

Table 2. Dispatching results of the micro energy grid of Case 2.

Energy Production/kW·h Energy Storage/kW·h
GST

WPP PV CGT PS HS CS

Power 10,166 6657 35,674 ±2400 - - 814
Heating - - 57,600 - ±2400 - -
Cooling - - - - - ±3600 -

Energy Conversion/kW·h
Revenue/¥ Carbon/ton CVaR/¥

P2H P2G P2C H2C

Power −2231 −1223 −14,536 - 14,268.502 2.25 9702.581
Heating 2091 - - −10,947 21,555.33 2.68 9268.792
Cooling - - 43,607 14,778 11,324.708 - 3284.165

According to Table 2, the MEG scheduling results, considering uncertainty, were analyzed. When
considering uncertainty, the MEG will reduce dispatching of WPP and PV and increase electricity
bought from UPG to reduce uncertainty risk. Compared with Case 1, the WPP and PV grid-connected
power were reduced by 585 kW·h and 370 kW·h, respectively, and the power provided by UPG
increased by 848 kW·h, resulting in an increase of 0.53 tons of carbon emissions. When the CGT
operates in the mode of following thermal load, the remaining power of WPP and PV is converted
into heating to obtain more economic benefits. Overall, if taking the uncertainty of WPP and PV
into account, MEG tends to buy electricity from UPG to avoid risk, and the remaining electricity is
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converted into heating to realize the coordinated supply of electricity, heating, and cooling, which
brings about a lower risk value to MEG operation than electricity energy. Further, this case analyzed
the MEG output scheme considering uncertainty. Figure 6 is the output distribution of the micro
energy grid of Case 2.
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Figure 6. Output distribution of the micro energy grid of Case 2. Figure 6. Output distribution of the micro energy grid of Case 2.

According to Figure 6, the MEG output distribution considering uncertainty was analyzed. When
considering the uncertainty, the grid-connected power of WPP and PV decreased. At the same time,
less power entered into P2G, which led to a decrease in GST power generation output, but the power
supplied by UPG during peak times was significantly improved. From the perspective of different
loads, since the surplus electricity is converted into heating, the heating energy provided by P2H
increases, but the cooling load supply structure remains basically unchanged. This shows that when
uncertainty is considered, the power output structure will change greatly, while the heating source and
cooling source output structure will change relatively little. Further, the MEG scheduling results under
different confidence levels were analyzed.

According to Table 3, it can be seen that as the increase of the confidence in grid-connected
power of WPP and PV decreases, the power supply of UPG increases gradually. Correspondingly, the
objective function values increase. This shows that benefits and risks are concomitant. If the decision
makers expect to obtain high environmental and economic benefits, they have to bear more operational
risks. On the contrary, if decision makers pursue the safe and steady operation of the MEG, they have
to sacrifice some of the potential economic benefits. In general, CVaR can describe uncertainty, and
provide a basis for decision makers who have different risk attitudes by setting a confidence level to
establish the optimal scheduling strategy of the MEG.
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Table 3. Scheduling results of the micro energy grid under different confidence levels.

WPP PV
CGT

UPG Revenue/¥ Carbon/ton CVaR/¥
Power Heating

0 10,731.2 7027.15 35,673.6 57,600 ±1647.83 47,538.051 4.4 0
0.5 10,668.26 6998.85 35,673.6 57,600 ±1745.25 47,493.781 4.46 6152.16
0.6 10,542.38 6942.25 35,673.6 57,600 ±1945.24 47,405.24 4.58 18,456.48
0.7 10,354.39 6799.776 35,673.6 57,600 ±2207.525 47,276.89 4.755 20,356.01
0.8 10,166 6657 35,673.6 57,600 ±2469.81 47,148.54 4.93 22,255.54
0.9 10,026.13 6377.767 35,673.6 57,600 ±2685.12 46,391.147 5.26 23,729.51
1.0 9956 6238 35,673.6 57,600 ±2845.85 46,012.45 5.43 24,466.5

5.2.3. Scheduling Results of Case 3

This scenario analyzed the validity of robust stochastic optimization theory in controlling uncertain
variables of constraints. Compared with scenario 2, this scenario introduced both the CVaR method
and robust stochastic optimization theory, which further strengthened the constraints on uncertainty.
In order to avoid WPP and PV uncertainty risks, the MEG reduced scheduling of WPP and PV.
The output of WPP and PV decreased to 9602 kW·h and 6287 kW·h, respectively. Correspondingly, the
MEG operating income also reduced. Table 4 shows the dispatching results of the micro energy grid of
Case 3.

Table 4. Scheduling results of micro energy grid of Case 3.

Energy Production/kW·h Energy Storage/kW·h
GST

WPP PV CGT PS HS CS

Power 9602 6287 35,674 ±2400 - - 153
Heating - - 57,600 - ±2400 - -
Cooling - - - - - ±3300 -

Energy Conversion/kW·h
Revenue/¥ Carbon/ton CVaR/¥

P2H P2G P2C H2C

Power −73 −230 −16,091 - 13,398.987 2.47 8709.342
Heating 70 - - −7586 21,464.787 2.83 9229.858
Cooling - - 48,273 10,241 11,581.694 - 4053.593

Furthermore, the output distribution of the micro energy grid at different times was analyzed.
Compared with Figure 5, when considering robust stochastic optimization theory, the WPP and PV
uncertain variables in the constraints could be described. The corresponding output power of WPP
and PV decreased, especially during peak times. The MEG will buy more power from UPG, thus
reducing operational risks. Because part of WPP and PV are converted into heating, which creates
uncertainty in the heating load supply, the MEG will buy some energy from UHG and UCG to realize a
reliable supply of heating and cooling, to reduce the risk to the heating and cooling supply. This means
that the introduction of the CVaR method and robust stochastic optimization theory can control the
energy supply risk of electricity, heating and cooling loads simultaneously, and take into account both
operational benefits and risks, to achieve the optimal safe and steady operation of the MEG. Figure 7 is
the output distribution of the micro energy grid of Case 3.
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In addition, to study the applicable space of the risk aversion model, a sensitivity analysis of
the robustness coefficient and confidence was carried out. It can be seen that when 0.7 < Γ ≤ 0.95,
the increase of β will result in a larger improvement of CVaR, which means that the MEG operation
scheme will change when considering WPP and PV uncertainty. When Γ ≤ 0.7, the increase of β will
result in a lower increase of CVaR. The decision makers will pay attention to the operation benefits and
risks of the MEG at the same time, so the operation of the MEG is relatively steady, but the overall
CVaR value will increase with the increase of Γ. When Γ ≥ 0.95, the increase of β will bring a great
increase of CVaR. In this case, the decision makers are extremely risk averse. A smaller uncertainty
will bring greater operational risk. Figure 8 is the analysis result of the MEG operational risk under
different robustness coefficients and confidence levels.
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In general, the CVaR method and robust optimization theory can better describe the uncertain risk
of MEG operation. To realize the optimal operation of the MEG, decision makers should set reasonable
confidence and robustness coefficients, considering the operational risks and benefits of the MEG at
the same time.
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5.3. Results Analysis

According to the above three scenarios, the impact of demand response and MTEA on MEG
operation is further analyzed to establish external key factors of MEG operation.

(1) DR optimization effect analysis
DR includes two response modes: PBDR and IBDR. PBDR indirectly leads terminal users to use

energy reasonably by implementing a differentiated time-of-use price. IBDR directly controls the
terminal users’ load by signing a pre-agreement with them. Figure 9 is the load curve of power, heating
and cooling before and after PBDR.
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Figure 9. Load curve of power, heating and cooling after demand response (DR). PBDR: price-based
demand response; IBDR: incentive-based demand response.

Compared with original load curve, the maximum load of peak time after PBDR decreases, and
the minimum load of valley time increases. The maximum load reduction effect after IBDR is stronger
than that of PBDR, but the valley load enhancement effect is weaker than that of PBDR. At the same
time, after the application of PBDR and IBDR, the peak load decreases more, the valley load increases
more, and the load curve becomes smoother. Table 5 shows the dispatching results of the micro energy
grid before and after PBDR.

Table 5. Dispatching results of the micro energy grid before and after PBDR.

PBDR WPP PV
CGT Energy Storage/kW·h

Power Heating PS HS CS

Before 9602 6287 35,674 57,600 ±2400 ±1800 ±3000
After 10,167 6657 35,674 57,600 ±1800 ±2400 ±3600

PBDR GST
IBDR

Revenue/¥ Carbon/ton CVaR/¥
Power Heating Cooling

Before 153 - - - 46,445 5.30 21,993

After 86 ±1200 ±1000 ±1200 50,935 4.60 22,189

According to Table 5, if PBDR is considered, the WPP and PV grid-connected power are increased
by 565 kW·h and 370 kW·h, respectively. As the load curve becomes smoother, the output of PS, HS,
and CS decreases, indicating that the peak load regulation demand of the MEG for WPP and PV
decreases. Similarly, after PBDR, the load in the valley period increases and the convertible power of
P2G decreases. From the operational objective function, the economic benefits, carbon emissions and
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CVaR values of MEG operation after PBDR are all optimized. Further, the output distribution of MEG
at different times after PBDR was analyzed. Figure 10 is the output distribution of the micro energy
grid after PBDR.
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According to Figure 10, the output distribution of the MEG at different times was analyzed.
Due to PBDR the load curve became smoother, and the WPP grid-connected power increased in the
valley period. The PV grid-connected power increased in the peak period because IBDR can provide a
peak-shaving service. In terms of power load, the power supply structure was cleaner and lower in
carbon due to the increased power generation of WPP and PV. In terms of heating and cooling load,
the smoother load curves reduced peak-shaving demand, make full use of IBDR, which can provide a
peak-shaving service, which optimizes the meeting efficiency of the heating load and cooling load.
In general, PBDR can optimize the output structure of the MEG and improve the operational efficiency
of the MEG.

(2) MTEA sensitivity analysis
For the MEG, the main carbon emission sources include CGT and UPG. Therefore, the setting of

MTEA will directly affect the power supply of CGT and UPG to the MEG. Therefore, this section outlines
the sensitivity analysis we carried out on MTEA to construct the optimal dispatching strategies with
different MTEAs. Table 6 shows the dispatching results of the micro energy grid with different META.

Table 6. Scheduling results of the micro energy grid under different META.

META WPP PV
IBDR ES Carbon

Emission/ton
Revenue/103¥ CVaR/103¥

Power Heating Cooling Power Heating Cooling

60% 11,258 7045 ±1600 ±1300 ±1500 ±2400 ±3000 ±3900 55,688.93 3.45 27,854

70% 11,085 6842 ±1400 ±1200 ±1300 ±1800 ±3000 ±3900 53,554.51 4.03 25,358.86

80% 10,167 6657 ±1200 ±1000 ±1200 ±1800 ±2400 ±3600 50,935 4.60 22,189

90% 9650 6245 ±1100 ±800 ±900 ±1800 ±1800 ±3000 47,539.33 5.18 19,723.56

100% 9325 6018 ±900 ±700 ±900 ±1200 ±1800 ±3000 44,822.8 5.75 17,751.2



Processes 2019, 7, 916 20 of 24

According to Table 6, with the increase of META, the power generation of WPP and PV gradually
decreased. This is because the MEG is more inclined to buy power from UPG to avoid uncertain risks.
It also reduces ES and IBDR output, meaning that the demand of the MEG for reserve services is
reduced. When META is small, the carbon emissions of CGT and UPG power generation will reduce
their power generation advantages, while more WPP and PV are scheduled to satisfy the load demand.
Generally speaking, a reasonable META needs to be set to enhance WPP and PV grid-connected space
and realize the optimal operation of the MEG as a whole.

6. Conclusions

In order to improve the sustainable development of distributed energy such as wind and solar,
this paper emphasized optimization of the operation of the micro energy grid aggregated by multiple
distributed energy sources. Because of the strong uncertainty of WPP and PV, the CVaR method and
robust stochastic optimization theory were applied to describe the uncertainty of the objective function
and constraints, and a risk aversion dispatching model of the micro energy grid considering the
demand response and maximum total emission allowance was constructed. Finally, this paper selected
the Xinxiang Active Distribution Network Demonstration Project in Jining, China as an example.
The following conclusions were reached:

(1) The micro energy grid can make the most use of the complementary characters of different
energy, such as WPP, PV, and CGT, and can make use of a variety of EC equipment (P2H, P2C, H2C,
P2G) and ES equipment (PS, HS, CS, GS) to achieve optimal satisfaction with various loads types,
such as electricity, heating, cooling and gas. On the one hand, clean energy has both environmental
and economic characteristics, which can improve the economic and environmental benefits of MEG
operation. On the other hand, the cooperative operation of various EC and ES can effectively handle
the strong uncertainty.

(2) The proposed risk aversion dispatching optimization model with the CVaR method and robust
stochastic optimization theory can describe the impact of uncertain variables in objective function
and constraints, and provide a basis for decision makers who have different attitudes. When Γ ≤ 0.7,
β increases and results in a lower increase of CVaR, and decision makers are operating in risk-free
conditions. When 0.7 < Γ ≤ 0.95, β increases and results in a larger increase, the decision makers are
risk-averse. When Γ ≥ 0.95, β increases and results in a lower increase, and the decision maker becomes
extremely risk averse. Thus, it is possible to formulate the optimal scheduling strategy for decision
makers who have different attitudes by setting reasonable confidence and robustness coefficients.

(3) DR can smooth the energy load curve of electricity, heating, cooling, and gas. MTEA can
enhance the market competitiveness of the clean energy market, thus promoting grid-connected power
of clean energy, such as WPP and PV, and optimizing the multi-energy supply structure of the MEG.
On the one hand, PBDR has a better “valley filling” effect, and IBDR has a better “peak cutting” effect.
The synergistic operation of the two can maximize the “peak cutting and valley filling” effect. On the
other hand, MTEA determines the supply space of CGT and UPG. When MTEA is low, the MEG
gives priority to WPP and PV to satisfy the load demand, which will meet the maximum carbon
emission constraint.
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Nomenclature

Abbreviation
MEG micro energy grid
MTEA maximum total carbon emission allowance
WPP wind power plant
PV photovoltaic power generation
CGT conventional gas turbine
P2G power-to-gas
P2C power to cooling
P2H power to heating
H2C heating to cooling
GS gas storage tank
PS power storage battery
HS heat storage tank
CS cold storage tank
DR demand response
PBDR price-based demand response
IBDR incentive-based demand response
EP energy production
EC energy conversion
ES energy storage
FET following electric load
FTL following thermal load
Set
t, s index for time
k index for energy type
j index for step
Parameter
gR rated power of WPP
vin cut-in speed
vR rated speed
vout cut-out speed
ηPV conversion productivity
SPV receiving light of PV
Hng natural gas calorific value
ηCGT,t operation efficiency of CGT at time t
θt radiation intensity at time t
vt real-time speed at time t
Lbe f ore

t initial load before PBDR. at time t
η

output
EC(S)

energy use efficiency of EC and ES

η
input
EC(S)

energy supply efficiency of EC and ES

ηloss
t loss rate of ES at time t

Variables
gCGT,t power supply of CGT at time t
QCGT,t heating supply of CGT at time t
VCGT,t gas consumption at time t
QP2C,t cooling power produced by P2C at time t
QP2H,t heating power from P2H at time t
QH2C,t cooling power from H2C at time t
gP2C,t electricity consumption of P2C at time t
gP2H,t electricity consumption of P2H at time t
gH2C,t heating consumption of H2C at time t
SES,t energy storage of ES at time t

ESinput
t Input power of ES at time t

ESoutput
t output power of ES at time t

∆Pt price variable after PBDR at time s
∆Ls load variable after PBDR at time s
∆Lk,IB

t output power of energy k provided by IBDR at time t
REP,t operation revenue of EP at time t
REC,t operation revenue of EC at time t
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RES,t operation revenue of ES at time t
RDR,t operation revenue of DR at time t
RCarbon,t carbon trading revenue at time t

C f uel
CGT,t fuel consumption cost of CGT at time t

Csd
CGT,t start-stop cost of CGT at time t

uCGT,t start-up and shut-down state variable at time t
gCGT,t power output of CGT at time t
QCGT,t heating output of CGT at time t
µu

CGT,t start-up state variable of CGT at time t
∆g−CGT downhill power limits of CGT
∆g+CGT uphill power limits of CGT
uCGT operating status of the CGT
uoutput

EC,t state variables of EC outputting energy at time t
∆Lc

t load forecast deviation at time t
Mt system net load demand
Dk, j,max

i Dk, j,max
i maximum output of DRP i in step j providing energy k

Dk, j,min
i minimum response output of DRP i in step j providing energy k

∆Lk, j
i,t actual load reduction value of energy k that DRP i provides in j step at time t

Dk, j
i,t available load reduction value of energy k that DRP i can provides in step j at time t

θe
h electric-thermal conversion coefficient of CGT

a, b, c power supply cost coefficient of CGT
Pbe f ore

t energy price before PBDR at time t
Pa f ter

t energy price after PBDR at time t
aCGT , bCGT , cCGT carbon emission coefficient of the CGT
cmin, cmax value of c with the minimum and maximum output power
Qmax

CGT maximum heating power of CGT
Qmin

CGT heating supply power of the turbine when electricity power supply of CGT is minimum
gmin

CGT , gmax
CGT maximum and minimum power generation of CGT under pure condensation

Vmin
P2G,t, Vmax

P2G,t minimum and maximum gas production power of P2G

Qoutput,min
EC,t ,Qoutput,max

EC,t upper and lower limits of EC energy supply

Qinput,min
EC,t ,

eQinput,max
EC,t

upper and lower limits of EC energy consumption

Smin
ES,t, Smax

ES,t minimum and maximum energy storage of ES at time t

goutput,min
ES,t ,

goutput,max
ES,t

minimum and maximum of ES energy supply at time t

Qinput,min
ES,t ,

Qinput,max
ES,t

minimum and maximum limits of ES energy consumption at time t

re, rc up-rotating reserve coefficients of electricity and cooling load
rup

WPP, rup
PV up-rotating reserve coefficients of WPP and PV

rdn
WPP, rdn

PV down-rotating reserve coefficients of WPP and PV
gp,max

MEG,t,g
p,min
MEG,t maximum and minimum power supply at time t

Eϕ, ϑ shape and scale parameter
ω, ψ shape parameters of the Beta distribution
ηhr heat recovery efficiency
ϕP2C energy conversion efficiency of P2C,
ηloss capacity loss rate
ϕP2H energy conversion efficiency of P2H
ϕH2C energy conversion efficiency of H2C
η

input
ES energy storage efficiency
η

output
ES energy release efficiency

Est energy demand price elasticity matrix
g∗PV,t maximum output power of PV at time t
g∗WPP,t available power of WPP at time t
µd

CGT,s shut-down state variable of CGT at time s
Cu

CGT,t start-up cost at time t
Cd

CGT,s+1 hut-down cost of CGT at time s + 1
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Qoutput
EC(S),t

output energy of EC and ES at time t

Qinput
EC(S),t

input energy of EC and ES at time t

Poutput
EC(S)

energy use price of EC and ES

Pinput
EC(S)

energy supply price of EC and ES

La f ter
t energy demand after PBDR at time t

∆Lk,shortage
t shortage of energy k at time t

pk,IB
t energy supply price of IBDR at time t

pk
t real-time energy supply price of energy k at time t

QMETA,t Maximum MTEA at time t
PCarbon,t carbon market transaction price at time t
gUPG,t energy of MEG bought from the upper power grid at time t
QUHG,t energy of MEG bought from the upper heating grid at time t
QUCG,t energy of MEG bought from the upper cooling grid at time t

ginput
P2G,t power consumption of P2G at time t

goutput
P2G,t power generation of P2G at time t

ginput
P2H,t power consumption of P2H at time t

gc,input
P2C,t power consumption of P2C at time t

∆Lp,PB
t power generation output provided by PBDR at time t

∆Lp,IB
t power generation output provided by IBDR at time t

Qoutput
P2H,t heating power of H2C at time t

Qinput
HS,t heating storage of HS at time t

Qoutput
HS,t heating release of HS at time t

Qinput
H2C,t consumption of heating of H2C at time t

∆Lh,PB
t heating output power provided by PBDR at time t

∆Lh,IB
t heating output power provided by IBDR at time t

Qoutput
P2C,t cooling output of P2C at time t

Qoutput
H2C,t cooling output of H2C at time t

Qinput
CS,t cooling storage of CS at time t

Qoutput
CS,t cooling release of CS at time t

∆Lc,PB
t cooling output power provided by PBDR at time t

∆Lc,IB
t cooling output power provided by IBDR at time t

uinput
EC,t state variables of EC inputting energy at time t

uoutput
ES,t state variables of ES outputting energy at time t

uinput
ES,t state variables of ES inputting energy at time t

gMEG,t electric power of MEG at time t

L f
t load demand forecast value at time t
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