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Abstract: With the increasing penetration rate of renewable energy generation, the uncertainty of
renewable energy output in microgrid cluster (MGC) leads to significant fluctuations in transaction
volume, which may lead to the risk of transaction default. This paper proposes a day-ahead two layer
trading model for microgrid cluster based on price trading mechanism and Conditional value-at-risk
(CVaR) theory. Firstly, the upper-layer establishes an objective to minimize the overall power fluctuation
of the microgrid cluster using Demand response (DR) with a penalty mechanism. The microgrid cluster
adopts an internal pricing mechanism and adjusts transaction prices based on internal supply-demand
conditions to guide microgrids” participation in intracluster trading, thereby encouraging the microgrid
to use the flexible resources to reduce power fluctuation. Secondly, the lower-layer optimization
establishes an optimization model with the objective of minimizing the comprehensive operating cost of
the microgrid cluster. The model employs backward scenario reduction techniques to obtain multiple
sets of typical scenarios for renewable energy generation, and the CVaR theory is introduced to quantify
the potential risk of transaction default. Finally, the effectiveness of the proposed models is verified
through case studies considering various application scenarios.

Keywords: microgrid cluster; Conditional value-at-risk; pricing mechanism; trading mechanism;

uncertainty

1. Introduction

The depletion of traditional fossil fuels and the energy crisis have become significant
issues in economic and social development [1-3]. New energy sources, characterized by
their cleanliness and sustainability, are playing an increasingly important role in construct-
ing a new power system primarily based on renewable energy [4]. Currently, microgrid
clusters dominated by new energy sources have become essential means to achieve the
dual carbon goals and can be used to improve the local utilization rate of new energy and
enhance the economic efficiency of electricity consumption [5,6]. However, the uncertainty
of new energy generation in microgrid clusters not only affects the electricity exchange
among microgrids but also complicates the pricing of the electricity energy, which will
introduce economic risks to the operation of microgrid clusters. From a socioeconomic
viewpoint, it is of great significance to study the pricing mechanism and trading strategies
of microgrid clusters by considering the interests of all parties and quantifying the economic
risks brought about by the uncertainty of new energy generation [7].

At present, there are some studies on pricing mechanisms and trading strategy internal
microgrid cluster systems (MGCSs). Reference [8] proposed an optimization scheduling
model which encourages microgrids (MGs) to take part in transaction and cooperation
by taking the price as an incentive factor, and as a result, this method can achieve flexible
interaction among different stakeholders and improve the overall economic benefits. Refer-
ence [9] proposed a multi-time scale optimal scheduling strategy for microgrids considering
the uncertainty of source and load. Reference [10] proposed a demand response energy
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sharing model based on price, which achieves regional energy sharing while ensuring
the privacy of each MG and improving the economic benefits of all parties. All the above
references propose to use different pricing mechanisms to realize transactions among multi-
microgrids in the MGC, and do not consider the potential risks and economic losses caused
by the uncertainty of new energy output. Therefore, it is necessary to consider the impact
of the uncertainty of new energy output on the operation of MGCSs.

To deal with the impact of the uncertainty in new energy generation, reference [11]
proposed a mathematical model with a transactive energy structure for the MGC to manage
energy exchange between MGs, and the chance-constrained programming method was
used to evaluate the efficiency of the proposed model with sixteen commercial microgrids.
Reference [12] studied a new fast scenario reduction method based on conditional scenarios
(CSs); multiple scenarios were generated and then the scenario reduction techniques
were used to obtain the typical scenario. This method also can be used to analyze the
uncertain outputs of wind power (WT), photovoltaics (PV), and loads. Reference [13]
proposed an economic optimization scheduling model based on stochastic programming,
increasing the local utilization rate of new energy, and the stochastic programming was
also studied in reference [14]. Reference [15] proposed a day-ahead optimal bidding
strategy for a microgrid that considered the renewable distributed power generation
(RDG) uncertainties, and the result showed that the impact of imbalance costs on the
day-ahead bidding strategy considering source-load uncertainty can enhance the system’s
risk avoidance capability. But, the above studies only considered the impact of uncertainty
on microgrid operation and did not give methods regarding how to quantify the potential
risks arising from the uncertainties. Reference [16] introduced an approach that uses CVaR
to quantify the economic and security risk, in which a fuzzy model is used to estimate
the amount of excess energy from renewable sources, namely, surplus energy. Then, the
resulting risk-controllable stochastic optimization model is transformed and solved by
quadratic programming. Reference [17] employed a cost risk objective function based on
CVaR to optimize robustness and economy of system operation with both PV and WT.
CVaR was also used in reference [18,19] to measure risk in planning the next day’s energy
management regarding energy retail price. Reference [20] combined user satisfaction
with electricity consumption and quantified the uncertainties with CVaR in a two-stage
multiobjective optimization model in an integrated energy system (IES). Reference [21]
established an economic scheduling model for collaborative game among multiple MGs
based on CVaR. However, the aforementioned references just considered the economic
risks on the uncertainties in MG and did not consider the effects of the trading mechanism.

In summary, this paper proposes a two-layer day-ahead trading mechanism for micro-
grid clusters that quantifies potential economic risks using CVaR theory. The upper-layer
microgrid cluster operator (MGCO) establishes a dynamic trading price model based on
the reported trading volumes of microgrids, incorporating supply—demand dynamics.
The demand response mechanism is utilized to reduce peak-to-valley differences in the mi-
crogrid cluster, thereby improving system stability and economic efficiency. The lower-level
microgrids transform the economic losses into risk costs using CVaR theory and introduce
them into the cost model to reduce economic risks during microgrid operation. Finally, the
effectiveness of the proposed model is verified through comparative analysis of operating
results under different scenarios.

2. Trading Framework of Microgrid Cluster
2.1. Optimization Framework of Microgrid Cluster

The schematic diagram for system architecture of a microgrid cluster is illustrated
in Figure 1 and consists of three microgrids and a microgrid cluster operator (MGCO).
Each MG is equipped with an energy storage system (ESS), a wind turbine (WT), and
photovoltaic (PV) load. Every MG is equipped with an independent energy management
system, which is responsible for managing the economic operation of energy storage, new
energy, and load within the microgrid. It can report power demand information to the
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MGCO and achieve information exchange with the MGCO. The MGs are also connected to
the distribution grid which means that they have the option to engage in transactions with
the distribution grid when the intracluster electricity price is unreasonable. The modeling
formula on the right side of Figure 1 illustrates the optimization model of the upper layer
MGCO and lower layer MG; the MGCO uses the minimum trading power fluctuation
in the cluster as the objective function, and the MG uses the minimum operating cost
as the objective function. The MGCO serves as the energy trading center, responsible
for determining the intraelectricity price based on the transaction agreements. MGCO
introduces penalty mechanisms related to trading volume fluctuations to ensure that each
microgrid reports electricity consumption as accurately as possible. The lower-layer MG
uses CVaR to quantify uncertainty to achieve reasonable energy dispatch and achieve
economic operation.

Upper-level MGCO optimization model

Minimum of trading power fluctuation for MGCO
min AP = max(B,' — P") - min(B> — P*)

Transaction power Economic compensation
fluctuation of an MG to regulate the purchase
, , ; | and sale behavior
AP[’"ade :| Pi’rb B Pi'b || W, = Pl Coonn + E‘f\ipcup
t t
+ ‘ P i,18 - P

i.s | | W:iW'
J_ W<W,,

Punishment mechanism to ensure the transaction
enthusiasm for MG

{C.’ =0 AP . < AP

i,punish i,trade max

C/ =c AP AP' . = AP

i,punish punish itrade itrade max

Lower-level MG optimization model

minimize its operational cost through scheduling
internal generation sources and load in MG

S :[fl’fz’wfm]

mlnf; = Ci,ES + Ci,b - Ci,s + Ci,CVaR + Ci,cut + Ci,sc
T T
Cigs = ZCES (Rta.h + Pifdch )AL Co= Zli',bebAt
t=1 t=1
r P p T
C = C, ib + = Ci s Ii SR §At
isc ; sc( Pb, PS[ ) E ; STy
1 n . T
i al :al+ (ﬁ(x’y )_a‘)+ Cicu = cicu E[cu At
MG2 g i i

Figure 1. Schematic diagram for system architecture of a microgrid cluster.

2.2. Internal Pricing Mechanism of Microgrid Cluster

As the energy trading center, the MGCO in the upper layer has the authority to super-
vise and set prices. Through internal pricing mechanisms and supervision mechanisms,
the MGCO coordinates the generation and consumption characteristics of each MG to
enhance the overall benefits of the microgrid cluster. To encourage MG participation in
intracluster transactions, the purchasing price set by the MGCO should be higher than
the grid electricity purchase price, while the selling price should be lower than the grid
electricity selling price.

Referring to the internal pricing criterion and the principles of transaction volume
between microgrids in references [21,22], this paper proposes a new internal pricing mech-
anism. In this mechanism, if the surplus electricity of the MGC is less than the deficit
electricity, the internal electricity price can be expressed as follows:
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where P! and P! represent the total purchasing power and total selling power in the
microgrid cluster at the tth period, respectively. Pf/b and Pf, ; denote the purchasing power
and selling power of the microgrid at the tth period, respectively. ¢} and cf are, respectively,
the selling price and grid feed-in price within the time period. If,  and Iit, , represent
the internal purchasing price and selling price for the MG participating in intracluster
transactions within the tth period, respectively.

When the surplus electricity is greater than the deficit electricity, the intracluster
purchasing and selling electricity prices satisfy the following condition:

It = CéJFC;,

b= 2 )
I - P! Pt (ch—1)+2c! PP, 2
L

2(Pt)?

The derivation process of intracluster transaction electricity prices is detailed in Appendix A.

2.3. Demand Response Model of Microgrid Cluster

As the energy trading center, the MGCO not only has the rights of pricing and su-
pervision but also needs to assume certain social responsibilities. It aims to reduce the
peak-to-valley difference in the trading power of the microgrid cluster through price
incentive mechanisms. This can be achieved by satisfying the following condition:

minAP = rnax(Pé1 —phy — min(P? — P;?) ®)

where AP represents the peak-to-valley difference in the trading power of the microgrid
cluster, t and t; are, respectively, the peak and valley time periods of the trading power of
the microgrid cluster, max(Pbt] — Pl ) represents the peak trading power of the microgrid

cluster, and min(Pg2 — P!2) denotes the valley trading power of the microgrid cluster.

To reduce the overall power fluctuation of the microgrid cluster, economic compensa-
tion is provided to MGs that reduce their purchasing demand and increase their selling
demand during the peak trading power period, denoted as t;. Conversely, economic
compensation is provided to MGs that reduce their selling demand and increase their
purchasing demand during the valley trading power period, denoted as t,. This can be

expressed as follows: , ,
Wi = P,'jiowncdown + Piipcup 4

where W; represents the compensation cost for the ith MG. Pl.tjj own aNd Piti p denote the
power reduction in time period t; and power increase in time period tp, respectively. ¢y
and ¢, represent the incentive prices for power reduction and power increase, respectively.

The total cost of compensating the demand response MGs should satisfy the follow-

ing equation:

m
W= W;

5" ©
W S Wmax

where W is the total compensation cost provided by the MGCO to MGs with the demand
response, m is the number of MGs, and Wy is the upper limit of the compensation cost.

2.4. Punishment Mechanism of Microgrid Cluster

To avoid transactional chaos and default behavior, the penalty cost for MG default is
calculated based on the difference between the reported and actual transaction volumes
by MGCO. The setting of the penalty cost aims to ensure the enthusiasm for microgrid
transactions while reducing MG default behavior. The specific principles are as follows:
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(1) Determining fluctuation range of the transaction power: Each MG reports its transac-
tion power to the MGCO. The MGCO consolidates the reports and determines the
power fluctuation range for the next trading day in the microgrid. The MGCO then
provides each MG with the reference values of interactive power for each time period
of the next trading day.

(2) Determining power deviations: If the actual transaction power of an MG exceeds the
previously determined transaction power fluctuation range, a penalty fee will be charged.

The calculation formula for the penalty fee satisfies the following equation:

Cf,punish =0 APit,trgdg < APpax (6)
t AP AP} > APy

itrade itrade —

t
Ci,punish - Cpunish

where C; ,..;, represents the penalty cost imposed by the MGCO on the ith MG, ¢}, is

the penalty price, AP!

Jtrade

maximum fluctuation allowed in transaction power. AP!, .

denotes the transaction power deviation, and APy, represents the
can be expressed as follows:

pt —pt

irs  tis

AP!

itrade —

Pit,rh _Pl{b)+

@)

where P/ | represents the actual purchase power of the ith MG during the time ¢ within
a day, P!, denotes the reported purchase power by the ith MG prior to the time f, P!

irs

represents the actual sale power of the ith MG during the time ¢ within a day, and P/,
denotes the reported sale power by the ith MG prior to the time t.

3. Uncertain Renewable Energy Generation Based on Scenario Reduction

The uncertainty of renewable energy in MG brings certain potential risks to its eco-
nomic operation. In this paper, an uncertain model for renewable energy output is estab-
lished based on the prediction deviation and probability distribution, aiming to achieve the
prediction and scenario establishment of renewable energy.

3.1. Renewable Energy Output Model Considering Uncertainty

The prediction deviations of wind power and photovoltaic generation follow normal
distribution [23], satisfying the following equation:

2
fapyr (ApitWT) - Wef(API{WT) /2(ofwr)?)

’ ’ i WT ®)
fap,py (AP py) = \/Tlt o~ (BB py)*/ 20 py)?)
v ! Wi py

where AP/ and AP/, represent the wind power prediction deviation and photovoltaic
prediction deviation of the ith MG during time t, respectively. A negative prediction
error indicates that the actual output is lower than the predicted output, while a positive
prediction error indicates that the actual output is higher than the predicted output. ait, WT
and ¢! ,,, represent the forecasting standard deviations of wind power and photovoltaic in
the ith MG during time t, respectively [24].
The prediction errors of power of WT and PV are independent. The joint distribution
of these errors also follows a normal distribution:
1 _ (APt 2 ¢ 2
fiaPson (BP!sop) = \ﬁie (APisop)"/ (2(7is0p)") )

t
210} s0p

where

APt = APt + AP!
{ i,SOD iWT i,PV > (10)

)
0isop = \/(‘Tit,WT) + (7} py)
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where AP/, represents the system output deviation (SOD) of the ith MG during time ¢,

and 0! ¢, denotes the standard deviation of the system output deviation of the ith MG
during time ¢.

3.2. Scenario Analysis of Renewable Energy Generation

The basic approach for generating the wind and photovoltaic output scenario sets is
as follows. First, the cumulative probability distribution data are obtained based on the
prediction errors of the wind and PV output. Next, the Latin hypercube sampling (LHS)
method is used to sample the data and generate a scenario set that includes scenarios of
wind turbine and PV output. Finally, the scenario set is reduced using backward scenario
reduction techniques to obtain # representative scenarios.

3.2.1. Generating Daily Wind Turbine and PV Power Scenarios Based on LHS

LHS is a stratified and dimension-wise random sampling method that allows us to
obtain tail values with fewer samples. Compared to Monte Carlo sampling methods, it
offers better sampling accuracy and efficiency [25].

In this paper, LHS is used to collect the prediction error of renewable energy power
output. Firstly, based on the probability distribution of prediction errors, each error variable
is divided into equally probable intervals. Random selection of prediction error values is
made from each interval, and then the prediction values and error values are summed to
generate scenarios of renewable energy output. The steps of LHS are as follows:

(1)  Establish a normal distribution model for the prediction error of renewable energy power;
(2) Divide it into N equally probable intervals;
(3) Randomly select sample values from each interval, where the cumulative probability
of interval k is calculated as follows:
1 k-1
Pk = Nlu + ~N (11)
where [, is a random number following a uniform distribution in the range [0, 1];
(4) Assuming the inverse function of the prediction error distribution is F~1, substitute
px into F~! to compute the sampled value x;:

xe=F 1 (py); (12)

(5) Calculate the sum of the renewable energy output prediction value p, and the sam-
pling error value x; to obtain the scenario value sj:

3.2.2. Scenario Reduction

Due to the large number of renewable energy output scenarios generated using LHS,
the time and computational complexity of model solving are increased. Therefore, it is
necessary to employ suitable scenario reduction methods to reduce the number of scenarios
while preserving the overall characteristics of the scenarios. Currently, commonly used
reduction methods mainly utilize probabilistic distances such as Kolmogorov distance,
Wasserstein distance, and Kantorovich distance. Kolmogorov distance is simple to com-
pute but does not reflect tail characteristics well. Wasserstein distance performs better in
capturing tail characteristics but has limited effectiveness for higher-order moments [26].
Kantorovich distance can overcome the aforementioned issues and better reflect the original
probability distribution [27]. Thus, in this paper, a backward scenario reduction technique
based on Kantorovich distance [28] is adopted to reduce scenarios to obtain the typical
power output scenarios. The steps are as follows:

(1) Initialization: Each renewable energy output scenario has an equal probability, i.e.,
the probability of each scenario is
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Pr = N’ (14)
(2) Calculate the Kantorovich distance between any two scenarios:
T 1
Dk(smzsv) = (Z(Lm,t *Lv,t))j} (15)
t=1

(8) Supposing the scenario with the minimum Kantorovich distance to scenario is sy,
calculate the product of its distance and probability:

PDy(sk,sr) = D (s, 8r)pr; (16)

(4) For each scenario, repeat steps (3), select the scenario PDy (s, s;) with the minimum
value as the scenario d, and delete this scenario. At this point, the number of scenarios
becomes N = N — 1, and the probability value of scenario r is updated to

Pr = pr+ Pa; (17)

(5) Repeat steps (2) to (4) until the final reduced number of scenarios is 7;
(6) Obtain the typical scenarios of the renewable energy output.

4. Day-Ahead Optimization Model of Microgrid

The lower-layer optimization employs backward scenario reduction techniques to
obtain multiple sets of typical scenarios for renewable energy generation. The CVaR
theory is introduced to quantify the economic risks of transaction defaults and establish an
optimization model with the objective of minimizing the comprehensive operating cost of
the microgrid cluster.

4.1. MG Scheduling Based on CVaR
4.1.1. Objective Function

As an independent stakeholder, MG aims to minimize its operating cost through
scheduling internal generation sources and load [29]. The objective function of MG is

defined as follows:
f=1hA for-s fn] (18)

where f represents the objective function of MG. The objective function of each MG satisfies

the following:
minfi = Ci,ES + Ci,b - Ci,s + Ci,CVaR + Ci,cut =+ Ci,sc (19)

where C; gs denotes the operating and maintenance cost of energy storage in MG i, C;,
represents the purchasing cost of electricity for MG i, C; ; represents the revenue from
selling electricity for MG i, C; cy,r represents the potential economic losses for MG i,
Ci cut represents the cost of load shedding for MG 7, and C; ;. represents the service fee for
participating in internal transactions within the cluster.

(1) Operation and maintenance cost of energy storage

It is considered that the aging of the energy storage systems (ESSs) arises with their
usage. The investment and construction cost of ESSs is converted to the unit cost of charging
and discharging cgs. The charging and discharging cost is given by

T

Cips = Y ces(Pf gy + P g A (20)
=1

where P! , and P!, are, respectively, the charging and discharging power of the ESS for
MG i during the time f, At represents the scheduling time interval, and T represents the
total number of scheduling cycles within the scheduling period.
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(2) Transaction cost

In order to balance the power of the MGC, electricity transactions are supervised by
the MGCO, and the transaction cost is determined as follows:
Cis = Z IfstSAt
(21)
Cip = Z Ibet At

The service fee for MG’s participation in internal transactions within the cluster is
given by

Pt Pt
Cisc = Z cse(—5 pts) (22)
where c;; represents the unit service fee.
(3) Load-shedding cost is
T
Ci,cut = Z Ci,cutpz cutAt (23)
t=1

where c; s represents the unit cost of load shedding.

4.1.2. Constraints

(1) Energy storage constraints

The charging and discharging power of the energy storage device needs to satisfy

0< Pl ch < Pz Ch,NSf (24)
0 <P yop < Pracnn(1—s})
where P, ., 5 and P, 4., N represent the maximum rated power for charging and discharging
of the energy storage device. s! is a binary variable that restricts simultaneous charging
and discharging of the energy storage. When s! is 0, the energy storage can discharge;
otherwise, it can charge.
To avoid overcharging or overdischarging, which may affect the operating lifespan of
the energy storage, the following constraint should be satisfied:

SiEsmin < S} g5 < SiES,max
T,

Z (PI ch =+ Ptdch)At < Ql max
t=

(25)

where S; s max and S; Es min Tepresent the maximum and minimum remaining capacities of
the energy storage, respectively. S lt £g is the remaining capacity of the energy storage for MG i
at time t. Q; 4y is the upper limit of daily throughput for the energy storage of MG i, which
is determined by factors such as the trading electricity price and energy storage losses.

To ensure continuous operation of the energy storage device, the remaining capacity
at the beginning and end of the scheduling period should be equal, and the remaining
capacity at time t should be

g0 —gT
{ i,ES i,ES (26)

t _ ¢t zdch
Siks = SES+ L nllen At — e O

where S?,s and S represent the remaining capacity of energy storage devices at the
beginning and end of the scheduling period, respectively, and 7., and 7., represent the
transmission efficiency of energy storage during charging and discharging, respectively.

(2) Load constraints

The load consists of base load, shiftable load, and interruptible load, which satisfy
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t t t t
Pi,load = Pi,tmns + Pi,cut + Pi,bas (27)

where P/, . is the total load power of MG i in time ¢, P{, -
Pt

! i 1s the power of interruptible load, and P/, _ is the power of the base load.
For the shiftable load constraint, we have

0 S P‘t S Pi,tmns,muxkt

itrans itrans

is the power of shiftable load,

I (28)
Pi,tmns =X Pf,tmns
t=1
where P; 141s,max is the maximum load power of the shiftable load, klt» trans 18 @ binary variable

indicating whether the shiftable load is selected or not, and P; 44, is the total load amount
of shiftable load during the entire scheduling period.
For the interruptible load constraint, it follows
0<pt <Pt Kt (29)

1,cut — ~i,cut,max"i,cut

t
where Pi,cut,max

iattimet; kf oyt 18 @ binary variable with a value of 1 when the interruptible load is shed,

and 0 otherwise.

is the maximum power that can be shed from the interruptible load of MG

(3) Transaction constraints

The power exchange between the MG and the external grid must satisfy the power
limit on the interconnection line:

t t
0< Pit’b < Pi,maxk,' , (30)
0< Pi,s < Pi,max(l - kl)
where P; .y is the power upper limit on the interconnection line of the MG i, and k!
is a binary variable representing the power transaction mode. When k! is 1, the MG is
purchasing electricity, and when it is 0, the MG is selling electricity.

(4) Power balance constraint
The MG adjusts the charging and discharging power of energy storage and participates
in intra-MG transactions to maintain power balance, given by

t t t
Pi,dch + Pi,wt +P;

i,pv

t t t
+ Pl = Py, + Pljoea + Pl (31)

where Pit,wt is the predicted power of wind turbines, Pit, po 18 the predicted power of photo-

voltaics, and Pit,loa q is the power load.

4.2. Economic Risk Model

In the day-ahead trading process, the uncertainty of wind turbine and PV power
forecasts results in differences between the reported and actual traded volumes by the
MG. The MG may face potential economic risks and penalties imposed by the MGCO due
to excessive trading volume deviations. To ensure controllable risks, the CVaR theory is
introduced to establish an economic risk quantification model.

CVaR theory, as a risk measurement theory in the financial field, is developed based
on the value at risk (VaR) theory. It solves the problem of insufficient measurement of tail
losses and the inability to examine the risk information below the quantile point in VaR
theory. CVaR reflects the average value of potential risk losses exceeding the VaR value
under a given confidence level. Currently, CVaR has been applied in risk decision making
for power systems.

According to the definition, for a given confidence level § € (0,1), the VaR value can
be obtained using the following formula:



Electronics 2023, 12, 4327

10 of 19

Y(xa) = [r(x)<a P(Y)dy
{ Z,s(X) = min{zxye R:y(x,a) > B} (32)

where f(x,y) represents the risk loss under decision variable x and random variable y, p(v)
is the probability density function of random variable y, i(x, «) is the probability of loss
not exceeding &, and zg(x) is the VaR at confidence level .

CVaR is the average value of losses exceeding the VaR value at confidence level B, and
it satisfies

1
zcvar (¥) = T8 /f (e5)22a0) f(x,y)e(y)dy (33)

where zcy,r(x) denotes the CVaR value under f.
Since the analytical expression of zg(x) is difficult to solve, an auxiliary variable is
introduced to simplify the solution:

{ zevar (%) = &+ 125 [yer (F (v, y) — @) "p(y)dy
(f(xy) —a)" = max{f(x,y) — a0}

The integral term in Equation (34) is difficult to solve, and in practical applications,
it is challenging to obtain the probability density function p(y) of the random variable y.
Therefore, 1 sets of typical scenario data are generated through LHS and backward scenario
reduction technique:

(34)

1 .
z(x) = a+ mk; (f(x,v") —a) (35)

where z(x) is the estimated value of CVaR, and y represents the set of k typical scenario data.
As a result, the CVaR value for MG ith in Formula (19) can be expressed as follows:

1 n
Cicvar = ;i + mk; (fi(x,vF) — l"z‘)Jr (36)

where i represents the data of ith MG.
5. Solution Method for the Proposed Model

This paper adopts LHS to generate 100 sets of scenarios and utilizes a backward
scenario reduction technique based on Kantorovich distance to reduce the number of
scenarios, resulting in 10 typical scenarios [30,31]. Based on these scenarios, the eco-
nomic risk is transformed into costs using CVaR theory. The optimization model is intro-
duced, and the nonlinear constraints are linearized [32]. The MATLAB YALMIP toolbox
(9.4.0.813654 (R2018a), https:/ /yalmip.github.io/, accessed on 8 October 2023) is used to
call CPLEX (https://www.ibm.com/products/ilog-cplex-optimization-studio, accessed
on 8 October 2023) for solving. The scheduling time interval is 1 h, and there are three MGs.
The flowchart of the solution process is shown in Figure 2. The specific steps are as follows:

Step 1: Generate 100 sets of scenarios using LHS based on the normal distribution.

Step 2: Reduce the number of scenarios using backward scenario reduction technique to
obtain 10 typical scenarios.

Step 3: Based on the electricity price of the distribution network, conduct autonomous
optimization of each MG using CVaR theory to determine the operating states and trading
volumes in each time period. Report the trading volumes to the MGCO.

Step 4: The MGCO determines the internal electricity price based on the reported trading
volumes and provides feedback to the MGs regarding the electricity purchase and sale
demands in each time period.

Step 5: Considering the supply and demand relationship within the group and the impact of
adjusting their own trading volumes on the internal electricity price, the MGs dynamically
adjust their operating states and trading volumes in each time period.


https://yalmip.github.io/
https://www.ibm.com/products/ilog-cplex-optimization-studio
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Step 6: Repeat steps 4 and 5 until equilibrium is reached.
Step 7: The solution is obtained.

Input the model, parameters and constraints, and the
initial transaction priceis the external price

Using Latin hypercube sampling and backward scenario reduction
technology to generate new energy output scenarios

Autonomous optimization of lower MG
based on VaR theory
v

Report the remaining and deficient power at
each time to the upper MGCO
v

Each MG will judge the intra-group transaction

price after adjusting its own output according

to the remaining and insufficient power in the
cluster at each time

f

MGCO updates the remaining and insufficient

MGCO determines the internal electricity price

power at each time in the group and feeds back

according to the trading volume of each period to each MG
No
k>1 > k=k+1
A
Yes

No

Is it balanced

Figure 2. Flow chart of optimization.

6. Simulation Results
6.1. Parameters Setting

This paper analyzes the intra-MG trading strategies of an MG cluster consisting of
three industrial park MGs and MGCO. Each of the three MGs is equipped with energy
storage, PV generation systems, and small wind turbine turbines. The basic parameter
information for these devices is shown in Table 1. The time-of-use electricity prices and
grid electricity prices for the distribution network are presented in Table 2. The load power
and output scenarios for wind turbines and PV are illustrated in Figure 3.

Table 1. Parameters of the devices used in an MG.

Device Parmeter MG1 MG2 MG3
Max capacity (kWh) 285 240 200
Min residual capacity
(kW /h) 40 30 20
Max charging power
ESS (W) 50 25 20
Min charging power
(kW) 50 25 20
Unit operation and maintenance costs (USD/kWh) 0.0415 0.0415 0.0415
Minimum (kW) 0.5 0.5 0.5
Transferable load power Maximum (kW) 3 3 3
Total (kW) 10 15 20
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Table 1. Cont.
Device Parmeter MG1 MG2 MG3
Interruptible load power Maximum (kW) 5 5 5
p p Unit compensation expense (USD) 1.3793 1.3793 1.3793
Contact line Maximum permitted power (kW) 80 70 60
MGCO Service cost (USD/kWh) 0.0021 0.0021 0.0021
Table 2. The time-of-use pricing and feed-in tariff for the grid.
Time-of-Use Price (USD/kWh) On-Grid Price (USD/kWh) Periods
9:00-12:00;
Peak 0.1712 0.1241 16:00-20:00
8:00-9:00;
Valley 0.1075 0.0690 12:00-16:00;
20:00-23:00
00:00-8:00;
Flat 0.0673 0.0415 23:00-24:00
160 —
1401 ;ggic load

[ interruptible load|
[Translatable load

g 100 -
<
5 80
z
£ 60
40 -
20 -
0 H
0 2 4 6 8 10 12 14 16 18 20 22 24
Time (h)
(a)
120 m—y |
——WT
100 ElBasic load
[l Interruptible load
[DTranslatable load
80 /
=
=
? 60 -
2
T od0f
20
0 H
0 2 4 6 8 10 12 14 16 18 20 22 24
Time (h)
(b)
120/ PV
——WT
M Basic load
100 - Einterruptible load|
[Translatable load
=z
<
5
2

Figure 3. Typical scenarios of wind and solar power and distribution of load in an MG: (a) MG1;

(b) MG2; (c) MG3.
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6.2. Simulation Results Analysis
6.2.1. The Effect of Pricing Mechanism Considering Economic Risk and Demand Response
on Transaction of MGs

The pricing mechanism considering economic risk quantification and demand re-
sponse has an impact on the operation of MGs. To further investigate the operating
conditions of each MG under different scenarios, this paper sets up four contrasting sce-
narios: scenario 1: MGs trading without considering demand response and economic risk
quantification; scenario 2: MGs trading considering demand response but not economic
risk quantification; scenario 3: MGs trading considering economic risk quantification but
not demand response; scenario 4: MGs trading considering both demand response and
economic risk quantification. By optimizing and solving each scenario using MATLAB, the
operating results of each MG under different scenarios are obtained, as shown in Table 3.

Table 3. Optimization results under different scenarios.

Electricity Electricity Load . . .
Scenarios MG Erg;gty(%t;]r)a;ge Purchasing Sale Income Shedding Clg):;p(:g;s];:wn Sel;v[}cSeD(iost CV?II}S‘]/;)I ue g) l;fr('glso];)
Cost (USD) (USD) Cost (USD)
1 17.1462 83.5697 0 0 0 0.7034 15.5517 101.4193
1 2 9.9228 31.2552 4.9876 0 0 0.1655 9.4966 36.3559
3 4.5821 1.5076 37.4041 0 0 0.7669 13.6041 —30.5476
Total 31.651 116.3324 42.3917 0 0 1.6359 38.6524 107.2276
1 17.3048 82.4276 0 0 1.869 0.891 16.5628 98.7545
5 2 9.9228 30.7945 3.7614 0 0.5517 0.1972 8.229 36.6014
3 8.7228 1.5076 39.6248 0 0.6345 0.9545 19.4524 —29.0745
Total 35.9503 114.7297 43.3862 0 3.0552 2.0428 442441 106.2814
1 17.2386 84.8455 0.3434 0 0 1.9876 3.7752 103.7283
3 2 9.8828 33.6883 5.8566 0 0 0.8717 2.3407 38.5862
3 7.2303 2.9034 40.7338 0.9986 0 1.1338 3.211 —28.4676
Total 34.3517 121.4372 46.9338 0.9986 0 3.9931 9.3269 113.8469
1 18.9434 84.0828 0.3959 0 0.9807 1.9917 4.0759 103.6414
4 2 10.0786 32.5738 4.6469 0 0.5959 0.8055 2.1766 38.2152
3 8.1766 3.8428 41.7834 0.0566 0.2883 1.1793 3.2331 —28.8166
Total 37.1986 120.4993 46.8262 0.0566 1.8648 3.9766 9.4855 113.04

Comparing scenarios 1 and 2, it can be observed that in scenario 2, the operating cost
of MG1 decreases by USD 2.6648, while the operating costs of MG2 and MG3 increase by
USD 0.2455 and USD 1.4731, respectively. The total operating cost of the MGs decreases by
USD 0.9462. This indicates that MGs with a large demand for electricity can better achieve
demand response in MGs and thus obtain greater benefits. The decrease in total operating
cost is due to the fact that when considering the demand response mechanism, MGs can
optimize the operating cost further by adjusting energy storage output and mobilizing
flexible loads, thus reducing the overall cost. In scenario 2, the CVaR values of MG1 and
MGS3 increase by USD 1.0110 and USD 5.8483, respectively, while the CVaR value of MG2
decreases by USD 1.2676. The total CvaR value increases by USD 5.5917. The increase in the
total CVaR value of MGs is because economic risk is not converted into costs in scenario 2
and only the objective of minimizing operating costs is considered, resulting in an increase
in the total CVaR value. Furthermore, both scenario 1 and scenario 2 do not consider the
conversion of economic risk into costs in the trading model, leading to excessively high
CVaR values in both scenarios.

In conclusion, comparing scenarios 3 and 4 reveals that in scenario 4, the operating
costs of each MG decreased by USD 0.0869, USD 0.371, and USD 0.349, respectively. At the
same time, the CVaR values of MG1 and MG3 increased by USD 0.3007 and USD 0.0221,
while the CVaR value of MG4 decreased by USD 0.1641. The overall operating costs of the
microgrid cluster decreased by USD 0.8069, while the CVaR value increased by USD 0.1586.
Therefore, the operating scheme in scenario 4 is favorable for the overall operation of the
microgrid cluster. This is attributed to the demand response in scenario 4, which enables
MGs to obtain better transaction information within the microgrid cluster, resulting in more
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favorable transaction adjustments. As a result, the operating costs and potential economic
risk losses are reduced, ensuring the safe and economic operation of the microgrid cluster.

The comparison of transaction volumes in each time period between scenarios 2 and 4
is illustrated in Figure 4.

100

T T T

I MG1 in Scenario 2
[ MG1 in Scenario 4
[CIMG2 in Scenario 2
I VG2 in Scenario 4
[ MG3 in Scenario 2
[ MG3 in Scenario 4

|.|“‘|| I|||.|.‘||.|.|I
| I
5 10

Time (h)

Trading power(kW)

o

—50

| 1
15 20

Figure 4. Comparison of trading quantity under scenarios 2 and 4.

According to Figure 4, positive transaction values represent the purchased electricity
quantity of MGs, while negative values represent the sold electricity quantity. It can be
observed that in both scenarios, MG1 has a significant demand for purchased electricity.
To mitigate economic risk losses, MG1 shows varying degrees of increased purchased
electricity quantity during time periods 1-3, 9, 13, 15, and 18. Under scenario 4, MG1 and
MG2 exhibit a slight increase in purchased electricity demand, as indicated by the data in
Table 3, with corresponding increases in energy storage operation costs of USD 1.6386 and
USD 0.1559, respectively. In both scenarios, MG3 has a high demand for selling electricity.
Under scenario 4, where risk costs are incorporated into the transaction model, the sold
electricity quantity during time periods 11-13 increases by 31.15 kWh. This increase is
advantageous for MG3’s economic gains as it corresponds to peak electricity price periods.

The operating statuses of energy storage devices in scenarios 2 and 4 are depicted in
Figures 5 and 6, respectively.
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Figure 5. Operation status of energy storage in scenario 2.
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Figure 6. Operation status of energy storage in scenario 4.

The positive values of charging and discharging power in Figures 5 and 6 represent
energy storage charging, while the negative values represent energy storage discharging.
A comparison reveals that in scenario 4, compared to scenario 2, the total throughput power
and total throughput quantity of energy storage increase for MG1 and MG2. The increase
in total throughput quantity is attributed to scenario 4 incorporating risk costs into the
transaction model, leading to the need for energy storage to store more energy to mitigate
economic risks associated with uncertain renewable energy generation. The decrease in
total throughput quantity for MG3 is due to its smaller load power demand and greater
demand for selling electricity. To address the uncertainty of renewable energy generation,
MGS3 requires a larger energy storage capacity to accommodate surplus energy when the
actual renewable energy generation exceeds the predicted values. This helps to reduce
default penalty costs.

The overall peak-to-valley difference of the microgrid under different trading scenarios
is presented in Table 4.

Table 4. Peak-to-valley difference in different scenarios.

Scenario Peak-Vally Difference (kW)
1 168.77
2 151.34
3 177.56
4 166.98

By comparing the data in Table 4, it can be observed that scenario 3 has the largest
peak-to-valley difference. This is because in this scenario, only the potential economic
risks associated with MG operations are considered, without the participation of demand
response to reduce the peak-to-valley difference. Consequently, this scenario exhibits the
highest peak-to-valley difference. On the other hand, scenario 2 has the smallest peak-
to-valley difference as it only considers the participation of demand response without
accounting for potential economic risks, resulting in the smallest peak-to-valley difference
in energy transactions within the microgrid. In scenario 4, the peak-to-valley difference in
energy transactions within the microgrid is relatively small. Combining this observation
with the information in Table 3, it can be inferred that the trading strategy in this scenario
ensures effective reduction of the peak-to-valley difference in energy transactions within
the microgrid at a lower level of potential economic risks.
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6.2.2. The Influence of Confidence on Operation Results

Confidence level reflects the decision maker’s aversion to risk and their willingness to
accept it. To verify the impact of different confidence levels on the overall operation of the
microgrid cluster, a comparison of the cluster’s operation under different confidence levels
was conducted, and the specific results are shown in Table 5.

Table 5. Operating costs at different confidence levels.

Confidence Level CVaR (USD) Operation Cost (USD) Total Cost (USD)
0.90 9.4855 113.04 122.5255
0.85 8.8262 111.9324 120.7586
0.80 7.6069 111.6703 119.2772
0.75 7.1490 111.1007 118.2497

As shown in Table 5, with an increase in the confidence level, the values of CVaR,
operating costs, and total costs exhibit an overall upward trend. As the confidence level
increases, in order to mitigate the economic risks associated with the uncertainty of renew-
able energy generation, energy storage devices need to reserve more energy to address the
economic losses resulting from the uncertainty of renewable energy output.

6.2.3. Rationality Analysis of Internal Price of MGs

To verify the reasonableness of the equilibrium electricity prices in each time period,
an analysis is conducted, comparing the intracluster transaction prices with the distribution
grid electricity prices in each time period.

In Figure 7, positive prices indicate the purchasing prices of MGs during the corre-
sponding time periods, while negative prices indicate the selling price of MGs. From the
figure, it can be observed that during time periods 7-9, 16-19, and 21, the transaction prices
of all MGs are equal to the distribution grid time-of-use prices. This is because during
these time periods, MGs have no selling demand. According to the pricing mechanism, in
time periods where there is only selling demand or only purchasing demand, the internal
transaction prices are equal to the distribution grid prices. For the remaining time periods,
the purchasing prices of MGs are consistently lower than the distribution grid time-of-use
prices, while the selling prices are higher than the grid selling prices. This encourages the
participation of MGs in intracluster transactions. These results confirm the rationality and
effectiveness of the intracluster pricing mechanism.
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Figure 7. Comparison of the trading price of electricity within the cluster and the electricity price of
the distribution network.



Electronics 2023, 12, 4327

17 of 19

7. Conclusions

In this study, the problem of how to address the quantification of economic risks
caused by the uncertainty of renewable energy generation in microgrid cluster transactions
is evaluated. A two-layer power trading model is proposed based on intracluster demand
response and CVaR risk quantification. Through case analysis on electricity trading in
microgrid clusters under different scenarios, the following conclusions are drawn:

(1) By quantifying the uncertain economic risks as risk costs using CVaR theory and
incorporating them into the microgrid cluster trading model, although it increases
the operating costs for each MG, it effectively reduced the system’s economic risk
losses. Combined with demand response mechanisms and the regulation of flexible
resources, the strategy proposed in this paper can reduce the overall operating costs
of the MG, and decrease peak-to-valley differences in the microgrid cluster.

(2) The analysis of the influence of different confidence levels on the operating costs of
the microgrid cluster reveals that as the confidence level increases from 75% to 90%,
both the operating costs and economic risk losses of the system increase by about
1.75% and 3.62%.

(3) Through a comparative analysis of intracluster electricity prices and distribution
grid electricity prices, the pricing mechanism proposed can effectively adjust the
purchasing price for MGs and increase the selling price, and it is useful to incentivize
MGs to actively participate in microgrid cluster transactions.

This study did not consider the impact of the weight between operating costs and
risk costs on the results of the system’s power transactions. Future research can further
explore related studies to develop more comprehensive power trading mechanism and
more reasonable risk quantification methods, thereby promoting the sustained and stable
operation of microgrid clusters.
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Appendix A

The appendix contains detailed derivation formulas for Equations (1) and (2) men-
tioned in Section 2.2 of the main text, with reference to the pricing mechanism in refer-
ence [7] and the principles of intermicrogrid transactions in reference [18]. The specific
formulas are as follows:

In reference [18], for an MG with a power-sharing agreement in the case of power
shortage demand, the following equation holds:

t
Pit,cb _ Pf,fb
t - t
Py Py (A1)
t _ pt t
Py =P+ Py

where Pf/ «» represents the power obtained by ith MG from other MGs. According to
reference [18], the power interaction between microgrids should satisfy the condition that
the proportion of electricity obtained by a power-shortage MG from other MGs is equal to
its own total power shortage demand.
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In this paper, we retain the principles of intermicrogrid interactions described in [18]. Let
P!, and P! ab denote distribution grid electricity price and the basic electricity price of MGCO,
respectively. There are two cases for the surplus/shortage of electricity within the group:

(1) Surplus of electricity for sale
For MG i with a power shortage, all its electricity demand can be provided by other
MGs, satisfying the following equation:
Py =Py (A2)

The electricity price at which MG i participates in intragroup transactions is the basic
purchase price:

I t = Ct

ib cb

{ D did (A3)

C = =
cb 2

where ¢!, represents the basic purchase price for electricity.

(2) Shortage of electricity for sale
For MG i with a purchasing demand, its purchasing power can be transformed using Equation Al:

t Py pt
pt = litp
cb F s
oy (A%)
t _ pt ib pt
Pigo = Pipy = 3 Ps
The calculation is based on the basic purchasing electricity price P/ , and can be
obtained from the distribution network purchasing electricity price P! N

P!, Pi(ct — 1) +2¢, PP},

If
2(PL)?

ibh —

(A5)

Similarly, we can derive the selling electricity price for MGs with selling electricity
demand participating in intragroup transactions.
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