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Abstract: More and more attention has been paid to the development of renewable energy in the
world. Microgrids with flexible regulation abilities provide an effective way to solve the problem of
renewable energy connected to power grids. In this article, an optimization strategy of a microgrid
participating in day-ahead market operations considering demand responses is proposed, where
the uncertainties of distributed renewable energy generation, electrical load, and day-ahead market
prices are taken into account. The results show that, when the microgrid implements the demand
response, the operation cost of the microgrid decreases by 4.17%. Meanwhile, the demand response
program can transfer the peak load of the high-price period to the low-price period, which reduces
the peak valley difference of the load and stabilizes the load curve. Finally, a sensitivity analysis of
three factors is carried out, finding that, with the increase of the demand response adjustable ratio or
the maximum capacity of the electrical storage devices, the operation cost of the microgrid decreases,
while, with the increase of the demand response cost, the operation cost of the microgrid increases
and, finally, tends to the cost without the demand response. The sensitivity analysis reveals that the
demand response cost has a reasonable pricing range to maximize the value of the demand response.

Keywords: stochastic optimization; microgrid operation; day-ahead market; demand response;
energy storage system

1. Introduction

The effective use and development of renewable energy has become an important part of the
energy development strategy of all countries in the world [1]. According to the statistics released by
the International Renewable Energy Agency (IRENA) in 2018, the global renewable energy generation
accounts for one-third of the total generation [2]. In 2018, the newly installed capacity of renewable
energy in the word was 171GW [3], the year-on-year growth rate was 7.9%, and two-thirds of the new
power generation came from renewable energy [3]. However, the renewable energy resources are
intermittent by nature [4]. After large-scale integration of renewable energy into the grid, it may not
only bring new challenges to the safe and stable operation of the power system but also lead to invalid
investment, such as the problem of the abandonment of wind and photovoltaic power generation.
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Microgrids with flexible regulation ability provide an effective way to solve the problem of renewable
energy connected to power grids [5]. Due to the limitations of the current prediction technology,
the prediction error of output power of renewable energy, such as wind and solar energy, and power
consumption of user loads is large [6]. With responsibility for its own profits and losses, microgrid
operators are facing operational risks in the power market. Under many uncertain factors, such as
electrical market price [7], renewable energy output [8], and user load [9], how to realize the economic
dispatch of microgrids becomes a remarkable issue.

In recent years, some scholars have examined the optimization of microgrids under the electrical
market environment, which can be categorized as follows: (1) The objective of the optimal operation
strategy of microgrids is different. The optimal operation strategies of some researches are single
objective functions, such as minimizing the operation cost [10–12] or maximizing the benefits [13,14]
of microgrids in the power market. Considering the limitations of single-objective optimization,
other scholars use multi-objective optimization to explore this problem [15–17]. (2) The different
factors that are considered as main features of microgrid operation models (references [18–20]) have
investigated the optimal operation of microgrids with consideration of distributed renewable energy.
In References [21,22], the optimal operation of microgrids is modeled and solved under the background
of smart grids. (3) Different methods are used to solve the optimal operation of microgrids. Stochastic
optimization method is used to find the optimum solution of microgrid operations in References [23,24].
Robust optimization [25] and robust distributed optimization [26] approaches are used by some
scholars to solve the problem.

In Reference [27], a comprehensive supervised operation of plug-in electric vehicles (PEVs) is
proposed, whose goal is to assist the microgrid by using the PEVs’ available stored energy while
keeping satisfactory operating conditions for the grid. In order to consider the user feeling in optimal
operation of the microgrid, an optimization model based on user power unsatisfactory degree is
proposed in [28], which solves the problem of ignoring the load characteristics. The researchers of
Reference [29] formulate a chance-constrained two-stage stochastic programming model to evaluate the
impacts of variability in renewable resources in the microgrid operation. Sliding mode observer-based
fault diagnosis theory has been used in a proposed diagnosis and mitigation strategy to estimate
the error in the sensor measurements due to any sensor fault or cyber attack in the microgrid in
Reference [30]. Different heating production systems, such as CHPs, boilers, and solar thermal devices,
are considered, as well as heat exchangers, to integrate a detailed description of a multi-source thermal
production system in a microgrid framework [31].

The application of energy storage systems in power systems has been developed rapidly because
of their good technical characteristics. When one is applied in a microgrid, it can improve the operation
efficiency of the microgrid and influence the operation control strategy of the microgrid [32]. A novel
real-time monitoring operation model of a microgrid is suggested, where the overall cost function
includes containing conventional fuel power plants, wind and solar renewable power generation,
and battery storage systems [33]. In Reference [34], by combining the FMEA method and Monte
simulations, a novel reliability evaluation method was proposed to discuss several different operational
strategies for energy storage devices in a microgrid. Similarly, electrical demand response programs can
make the load adjustable. Implementing a demand response in a microgrid can improve the ability
of the microgrid to integrate the distributed generation [35]. The rise of demand response research
has introduced a new research perspective for the optimization of microgrid operations. The impact
of customers’ participation level in the Emergency Demand Response Program and the effect of
illogical incentive values in implementing this program on the microgrid operation are represented
in Reference [36].

In this article, an optimization strategy of a microgrid-participating day-ahead market operation
considering demand response is proposed, where the uncertainties of distributed renewable energy
generation, electrical load, and day-ahead market price are taken into account. The innovation of this
article is as follows:
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(1) The stochastic optimization model is used to describe the random characteristics of renewable
energy output and electricity price. In order to make the model more consistent with the actual
operation situation of the microgrid, the fluctuation characteristics of renewable energy output and the
uncertainty of electricity price in the day-ahead market are incorporated into the optimal operation
model of a microgrid. So, the operation strategy can better avoid market risk and improve the economic
performance of a microgrid operation. (2) Energy storage device is introduced in the power supply
side of a microgrid, and the demand response contract between the microgrid operator and the user is
considered on the demand side. A two-way interaction mode between power supply and demand is
constructed in order to integrate energy storage devices and regulable loads into the economic dispatch
of a microgrid. (3) Make full use of schedulable resources to ease the uncertainty of intermittent energy
generation and promote the consumption of renewable energy.

Remainder of this paper has been organized as follows: Section 2 presents the microgrid model
with electrical energy storage and demand response. Section 3 is the introduction of stochastic
programming. Section 4 is dedicated to the formulation of stochastic optimization of a microgrid
operation. In Section 5, the simulation data, conditions, results, and the discussion of the results have
been explored. Finally, the conclusion is in Section 6.

2. Microgrid Model

A microgrid can contain a variety of devices and technologies, in which information and energy
flow among each other. Then, the assumed microgrid model should be defined firstly to clarify the object
of the optimization problem. Assumed microgrid model in this article is as shown in Figure 1. As it
is clear in this figure, the internal structure of a microgrid, in which the main form of energy flow is
electrical energy, includes wind turbine, micro gas turbine, electrical storage device, and electrical demand.
Similar to an electrical energy storage device, electrical demand can generate bidirectional energy flow in
a microgrid due to the demand response. As a whole, microgrid operators can purchase and sell energy
through electrical grid connection points in the electrical market. The microgrid management unit can
get the information from all units of the microgrid and electrical market. By processing the information,
the microgrid operator makes the optimal operation strategy of the microgrid to get the maximum profit
in the electrical market environment. It should be noted that, the electrical market considered in this
article is a fully competitive market, in which all market participants are price-takers. Therefore, when the
microgrid operators participate in the electrical market, the operation strategy of a microgrid will not
affect the market-clearing price of the power market.
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3. Stochastic Programming

Stochastic optimization is an important branch of mathematical optimization, which deals with
the optimization problem with random variables in data. The stochastic optimization method can
effectively solve the uncertainty problem in the optimization model. This method has been widely
used in the optimization fields of the energy system, especially in the electrical power system [37,38].
The description of uncertain factors in stochastic optimization is based on the probability distribution
characteristics of them. Results of the stochastic optimization will be scene-based; that is, show the
optimal strategy in facing each scene. In this paper, the method is mainly used to reflect the uncertainties
of wind turbine output and electrical market price. Considering all scenario sets, the optimal solution
is found, which makes the output operation strategy of a microgrid more risk-resistant.

4. Problem Formulation

In this article, the stochastic optimization of daily scheduling of a microgrid is modeled, which
takes into account the forecast curve of hourly power load, hourly wind speed, and day-ahead electrical
market price. The reliable and economic operation of the microgrid and the main grid are also
considered in the daily scheduling. The details are as follows. The interpretations of symbols of
formulas are shown as Table 1.

Table 1. The interpretations of symbols of formulas.

Symbol Interpretation Symbol Interpretation

t time (hour) index Pch(t, s) charging power of electrical storage at time t
and scenario s

s scenario index Pdis(t, s) discharging power of electrical storage at time t
and scenario s

Pgrid(t, s) imported electrical power from main
grid at time t and scenario s Pwpc(t, s) abandoned wind power at time t and scenario s

Pmtg(t, s) output power of micro gas turbine at
time t and scenario s Pw(t, s) output power of wind turbine at time t and

scenario s

Pdown(t, s)
shifted down electrical power by

demand response program at time t and
scenario s

Pup(t, s) shifted up electrical power by demand response
program at time t and scenario s

Pess(t, s) residual energy of electrical storage at
time t and scenario s Pdemand(t, s) electrical demand of microgrid at time t and

scenario s

4.1. Objective Function

Stochastic programming method is used to study the optimal operation of a microgrid with energy
storage and demand response in this paper. It should be noted that some variables are scenario-based
because of the system’s uncertainty sources.

The objective function of this paper is to minimize the daily operation cost of the microgrid, which
includes the transaction cost of the electrical market, wind power curtailment cost, energy storage
operation cost, micro-gas turbine generation cost, and demand response cost. The daily operation time
T is divided into 24 periods, where each period t is one hour. The objective function is as follows:

minCmg =
24∑

t=1

∑
s
ωs(Cgrid + Cwpc + Cess + Cmtg + Cdr) (1)

where Cmg is the total daily operation cost of the microgrid system, ωs demonstrates the probability of
scenario sth, Cgrid is responsible for the transaction cost of the electrical market, Cwpc is indicator of the
cost of wind power curtailment, Cess accounts for the cost of energy storage operation, Cmtg indicates
the cost of the micro-gas turbine generation, and Cdr presents the cost of the electrical demand response.
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4.1.1. The Transaction Cost of the Electrical Market

Cgrid = pgrid(t, s)Pgrid(t, s)∆t (2)

where pgrid(t, s) is the day-ahead electrical power price at time t and scenario s and Pgrid(t, s) accounts
for the imported electrical power from the main grid at time t and scenario s. When the microgrid
operator purchases electricity from the electrical market, the value is positive; otherwise, the value
is negative.

4.1.2. The Cost of Wind Power Curtailment

Cwpc = pwpcPwpc(t, s)∆t (3)

where pwpc is the penalty price of the wind power curtailment.

4.1.3. The Cost of Energy Storage Operation

Cess = [peop(Pch(t, s) + Pdis(t, s)) + pgrid(t, s)(Pch(t, s) − Pdis(t, s))]∆t (4)

where peop is the unit cost of the electrical storage operation. It should be noted that the source of
electrical energy obtained by electrical storage cannot be determined when electrical storage is charging
power at time t. Therefore, the cost of electrical energy when the electrical storage is charging power at
time t cannot be determined by the source of the electrical energy supply. So, this paper introduces
opportunity cost to solve this problem. At time t, if the operator decides to charge electrical energy
into the electrical storage device, he gives up the revenue of selling it to the electrical market at market
price. Thus, this paper considers that the electrical energy cost of Pch(t, s) is pgrid(t, s).

4.1.4. The Cost of Micro Gas Turbine Generation

Cmtg = pmtgPmtg(t, s)∆t (5)

where pmtg is the unit cost of the micro-gas turbine generation.

4.1.5. The Cost of Electrical Demand Response

Cdr = pdr(Pdown(t, s) + Pup(t, s))∆t (6)

where pdr is the unit cost of the electrical demand response.

4.2. Constraints

There are different kinds of constraints that are essential to model the microgrid. These constraints
have been demonstrated in the following.

4.2.1. Power Balance

The microgrid system needs to meet the conditions of power balance. The formula is defined as
presented in (7):

Pdemand(t, s) − Pdown(t, s) + Pup(t, s) = Pgrid(t, s) + Pw(t, s) − Pwpc(t, s)
+Pmtg(t, s) + Pdis(t, s) − Pch(t, s)

(7)
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In Equation (7), the left side of the equation represents the load, which is adjusted by the demand
response program. The right side of the equation represents the output of the main grid and each unit
of the microgrid. The left and right sides of the equation must be equal at all times to ensure the power
balance of the microgrid.

4.2.2. Exchange Line Capacity between the Microgrid and the Main Grid

When the microgrid operator purchases and sells electrical power from the market, it needs to meet
the constraints of the exchange line capacity between the microgrid and the main grid. The formula is
as follows:

Pmin
grid ≤

∣∣∣Pgrid(t, s)
∣∣∣ ≤ Pmax

grid (8)

where Pmin
grid and Pmax

grid demonstrate the minimum capacity and maximum capacity of imported power
from the main grid.

4.2.3. Wind Farm Constraints

The uncertain output power of wind farms mainly depends on wind speed. The relationship
between output power of wind farms and wind speed is studied in Reference [39]. The function
relationship is as follows:

Pw(v(t, s)) =


0, v(t, s) ≤ vc

in or v(t, s) ≥ vc
out

v(t,s)−vc
in

vc
rated−vc

in
Pw

r , vc
in ≤ v(t, s) ≤ vc

rated

Pw
r , vc

rated ≤ v(t, s) ≤ vc
out

(9)

0 ≤ Pwpc(t, s) ≤ µwpcPmax
wpc (s) (10)

Pmax
wpc (s) = max

{
Pw(t, s),∀t = 1, · · · , 24

}
(11)

where v(t, s) is wind speed at time t and scenario s. vc
in and vc

out represent cut-in and cut-out speeds of
wind turbines. vc

rated and Pw
r indicates rated speeds and rated output power of wind turbines. µwpc

presents allowable proportions of abandoned power for wind farms. Pmax
wpc (s) accounts for maximum

wind power output at scenario s.

4.2.4. Micro Gas Turbine Constraints

The operation of the micro-gas turbine unit in the microgrid is constrained by the micro-gas
turbine’s technical conditions. The formulas are as follow.

Pmin
mtg ≤ Pmtg(t, s) ≤ Pmax

mtg (12)

rmin
mtg ≤

∣∣∣Pmtg(t, s) − Pmtg(t− 1, s)
∣∣∣ ≤ rmax

mtg (13)

where Pmin
mtg and Pmax

mtg demonstrate the minimum capacity and maximum capacity of output power

from micro-gas turbine. rmin
mtg and rmax

mtg represent minimum climbing rates and maximum climbing
rates of the micro-gas turbine at time t.

4.2.5. Electrical Storage Constraints

In order to maintain a good operation condition and extend the lifetime of the electrical storage
device, the charging and discharging power of the electrical storage should be in a limited range.

Pmin
ess ≤ Pess(t, s) ≤ Pmax

ess (14)
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where Pmin
ess and Pmax

ess demonstrate the minimum capacity and maximum capacity of residual energy of
an electrical storage device.

Since the time scale selected in this article is one day, a reasonable initial residual energy E0 is given
in the electrical storage operation scheduling. After one day of charging and discharging operation,
the residual energy of electrical storage is still E0. This method not only helps to solve the optimization
model but also ensures the time continuity of the calculation results. The output operation strategy
can let the microgrid operators continuously participate in the electrical market.{

Pess(t, s) = E0, t = 1, 24
Pess(t, s) = E0 + (uchPch(t, s) − ( 1

udis
)Pdis(t, s))∆t− Ploss(t, s) + Pess(t− 1, s), 2 ≤ t ≤ 23

(15)

Ploss(t, s) = µlossPess(t, s) (16)

where uch and udis present electrical storage charging and discharging efficiencies. Ploss(t, s) is the
power loss of the electrical storage at time t and scenario s. µloss accounts for the electrical storage
loss ratio. Equation (16) models the natural energy loss of the electrical storage device in an actual
operation.

PE
essr

min
E (1/uch)Ich(t, s) ≤ Pch(t, s) ≤ PE

essr
max
E (1/uch)Ich(t, s) (17)

PE
essr

min
E udisIdis(t, s) ≤ Pdis(t, s) ≤ PE

essr
max
E udisIdis(t, s) (18)

0 ≤ Ich(t, s) + Idis(t, s) ≤ 1 (19)

where PE
ess is the electrical storage capacity. rmin

E and rmax
E demonstrate the minimum and maximum

allowable electrical storage charging/discharging rates. Ich(t, s) and Idis(t, s) are 0–1 variables, which
represent the state of charging and discharging of an electrical storage at time t and scenario s. When
Ich(t, s) is 1, it means the electrical storage is in the state of charging. When Ich(t, s) is 0, it means the
electrical storage is in the state of noncharging. When Idis(t, s) is 1, it means the electrical storage
is in the state of discharging. When Idis(t, s) is 0, it means the electrical storage is in the state of
nondischarging. Equation (19) ensures that the electrical storage will not be in the state of charging
and discharging at the same time.

4.2.6. Demand Response Constraints

Demand response program can stabilize the load curve and effectively reduce the operation cost
of a microgrid [40]. In order to minimize the impact of the demand response on the users’ own power
consumption behavior, this paper refers to the method proposed by Reference [41]. According to this
method law, a total shifted-down load by a user should be equal with the shifted-up amount during
the 24 h.

24∑
t=1

Pdown(t, s) =
24∑

t=1

Pup(t, s) (20)

The constraints of the demand response shift-up and shift-down load are as follows:

0 ≤ Pdown(t, s) ≤ µdownPdemand(t, s)Idown(t, s) (21)

0 ≤ Pup(t, s) ≤ µupPdemand(t, s)Iup(t, s) (22)

0 ≤ Idown(t, s) + Iup(t, s) ≤ 1 (23)

where µdown and µup are the maximum ratios of shifted-up and shifted-down loads. Idown(t, s) and
Iup(t, s) are 0–1 variables, which represent the state of shifted-up and shifted-down loads by the demand
response program at time t and scenario s. When Idown(t, s) is 1, it means the load is in the state of
shifted-down. When Idown(t, s) is 0, it means the load is not in the state of shifted-down. When Iup(t, s)
is 1, it means the load is in the state of shifted-up. When Iup(t, s) is 0, it means the load is not in the
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state of shifted-up. Equation (23) ensures that the load will not be in the state of shifted-down and
shifted-up at the same time.

5. Simulation and Discussion

5.1. Simulation Information

In order to show how the demand response affects the operation strategy of the microgrid, three
cases are considered in the simulation. The results of the three cases are compared and analyzed in the
following part. The specific contents of the three cases are as follows.

Case 1: Without demand response (DR).
Case 2: With DR and without DR cost.
Case 3: With DR and DR cost.
In the three cases, the uncertain factors such as wind speed, power load, and market price of

the day-ahead power are considered. In this paper, a Monte Carlo simulation method is used to
generate 400 scenarios, which is needed for stochastic optimization. The wind speed scenarios are
generated with the Weibull probability density function. The normal probability density function is
used to generate the load and the day-ahead market price scenarios. Finally, by using the method
of Reference [42], the number of scenarios is reduced to 20. Figures 2 and 3 show the basic load
and day-ahead market price. By taking these values as the average value of the probability density
function, where the standard deviation is taken as 10%, the scenarios of the corresponding variables
are generated. Parameters required by the Weibull function and other important parameters in the
microgrid optimization model are shown in Table 2. This paper uses YALMIP programming language
and MATLAB software to solve the model.
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Table 2. Simulation parameters.

Parameter Unit Value Parameter Unit Value Parameter Unit Value

πwpc $/kWh 0.4 PE
mtg kW 700 Pmin

ess kWh 12.5
πeop $/kWh 0 Pmin

mtg kW 280 E0 kWh 100
πmtg $/kWh 0.03 Pmax

mtg kW 700 uch - 0.9
πdr $/kWh 0.005 rmin

mtg kW/min 20 udis - 0.9
Pmin

grid kW 0 rmax
mtg kW/min 20 rmin

E - 0.05
Pmax

grid kW 2000 PE
ess kW 250 rmax

E - 0.38
vc

in m/s 4 Pmax
ess kWh 225 µloss - 0.05

vc
out m/s 10 Pw

r kW 400 µdown - 0.15
vc

rated m/s 22 µwpc - 1 µup - 0.15

5.2. Simulation Results and Discussion

The optimized operation cost of a microgrid in different cases is shown in Table 3. In case 1, case
2, and case 3, the optimized operation cost of a microgrid is $386.29, $370.19, and $382.08, respectively.
The difference of costs in the three cases shows that the demand response program and the cost of the
demand response will affect the optimal operation and, finally, affect the operation cost of the microgrid.
When the microgrid implements a free demand response, the operation cost of the microgrid decreases
by 4.17%, indicating that, after the demand response is implemented, the load of the microgrid can be
adjusted, which can better reduce the risk brought by the price uncertainty in the electricity market and
reduce the operation cost of the microgrid. With the cost of demand response in case 3, the operation
cost of the microgrid decreased by 1.09%. This shows that the cost of demand response has an impact
on the operation of a microgrid. Sensitivity analysis of the demand response cost will be carried out at
the end of this section.

Table 3. Optimal operation strategy cost of a microgrid in three cases. DR: demand response.

Case Number DR DR Cost Cost ($) Reduction

1 × × 386.29 0
2

√
× 370.19 4.17%

3
√ √

382.08 1.09%

Displaying the results of all 20 scenarios in this article will take up a lot of space to display the
graphs and tables. Therefore, this paper chooses scenario 10 as an example to analyze and discuss the
optimized microgrid operation results.
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Figure 4 shows the transaction electrical power from the main grid in three cases. In the figure,
a positive value indicates that the microgrid purchases electrical power from the main grid, and a
negative value indicates that the microgrid sells electrical power. In case 1, the microgrid buys less
energy from the main grid in the low-price period and sells less energy in the high-price period.
Compared with case 1, the transaction between the microgrid and main grid is more active in case 2.
More power is purchased in the low-price period and sold in the high-price period under this case.
This result shows that the adjustment of the demand response to load will affect the strategy of the
microgrid participating in the day-ahead electrical market. From the simulation results, we can see that
a microgrid with a demand response will increase the power purchase in a low-price period and the
power sale in a high-price period. In this way, the operation benefit of a microgrid can be improved.
The effect of the demand response costs on the participation of a microgrid in the day-ahead electricity
market is significant. Comparing the result curves of case 2 and case 3, the demand response cost
mainly affects the participation of the microgrid in the electricity market during the subpeak period of
the electricity price.
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Figure 4. Transaction electrical power from the main grid in scenario 10.

Figure 5 shows the charging and discharging power of the electrical storage of the microgrid in
three cases. The positive value in the figure represents the charging power of the electrical storage
devices, and the negative value represents the discharging power. As shown in the figure, in three
cases, the charging and discharging strategies of the electrical storage devices of the microgrid are
basically the same. From the results of this paper, the demand response has no significant effect on the
operation of electrical storage devices of a microgrid. Figure 6 shows the wind farm output.
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Figure 7 shows the load curve of the microgrid in three cases. As shown in the figure, the demand
response program can tap the potential of the demand side of load flexibility. The demand response
program transfers the peak load of the high-price period to the low-price period, which reduces the
peak valley difference of the load and stabilizes the load curve.
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Sensitivity analysis of the demand response cost, demand response adjustable ratio, and electrical
storage maximum capacity are also carried out in this paper. Figure 8 shows the sensitivity analysis
results of the demand response cost. With the increase of the demand response cost, the operation
cost of the microgrid also increases and, finally, tends to the cost without the demand response in
case 1. This shows that the demand response cost has a reasonable pricing range. For the operators
of a microgrid, the high cost will make the demand response lose its economic value and make the
operators abandon the use of a demand response to optimize the operation strategy. Figure 9 shows
the sensitivity analysis of the demand response adjustable ratio. With the increase of the demand
response adjustable ratio, the operation cost of the microgrid decreases. The operation cost of the
microgrid in case 2 without the demand response cost decreased more than that in case 3. Figure 10
shows the sensitivity analysis of the maximum capacity of the electrical storage devices. In the three
cases, the operation cost of the microgrid decreases with the increase of the energy storage capacity.

The stochastic optimization method is compared with the conventional deterministic optimization
method in this paper. Table 4 shows the operation cost of the microgrid and the rate of abandoned
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energy from the wind turbine for both methods under three cases in scenario 10. In Table 4, SO and
DO represents stochastic optimization and deterministic optimization. µaw represents the rate of
abandoned energy from the wind turbine, which is calculated as follows:

µaw =

24∑
t=1

Pwpc(t)

24∑
t=1

Pw(t)
(24)

As shown in Table 4, the operation cost of the microgrid with the stochastic optimization method
is lower than that with deterministic optimization method in all three cases. The rates of the abandoned
energies from the wind turbine, which are greater than 0 with the deterministic optimization method,
are all 0 with the stochastic optimization method in all three cases. Compared with the above results,
we can see that the operation strategy of the microgrid with the stochastic optimization method is not
only conducive to the absorption of renewable energy but also can effectively reduce the operation
costs of the microgrid.
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Table 4. Comparison of the results of methods stochastic optimization (SO) and deterministic
optimization (DO) in scenario 10.

Case Number SO Cost ($) SO µaw DO Cost ($) DO µaw

1 378.33 0 393.11 5.03%
2 362.24 0 368.67 2.79%
3 274.13 0 383.65 3.24%

6. Conclusions

This paper puts forward the operation optimization strategy of a microgrid with a micro-gas
turbine, wind farm, electrical storage devices, and demand response program to participate in the
day-ahead electrical market. The stochastic volatility of the renewable energy output, electrical power
price, and load is introduced into the model. The stochastic optimization method is used to solve the
model. The results show that, when the microgrid implements the demand response, the operation
cost of the microgrid decreases by 4.17%. Meanwhile, the demand response program transfers the
peak load of the high-price period to the low-price period, which reduces the peak valley difference of
the load and stabilizes the load curve. Finally, a sensitivity analysis of the three factors is carried out.
With the increase of the demand response adjustable ratio or the maximum capacity of the electrical
storage devices, the operation cost of the microgrid decreases. With the increase of the demand
response cost, the operation cost of the microgrid increases and, finally, tends to the cost without the
demand response in case 1. This shows that the demand response cost has a reasonable pricing range
to maximize the value of the demand response.

In recent years, with the practice and popularization of the combined cooling heating and
power (CCHP) microgrid, this research can be extended to study the strategy of the CCHP microgrid
participating in the electricity market. A demand response program can be applied to a hot demand
and cold demand to study the optimal operation strategy of the CCHP microgrid.
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