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ARTICLE INFO ABSTRACT

Keywords: Demand response (DR) is one of the most effective and economical methods for power operators
Demand response (DR) to improve network reliability in face of uncertainty and emergencies. In this paper, considering
Uncertainty

the uncertainty of wind power output and the failure of power system components, a two-stage
security-constrained unit commitment (SCUC) model is established by optimizing the real-time
pricing mechanism to indirectly adjust the DR. Firstly, the uncertainty of wind power output is
modeled based on self-organizing map (SOM), and the component failure of the power system is
modeled based on Monte Carlo. Then, a pricing scheme is proposed to stimulate users’ electricity
consumption behavior. Finally, the marine predator algorithm is used to solve the problem.
Simulation results on IEEE-RTS system show that the proposed method can reduce the total
operating cost by 10%, effectively stimulate the electricity consumption behavior of users, to
improve the peak load shifting and valley filling capacity of the power system.

Component failure of power system
Marine predator algorithm

1. Introduction

Power system operation flexibility refers to the ability of the power system to respond to load demand changes on time and make it
balanced [1]. With the further expansion of power grid-scale and the access to renewable energy, independent system operators will
face greater challenges. Because of the unpredictability of network equipment accidents and the uncertainty of renewable energy
output on the power supply side, the stability of power system operation is much hidden.

At present, the study of flexible operation of power system mainly focuses on the analysis of uncertain power output. Reference [2]
studied the flexibility evaluation indicators and methods for multi-point distributed energy storage systems considering aggregation
effects. Reference [3] established an optimization and regulation model for a fully renewable energy thermoelectric gas storage
coupled energy supply system, addressing issues such as source, load uncertainty, and multi energy coupling. Reference [4] proposes a
new model for allocating pumped storage hydroelectric units in Security-Constrained Unit Commitment (SCUC), taking into account
the uncertainty of wind power plants. Reference [5] proposes a joint opportunity constrained unit commitment problem solving
method based on improved risk allocation considering wind power uncertainty. Reference [6] incorporated the prediction error of
wind power output into the mathematical model of unit combination through system rotation reserve, and designed a double-layer
solution method. Reference [7] summarizes uncertainty management methods, parameter modeling, simulation tools, and testing
systems in SCUC problems. Reference [8] proposes a distributed robust unit commitment model for N-k safety criteria under
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distributed uncertainty conditions. Reference [9] considers the uncertainty of wind power output and power equipment failures in the
SCUC problem. Reference [10] proposes a scheme for solving adaptive robust SCUC problems using an online adjustment data-driven
uncertainty set. Reference [11] proposes an unexpected robust unit commitment model. However, the above research still has two
shortcomings: on the one hand, due to the influence of natural wind speed, the output of wind turbines is highly uncertain, making it
difficult to directly establish accurate evaluation models; On the other hand, the above research on power system operation optimi-
zation considering the uncertainty of renewable energy output ignores the impact of the demand side.

Research shows that demand response (DR), as a basic element of future smart grid, cannot only reduce the impact of uncertainty of
renewable energy output on the stable operation of power system, but also affect the power transaction price and improve the economy
[12]. Literature [13] considered the comprehensive demand response and established a day ahead real-time two-stage risk economic
optimization model of integrated energy system. Reference [14] established a power system scheduling model that considers wind
power uncertainty and large user direct electricity purchases. Reference [15] proposes a distributed robust optimization method that
calculates the risk of load shedding and renewable energy abandonment at the lower and upper bounds of the adjustable uncertainty
set. Reference [16] comprehensively considers the penalty cost of wind abandonment, DR cost, and constraints of various units within
the system to establish a scheduling model for the electric heating joint system. Reference [17] proposed a distributed economic
dispatch model for interconnected AC/DC hybrid microgrids considering DR. Reference [18] proposed a multi microgrid collaborative
optimization mechanism taking into account demand response. Literature [19] proposed a coordinated optimal dispatching model and
method of integrated smart energy system considering the demand response of electric heating multi load. Literature [20] proposed a
new real-time demand response market that cooperatively optimizes with the traditional energy market. Although the above research
considers the impact of DR and improves the flexibility of power system operation, existing literature does not simultaneously consider
the uncertainty risk of network component interruptions such as generator sets and transmission lines. Practical research has shown
that DR is closely related to user electricity consumption behavior. In the power market, economic benefits are the main motivation for
users to participate in grid fault recovery plans. If its impact is ignored, significant errors may occur when evaluating the flexibility of
power system fault recovery.

In view of this, this article considers the uncertainty of wind power output and power system component failures, and indirectly
adjusts DR by optimizing the real-time pricing mechanism. A two-stage SCUC model is established with the goal of minimizing
operating costs. Firstly, starting from the historical data of wind turbine output, multiple high confidence feature output scenarios are
calculated using the SOM clustering algorithm. By evaluating and calculating each scenario in the feature output scenario, uncertainty
assessment of wind power output is achieved. Then, a pricing scheme was proposed to incentivize users’ electricity consumption
behavior, and an SCUC model considering uncertainty and DR was established. Finally, the ocean predator algorithm is used to solve
the problem. The effectiveness of the proposed method was verified through simulation examples based on the IEEE-RTS system.

Main contributions of this paper.

1. Demand-side response factor was added in the SCUC modeling solution process considering the uncertainty of renewable energy
output.

2. While considering the influence of DR, the uncertain risks caused by the interruption of generator sets and transmission lines are
also considered.

3. Marine predator algorithm was introduced to solve the uncertain SCUC model.

2. Evaluation of uncertain variables
The SCUC model studied in this paper considers two types of uncertain variables: the uncertainty of wind power output and the

uncertainty of system component failure. Wind power output is a continuous variable, while system component failure is a discrete
variable (take 0 and 1). Therefore, this section establishes evaluation models for two different types of uncertain variables.

Fig. 1. The structure of SOM.
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2.1. Uncertainty assessment of wind power output

Self-organizing map (SOM) is a kind of neural network, which is suitable for unsupervised clustering of data [21]. SOM has only
input layer and output layer. As shown in Fig. 1. The input layer inputs the historical data of wind power output to be clustered, and the
output layer outputs the clustering results.

The training process of the SOM network is to find the output layer unit with the shortest distance and update it based on the input
data. A node in the output layer represents the class that is finally aggregated. The clustering steps are shown in Fig. 2.

2.2. Uncertainty assessment of system component failures

Failure of power system components is usually difficult to predict directly and this kind of failure will almost always result in outage
of generator sets and transmission lines. This section uses the statistical analysis method of historical data to model the failure
probability of generator set outage and transmission line outage. Firstly, the failure frequency of each type of system component is
obtained through massive historical data analysis, which is regarded as the probability of failure. Then a certain number of random
scenes are obtained based on Monte Carlo simulation method. The evaluation steps are shown in Fig. 3.

3. SCUC model considering uncertainty and demand response

The SCUC model studied in this paper considers the uncertainty of wind power output, uncertainty risk and DR. In the first stage,
the system day-ahead SCUC decision is modeled and solved. In the second stage, considering the uncertainty of wind power output and
system component failure, the first stage’s decision results are adjusted. DR is considered in both models. The initial demand profile,
power user elasticity data and their participation rate are all known input data. In addition, generator parameters, power transmission
line data and network basic data are known data. The decision-making variables of the model are the load of each node, the real-time
electricity price of each node, the optimal scheduling scheme of unit output, load reduction and operation cost.

3.1. Demand response model and constraints

Demand price elasticity matrix is one of the more practical methods in DR modeling, which can effectively evaluate consumers’
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Fig. 2. The Steps for SOM clustering method.
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Fig. 3. The Steps for system component failure.

behavior preferences. In this model, the elasticity of electricity demand E,y is described as the price deviation of the demand change at
the ¢ ™ moment relative to the t h moment, as shown in equation (1).

g, % P

P (€D)]
q: Op;

Where dg; and dp; are the changes of user’s electricity demand and t "time price respectively. g; and p,’are the benchmark values of the
electricity demand and the electricity price at t’ time respectively. When t = ¢, Ey is called self-elastic coefficient; when t#£t, E, is called
mutual elastic coefficient.

The relationship between electricity demand and electricity price is shown in equation (2) [22].

T
ZEU' . (pz 710?)
0 =1
t f l)?

Where T is the dispatching period, p? is the initial value of t t' time price, q° is the initial value of user’s power demand at t moment.

In order to limit the rationality of the pricing scheme, we need to consider the actual constraints. In order to maximize the potential
of fault recovery and the DR capability of power users, this paper assumes that the minimum price is achieved in the case of minimum
demand, and the maximum price is achieved in the case of maximum demand. By changing the real-time price, it can effectively
motivate the power users to transfer the transferable load to the low load period, which means it can improve the power users’ ability
to cut peak and fill valley through the price.

1) Upper and lower limit constraints of peak load shifting of user
A A 3)

Where ¢ refers to the upper limit of the load demand for peak load shifting acceptable by power users. Ag; is the increment of peak
load shifting at t time, when Ag; > 0, it means the load increases, and when Ag; < 0, it means the load is reduced.

2) Total demand constraints of power users

> Aqi=0 @
=1

Equation (4) shows that the total power demand of each node remains unchanged during the implementation of DR strategy. This
means the load is transferred from peak period to low load or non-peak period.
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3.2. Two-stage SCUC model

In this section, a two-stage SCUC model considering uncertainty and Dr is established. In the first stage, the mathematical model is
established to minimize the operation cost, start-up cost and spinning reserve cost of thermal power units without considering the
uncertainty. In the second stage, considering the uncertainty, the mathematical model is established to minimize the power purchase
cost and wind abandonment cost of wind turbines, reduce the load cost and adjusting the spinning reserve cost of thermal power units
in the first stage. The models for each stage are as follows.

3.2.1. First stage model
The mathematical model of SCUC established in the first stage is as follows.

(1) First stage objective function

r G (a,+bPFzz+LPGzr ) Isz
min Cy =" | +lgy - (1= lgio-n)) - Cof 5)
o (an Pgu + CGn Pgu)

Where: T is the scheduling period; t is the scheduling time; G is the number of thermal power units that can be scheduled. i is the ith
schedulable thermal power unit, a;. b;and b; are the generation cost coefficients of thermal power units. Pg; is the active power output
of the ith thermal power unit at time t , I is the binary variable of the operation state of the ith thermal power unit at time t, 1 means
start-up operation, and 0 means shutdown. CZP represents the start-up and shutdown costs of the first thermal power unit. To simplify
the model, only the start-up costs are considered, and the shutdown costs are ignored. P, and P2, represent the active power positive
and negative rotation reserve of the first thermal power unit a t time t, respectively. CY, and C2, represent the positive and negative
spinning reserve costs per unit active power of the ith thermal power unit a t time t, respectively.

(2) Stage 1 Constraints
1) Output Limitation Constraints for Thermal Power Units

IGit Pg:n S PGit S IGit : PZ;” (6)
Where: PA" and PA* are the lower limit and upper limit of the active power output of the ith thermal power unit at time t respectively.

2) Restriction of start-stop times of thermal power units
T
Z}Icn —Igi-n| <N )
=1

Where: N; is the maximum allowable number of start and stop times of the ith thermal power unit in the dispatching period.

3) Minimum start-stop time constraint

+MUTg;
> (1= Iaie) + MUTgi(Igie — Iie-1)) < MUTg @®

=142
+MDTg;
> loie +MDTgi(Igiie-1) — Igic) < MDTgi ©)

T=1+2

Where: MUTg; and MDTg; represent the minimum start-up time and minimum shutdown time of the ith thermal power unit
respectively.

4) Landslide restraint of thermal power units

™=

4
[APY I + P (I — LGig-1))] = ZPGU = Pgig-1) (10)

G
[APZ,'IG[(I—I) +P?;l::n (IGi(I—l) *IG,‘/)] > ZPG,'(H) — Pgit (11)

Mo

i=1

—APY; < Pgiy — Pi-1) < AP, 12)
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Where APY; and APZ; are the maximum climbing and sliding rates of the active power output of the i-th thermal power unit per hour.

5) Reserve capacity constraint

PGy +PY, < P - Iy (13)
P — PS> PR Iy 14
0<PY, <APY -, (15)
0< P, <APY -, (16)

Where ¥; refers to the time required for the i-th thermal power unit to turn its rotating reserve into formal output.

6) Wind turbine output constraints
0< Py < Py a7

Where: W is the number of schedulable wind turbines, w is the w-th schedulable wind turbine, Py, is the active power output of the ith
wind turbine at time t, Pjj is the upper limit of the active power output of the wth wind turbine.

7) Incremental load demand constraints

Agi =g — g1 (18)

8) Power balance constraints

G w
ZPGU + ZPWWI =4 (19
i=1 w=1

9) Network power flow constraints

G W B
P= Z(KGII' - Pgir) + Z(K"WW “ Pyy) — Z(Kﬂlb “Gor) (20)
P W=l =1
O — 6,
P, :W 21

Where, Kgi;, Kwyj and Kpy represent the network transfer factors of thermal power units, wind turbines and load demand respectively. B
is the total number of load demand nodes; b is the number of load nodes. m and n are the numbers of the first and end of the first line; 6,,
and 0, are the voltage phase angle of the first and end of the first line. X,;, is the reactance of the first line; P; is the active power flowing
through the I-th line.

10) Line safety constraints

_P;nax S P] S P;IX{ZX (22)
Where P}"™ is the upper limit of the absolute value of active power flowing through line L
3.2.2. Second stage model

(1) Second stage objective function
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In this equation, s represents the set of uncertain scenes; s represents the s-th uncertainty scene. y; is the probability of scene s. P and
PP represents the positive and negative spinning reserve of the i-th thermal power unit’s active power at time t under the s-th un-
certainty scenario. C%,, and C2, represent the positive and negative spinning reserve costs of the i-th thermal power unit’s active
power at time t under the s-th uncertainty scenario. Py, is the active power output of the ith wind turbine at time t under the s-th
uncertainty scenario, P§i - is the abandoned wind power of the ith wind turbine at time t under the s-th uncertainty scenario. Cyys is
the price of purchasing power from the i-th wind turbine at time t under the s-th uncertainty scenario. CS.,. is the wind abandonment
cost of the i-th wind turbine at time t under the s-th uncertainty scenario. C5, . is the cost of load demand transfer (peak load shifting)
connected with node b at time t under the s-th uncertainty scenario. Aqy, is the increment of load demand connected with node b at
time t in the s-th uncertain scenario.

(2) Second stage constraints
1) Network power flow constraints in uncertain scenarios

G w
Wi ’Plx = Z(AGHS N KGII N PGU: + Z KWIW PWm: owug)}
=1 w=1 (24)

B
Z Ky - th
b=1

Where /s is the binary variable of fault indication of the ith thermal power unit at time t under the s-th uncertainty scenario. wy is the
binary variable of fault indication of the 1st line under the s-th uncertainty scenario. 1 is normal operation and 0 is fault shutdown.

2) Wind turbine curtailment constraints

0 < P(v[l;:”s = PWM& (25)

3) Reserve capacity constraints in uncertain scenarios

0< PG < PGy, (26)
0< P <PZ, 27)

4. 4.solving method of SCUC model based on MPA

Marine predator algorithm (MPA) is an efficient intelligent search algorithm, which takes the foraging behavior of fish in the ocean
as the basic idea. The foraging technique of MPA depends on two random motion processes: Levy flight motion and Brownian motion.
Research shows that when MPa is looking for food, it takes Levy flight as its motion mode, and when it is chasing food, its motion mode
is converted to Brownian motion [23]. In addition, the fish aggregation device (FAD) describes another behavior related to the
movement of predators such as sharks, that is, the predator suddenly jumps vertically. The steps of MPA algorithm are as follows.

Step 1. initialization
The random initialization of MPA population is as follows

X; =X+ (X — X)X rand (28)
Xu X o X

x= o K X 29)
X Xa o X

uxy

Where X" and X™" represent the maximum and minimum values of the ith predator respectively. X; represents the variable to be
solved of the ith predator. Rand represents the uniform random number in the generation interval [0,1]. X represents the population
matrix composed of multiple marine predators; u and v represent the total number of marine predators and the number of variables to
be solved respectively.
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Step 2. Levy motion and Brownian motion of MPA
In this step, according to the speed ratio between predator and prey, it is divided into three stages, and the positions of predator and
prey are updated in each stage.

1) The speed of the predator is higher than that of the prey. In this stage, the position of predator and prey is updated by Brownian

motion
SZ;=Rg, X (E; — Rp, X X;) (30)
X,-’:X,-+%.Rxsz,- (31)

Where, R, is the vector-based on Brownian motion representation. E; is the optimal location matrix of the MPA population S Z; is the

predator moving step vector. g is the uniform random vector. X; is the updated MPa population location matrix. x is the vector or
matrix multiplication.

2) The speed of the predator is lower than that of the prey. In this stage, the position of predator and prey is updated by levy motion.
The levy motion model is as follows:

SZi =Ry X (Rpe X E; — X;) (32)
x,.’:E,-+%-RxSZ,- (33)
Where Ry is the vector-based on levy motion representation.
3) The speed of the predator is equal to that of the prey. At this stage, the MPA population is divided into two groups. One group was

looking for food; the other group was chasing food. The positions of predator and prey are updated by Levy flight motion and
Brownian motion, as shown in 1) and 2) respectively.

( Initialize population
parameters J

e speed of the predator 13
ower than that of the pre

e speed of the predator T
igher than that of the pre;

e speed of the predator T
equal to that of the pre;

Update the position according Update the position according Update the position according
to formula (30)-(31) to formula (32)-(33) to formula (30)-(33)

y
Update the optimal location, if the current location is
optimal, the current location as the optimal location

A\ 4

FAD behavior

suspensive condition ?

Yes

Output the optimal solution

Fig. 4. Flowchart of MPA algorithm.
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Step 3. Fad behavior

As described in step 2, there are only three kinds of normal predator-prey behaviors, and the existence of FAD behavior may make
the algorithm itself fall into local optimum. Therefore, it is necessary to model FAD behavior and obtain local optimal solution. The fad
model is as follows:

X‘_’ _ { X, + Cp - [X;m'n + R, X (X;nax _ XL”””)] x rand r < 5[-‘,4[) (34)

Xi+ [Epap - (1 =1) + 7]+ (X1 — X2) r > Erap

Where Cr is the adaptive parameter controlling the predator’s moving step; &z4p is the probability of fad behavior; r1 and r2 are the
random indexes in the prey matrix.
The detailed step flow chart of solving the SCUC model based on MPA is shown in Fig. 4.

5. Example analysis

This paper takes the IEEE-RTS system as the basis for the analysis of simulation examples. The system consists of 24 nodes and 38
lines. The thermal power group is connected to nodes 1, 2, 7, 13, 16, 18, 21, 22, 23, 24, respectively. Wind turbines are connected to
Nodes 2 and 21, respectively. The connection of the IEEE-RTS system is shown in Fig. 5.

The load data used in this section is the actual load data of a region reduced by a certain ratio year-on-year, with a total load of
2670 MWh.In the same way as the load data is processed, the output history data of multiple wind turbines collected in an area is
transformed with the same scale as the source of the simulation data in this paper. Considering the increasing proportion of renewable
energy in the actual power system, this paper sets the total power generation of wind turbines to 30% of the total power generation,
which is 1200 MW. The elastic matrix of user demand for electricity is obtained by the method of reference [22]. The price of electricity
purchased from wind turbines is 20$/MWh and the cost per unit capacity of wind power reduction is 35$/MWh. The reason why the
cost per unit capacity of wind power reduction is higher than the electricity purchase price is to encourage clean energy to enter the
network and reduce environmental pollution. According to the SOM method in Chapter 1, wind power is clustered, and three groups of
wind power data of typical types are obtained, namely, three uncertain scenarios of wind power in this paper. Scheduling cycle T = 24
h. Related calculations are based on MATLAB 9.0 programming, computer environment is Intel Core i7-7700, 16G.

To assess the effectiveness of this model, this papr is divided into four cases.

Case 1. Fixed electricity price considering the uncertainty of wind power.
Case 2. Consider the uncertainty of wind power and the interaction between real-time electricity price and DR.
Case 3. Consider the uncertainty of wind power, fixed electricity price, and power system component failure.

Case 4. Consider the uncertainty of wind power, the interaction between real-time electricity price and DR, and the failure of power

%, L,

23

230kV

138kV/

Fig. 5. The system diagram of IEEE-RTS.
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system components.

5.1. Case 1 simulation result analysis

In case one, it is to decide on SCUC considering the uncertainty of wind power output under the fixed electricity price scheme [24,
25]. The total operating cost of SCUC and the total user electricity cost obtained by the third chapter solution method are 749334$ and
122 66169, respectively. The cost of electricity purchase is calculated by multiplying the fixed electricity price by the total power
purchased per hour. Involuntary wind abandonment due to impractical wind power generation plans and excessive wind generation
accounted for 0.088% (2.35 MWh) and 0.32% (8.63 MWh) of total power demand, respectively.

5.2. Case 2 simulation result analysis

Case two considers the interaction between real-time electricity price and DR, and also considers the uncertainty of wind power
output to make SCUC decisions. This section sets 10% of the total electricity users to participate in DR interaction. Table 1 shows the
real-time electricity price in Case 2.

First, assume that all power users participating in the DR interaction are short-term power consumers. This means in the current
period of time, power demand changes based on real-time price changes. Therefore, its demand-price elastic matrix contains only
diagonal elements, i.e., which is the self-elastic coefficient. The calculated total operating cost and the total user purchase cost are
745236%and 1020998$, respectively. Compared with the case one result, the total operating cost is reduced by 1%, and the total user
purchase cost is 10%. Involuntary wind abandonment due to impractical wind generation plans and excessive wind power generation
accounted for 0.076% (2.05 MWh) and 0.23% (6.21 MWh) of total power demand, respectively. Compared with case one, the
interaction between real-time electricity price and DR can significantly reduce the operating and purchasing costs of power systems,
which proves the applicability of DR in improving the flexibility of power systems.

However, not all electricity users are short-term consumers. Some users may change their demand for electricity based on price
changes in the previous or later period, that is, long-term consumers. This section assumes that 5% of the electricity users participating
in DR are short-term consumers and 5% are long-term consumers. Therefore, its demand-price elasticity matrix contains both self-
elasticity and mutual-elasticity coefficients. The calculated total operating cost and the total user purchase cost are 724877%and
1020998$, respectively. Compared with the case one result, the total operating cost is reduced by 4%, and the total user purchase cost is
reduced by 10%.

Figs. 6 and 7 show the hourly load demand and start-stop cost change charts for Case 1 and Case 2, respectively.

Fig. 6 shows that compared with case 1, the load demand in the case 2 peak period decreases and increases in the low load period.
This change rule is caused by the change in the real-time electricity price. For short-term users, the standard deviation and average
peak load demand per hour decreased from 329.89 MW, 2476 MW-288.11 MW and 2365 MW, respectively, which represents 13% and
5% decrease. Considering both short-term and long-term users, the standard deviation and average peak load demand per hour
decreased to 264.56 MW and 2301 MW, respectively, which means a 20% and 7% reduction. Because case 2 considers the interaction
between real-time electricity price and DR, the optimal purchase price decreased from 23.4$/MWh to 21.3$/MWh, a 9% reduction.
The above results show that DR can provide an effective peak load shifting effect in high wind permeability systems.

As shown in Fig. 7, the case two model can effectively reduce the start-up and shutdown costs of a thermal power unit compared
with case one. Table 2 shows the detailed costs of Case 1, Case 2, Case 3 and Case 4. In Case 2, the cost of rotating the backup increased
compared with Case 1. The reason is that considering the interaction between real-time electricity price and DR, power users can
transfer peak loads to low and non-peak periods. At the same time, to avoid the insufficient interaction of power users in DR during the
original peak period, the more rotational reserve is needed. The increased cost of rotating backup is much lower than the reduced cost
of starting and stopping operations. Compared with case one, case two has a lower cost of the load-demand transfer, while case two has
the lowest cost in short-term and long-term mixed situations. The reason is that the load demand curve of load demand transfer cost is
closely related. The more stable the curve, the lower the cost. The above results show that DR can effectively reduce the total cost of the

Table 1

The real time price optimization results of case 2.
Time Short term ($/MWh) Short-term, long-term ($/MWh) Time Short term ($/MWh) Short-term, long-term ($/MWh)
1 22.34 18.41 13 23.19 26.46
2 18.95 16.99 14 23.19 26.07
3 16.04 14.82 15 23.19 22.51
4 16.04 14.82 16 23.19 22.43
5 15.12 14.66 17 25.06 27.82
6 15.12 14.74 18 26.91 30.12
7 15.89 15.19 19 25.60 29.26
8 15.89 15.19 20 24.97 28.31
9 16.57 15.58 21 24.97 27.96
10 24.79 26.88 22 23.40 23.35
11 23.40 26.39 23 23.40 21.05
12 24.22 27.46 24 23.19 18.90

10
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Fig. 7. The decision results of case 1 and case 2 operation cost.

Table 2
The detailed cost of case 1 case 2 case 3 and case 4.

Operating cost, start-stop cost ($)  Spinning reserve cost ($)  Total cost of wind power ($)  Load demand transfer cost ($)

Case 1 497529 42608 208742 455

Case 2 (Short term) 488484 45788 210532 432

Case 2 (Short-term, long- 467053 49197 210221 406
term)

Case 3 770952 67370 220878 98103

Case 4 (Short term) 748661 71525 233987 13039

Case 4 (Short-term, long- 672434 73027 231206 9831
term)

system in a high wind penetration system.
5.3. Case 3 simulation result analysis

Case 3 is to SCUC decision-making under fixed electricity price scheme, considering wind power output uncertainty and power
system component failure. The total operating cost obtained from the solution is 115703$. Compared with the case one result, the total
operating cost increased to 407969$, or 54%. Detailed costs of Case 3 and Case 4 are shown in Table 2. The reason is that, considering
the faults of power system components, operators have to dispatch power generating units with higher output, better performance and
higher cost to meet the basic requirements of keeping power off after system failure. At the same time, in case three, full generating
units usually start and stop operation at non-economic points under normal conditions, and in case of failure, wind turbines generate
more power, load demand transfer is also increased, etc. These factors lead to increased costs.

5.4. Case 4 simulation result analysis

Case four considers the interaction between real-time electricity price and DR, and also considers the uncertainty of wind power
output and power system component failure to make SCUC decision. Table 3 shows the real-time electricity price in Case 4.

Compared with Table 1, Table 3 has a large price fluctuation, indicating that the system adjusts prices more frequently in case of
failures to meet the flexibility requirements of the power system.

As can be seen from Table 2, for short-term power consumers, the total operating cost from Case 4 solution is 106,7212$. The total
operating cost was reduced by 7.7% compared with the case three results. For short-term and long-term hybrid power consumers, the
total operating cost obtained by Case 4 is 986498$. The total operating cost is reduced by 15% compared with the case three results. As
in case 2, the introduction of the interaction between real-time electricity price and DR can significantly reduce the operating costs of
power systems.

Figs. 8 and 9 show the change of hourly load demand and operating start-stop costs for Case 3 and Case 4, respectively. From Figs. 8
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Table 3
The real time price optimization results of case 4.
Time Short term ($/MWh) Short-term, long-term ($/MWh) Time Short term ($/MWh) Short-term, long-term ($/MWh)
1 21.79 20.41 13 24.12 26.55
2 19.06 16.78 14 23.42 25.14
3 14.78 14.59 15 23.19 23.08
4 14.78 14.52 16 23.19 22.81
5 14.49 14.23 17 25.81 27.89
6 14.63 14.40 18 27.99 30.41
7 15.58 15.17 19 26.80 29.49
8 15.58 15.17 20 26.02 28.44
9 16.12 15.93 21 25.94 28.36
10 25.53 27.02 22 24.29 24.64
11 23.96 26.46 23 23.61 22.65
12 25.43 27.68 24 23.00 21.05
12 24.22 27.46 24 23.19 18.90
2800
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Fig. 8. The load demand of case 3 and case 4.
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Fig. 9. The decision results of case 3 and case 4 operation cost.

and 9, we can see that the introduction of the interaction between real-time electricity price and DR can significantly improve the peak
cutting and valley filling capacity, and effectively reduce the cost of the power system.

Table 2 shows the detailed costs of Case 3 and Case 4. The reason for the difference in cost size of each item is consistent with case
two. The above results show that the higher the ratio of power users participating in DR, the smaller the impact of power system failure.

6. Conclusion

This paper presents a two-stage SCUC model considering uncertainty and DR to minimize operating costs. The model indirectly
adjusts DR by optimizing the real-time pricing mechanism to improve the flexibility of the power system. The simulation and analysis
results showed that the implementation of the DR strategy based on price incentive improves the flexibility level of the power system
and reduces the operating cost of the power system. In addition, the DR composed of short-term and long-term mixed consumers can
further reduce the operating costs of power systems. Furthermore, under the influence of uncertainties and system component faults,
the power system’s peak-load shifting capacity is enhanced by the stimulation of electricity price.
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