& frontiers | Frontiers in

ORIGINAL RESEARCH
published: 05 May 2022
doi: 10.3389/fenrg.2022.873377

OPEN ACCESS

Edited by:

Ali Bassam,

Universidad Autdnoma de Yucatan,
Mexico

Reviewed by:

Miguel A. Zuniga-Garcia,

Instituto Nacional de Electricidad y
Energias Limpias (INEEL), Mexico
Dimitri Thomopulos,

University of Pisa, Italy

*Correspondence:
Qian Jia
1175099231@qgq.com

Specialty section:

This article was submitted to
Process and Energy Systems
Engineering,

a section of the journal
Frontiers in Energy Research

Received: 10 February 2022
Accepted: 06 April 2022
Published: 05 May 2022

Citation:

Zhou Y, Jia Q, Xin Y and Zhang T
(2022) Intraday Scheduling of a
System With Following Units Based on
Two-Stage Stochastic Programming.
Front. Energy Res. 10:873377.

doi: 10.3389/fenrg.2022.873377

Check for
updates

Intraday Scheduling of a System With
Following Units Based on Two-Stage
Stochastic Programming

Yunhai Zhou ™2, Qian Jia"?*, Yuejie Xin'? and Tao Zhang"?

"College of Electrical Engineering and New Energy, China Three Gorges University, Yichang, China, 2Hubei Provincial Key
Laboratory for Operation and Control of Cascaded Hydropower Station, China Three Gorges University, Yichang, China

In order to further reduce the impact of renewable energy forecast errors on the system
scheduling plan, this paper proposes an intraday roling scheduling strategy for systems with
following units based on two-stage stochastic programming. Firstly, the nonparametric kernel
density is used to estimate the probability density function of wind and photovoltaic power
prediction errors. The first stage is to pre-decide the operating state of the following unit with
the goal of minimizing the start-stop cost of the fast unit. Then, based on the determined start-
stop information in the second stage, the active power output of each unit is optimized with the
goal of the lowest expected cost of the overall system operation. Finally, the objective function
is linearized to transform the model into a mixed integer linear programming problem, which
can be solved with the help of the solver software GUROBI. Through the analysis of practical
examples, it is verified that the built model can reduce the number of starts and stops of the
following units, reducing the operating cost of the power system and increasing the rate of
renewable energy on-grid, which has more practical application significance.

Keywords: renewable energy, intraday scheduling, two-stage stochastic programming, following units,
nonparametric kernel density estimation, start-stop state

1 INTRODUCTION

With a strong vision of “peak carbon” and “carbon neutral” goals (Han et al., 2021; Lu 2021; Shang
2021), the grid connection of a high proportion of renewable energy represented by wind power has
become inevitable (Qian et al., 2021; Sheng et al., 2021). However, because of the characteristics of
wind power (such as volatility, low scheduling, and the existence of prediction errors) (Notton et al.,
2018), the generation schedule mode of traditional power grids and the regulation capacity of
conventional units can no longer adapt to the development strategy of future power grids (Makarov
et al,, 2011; Botterud et al.,, 2013). Therefore, in order to promote the decarbonization of electricity
and increase the utilization rate of renewable energy into the grid, it is crucial to study how to fully
exploit the system regulation potential for the grid to develop the dispatching plan.

The forecast accuracy of renewable energy is negatively correlated with the forecast horizon.
Intraday dispatch has become an important method to deal with the uncertainty of wind power. In
(Zhang et al., 2011; Yang et al.,, 2014), the intraday power generation plan is regarded as the relation
between the day-ahead power generation plan and the real-time dispatching plan, which can make
coordinated dispatching under various time scales.

Considering the long start-stop time and high start-stop cost of conventional thermal power units,
when the random variables of the system are uncertain, it is impossible to change the unit operation
plan through real-time decision-making. A random rolling plan model considering wind power
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volatility and the inconsistency of the start-up speed of each unit
is established, which can enhance the system’s ability to accept
wind power (Barth et al.,, 2006; Tuohy et al., 2009; Bao et al.,
2016). In Zhang et al. (2018), they established a closed-loop
control system based on an intraday rolling power generation
plan. Combined with practical applications, the units are
classified into planned units, following units, and units that do
not participate in the regulation, which can effectively cope with
the impact of large-scale renewable energy access to the grid and
improve the execution level of dispatching plans. In Cui et al.
(2021), they established a day-ahead and intraday two-stage
optimization model considering generalized energy storage,
which can reasonably allocate various resources in different
optimization stages. In Jin et al. (2020), they established a
multi-time-scale  dispatch plan  considering the time
characteristics of pumped storage and electrochemical energy
storage power stations in view of the different response
characteristics of energy storage resources. It is worth to
mention that most of the current research on the unit mix is
considered in the day-to-day plan. In addition, the above research
did not consider the start-stop combination of rapid units when
formulating the intraday scheduling plan of the system with rapid
start-up and shutdown. In Li et al. (2016), they proposed an
intraday scheduling strategy based on the combination of short-
term thermal power units for units with flexible start-stop
characteristics, which can improve the economic benefits of
the system. However, the response characteristics of fast units
and the randomness of wind power are not considered.

Therefore, this paper studies the problem of renewable energy
consumption, and takes the rapid start and stop units (units that
have the conditions of rapid start and stop during the intraday,
such as pumped storage and gas turbines) as the adjustment
means in the intraday dispatch. Taking into account the economy
and safety of system operation, a two-stage stochastic planning
intraday scheduling model considering the combination of rapid
unit start and stop is established. Firstly, the error characteristics
of renewable energy sources are analyzed, and the probability
distribution functions of wind and photovoltaic (PV) prediction
errors are estimated by the nonparametric kernel density method.
Then, based on the two-stage stochastic programming theory, the
first stage mainly takes the start-stop state of the following unit as
the decision variable. In the second stage, the determined start-
stop decision and renewable energy output random variable
information are used to optimize the intraday plan of the
entire system. Finally, the research strategy proposed in this
paper is verified based on a practical example analysis. Find
out the combination of planned unit and following unit with
lower adjustment cost.

2 ANALYSIS OF RENEWABLE ENERGY
FORECAST ERROR CHARACTERISTICS

2.1 Renewable Energy Forecast Output
Deviation Statistics

The prediction error of uncertain resources is the main factor that
affects the accurate execution of the dispatching plan. To ensure
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FIGURE 1 | Forecast error values for wind and PV.

reliable power supply to the system. Analysis of renewable energy
prediction error characteristics is needed to study the impact of
prediction error on the development of dispatching plans. Using
the ratio of the difference between the ultra-short-term forecast
data and short-term forecast data of renewable energy output to
the installed capacity of the unit to express its forecast error, it can
be expressed as

£ = (P - P0) /Py M

Where r represents the wind farm or PV plant. P’$" and P% are
the ultra-short-term predicted and short-term predicted power of
the wind farm or PV plant. P} is the wind farm or PV plant size.
&, ; is the error size of wind power or PV in both time scales.

The information of the output forecast data of a wind farm and
PV power station from 01.01 to 03.01 days is counted with a
resolution of 15 min. The error values between the intraday ultra-
short-term forecast data and the day-ahead short-term forecast
data for wind and PV output are given in Figure 1. It can be seen
from Figure 1 that the forecast errors of wind and PV fluctuate
within the range of £30% and +25%. This error is sufficient to
cause the system to abandon wind and lose load due to the
mismatch of unit response rate (Wang et al., 2021). It occurs
frequently especially in the systems with established operation
plan units and those containing heat-determined units. This also
indicates the need for intraday revisions. To cope with the
uncertain demand variation of the system. This paper will
extend the probabilistic method to generate sufficient
probability scenarios to portray the stochasticity of the forecast
error; and use the following units with high flexibility for
recalibration during actual operation.
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2.2 Error Randomness Simulation
In this paper, the nonparametric kernel density estimation

method is used to obtain the probability distribution of the
respective predictions based on the statistical historical data of
the scenarios. Compared with the parametric method, the error
distribution function does not have to be assumed in advance,
which reduces the influence of uncertain factors on the
probability model (Li et al., 2019). If p, = {p,1, pr2»***> Prn} is
the sample space of the renewable energy forecast error data, n is
the sample size. Then the probability density function of the
renewable energy forecast error can be expressed as

1 C r — Pri 1 C
f(e) = n—th(%> = ;;K(Pr - pri) 2

i=1

K(p) = %exp(—%pz) 3)

Where p,; is the forecast error sample i of wind power or PV
output. h is the bandwidth. K (p) is the Gaussian kernel function.

A high or low bandwidth & will directly affect the probability
density distribution of the prediction error. In order to minimize
the prediction error, the optimal bandwidth model is described in
Lang et al. (2020). The Gaussian kernel function is settled and the
normal distribution N (g, 0) is used as the reference distribution
of the probability density function f (p,). The optimal bandwidth
can be obtained as

hAMISE = 1.0607171/5 (4)

Where o is the sample standard deviation.

After using the above method to determine the probability
distribution function of wind power output forecast error, and
based on the idea of stratified sampling, latin hypercube sampling
is used to generate the initial scenarios of large-scale error. In
order to effectively simulate the error uncertainty and ensure the
model calculation efficiency. The synchronous back-substitution
reduction method is used to remove a large number of similar
scenarios, retain some representative scenarios, and obtain the
corresponding probability of each scenario through calculation.
As a result, the uncertain problem is transformed into a
deterministic problem. The detailed steps are as follows:

1) Suppose x1,x,, -, x7 are T independent random variables,
and their cumulative probability distribution function (wind
or PV) is as follows

q)tth(xt))q)te [0)1])1’:1)2)'”)’1—‘ (5)

2) Assuming that M represents the sampling scale, the ordinate
of the cumulative probability distribution function curve ®@; =
F}, (x;) is divided into M equal intervals with a width of 1/M,
then the width of each interval is [(n— 1)/M,n/M], where
(n=1,2,...,M).

3) Select the sampling value of @; at the midpoint of each
interval, and calculate the sampling value of x; by inverting
the cumulative distribution function ®; = Fj, (x;), that is, the
m'™ sampling value of x; is as follows

Two-Stage Intraday Optimal Scheduling

m—0.5

xtm:F;1< >,t=1,2,---,T (6)

4) All the sampled values x4, can form a T x M initial sampling
matrix X. For large-scale scenarios X = {X1, X5, ..., X}, set
the number of scenarios to be deleted as K.

5) Calculate the Kantorovich distance for each pair scenarios:

KD(X;, X;) = 7)

6) For each scenario X;, the distance between each pair of
scenarios is calculated separately to find the scenario with
the smallest distance from scenario X;. The deletion is
performed according to the principle of scenario reduction,
and the probability values corresponding to the deleted
scenarios are summed up as the probability of occurrence
of scenario X;.

7) Repeat step 6 until the number of deleted scenarios reaches K.
Finally, the reduced wind power and PV output scenarios and
the corresponding scenario probabilities can be obtained.

3 INTRADAY ROLLING SCHEDULING
MODEL BASED ON TWO-STAGE
STOCHASTIC PLANNING

3.1 Two-Stage Stochastic Programming
Theory

Consider the existence of random variables and the inconsistent
response speed of decision variables. The slow-response decision
variable (starting and stopping of the unit) needs to be
determined before random variables start to appear. Decision
variables with faster response speed (unit ramping, etc.) are not
limited, and can be determined after more accurate random
variables (such as the regularly updated ultra-short-term
forecast output of renewable energy sources). Therefore, this
paper introduces a two-stage stochastic programming model
(George, 1955), the form is as follows

min ,.c’z + E{Q(z, s)} miny£q3y5
st. Az<b Q(x,s) = st. Wy, <h, - T,z
z20 ys20, Vse€Q

8)

Where z and y; are the decision variables of the first and second
stages. The variables in both stages are greater than zero. c', g7, b,
hs, A, Ts and W are known vectors and coefficient matrices. E; is
the expected value under scenario s in the second-stage planning,
which can be used to evaluate the volatility of the random variable
in the objective function ¢’z + Q(z, s). Q is the set of all possible
scenarios. Since the equation contains random variables, it cannot
be solved directly. Random variables can be replaced by
calculating expected values. Convert uncertain problems to
deterministic ones.
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FIGURE 2 | Intraday scheduling sequence diagram.

3.2 Intraday Optimization Scheduling Model

This paper establishes a source-load-storage rolling schedule
based on a two-stage stochastic programming algorithm. The
first stage is to determine the start-stop combination of the
following units. Based on the determined start-stop decision of
the unit, after the random variable arrives, the output of the
unit is adjusted in the second stage to meet the changing
demand of the renewable energy output. Intraday dispatch
mainly utilizes the feature that the forecast accuracy of
renewable energy is negatively correlated with forecast
horizon. Combined with regularly updated ultra-short-term
forecast data of wind, PV and load, periodic adjustment and
revision of the system’s day-ahead plan aims to achieve the
effect of global optimization of the system’s output plan. The
intraday scheduling of this paper takes 15 min as an interval
and 4h as a cycle. The system automatically updates and
obtains ultra-short-term forecast information of wind, PV
and load for the next 4h every 15 min. The rolling timing
is shown in Figure 2.

3.2.1 Objective Function

By considering the wind and solar power characteristics, in the
first stage the goal is to minimize the start and stop costs of the
following units. In the second stage, the goal is to minimize the
expected value of the sum of the system operating cost and the
correction cost of the initial and final storage capacity of the
pumped-storage reservoir, it can be expressed as

min C”- + E(C™" + CM) ©

1) Start and stop costs in the first phase

T Ng
cmelt = 22(1_ = 1) JtX4J+ZZ[XP Ly 1)
t=1 j=1

t=1 i=1
I (- T (10)

Where T is the number of scheduling periods. N, is the number
of gas turbine units. y_ . is the start-up cost of gas turbine j. I;; is
the operating state variable of the gas turbine unit j in the time
period . N, is the number of pumped storage units. y pandy, are
the start-up cost coefficients of pumping and power generation
for pumped storage units. IP and I/, are the state variables of
pumping and power generatlon of pumped storage unit i in time
period t.

2) Expected cost of operating the system in the second stage

Two-Stage Intraday Optimal Scheduling

Ng T Ng 2
roll roll roll
c :Z“’“)‘{Z (%J(qut) +‘BCIJP45Jf+y%J'>

s=1 t=1 j=1

5

t=1 i=1

Ny

(‘xthz(P:;sn) +ﬂth,tpzzli1t+)/tht)} (11)

Where w (s) is the probability of scenario s. N is the total number
of scenarios. Ny, is the number of thermal power units. e, B, ;
and y,,,; are the operating cost coefficients of thermal power unit
i. P{gii’t is the intraday active power output of thermal power unit
i in time period ¢ under scenario s. ag,j, 8, j and y, ; are operating
cost coefficients of gas turbine unit j. P;”s i« is the output of gas
turbine j in time period ¢ under scenario s.

3) Correction costs for the initial and final capacity of the
reservoir in the second stage

In the objective function of the second stage of the model, the
correction cost of the inconsistency of the reservoir capacity
between the beginning and the end of the pumped storage
power station is added. Compared with only considering the
operating cost of the pumped storage unit, the phenomenon of
only pumping or generating electricity during the optimization
period is effectively avoided. Its form is as follows

Ns

CM =Y w($)u(Epsr — Epo) (12)

s=1
Where y is the cost correction factor of pumped storage. E o and

E, 7 are the initial and terminal capacities of the reservoir.

3.2.2 Constraints in the First Stage
The main decision in the first stage follows the start-stop status of
the unit. Relevant minimum on-off time constraints must be met.

1) Start-Stop constraints for gas turbines

(Ij,r—l - Ij,t)(Toff,j,r—l - Toﬁ.j) >0 (13)
(Ij,t — T )(Ton,j.r—l - Ton,j) =0 (14)

where T, j and Tosr ; are the minimum running and shutdown
times of gas turbine j. Top -1 and Top,j;—1 are the running time
and shutdown time of gas turbine j to period ¢ — 1.

2) Constraints between pumped-storage power plants and units

In order to avoid the pumping state of each unit of the pumped
storage power station at the same time. Constraints on the states
of pumped-storage units and power stations are required. Its
form is as follows

o<If +1}, <1 (15)
N, Np
YY1, = (16)
i=1 i=1

3) Start and stop constraints of pumped storage units
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(Ift—l - Ift) (Tgn,i.t—l - Tgn,i) >0 (17)
(Ih - If,)t—l)(T;}f,i.H - T;}f,i) 20 (18)

Where Tf,’”, jand Tfﬁ ; are the minimum operation and shutdown
time of the pumped storage unit i. Top,js—1 and Tog,j4—1 are the
operation and shutdown time of pumped storage unit i to

period ¢ — 1.
4) Constraints on start-stop times of pumped-storage units

The number of state transitions of pumped storage units is
limited from the perspective of technology and economy (Xu
et al., 2013). Its form is as follows

T

Zlgt(l_lft—l)gwg,i (19)
t=2
T
DR ACED A ELY (20)
t=2

Where y,; and y,; are the maximum start times of power
generation and pumping of pumped storage unit i.

3.2.3 Constraints in the Second Stage

The first stage determines only some of the decision variables.
The decision variable of the second stage is the daily output of the
unit in each scenario, which needs to meet the following general
operation constraints.

1) System power balancing constraints

N

N, N,
roll da roll roll
Z(Pth,s,i,t - Pth,i,t) + z Pq,s,j,t + z Pg,s,i,t
j=1 i=1

i=1
Np
=Y PRl + APy — APy — APpg, 1)
i=1

Where Pfl,f"l.)t is the daily planned output of thermal power unit
i in time period t under scenario s. P;‘,’ifi,t and P;‘fifi,t are the
power generation and pumping power of pumped storage unit
iin time period f under scenario s. APiqs, APY, and APfI are the
ultra-short-term and short-term predicted output deviations
of load, wind and PV. Its form is as follows

_ proll da _ proll da
APwssJ - Pw,s,t - Pw,t’ APP"vSJ - va,s,t - va,t 4 Apldxf
_ proll da
= Pig; = Plgy (22)

Where sz”lsl’t, P;"Vl)ls)t and P9 are the ultra-short-term forecasts of

wind, PV and load. P% , Pf,“t and Pf;ft are the short-term

w,t> v,

forecasts of wind, PV and load.

2) Gas turbine constraints

roll
IJEth,]Smin < Pq,s,j,t < IJ'JP%]', max (23)
roll roll
~Pgjdown < P, gt P FITRES Pgjup (24)
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Where Py jmax and Py min are the maximum and minimum
outputs of the gas turbine j. Py j.p and Py j down are the ramp rate
limits for gas turbine j.

3) Pumping and generating power constraints

0< Py <If, PP (25)
0< PR, <ILP™ (26)

Where P and Ppi* are the maximum power generation and
pumping power of the pumped storage unit i.

4) Upper reservoir capacity constraints

Ep, min < Ep,s,t < Ep, max (27)
Np

Epst = Epsi-1 + Z(I P :gi,t - I;,P ;Oilzt/ Wdis)At (28)
i=1

Where Epax and Epy are the limits of the reservoir capacity. E ¢
is the capacity of the reservoir in the scenario s in the time period
t. 14 is the energy conversion efficiency of the pumped storage
unit.

5) Reservoir starting and ending storage capacity constraints

In order to avoid the phenomenon that the pumped storage
power station releases water to reduce the storage capacity to
absorb the abandoned wind during the optimization period, this
paper relaxes the capacity of the end of the reservoir based on the
initial storage capacity (Hu et al., 2012). It can be expressed as

AEmin < Ep,o - Ep,s,T < AEmax (29)

Where AE.x and AE;, are the upper and lower limits of the
reservoir capacity deviation during the beginning and end
periods.

6) Line active power flow constraint

roll roll w v roll roll
P thsti T P gstl T P sl T P f,t,l +P gstl P pstl Piagi
= Z (81— 6k)/ Xk (30)
1
P min < Z (860 = 6ek)/ X1k < Prge max (31)
1

Where P:Z,li,z,v P;‘)’sl,lt’l, P Pf’ tv’l, P?ﬁft,l’ ;‘,’gt)l, and Py, are the
powers of thermal power units, gas turbines, wind farms, PV
power plants, pumped storage, power generation and loads at
node in scenario s. 8y and 8, ;. are the phase angles of nodes [ and
k at time period f. X is the reactance value of branch I/ — k.
Pi_j, max and Pp_ min are the upper and lower limits of the active

power allowed to be delivered in the branch I - k.

7) Rolling plan revision constraints

roll da min roll da = roll

Pth,s,i,t - Pth,i,t = maX(Pth,i,t - Pth,s,i,t’ Pth,i,t + APth,i - Pth,s,i,t) (32)
roll da : max roll da = roll

P thysit — P thiit = mm(P thit P ths,it? P thit T Apth,i -P th,s,i,t) (33)
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FIGURE 3 | Segmented linearization of operating costs of thermal
power units.

Where Ap,), ; is the maximum value of the difference between the
intraday output plan and the day-ahead planned output of
thermal power unit i.

8) Unit output constraints

0< Proll < pere

roll re min roll max
OSPw,s,tSPEJ,’ pv, max’ Pthz<P <Pthz (34)

th,s,it =

where PP and Pgrfmax are the predicted output values of wind
power and PV; P and P} are the upper and lower output

limits of thermal power unit i.

9) Thermal power unit ramping constraint

roll roll
_Pfhldow”<Pthszt_Pthstt 1—PthtuP (35)

where Puiyup and Pyjdown are the upper and lower ramping
limits of thermal power unit i.

Eqs 9-35 are the intraday rolling scheduling model based on
two-stage stochastic planning. The fundamental difference
between this model and the traditional intraday optimal
scheduling model of stochastic programming is that in the
first-stage decision-making process, the operating state of the
following unit is first determined. Considering that the start-stop
response of the unit is slow, but the climbing speed of the
following unit is faster. Therefore, in the second stage
planning, the output of each unit is optimized by the decision
of the first stage. During the whole decision-making process, the
start-stop combination of thermal power units remains
unchanged as planned.

3.3 Solve the Model

Considering the operating cost of thermal power units in the
objective function as a nonlinear quadratic function, the
quadratic function in the objective function can be
linearized by its linearization through segment linearization
(Carrion and Arroyo, 2006). The core idea of the linearization

Two-Stage Intraday Optimal Scheduling

process is to divide the quadratic function into m segmented
functions. Then, the slope of each segmented function is found
and converted into a primary function with respect to the
horizontal coordinate, and thus the linearization of the
quadratic function is realized. The linearization principle
diagram of thermal power unit operating cost segments is
shown in Figure 3. The operating interval of thermal power
unit 7 is divided into m (m = 3) segments, and the value of m
should be chosen appropriately. the smaller m is, the less
linearization accuracy will be achieved. the larger m is, the
higher linearization accuracy will be achieved, and at the same
time, it will increase the size of the decision variables, which
makes it difficult to solve the calculation later. ZJ), ; denotes the
operating cost of thermal power unit i at the lowest level of
output. Zseg is the segmentation point of segment seg
(seg = {1, 2 3}) APSW is the length of each segment. length
of each segment 1nterval K:h is the slope of segment seg. Z;,%,
AP;,% and K},% should satisfy the following constraints

max __ pmin
Apseg _ T thi thi
thi — m
seg—l
Kseg _ Crh,i,t( thz) thlf( th,i )
4 Nhi T 7%G _ sl (36)

th,i
seg _ 70 seg
Zth,i - Zth,i +seg - Apth,i

0 _ pmin
Zth,i - Pth,i

thii

After linearization, the operating cost of thermal power unit i
is converted to the following model:

seg=1
seg seg
10 + z ( thi * thi)
seg=1

| Puss = PR+ 3 (4P3) 37

Crhzt(Pthzr

seg seg seg—1
0<AP, ;< Zyi = Zi,

| Ajp = ath,i (Pth,i,t) + /-))th)ipth,i,t + Vini

Referring to the linearization process of thermal power units,
the operating cost of gas turbines can be linearized similarly.

The start-up cost of pumped storage in the objective function
is a bilinear nonlinear programming problem that can be
linearized using McCormick’s inequality (Castro and Pedro,
2015). Taking the pumped start-up cost I},I}, ; as an
example, by 1ntr0duc1ng a new binary integer variable I}, and

making I}, = Il I}, |, the equation can be equated to the
following lmear constralnt

o<1, <I,

Iyt—Ifr 1 > Ig,/t = Iftlz{’t—l (38)

Il)t + Il)H 1< IZt

Referring to the processing method of I}, IV, |, 1%,I¥, | and
IiIj;-1 can be similarly linearized.

After the linearization process, the model built in this paper
belongs to the mixed integer linear programming problem. By
writing a program in the YALMIP environment of MATLAB and
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TABLE 1 | Basic data of conventional thermal power units and gas turbines.

unit Max (MW) Min (MW) a (yuan/MW2h) b (yuan/MWh) c (yuan)
G1 400 135 0.00031 16.19 300
G2 300 120 0.00031 17.26 300
G3 300 120 0.00031 16.6 300
G4 200 100 0.00025 16.5 300
G5 150 80 0.00071 19.7 300
GSt 80 15 0.00132 2214 500
GS2 55 10 0.00153 25.92 600
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FIGURE 4 | Ultra-short-term forecast curves for wind, PV and load.
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FIGURE 5 | Day-ahead planned output curves of thermal power units.

calling the solver GUROBI to solve the model, the optimal output
combination of each unit is obtained.

4 CASE STUDY
4.1 Basic Data

In the case study, the power system in this paper includes five
thermal power units, two gas turbines, a pumped-storage power
station, a wind farm and a PV power station. The installed
capacity of wind farm and PV power station in the system is
400 and 250 MW respectively. There are five thermal power units
and two gas turbines, and the specific parameters are shown in

Two-Stage Intraday Optimal Scheduling
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FIGURE 6 | Wind power error representation scenarios.

Table 1. A pumped storage power plant with an installed capacity
of 60 MW, the upper reservoir storage limit and the initial
reservoir capacity of this pumped storage power plant are
600 MWh and 300 MWh. Figure 4 shows the rolling updated
ultra-short-term power forecasting curves for wind, PV and load.
Figure 5 gives the day-ahead operation plan curves for thermal
units, where the day-ahead plan identifies three thermal units to
be put into operation.

Figure 6 shows three representative sequences of wind power
errors obtained after generating 200 initial scenarios using the
method described in Section 2, with probabilities of 0.46, 0.305
and 0.235, respectively. The PV error curve can also be obtained
this manner. The following three scenarios are set to verify the
effectiveness of the proposed dispatching model for making
dispatching plans in high-penetration renewable energy power
systems.

Case 1: Day-ahead scheduling without the participation of
quick start and stop groups.

Case 2: Intraday scheduling of following units such as pumped
storage and gas turbines is considered. However, the start-stop
combination of fast units is not considered in the intraday
schedule.

Case 3: Intraday scheduling of following units such as pumped
storage and gas turbines is considered. The two-stage
stochastic planning model established in this paper is used.
In the first stage, the start-stop status of the following units is
determined. In the second stage, the intraday deviations are
coordinated to find the optimal unit output.

4.2 Analysis of the Output of the Units

The intraday output curves of thermal units and gas turbines
for case 2 and 3 are shown in Figures 7, 8. Since case 2 does
not consider the start-stop combination of fast units during
the day, the gas turbines are on during the optimized hours.
The downward adjustment space of the system in the night
abandonment interval is reduced, which leads to the
limitation of wind power feed-in power. The gas turbines
in case 3 need to be called up only during the nighttime peak
of theload (19:30-20:15) according to the regulation demand.
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FIGURE 9 | Reservoir capacity and unit output curve of Case 2.

This reduces the operating cost of the gas turbine and
provides more adjustable space for the system in case 3
during the optimization period. The output curve of the
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FIGURE 10 | Reservoir capacity and unit output curve of Case 3.
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TABLE 2 | Scheduling costs of the system in each case.

Cost

Thermal power (yuan)
Abandoned power (yuan)
Gas turbine (yuan)
Pumped storage (yuan)
Capacity correction (yuan)
Total cost (yuan)

casel case2 case3
1,070,118.275  1,121,210.25 1,137,765.5333
113,095.6 5,191.628 914.6723
0 139,796.0919 11,418.276
0 20,000 16,000
0 -50000 -50000
1,183,213.88 1,236,197.97 1,116,098.482

thermal unit shows that the thermal unit in case 3 has a

smoother climb.

Figures 9, 10 show the change curves of pumped storage unit
output and reservoir capacity under case 2 and case 3. The model built
in this paper relaxes the capacity of the end of the reservoir and
considers the correction cost of inconsistency between the beginning
and end of the reservoir. It can effectively avoid the phenomenon that
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TABLE 3 | Comparison with the results of the operating cost of similar literature strategies.

Cost Literature [17]
Day-ahead scheduling (yuan) 467,670
Intraday scheduling (yuan) 464,450
cost optimization rate (%) 0.6885

the pumped-storage unit has been pumping water and generating
electricity when the program is running, and the effect of the unit call is
not obvious. As can be seen from the figure below, pumped storage is
mainly used to store energy during the nighttime wind power
generation, and is used as the power generation side to provide
increased capacity for the system during the peak load period. The
analysis shows that the number of power generation starts of the
pumped storage unit in the two cases remains the same. However, the
number of pumping starts in case 3 is reduced by two on the basis of
case 2, which increases the flexibility, safety and economy of the system.

Figure 11 represents the wind power abandoned by the system for
each case. Among them, case 1 has a larger amount of wind
abandonment. cases 2 and 3 consider fast start-up and shutdown
of units during the day, and their abandoned wind power intervals are
shortened from the period of 0:15-5:30 at night to 2:15-4:00 and 2:30-
3:15, respectively. the total amount of abandoned wind power is
reduced from 565478 MW-h to 259581 MWh and 9.1021 MW.
Although the abandoned power in case 2 is significantly reduced,
the wind power in case 3 is almost fully online. It is able to further
increase the dispatchability of renewable energy and the acceptance
rate into the grid.

4.3 Economic Analysis

Table 2 shows the total intraday operating costs of the system under
each case. Among them, the set system power abandonment penalty
fee is 50 yuan/MW. The operating cost of pumped storage includes
the start-up and shutdown of pumped storage and the cost of storage
capacity correction. Compared with case 1, although case 2 increases
the flexibility of unit participation in regulation, the cost of wind
curtailment is reduced by 107,903.972 yuan. However, without
taking into account the start-stop combination of rapid units
under the daily scale, the thermal power operating cost has
increased by 51,091.975 yuan on the basis of the previous plan.
After considering the running cost of the fast unit, the total cost of
the system has increased by 52,984.09 yuan on the basis of the day-
ahead plan. In case 3, a two-stage stochastic programming model is
adopted and the decision of starting and stopping of rapid units is
considered, and the cost of wind curtailment of the system is further
reduced by 4,277.0007 yuan. At the same time, the gas turbine and
pumped storage unit are called on demand, and the final total system
operating cost is reduced by 67,115.3984 yuan on the basis of the
previous plan. This shows that the economics of the method in this
paper and the absorption effect of wind power are better.

4.4 Compared With the Optimization

Results of Related Literatures
Table 3 compares the cost optimization rate of the intraday
scheduling method proposed in this paper with other intraday

Literature [15]

2,463,890
2,446,770
0.6948

Literature [16] Model of This Paper

1,732,200 1,183,213.88
1,670,700 1,116,098.482
3.5504 5.6723

scheduling methods. Compared with the researches (Cui,
et al, 2021, Jin, et al., 2020) that configures fast units to
participate in regulation but does not consider the start-stop
combination of fast units, the intraday cost optimization rate
is increased by 4.9775 and 2.1219%, respectively. Compared
with the research (Ran et al., 2016) based on the rolling
scheduling strategy of short-term unit combination, this
paper combines the two-stage stochastic programming
theory and considers the fast unit participation in the
intraday cost optimization rate, which can improve the cost
optimization rate by 4.9838%.

5 CONCLUSION

1) The rapid start-up and shutdown unit (gas turbine,
pumped storage) is used as the following unit
dispatched during the day. It can increase the system
regulation ability and improve the system’s ability to
accept fluctuations in intermittent energy, but at the
same time, it will also lead to an increase of 4.3181% in
the total operating cost.

2) Based on the two-stage stochastic programming theory,
compared with the traditional intraday scheduling that
does not take into account the rapid start and stop of
units. The model proposed in this paper can reduce the
number of start and stop of fast units and avoid
unnecessary unit operations. On the basis of the
previous plan, the on-grid rate of wind power has
increased to 99.806%, and the system economy has
increased by 5.6723%.
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