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Abstract

The signi cant penetration of renewable power generations (RGs) and tte large-scale use of plug-in electric
vehicles (PEVs) have brought tangible impacts in tackling the climate change challenge the mankind has
been facing due to substantive green-house gas and pollutant emissiofiem fossil-fuel based thermal power
generation plants. However, the uncertainty of RGs has also exerted ghi cant challenges to the grid
operation and control. Therefore, dynamic power system schedulingad accommodate the intermittent RGs
and mass roll-out of PEVs has become extremely important. In this paper, anovel power system rescheduling
strategy is proposed to tackle this problem. Considering the uncesinty of the wind energy, a set of indices
according to di erent wind power application scenarios is proposed toinitiate a rescheduling scheme for
power generations. In addition, a social learning particle swarm optinzation algorithm based on real-value
and binary parallel is proposed to schedule the output of generator unitsand the charging and discharging
of the PEV. The e ectiveness of the proposed active rescheduling &mework and solving algorithm has been
veri ed by extensive experiments considering di erent number of generating units and scenarios, achieving up
to over 5.3% cost reduction. The experimental results have also sk that through expropriate management
of the charging and discharging of PEVs would be signi cantly alleviate the negative impact on the grid
stability caused by the intermittent wind power generations.

Nomenclature p- Learning probability set by the algorithm
g, ,¢ Coe cients of fuel cost for unit | Ppx  Power demand at timet
CUTj; 1 Continuous shutdown state time of unit Pimax Maximum power limits of unit j

j attimet 1

Pimin  Minimum power limits of unit |
CUTj; 1 Continuous startup state time of unit j

attime t 1 Pj:t Determined power of unitj attime t

Fir Fuel cost of unit | at time t Ppevioar  TOtal necessary charging power of PEVs

HPI ngh proportion index Pp EV:it Demand of PEVs at time t

LP| Low proportion index Prevcimax Maximum charging power of PEVs at
time t

MDT; Minimum down time of unit | _ . .
Prevbpitmax Maximum discharging power of
MP1 Medium proportion index PEVs at time t

MUT; Minimum up time of unit j SR;  Spinning reserves at timet
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SUc; Cold-start cost of unit j at time t Uj:t Binary status of unit j at time t

SUu;  Hot-start cost of unit j at time t xij (t) j™ dimension of thei individual in the t"
SU,  Start-up cost of unit j at time t iteration

Teoiwj Cold-start hour of unit j PEV Plug-in electric vehicles

TOFFj; O -line duration time of unit j RGs Renewable generations

TON;j; On-line duration time of unit j uc Unit commitment

TP Cy, Total economic cost

1. Introduction

Many countries worldwide are still heavily reliant on the fossil fuds such as coal and oil as the primary
energy sources to power their economy due to the low cost, high exitity and wide distribution of these
energy resources, and some countries also rely mainly on thermal powptants for heating and supplying
electricity [1]. Fossil fuel consumptions generate signi cant greehouse gas (GHG) emissions [2]. Speci cally,
electricity generation and transportation are the two main sectors of GHG enissions [3]. Promoting clean
energy and popularizing the use of PEVs have become important measures reduce the GHG emissions.
The development of RGs has huge potentials and is expected to meet twitrirds of the world's energy demand
in the future, adding that the large-scale use of PEVs also greatly redue the GHG emissions caused by the
internal combustion engine based vehicles. The both sectors themfe become priority choices in the future
decarbonization journey. However, the rapid development of PEV and RGsalso bring new challenges to
the power system operation and control. On the one hand, when random remeable energy sources such
as wind energy are integrated into the power system on a large scale, tiemay bring great challenges to
the dispatching of the power system [4]. On the other hand, the randonctharging behavior of large-scale
PEV also have a direct impact on the supply and demand balancing of the pwer grid. Therefore, it is
indispensable to develop new tools to seamless accommodate the RGSddREVs.

As one of the most important tasks in power system, the unit commitment (UC) aims to schedule
fossil fuel based power plants. It is considered as an NP hard problem @uto its complexity, binary
switching e ect and constraint [5, 6]. When solving low-dimensional and less-constrained UC problems,
traditional mathematical methods have been widely adopted such as dyamic programming methods [7],
mixed integer programming methods [8, 9], integer programming method$10], branch and bound methods
[11], and Lagrange relaxation methods [12, 13]. These methods are easy to implent and have been
incorporated in related solvers for solving low-dimensional UC problera. However, these methods are often
di cult to solve high-dimensional and multi-constrained UC problems . Compared with the traditional
mathematical methods, meta-heuristic algorithms (MAs) are compatibleto achieve better results in solving
optimization problems because of its exible coding method and prefrential optimization process. Moreover,
the superiority of MA in search e ciency and exibility of problem m odeling have been widely veri ed
[14]. Conventional MA algorithms include simulated annealing algorithm (SA) [15], genetic algorithm (GA)
[16], di erential evolution algorithm (DE) [17, 18], ant colony optimization algor ithm (ACO) [19], particle
swarm algorithm (PSO) [20], social learning particle swarm algorithm (SLP®) [21], rey algorithm [22],
reinforcement learning [23] and so on. In addition, due to that the swith state of the unit is a binary
variable, improved optimization algorithms based on binary coding or mixed binary and real number coding
schemes have also used to solve the UC problem, such as binary di erttal evolution (DBDE) [24], binary
competitive group optimization algorithm (BCSO) [25], binary gravitation al search algorithm (BGSA) [26],
binary grey wolf optimiser (BGWO) [27], mixed binary-continuous parti cle swarm optimization [28] and
etc. Though MA methods are shown to have better capability than traditional mathematical methods in
solving UC problems, large-scale and multi-dimensional optimization poblems may cause MAs falling into
the local optimum. In light of this, it is necessary to develop and improve the MA methods to solve the UC
problems when the complexity the power system is rapidly increasg.
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Wind energy is one of the most important renewable energy sources and a rjoa substitute for traditional
energy sources such as coal and petrol. However, due to the high degree apredictability and variability of
the wind power, once largely integrated into the grid, wind power mg cause signi cant challenges to system
operators [29] from safety, reliability and operating e ciency perspedives [30], which further deteriorate
the complex power system scheduling problem. Quan et al. [31] propodea comprehensive computing
framework for integration and quanti cation of distributed power syste ms to reduce the negative impact of
wind energy and other intermittent renewable energy on the power sgtem. Lin et al. [32] constructed a
data-adaptive robust unit commitment model under high wind power penetration to obtain the economic
unit scheduling plans. Diuana et al. [33] analyzed the in uence of winl power penetration on the operating
costs, electricity prices and GHG emissions of the power system isouthern Brazil, and established relevant
economic dispatch models. Mohasha et al. [34] built a stochastic robust)C model and analyzed the
in uence of uncertainty RGs on UC problems. Jin et al. [35] proposed an ecoomic emission dispatch
model that considered the carbon prices and uncertainty of wind powe and quanti ed the potential scale
of wind energy with carbon prices to explore a balanced power dispatclstrategy with the integration of
the wind power. However, the weather-dependent nature of wind paer makes wind forecasting a highly
demanding and complex process [36]. Cobos et al. [37] proposed a multistagebust UC method with
non- xed resources, which was used to solve the wind energy uncetinty problem in the power generation
plans. How to e ectively eliminate the negative impact of wind energy on power system dispatch is still a
problem that needs to be solved urgently.

With the rapid increase of the scale of RGs and PEV, it is also necessaryot consider the impact of
their access to the power system when solving the UC problems. Thencertainty of RGs [38, 39, 40] and
the random charging behavior of PEV [41, 42, 43] also may bring challenges to thsafety, stability and
economy of the power system. Therefore, the traditional day-ahead s@uuling method of power system has
been di cult to meet the demand. On this basis, to reschedule the system under featured circumstances
become a crucial solution. The concept of rescheduling comes from tteeheduling theory and rescheduling
methods have been widely adopted in many engineering elds such amanufacturing [44, 45, 46, 47] and
transportation industry [48, 49, 50]. Carlos et al. [44] proposed a reschedulgn mechanism that satis ed
distributed constraints and contract network protocols to improve the adaptability of production systems
to unpredictable order requirements. Zhang et al. [45] applied a reheduling decision model based on
fuzzy neural network of semiconductor manufacturing system (SMS) ¢ adapt to its high dynamics and
unpredictability. Xu et al. [46] proposed a rescheduling mechanismdr mid-term maintenance of equipment
to enable the equipments to pro-actively perform maintenance task in advance to prevent failures. Luo et
al. [47] proposed a rescheduling scheme which allowed rejection to apt to the possible problem of delayed
arrival of work tasks. In order to improve the operation e ciency of railw ay transportation, Estelle et al.
[48] proposed a train rescheduling method for dense railway systemd.i et al. [49] designed an integrated
rescheduling model of production and delivery to deal with the urexpected situation that may occur in the
process of cargo transportation. Kuppusamy et al. [50] designed a new traitimetable rescheduling model
to reduce the impact of accidents on subway operation e ciency. Taking into account the randomness of
truck arrival time, Mohammad et al. [51] set up a rescheduling optimizaion mechanism for the terminal,
which e ectively improved the e ciency of unloading and loading at t he terminal. Zhan et al. [52] propose a
high-speed railway rescheduling framework based on dynamic programing algorithm, which improves the
e ciency of high-speed railway operation management. Wang et al. [53] consiered the security constraints
of the power grid and proposed a rescheduling framework based on migratioreinforcement learning to
optimize the real-time active and reactive power of the power grid. h this paper, the rescheduling mechanism
for wind energy uncertainty is applied to power system schedulig.

Inspired by the aforementioned rescheduling strategies, this pagr introduces a novel active rescheduling
strategy for power system scheduling, where the integrations of RGs ah PEV are considered, so as to
reduce the adverse e ects of these uncertain factors. Unlike the rbhg horizon scheduling of power systems,
in the strategy design, dierent thresholds are designed according @ the scale of installed wind power
capacity to launch the rescheduling. The power system will be rezheduled only if the di erence between
the actual wind energy and the predicted wind energy used for day-ate scheduling is larger than the set
threshold. The scheduling problem is formulated as the UC problem whre a binary and real value parallel
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optimization framework to schedule the output of units and the charging and discharging management of
PEVs simultaneously, and a highly e cient MA e.g. social learning particle swarm optimization is adopted.
The negative in uence of wind power and PEVs on the power system are tarefore minimized through the
combination of the day-ahead scheduling and intra-day scheduling, atlie same time, it also avoids the
in uence of frequent rescheduling on the security and stable opeation of the power system. The main

contributions of this paper are as follows:

~ A novel active rescheduling model is formulated for the rst time for power systems, taking into account
of the uncertainties of real-time wind power and intelligent charging and discharging of PEVs.

~ Indices for assessing di erent application scenarios of wind energyncertainty are designed, based on
which the power system are rescheduled.

" The e ectiveness of the proposed rescheduling framework assistedith the social learning particle
swarm optimization method was veri ed by extensive experiments onsidering di erent uncertainty
scenarios. The in uence of wind energy and PEV on the power grid is analyed in detail, and the
e ect of charging and discharging of PEVs on mitigating the negative in uence of wind energy on the

power system is thoroughly evaluated.

The remainder of this paper is organized as follows. Section 2 introdws the UC problem formulation
considering wind energy and PEVs, and the active rescheduling metid is presented in detail; Section 3
details the proposal of the social learning particle swarm optimization famework. Section 4 presents the
experimental results and corresponding analysis. Section 5 concled the paper.

Table 1: Unit commitment benchmark data settings

Unitl Unit2 Unit3  Unit4 Unit5 Unit6 Unit7 Unit8 Unit9 Unit10

Pmax(MW) 455 455 130 130 162 80 85 55 55 55
Pmin(MW) 150 150 20 20 25 20 25 10 10 10

a($ /h) 1000 970 700 680 450 370 480 660 665 670

b($ /MWh) 16.19 17.26 16.6  16.5 19.7 2226 2774 2592 2727 27.79
c($ /IMWh 2) 0.00048 0.00031 0.002 0.00211 0.00398 0.00712 0.00079 013 0.00222 0.00173
MUT(h) 8 8 5 5 6 3 3 1 1 1
MDT(h) 8 8 5 5 6 3 3 1 1 1

SUx ($) 4500 5000 550 560 900 170 260 30 30 30
SUc ($) 9000 10000 1100 1120 1800 340 520 60 60 60
Teotd () 5 5 4 4 4 2 2 0 0 0

Initial Status(h) 1 1 0 0 0 0 0 0 0 0

2. Problem formulation

The generator units considered in this paper are traditional thermal gemrator units. The fossil fuel
cost of the units operating for one day is usually de ned as the objectie function of the UC problems.
Due to the physical constraints of the unit itself and the safety requirements, the unit must meet necessary
constraints. These constraints usually include power demand congtints, spinning reserve constraints and
upper and lower limits of generating capacity of each unit etc. In addiion, since PEVs and wind energy
are also considered in this paper, their own constraints and their irpacts on the conventional power system
constraints should also be considered. This section mainly introdces the objective function and major

constraints.



2.1. Objective function

The fossil fuel cost consumed by the thermal generating unit for 24 howr is taken as the objective
function, and the interaction between the hourly costs is not consideed. Without considering power loss,
the objective function of UC problem can be de ned as:

XX
Cost= min [Fi (Pit)sit + SUt (1 it 1)Sjit ] 1)
t=1 j=1

In (1), costrepresents the total generation cost of the unit, which can be dividednto the fossil fuel cost
consumed during the operation of the unit and the start-up cost of the urit. Pj; is the amount of electricity
generated by thej ™ unit at hour t. F; (P;y ) is a function of the cost of the fossil fuels consumed while the
units are operating. The fuel cost function can be expressed as follows

Fir (Pit) = & + Py + GPJ 2)

where g, j and ¢ are the fuel cost coe cients of the j™ unit.

The start-up cost of the unit is expressed bySU;; (1 u;x 1)t in the objective function. s;; represents
the current state of the unit, and the on-o state is represented by 1and O respectively. If the unit was in
the shutdown state at the previous time interval and the current state is in the power-on state, then the
start-up cost needs to be counted. In other cases, the start-up cossiO. According to the time that the unit
is in shutdown state before restarting, the start-up cost of the unit can be divided into hot start-up cost
and cold start-up cost, which can be shown as follows:

SUy; ; if MDT CDTjy MDT; + Tcoig;

3
SUC;]' ; if CDT it = MDT it Tcold;j ( )

SUj;t =
Due to the physical conditions of the unit itself, the unit can not be started immediately after shutdown.
MDT; represents the minimum downtime of the unit, Teoq; represents the threshold of cold start time,
and CDTj; is the continuous shutdown time of the unit. If the shutdown time of the unit is greater than
the minimum downtime and less than the sum of the minimum downtime and the cold start threshold time,
the unit is de ned as the hot start mode, which can be represented § SUy; . If the shutdown time of the
unit is greater than the sum of the minimum shutdown time and the cold start threshold time, it is de ned
as the cold start mode, which is denoted bySUc; .

2.2. Constraints
This paper mainly introduces several constraints of the UC problem cosidering the in uence of wind
energy and PEVs, as well as their own constraints.

2.2.1. Power balance constraints

Considering the wind power and PEVs are integrated into the power gril, the generation of conventional
units plus wind power should be equal to the traditional load plus theload required by PEVs. It is worth
noting that in order to reduce the impact of the uncertainty of PEV char ging on the power grid, the
management of the charging and discharging of PEVs are taken into account. Thefore, two modes for
PEVs are considered. One is grid-to-vehicle (G2V) where the load of PEVssia positive real number. The
other is vehicle-to-grid (V2G), which was introduced in [54], and the bad of PEV is a negative real nhumber.
The formula for the power balance constraint is therefore given as folles:

X
Pit Sjt *+ Pwindt = Ppit + Previt 4)
i=1
P
In (4), jn=1 Pi: St represents the power generation of all units at hour t, andPyinq; represents the
wind energy connected to the grid at hour t. Ppy and Ppey represent the traditional load and the load
demand of PEVs at hour t respectively.



2.2.2. Upper and lower limits of generating capacity
Generation units all have their physical limits, and these are oftende ned as the upper and lower limits
of the generating capacity of the unit as shown below:

Sj;t Pj;min Pj;t Sj;t Pj;max (5)

where Pimin  and Pymax are the lower limit and upper limits of the production capacity of the j™ unit
respectively.

Since the proposed model takes into account not only the conventional uhbut also the wind energy,
the upper and lower limits of wind energy also need to be consideredvhich can be shown in Formula (6):

0 Pwind;t F>Wind;ma>< (6)

The wind power generation completely depends on the external envinment and the size of installed
capacity, so the upper limit of the wind power generation is the instlled capacity of wind power generation,
which is represented byPyinamax - When the wind is too low, or even there is no wind, the wind enegy
can be ignored, denoted by O.

2.2.3. Minimum up/down-time limits

The physical limitations of a generation unit itself determines that it is impossible for the unit to
immediately change the state of starting up and shutting down, and thee are minimum up/down-time
limits for these units which can be de ned below:

8
Uit = S 0; if 1 CDTjx 1 <MDT 7

" Oor 1; otherwise

where CUTj; 1 and CDTj; ; respectively indicate the time when the unit is in continuous strtup state
and continuous shutdown state. MUT; and MDT; indicate the minimum time that the unit is on and o,
respectively. As long as the unit is in the continuous start-up statefor less than the set minimum up-time,
the unit must remain in the start-up state, and vice versa.

2.2.4. Spinning reserve constraints

In order to meet the demand of unexpected load, the power plant usuajl needs to reserve a certain
amount of power, which is important to ensure the safety and stable opetion of the power system. This
can be formulated below,

X
PD;t + PPEV;t + SRy Pj;max Sjt + Pwind;t (8)
j=1

SRt =m PD;t . (9)

that is, the generating capacity of the unit and wind power should be appoximately equal to or slightly
greater than the sum of all load requirements and the spinning resens Spinning reserve is represented by
SRy, and relationship is shown by Formula (9). Based on the suggestions fronbp] and the spinning reserve
is set as 01 times the traditional load in this paper.
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Figure 1: The learning mechanism of SLPSO.

2.2.5. Constrains of PEVs

Since PEVs are considered in this paper, their constraints need to & considered. Relevant constraints
include charging and discharging capacity limits and power demand corgints of PEVs, which can be
represented by formula (10) and (11) respectively,

PpEV D:t:max Previ  Prevcimax (10)

X
Ppevit = Previtotal (11)
t=1
as shown in formula (10), Prevpitmax represents the maximum discharge capacity of all PEVs when
discharging, andPpey ctmax  represents the maximum charge capacity of all PEVs when charging. Formula
(11) represents the total amount of electricity required to maintain the normal operation of PEVs in one
day, and Ppev.oar  represents the total amount of charging demand of all PEVs in one day.

2.3. Active rescheduling indices considering wind energy uncertainty

The active rescheduling is de ned as the scheme that the power sgem actively reschedule the unit
commitment and corresponding plans given certain prede ned circurstances during the intra-day scheduling
time horizon. These circumstances are de ned by indices relatedd the deviation scale of RGs such as wind
energy from their expected generations.

The nature of wind energy dictates that it is di cult to be accurately predicted, and when the gap be-
tween actual wind power generation and predicted generation is su ciatly enough, if the power generations
still follow the day-ahead dispatching schedule, it may imposes ltallenges to the power system operation
and control, even a ect the security and reliability.

To address above problems, this paper proposes to adopt a method comlg day-ahead dispatching and
intra-day rescheduling to address the negative impact of wind enagy uncertainty. In this new scheme, when
the large gap between the actual wind energy and the predicted value isusciently large, the power system
will actively reschedule the output of generation units to adapt to the generation uncertainties introduced
by wind energy and reduce the cost of power generation. This scheme i erent from intra-day dynamic
economic dispatch which schedule power outputs of generating unitat xed intervals within a day, e.g.
every hour or even shorter interval. This is due to the fact that frequent rescheduling of the power system is
computationally expensive and unnecessary, and in the worst scenari@ may even a ect the reliability of
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the power system as frequent adjustment of the set-points of powesystems may cause instability issues. To
address this issue, this paper rst de nes several indices and tresholds for di erent application scenarios of
wind energy. Only when the di erence between the actual wind pover generation and the predicted value
exceeds certain thresholds, the rescheduling scheme is trigger otherwise the output of the unit still follow
the previous dispatching schedule. This paper designs three inces elaborated below:

1) Fixed threshold for high proportion index (HPI) scenario: For areas wherewind energy accounts for
a relatively large proportion of the regional power generation, the powersystem will be rescheduled as long
as the di erence between the actual wind energy and predicted windenergy in a certain hour exceeds a
given threshold. This paper stipulates that if the actual wind energy in a certain hour exceeds 30% of the
predicted wind energy, the power system outputs will be reschduled, which can be de ned as follows:

RD =
HP! 0; otherwise

(12)

2) Average error for medium proportion index (MPI) scenario: For areas with large wind uctuations,
while wind power generation accounts for a relatively modest proportbn of the overall generation capacity.
Although a relatively modest amount of wind power may have not a substatial impact on power system
dispatching even if the gap between actual wind power generation and dicted value is large, however
frequent uctuations of this gap still a ects the power system operation and control. In this case, if the
average error between the actual wind power and the predicted valuexeeeds a speci ed threshold, the
power system generation pro le will be rescheduled. In this sceario, this paper proposes that the average
error between the actual wind energy and the predicted value should & calculated every 8 hours. If the
average error exceeds 30% in 8 hours, rescheduling is consideredessary. This is formulated below:

(

P g . ) )
.o =1 (Wind o wind py )=wind oy 0
RDyp = L u 30%

. (13)
0; otherwise

3) Frequency for low proportion index (LPI) scenario: For areas where windenergy accounts for a
relatively small proportion of the regional power generation pro le. Due to the relatively small proportion
of wind energy, even if the wind energy occasionally exceeds the givéhreshold, it does not have a signi cant
impact on the entire power system operation. In this regard, there isno need to reschedule the power system
dispatch. Therefore, only when the di erence between the actual ind power and the predicted one exceeds
a speci ed number of times of a given threshold, the active reschading is triggered. In this scenario, the
index is initially set to 0. If the actual wind power in an hour exceeds 30% of the predicted wind power, the
index is increased by 1. Then if the index reaches 8, the power s¢sn will be rescheduled, which can be
formulated below:

L;if times ((winda: windpg)=windy: 30%) 8

RD =
P 0; otherwise

(14)

RDypp, , RDyp; and RDp, represent the decision of rescheduling under the scenarios of higinedium
and low wind energy proportions respectively. Speci c threshold alues and related calculation methods are
shown in Table 2, wherewind o represents the actual wind energy att™" hour, and wind pit represents the
predicted wind energy att™ hour. In this paper, if the installed capacity of wind energy accounts br more
than 20% of the total power generation capacity of traditional units, it is de ned as high proportion, 10%
to 20% is de ned as medium proportion, and less than 10% is de ned as low pragrtion.

The parameters of the generation units used in this study was set accondg to [56], which are listed in
Table 1.



3. Methodology

This section details the optimization framework proposed in this paper Subsection 3.1 proposes the
parallel SLPSO framework. Subsection 2.3 further elaborates on the rekeduling indices proposed for wind
energy uncertainty.

3.1. Parallel social learning particle swarm optimization framework

The traditional PSO algorithm aims to nd the optimal solution by allowing the particles to continuously
approach the best position of the individual itself and the best positon of all individuals [20]. The PSO
has the features of easy implementation and fewer parameters to be adjiesl, it has been widely used in
solving various optimization problems [57]. However, it has also been sk that the conventional PSO often
falls into the local optimal solution when it encounters the high-dimensional and large-scale optimization
problems, and cannot achieve the desired resuls.

Table 2: Indices considering wind energy uncertainty.

Index Application Scenario Computation method Threshold
Fixed Value wind Energy  20% (winda;  windp)=windp; 30%
Average Error 10% Wind Energy  20% " (v wind s )2wind e 30%
Frequency Wind Energy 10% times((winday  windp)=wind,;  30%) 8

The SLPSO improves the learning mechanism of traditional PSO. In eachteration, the individuals in
the population are sorted according to their tness values calculated ly the tness function, and individuals
are only allowed to randomly learn from other individuals that are better than themselves. Such learning
mechanism not only increases the diversity of the population when solng large-scale optimization problems
and improves the ability of the algorithm to nd the optimal solution, bu t also accelerates the convergence
speed of the algorithm. Experiments have showed that SLPSO has good germance when facing high
dimensional and large-scale problems [58]. Since the intelligent soth@ling of large-scale electric vehicles is
considered in this paper, the algorithm framework is designed based onL®SO. According to the proposed
problem model, this paper proposed a binary and real-value parallel opthization algorithm framework based
on SLPSO. Binary SLPSO (BSLPSO) is used to optimize the on-o0 state of theunit, and real-value SLPSO
is used to manage the charging and discharging of PEVs. The rest of this sien speci cally elaborates the
SLPSO and BSLPSO.

The location update formula in SLPSO is given below:

( Xij ()+  xj (t+1); if p(t) pr

. (15)
Xij (t); otherwise

Xij (t+1) =

L : log (di-e)

pr=@ —) (16)
Xij (t) represents thej th dimension of thei™ individual in the t" iteration. Xjj (t+1) is the update degree
of the individual calculated by the above-mentioned learning mechaism during this location update. p;(t)
is a random number between 0 and 1, angh- is a learning probability set by the algorithm. The calculation
of learning probability is shown in Formula (16), where n is the problen dimension, and m is the size of
the population. It is evident that the learning probability will inc rease with the increase of the problem
dimensions and population size, which can improve the robustness ttfie algorithm for problems of di erent
dimensions and scales. is the only parameter which needs to be set in SLPSO algorithm, which as set

as 0.5 in this paper.
10



The learning mechanism of SLPSO can be re ected by Formulas (17), (18) and1Q):

Xij (t+1) = re(t) Xz (1) + r2()liy () + r 3(H)Ciy (1) (17)
8
2 1ij (1) = Xk (1) x5 (1)
> Cit = X() X3 (1) (18)
. Yj (t) - i=r1nxl:1
-— . n
=001 (19)

ri(t) xi (t) is de ned as inertial behavior, so that the individual can continue to update the current position
according to the update degree of the previous iteration. ro(t)l;; (t) is de ned as an imitative behavior,
which makes the individuals randomly learn from other better individuals. r 3(t)C;; (t) is de ned as social
in uence behavior, which makes the individual approach the average alue of all individuals in a particular
dimension. ry(t), ro(t) and r3(t) are all random numbers between 0 and 1. is related to the population
size and dimension, and its calculation method is shown in (19). As shawin (18), X; (t) represents the
j™ dimension of the k™ individual randomly selected from the better individuals in this iteration. X; (t)
represents the average value of th¢™ dimension of all the individuals in this iteration. Inertial behavi or,
imitation behavior and social in uence together constitute the complete learning mechanism of SLPSO. The
speci ¢ learning mechanism is illustrated in Figure 1. This mechaism can not only increase the ability of
exploitation, as well as the ability of exploration of the algorithm.

3.2. Binary conversion of SLPSO

The proposed algorithm needs a binary conversion function to convert edcparameter of the individual
to 0 or 1 after each position update. Popular binary conversion formulas arel®own in Table 3:

Table 3: Five commonly used binary conversion formulas.

Name Binary Function
BSLPSO-I Prij = jerf(p%V)j
BSLPSO-II Prij = jtanh(v)j
BSLPSO-III Prij = jpesi
BSLPSO-IV Prij = jgarctan(p%V)j
BSLPSO-V Prij =2 Jﬁ 0:5j

By applying these ve binary conversion methods to SLPSO, ve binary SLPSO methods (BSLPSOs) can
be obtained. These ve methods are applied to the UC problem considéng the charging and discharging of
PEVs, and the convergence trajectories are shown in Figure 3. It is @dent based on Figure 3 that the fth
binary conversion function has a better performance and helps SLPSO tand a better solution, therefore
in the following the fth binary conversion function is chosen in th e following experimental studies. The
speci ¢ conversion mechanism are given below:

. 1 .
Xy = 1, if rand <Pr 1)

0; otherwise
11
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Figure 3: Convergence of the ve SLPSOs applied to the UC prob lem considering the PEV scenario.

In (21), rand is a random number between 0 and 1, which is used to compare with the selt calculated
by the V-shaped function. This paper uses this mechanism to binarie SLPSO.
The framework proposed in this paper is summarized in Figure 2.

Table 4: Economic costs comparison between BSLPSO and BPSOs ($/day).

Uit Methods BSLPSO  BPSO NBPSO  BLPSO  BCSO
10 53920044  539569.18  539521.64 53960256  539409.37
20 1099295:45 1108919.50 1111070.11 1107274.25 1099923.53
40 2220799:62 2252222.21 2271009.21 2273259.39 2220976.38
60 3342015:99 3399381.82 344961623 343959071 3342437.06
80 4465156:98 4548009.21 4629706.37 4633942.06 4465172.92
100 5587136:37 5699940.75 5810070.62 5813829.19 5587154.89

4. Experimental study and result analysis

In this section, three di erent cases are examined orMatlab R2020ato verify 1) the performance of the
proposed algorithm; 2) the e ectiveness of the proposed method in dealg with wind energy uncertainty
scenarios; and 3) the management of PEV charging and discharging to |l the alley and reduce the peak
of the load as well as to reduce the impact of wind energy uncertainty on te power grid.

12
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Figure 4: Comparison of BSLPSO and BPSOs on 10-unit benchmar k with three wind energy application scenarios.

4.1. Case 1: The performance of BSLPSO in solving the UC problemsusidering wind energy integration

In this case, the forecast data of a typical spring day of a 881W on-shore wind farm in Northern Ireland
power system was selected [14], and the wind energy data was used inetfUC problem. In order to verify
the performance of the proposed optimization algorithm, the BSLPSO was appéd to the aforementioned
problem, and its performance was compared with the four PSO variants, inluding BPSO, BLPSO, NBPSO
[59] and BCSO [25]. The comparison results are shown in Table 4. According tdable 4, BSLPSO always
had a slight edge over BCSO. In addition, BSLPSO delivered a consiste performance and was always able
to nd the best results in solving problems with di erent numbe rs of generation units, and the advantages
BSLPSO over the other three algorithms are getting more distinctive aghe number of units increases. When
there are only ten units, the minimum di erence between the resilts of BSLPSO and the other algorithms is
about 200 $=day, but when the number of units reaches 100, the maximum di erence haseached 226291
$=day. It is worth mentioning that in the UC problem, the number of units d etermines the dimension of the
UC problem. When there are only 10 units and only the economic cost of the uits in 24 hours is considered,
the dimension of the problem is 10 24 = 240, and when the number of units reaches 100, the dimension of
the problem reaches to 2400. Table 4 has clearly demonstrated the perfoance of BSLPSO in solving UC
problems, especially the high-dimensional UC problems.

To examine all the three wind energy application scenarios de ned in he previous section, based on data
from o -shore wind farms in Ireland, the hourly wind power data are rst scaled up by the factor of 1.6, so
that the peak value of wind power generation can account for about 10% of the total otput of traditional
units, and this allows the examination of the medium proportion of wind power scenario. These wind energy
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generation pro le of the medium proportion, can be further scaled up by afactor of 2 to obtain the high
proportion scenario, or scaled down by a factor of 0.5 to obtain the low proporibn scenario. These three
wind power scenarios are incorporated in the 10-unit benchmark UC proble, and the optimization problem
was then solved by the BSLPSO and the three aforementioned PSO variantsThe resultant convergence
trajectories of the 10-unit benchmark UC problem under the three wird power generation scenarios are
illustrated in Figure 4. In Figure 4, the trajectory in red are the solutions of the BSLPSO, it is clear that
the BSLPSO can nd better results than the other three algorithms in all three scenarios, and all have the
fastest convergence rate, which con rm the performance of BSLPSO in seing UC problems in di erent wind
generation scenarios. In summary, the BSLPSO can not only solve the UC probim of di erent dimensions
satisfactorily, but also well adapt to the UC problems in di erent win d power generation scenarios.

Table 5: Wind energy experimental data under three scenarios

Application scenario Day-ahead predicted data True wind po wer data New predicted data

Low proportions scenario 0:8  wind spring rand wind p (0:7 rand 1:6) 1:3 wind
Medium proportions scenario 1:6  wind spring rand  wind , (1:2 rand 1:6) 1:3  wind ,
High proportions scenario 3:2  wind spring rand wind p (1:1 rand 1:5) 1:3 wind

Original demand
-*-Demand with wind energy
Demand with PEV and wind energy

1600

1400

1200 EANRARNY
O

1000 ’ 3 N’

Power demand (MW)
g
*

Hours
High Proportion

Figure 5: Simulation results of 10-unit benchmark UC proble m with PEV in three wind energy application scenarios.
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4.2. Case 2: Benets of appropriate management of PEV charging and dcharging on power system inte-
grated with wind energy

Due to the uncertainty of wind energy, for a power system with highe proportion of wind power gener-
ation capacity, low load demand may bring severe challenges to the balaimg of the power grid. Therefore,
to intelligently manage the charging and discharging of PEV to Il the val ley and to shave the peak of the
grid load is vital to improve the stability of the power system and to mitigate the negative impact of wind
energy uncertainty on the power grid.

According to [3], the average daily mileage of a PEV is about 32.88 miles, sostenario is set with a total
of 150,000 PEVs, and the average daily charge demand of PEV is.427&W h, then the total daily power
demand of all PEVs is about 2114GW h. This paper sets the battery capacity of PEVs as 30kWh, the state
of charge (SOC) during charging or discharging as 50%, the number of PEV chging and discharging per
hour as 20% of the total PEVs, and the charging e ciency as 85%. Thus, the maximun power for PEV
charging and discharging per hour will be 158W and 153MW respectively.

Under the three wind power generation scenarios, the PEV charging and idcharging results after
rescheduling obtained by the proposed optimization algorithm are listel in Table 6. In Table 6, the data
highlighted in purple indicate the discharge power, and data highlighed in green are discharging power. Itis
evident that PEVs are managed to charge during the load valley period whi¢ discharge during the load peak
period. In addition, as shown in Table 6, during the load valley periodfrom 1" to 8" hour, the wind may
provide an excessive amount of electricity, which will bring chalenges to the supply and demand balancing.
By charging the PEV as a load during this time period, the energy provded by the wind can be consumed,
thereby improving the stability of the power system. It is also evident from Figure 5 that wind energy
cannot help with peak-shaving and valley- lling of the grid load, whil e the peak-shaving and valley- lling of
the power grid can be achieved through intelligent charging and dischaging of PEV is added PEVs. This
con rms that intelligent charging and discharging of PEVs can play an important role in maintaining the
balance between supply and demand of the power grid and alleviating th@egative impact of wind energy
uncertainty on the power system.

4.3. Case 3: Comprehensive UC problems with integration of wind energgnd PEVs before and after
rescheduling

This case study presents a comparative analysis of unit output, grid loadand economic cost before and
after rescheduling, and the bene ts of rescheduling on the economy ahreliability of the power system are
investigated in detail. The comparison of di erent UC problems under the three scenarios are shown in
Figure 6.

In the experiments only one new wind energy forecast is conducted, @nthe di erence between the
new predicted wind power generation data and the real wind generation dta is below the threshold, which
implies that the system only needs to be rescheduled once. The p&rimental data used in the three wind
energy scenarios can be found in Table 5, wher@indspying represents the wind power data of the typical
spring day of on-shore power plants in Northern Ireland as mentioned inCase 1,wind, represents the
day-ahead forecast data of the wind power.rand is a random number. The wind energy data of the three
scenarios are shown in Figure 6a.

When there is a large gap between the actual wind energy and the predietl wind energy, it is necessary
to arrange the rescheduling of the power system. If the actual wind eergy is far less than the predicted
wind energy, it is unacceptable to continue to use the day-ahead dmatching plan. However, if the actual
wind energy is much greater than the predicted value, the electricenergy provided by the power grid will
be greater than the demand, which will bring challenges to the secuty and economy of the power system.
This paper mainly considers the situation where the actual wind enegy is greater than its predictions.

Figure 6b shows a comparison of the grid load before and after reschedulinghe grid load here is the
traditional load plus PEV load and minus the wind power. It can be evidert that the grid load after
rescheduling is lower than before rescheduling in most periodshis is due to the integration of wind energy
and intelligent management of charging and discharging of PEVs after rescliiling. This con rms again that
rescheduling is helpful to reduce the load of the power grid. In adiion, rescheduling also helps to reduce
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Table 6: New forecast data of wind energy and PEV charging and discharging after rescheduling.

High Medium Low Traditional
High Proportion Medium Proportion Low Proportion
Hour Proportion Proportion Proportion Load
PEV Load (MW) PEV Load (MW) PEV Load (MW)
wind (Mw) Wind (MW) Wind (Mw) (MW)
1 305.93 152.96 76.48 700
2 324.19 162.09 81.04 750
3 324.60 162.30 81.15 850
4 317.99 158.99 79.50 950
5 325.19 162.59 81.30 1000
6 331.30 165.65 82.83 1100
7 325.35 162.68 81.34 1150
8 258.92 129.46 64.73 1200
9 208.42 104.21 52.10 1300
10 281.59 140.79 70.40 1400
11 326.73 163.36 81.68 1450
12 242.49 121.24 60.62 1500
13 163.07 81.54 40.77 1400
14 63.56 31.78 15.89 1300
15 14.98 7.49 3.74 1200
16 0.46 0.23 0.11 1050
17 0.87 0.44 0.22 1000
18 20.51 10.25 5.13 1100
19 25.04 12.52 6.26 1200
20 31.49 15.74 7.87 1400
21 61.40 30.70 15.35 1300
22 73.09 36.54 18.27 1100
23 170.60 85.30 42.65 900
24 95.14 47.57 23.78 800

the generation cost of the power system, as shown from the changes in tlmitputs of some conventional
thermal generation units before and after rescheduling as illustratd in Figure 6¢c. The outputs of units

are directly related to the load of the power grid. Therefore, when the actual wind energy is greater than
its predictions made in the previous day, the output of some units afer rescheduling will be less than the
output of units during the day-ahead dispatching, which is clearly re ected in the output changes of several
thermal units as shown in Figure 6¢. Table 7 shows the comparison of thecenomic costs consumed by the
unit operating for one day before and after rescheduling in the threescenarios. It is shown in the table that

the economic cost after rescheduling is often lower than before reseduling, and the economic improvement
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Table 7: Comparison of the economic costs of a day before and a fter rescheduling in di erent scenarios ( $/day).

Wind energy application scenario  Cost of day-ahead schedul ing  Cost of rescheduling  Dierence
Low proportions scenario 594208.31 585564.15 1.4%
Medium proportions scenario 566856.68 553229.87 2.4%
High proportions scenario 532534.56 504184.86 5.3%

after rescheduling will increase as the proportion of wind energy in@ases. Therefore, rescheduling of the
power system is helpful to relieve the load pressure of the poweyrid and reduce the cost of power generation.

Figure 6: Comparison of three problems in three scenarios.

5. Conclusion

Integrating RGs and PEVs has been a hot topic in the power system operatin. In this paper, a power
system optimization framework considering wind energy uncertaintyhas been proposed. This framework
uses a group of new MA approaches to realize the intelligent PEV chargingnd discharging, and addresses
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the optimal scheduling of power generating units. In this framework the predicted wind energy is compared
with the actual wind energy in real time, and di erent application sce narios of wind energy are considered. As
long as the di erence between the actual wind energy and the predi@d wind energy exceeds the threshold,
the power system will be actively rescheduled according to the ew forecast wind power, so as to reduce the
negative e ects of the wind power uncertainty on the electric powe system.

In order to verify the e ectiveness of the proposed method, threecase studies have been conducted.
The experimental results con rm the e ectiveness of the proposedmethod in solving the power system
scheduling problems with uncertain renewable energy sources, aeling up to over 5.3% cost reduction.
The mass roll-out of PEVs and signi cant penetration of wind energy will play an increasingly important
role in the future energy system and the decarbonization journey worldvide. Actively rescheduling the
power system can signi cantly improve the economic performance and vide a bu er scheme for the relief
of the uncertainty of RGs. The potentials of PEVs can also be leveraged though proper scheduling. In
addition, the future work will consider the use of wind energy predction algorithms to further increase the
accuracy of predicting wind energy, and further re ne the indicators and thresholds of wind energy in order
to be closer to actual application scenarios.
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