
 

  

 

Aalborg Universitet

A Consumer-Oriented Incentive Strategy for EV Charging in Multiareas under
Stochastic Risk-Constrained Scheduling Framework

Li , Zekun ; Sun , Yi ; Yang, Hongyue ; Anvari-Moghaddam, Amjad

Published in:
I E E E Transactions on Industry Applications

DOI (link to publication from Publisher):
10.1109/TIA.2022.3174527

Publication date:
2022

Document Version
Accepted author manuscript, peer reviewed version

Link to publication from Aalborg University

Citation for published version (APA):
Li , Z., Sun , Y., Yang, H., & Anvari-Moghaddam, A. (2022). A Consumer-Oriented Incentive Strategy for EV
Charging in Multiareas under Stochastic Risk-Constrained Scheduling Framework. I E E E Transactions on
Industry Applications, 58(4), 5262-5274. https://doi.org/10.1109/TIA.2022.3174527

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            - Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            - You may not further distribute the material or use it for any profit-making activity or commercial gain
            - You may freely distribute the URL identifying the publication in the public portal -
Take down policy
If you believe that this document breaches copyright please contact us at vbn@aub.aau.dk providing details, and we will remove access to
the work immediately and investigate your claim.

https://doi.org/10.1109/TIA.2022.3174527
https://vbn.aau.dk/en/publications/314cb965-55d6-4aed-a795-1a320a08722b
https://doi.org/10.1109/TIA.2022.3174527


1 

> REPLACE THIS LINE WITH YOUR MANUSCRIPT ID NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 

A Consumer-Oriented Incentive Strategy for EVs 

Charging in Multi-Areas under Stochastic Risk-Con-

strained Scheduling Framework 
Zekun Li, Yi Sun, Hongyue Yang and Amjad Anvari-Moghaddam, Senior Member, IEEE 

Abstract—The distribution of electric vehicles (EVs) charging 

areas is affected by customers’ behaviors, which has strong tem-

poral and spatial characteristics. Thus, some charging stations 

(CSs) are always busy practically, while others are not, which leads 

to lower charging efficiency and profit. To solve this, a consumer-

oriented charging incentive strategy for EVs in multiple regions is 

proposed, which can guide the transfer, alleviate the congestion of 

CSs so as to improve the economy of scheduling. In this paper, by 

setting different charging prices in various regions, the price-

based transfer model (PBTM) of EVs is constructed to describe 

price effects on EVs’ transfer behaviors. Then, the PBTM is inte-

grated into a stochastic scheduling scheme managed by the distri-

bution system operator (DSO). Charging income and extra cost of 

line loss caused by charging are additionally considered to maxim-

ize the total profit of DSO when scheduling. Finally, the applica-

bility and economic advantages of the proposed strategy are ana-

lyzed with different CSs’ capacity as well as users’ price sensitivity 

and EVs’ regulation depth, and the influence of important param-

eters are investigated deeply. 

 
Index Terms—EVs, consumer-oriented, multiple regions, EV 

charging, incentive strategy, stochastic scheduling. 

 

NOMENCLATURE 

Abbreviation 

CS Charging station 

PBTM Price-based transfer model  

SOC State of charge 

EV Electric vehicles 

DSO Distribution system operator 

RES Renewable energy sources 

DA Day ahead 

EP Expected profit  

DG Distributed generator 

PV Photovoltaic 

CVaR Conditional value at risk 

MCS Monte Carlo simulation 

PDFs Probability distribution functions 

OPF Optimal power flow 

CL Common loads 

Parameters and variables 


 Charging efficiency 

EVP  The rated charging power of electric vehicles 

EVE  The rated battery capacity 

*i  CS i is selected by user j 

,i jd  The distance between area i and j 

ch

ip  The charging price of CS i 

,
max
ch EVp  The maximum charging price 

ik  The impact of capacity of CS i 

in  The number of available electric plugs 

  
The significance of the distance for CS selec-

tion 

M The number of areas 

( )
n k

u t
 

The transfer of user n from area i to station k 

in area j at the time t 

( )ijU t
 

The set of users that transfer from area i to 

area j at the time t 

( )ij t
/

ˆ ( )ij t  

The (modified) EVs transfer possibility from 

area i to area j at the time t 

( )arv
iN t /

ˆ ( )arv

iN t  

The (modified) predictive number of arriving 

EVs of area i at time t 

,ch t

ijp
 

The price difference value between area i and 

j at time t 
ch

eptp
 Users’ expected price difference 

( )ext

iN t  
The number of existing EVs of area i at time t 

considering price impact 

( )org

iN t  
The number of original EVs of area i at time 

t, 

( )lv

iN t  The number of leaving EVs of area i at time t 

( )ch

iP t /

, ( )ch

i sP t ( , ,

ch

i t sP ) 
The charging power of EVs in area i at time t 

/for scenario s 

max
kSP  

The maximum charging power supplied by 

station k 
avg

iP  The average charging power of EVs in area i 

IncomeCL

/ IncomeEV  

The income from selling electricity to com-

mon loads / EVs 

CostM  The total cost of trade with market 
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CostGEN  The total cost of power generation 

CostR  The cost of EVs regulation 

CostLLS  
The cost of extra power loss when EVs charg-

ing 

,

,

MDA sell

t sc
 

The whole selling price of DA market at time 

t for scenario s 

,

,

MDA buy

t sc
 

The whole buying price of DA market at time 

t for scenario s 
,

,

DA sell

t sP
/

,

,

DA buy

t sP
 

The selling /buying power from market at 

time t for scenario s 

, ,( )DG

i i t sC P
 The cost function of the ith DG unit 

, ,

SU

i t sC
/ , ,

SD

i t sC
 

The start-up / shut-down costs of the ith DG 

unit at time t for scenario s 

,i upR /

,i downR  
The ramping-up /-down rate of the ith DG 

,

WT

i tc
/ ,

PV

i tc
 The operating costs of WTs/PVs at time t 

,

,

UPreg DA

m tc
/

,

,

DNreg DA

m tc
 

The up-/down-regulation price of area m in 

DA market at time t  

,

, ,

UPreg EV

k t sP /
,

, ,

DNreg EV

k t sP
 

The DA arranged up-/down-regulation power 

of station k at time t for scenario s 

k

loss

Sc
 

The cost of the line loss of power when 

charging in station k 


 The confidence level in CVaR 


 the greatest value of the profit in CVaR 

s  
The difference between EP in scenario s and 
  in CVaR 

,
m

t sP
/ ,

m
t sQ

 
The active / reactive power from connected 

main grid at time t for scenario s 

, ,nr t sP
/

, ,nr t sQ
 

The active /reactive power flows from bus n 

to bus r at time t for scenario s 

, ,n t sV  The voltage amplitude at bus n at time t for 

scenario s 

, ,n t s  The voltage angle at bus n at time t for sce-

nario s 

, ,i t sy /

, ,i t sz  

Binary variables denoting start-up/shutdown 

of DG unit i at time t and scenario s. 

, ,i t su  Binary variable denoting commitment status 

of DG unit i at time t and scenario s. 

  
The regulation proportion of total charging 

power 

  The percentage of maximum charging price 

I. INTRODUCTION 

ARBON neutralization has raised extensive focus to-

ward utilization of renewable energy sources (RESs) 

such as wind and solar power. However, strong volatil-

ity and intermittency of RESs will inevitably increase system 

operation risks [1].  

Stochastic scheduling can comprehensively consider uncer-

tainties, evaluate system risks and make a tradeoff while sched-

uling. For example, in [2], a stochastic chance-constrained 

method has been used to reduce the destructive impact on power 

system from RES-based energy systems and microgrids. Simi-

larly, a stochastic scheduling method has been proposed in [3] 

to reduce the expected operating cost and the impact of the 

worst-case scenario. As a necessary component of smart grid, 

flexible load sources (FLSs) can increase the economy and se-

curity of system operation, which have been applied to stochas-

tic scheduling actions proposed in [4]-[5]. In [6], by modeling 

the randomness of residential loads, FLS has been taken as an 

important and relatively stable source to participate in stochas-

tic scheduling. Similarly, by taking RESs, distributed genera-

tors (DGs) and uncertain demand response (DR) together as a 

virtual power plant (VPP), a two-stage risk-constrained sto-

chastic scheduling has been proposed in [7]. Moreover, in [8] 

and [9], FLS has been used for stochastic dynamic optimization 

of an integrated energy system.  

Electric vehicle (EV) is a special kind of FLS. To integrate 

EVs dispatching into an optimal scheduling problem, many re-

search works have been carried out considering different objec-

tives such as minimizing the total operation cost [10] or max-

imizing the whole profit of systems [11]. In [12], a hybrid de-

centralized robust-stochastic programming method has been 

proposed for coordinating EVs and energy hubs to acquire the 

highest profit, considering the uncertainty of EVs and the 

worst-case scenario. Similarly, aiming at the maximum bene-

fits, an optimal scheduling strategy for EV aggregators (EVAs) 

has been proposed by considering the triple benefits of EV us-

ers, EVAs and the distribution system operator (DSO) [13]. 

Aiming at the minimum costs, a distribution enterprise operat-

ing mode for EVAs has been proposed by eliminating the pen-

alties caused by uncertainties [10]. Nevertheless, to realize the 

active participation of EVs, incentive mechanism for charging 

is needed to support the decision-making plan or scheduling in 

the system level. Commonly, Time-of-Use (TOU) price [14] 

and Real-Time price (RTP) [15] are used to change users’ 

choices on charging demand and periods. In later researches, 

these methods have gradually evolved into a charging menu 

based on RTP or TOU, and the purpose is the optimal charging 

cost [16]-[17]. There are also customers participating in the an-

cillary services [18], where the flexible charging and discharg-

ing ability of EVs is used to balance the real-time power supply 

and demand, so as to obtain market revenue. The above two 

parts including EVs dispatching and charging mechanism form 

a relatively complete framework of using EVs for system 

scheduling.  

However, the above researches focus on the flexibility in 

charging time. Definitely, proper time management contributes 

to economical operation when EVs dispatching and charging 

mechanism are coordinated well, but two more challenges need 

to be addressed. One is the spatial characteristic, which will 

cause different incremental line losses when charging. Different 

charging locations will cause economic differences in system 

scheduling because the cost of line loss and charging congestion 

both in time and in the same place will have strong impacts. The 

other one is users’ willingness. To guide EVs to charge at dif-

ferent locations, charging discounts in different areas must be 

C 
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sent to users. In most of the above-mentioned researches on 

charging mechanisms, price menus and charging packages have 

been bound in the hardware facilities of charging piles and sta-

tions. These methods cannot dominate users’ driving behaviors, 

because the charging discount information of the piles /stations 

in different regions is not directly shared.  

We can assume that if the charging prices of all piles or sta-

tions are sent to users, their driving behaviors will change when 

comparing the prices in different regions. Actually, many re-

searchers noticed this and designed various competitive pricing 

strategies [19]-[24]. For example, from investors’ perspective, 

a PEV fast charging station (CS) planning framework has been 

proposed in [19], which aims to maximize the total profit in-

cluding both the capital cost and the operation profit. From the 

perspective of CS operators [20], a multileader–multifollower 

stackelberg game model has been improved under a 1-D system 

with two competing CSs and Poisson arriving EVs. If the price 

information is not completely shared, a Bayesian game frame-

work has been proposed to solve EV pricing problem in [21]. 

All the above literatures show that the users’ selections mainly 

depend on CS sizing, siting, and pricing. Users’ selection mod-

els have been established in [19],[20] and [21],but only used for 

the CS operators including both existing private operators and 

new competitive investors. Different from [19],[20] and [21], 

researchers in [22] have completed a work from a central oper-

ator’s perspective. A joint planning algorithm from a central 

planner’s perspective has been proposed to allocate smart EV 

CSs and DGs in microgrids in [22].  

Among the above mentioned research, pricing strategies are 

used for either CSs planning which is conducted by investors 

and planners, or optimal operation of CS operators. There is lit-

tle research in that EVs pricing strategies are utilized for eco-

nomic scheduling. From the perspective of the whole distribu-

tion system, it is also economically advantageous to combine 

EVs charging with scheduling of power grid. So, in our previ-

ous study [23], an incentive strategy for EVs charging was pro-

posed to increase the scheduling profit of DSO. The idea of  

[23] shows that DSO can gain more profits when scheduling 

because the strategy can guide more EVs to charge in leisure 

CSs so as to increase DSO’s benefit from selling more power. 

However, the applicability of  [23] is limited because DSO 

hardly makes a deterministic schedule due to the day ahead 

(DA) prediction error from uncertain load and RES.  

Therefore, to make that idea more practical in real-life set-

tings under different uncertainties, an extension of the work is 

presented here by taking a stochastic risk-constrained schedul-

ing framework into account. Several improvements are com-

pleted from modeling, strategy-designing and applicability an-

alyzing, including 1) an advanced users’ selection model with 

price sensitivity; 2) a more practical risk-constrained stochastic 

scheduling strategy combining scenarios, EVs guidance and 

regulation, charging power loss and risk estimation; 3) a com-

prehensive set of constraints and performance analysis on dif-

ferent conditions. The main contributions can be summarized 

as follows: 

1) A stochastic scheduling framework embedded with an in-

centive charging strategy for EVs is proposed, in which DSO 

combines the scheduling of power grid and EVs charging by 

flexible price approaches to contribute to system operation. 

DSO

G
Psupply

Cloud data server

...

Area 1 Area 2 Area 3

supplyP Distribution area

EV data collection 

and prediction

Infomation flow
Power flow

Market

Modified 
schedule plan

Modified charging 

price broadcasting 

Original 
schedule plan Data analysis

T
ra

d
e 

in
fo

r
m

a
ti

o
n

...

...

EV flow

 

Fig.1 Concept for incentive EV charging strategy integrated in DSO’s 

scheduling plan. 

2) Users’ selection model for CSs is modified and a price-

based transfer model (PBTM) is proposed to describe the cor-

relation between charging price and EVs transfer, and the flow 

model of EV population in multi-areas is constructed. 

3) The PBTM is integrated into stochastic scheduling, and an 

advanced scheduling strategy is proposed. Apart from common 

scheduling approaches like DGs and RES cost, market trade, 

and CVaR risk, EVs charging income, incremental line loss cost 

caused by geographical charging, and flexible regulation cost 

provided by EVs are considered, which implicitly shows the 

spatial and temporal characteristics of EVs charging behaviors.   

4) The applicability and economic advantages of the pro-

posed strategy and the influence of important parameters from 

different aspects, such as charging station capacity, users’ price 

sensitivity and EV regulation depth are discussed.  

The remaining part of the article is organized as follows. Sec-

tion II presents the description of the proposed incentive strat-

egy. Section III describes price-based transfer model of EVs. 

Section IV presents the modeling approach and solution meth-

odology. Section V presents simulation and numerical results. 

Finally, conclusions are drawn in Section VI. 

II. DESCRIPTION OF THE PROPOSED INCENTIVE STRATEGY 

With the help of advanced communication and digital tech-

nology such as cloud and edge computing, geographically dis-

tributed FLS can be managed by centralized methods. Fig.1 

shows the overall structure of the proposed incentive charging 

strategy, which is integrated in the stochastic scheduling.  

The DSO has a key role in this management process where 

the aim is to maximize the profit while meeting technical con-

straints. When EVs’ charging request is intensified in certain 

areas at relatively short time periods, charging congestion could 

happen since EVs would be queued for long waiting time in 

those stations while other stations would be unoccupied with no 

or little profits. Thus, it is important for DSO to guide EVs 

among different areas for proper load sharing, efficient power 

regulation during peak periods, and keeping user’s satisfaction 

as high as possible. 

Generally, the DSO will make DA scheduling according to 

the prediction of loads, output of renewable energy and market 

price in the next day. By collecting historical data about the 

EVs’ arrival times, DSO could analyze EVs’ characteristic in 

each area via cloud servers. Then, DSO can induce drivers’ 

charging activities by providing charging discount or financial 

incentive for each station. Moreover, with the help of cloud 

computing in modeling and analysis, a modified scheduling 
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plan with a higher economical profit can be formed. Finally, the 

guidance is customer-oriented. The DSO need to broadcast the 

modified charging price in each station to EV drivers. 

III. PRICE-BASED TRANSFER MODEL OF EVS 

A. Modeling of SOC of an Individual EV 

EVs can be served as distributed energy storage units to provide 

balance service e.g. economic scheduling and operation. For a 

grid-connected EV, the state of charge (SOC) plays an important 

role when an EV is used for balance service. SOC has a strong re-

lationship on power capacity and duration time provided by an EV. 

Generally, EVs’ charging pattern can refer to the charging char-

acteristics of lithium batteries. The SOC evolution model of one 

EV can be described as follows: 

EV

EV

( 1) ( )
P

SOC t SOC t t
E


+ = +      (1)

  
min maxSOC SOC SOC     (2) 

where ( 1)SOC t + and ( )SOC t  are the charged state of the electric ve-

hicle in period k+1 and period k respectively.   is charging effi-

ciency, EVP  is the rated charging power of electric vehicles, EVE  is 

the rated battery capacity. 

B. Modeling of Fixed EV Transfer Process 

Users also play an important role as they decide EVs’ transfer 

process. Then, the time of connecting to grid is determined. So 

apart from a SOC model to know its charging process, a transfer 

model is necessary to know EVs’ arriving time and numbers. 

Normally, we assume that an EV user selects a particular CS 

based on 1) the electricity price offered by the CS, 2) its distance 

from the CS, and 3) the number of available electric plugs i.e. 

charging capacity the CS is equipped with. One’s selection will 

take the minimum combined utility of the above three items as the 

target. Thus, according to literature [24], we can define a utility 

term that describe the selection of  CS  i by one EV user j,  as fol-

lows:   
* 2

,: arg min ch

j i j i iUt i d p k=    (3) 

where *i represents that CS i is selected by user j, 
2

,i jd 
is the 

distance between area i and j , and the nonnegative parameter 
  reflects the significance of the distance for CS selection, i.e., 

EVs are more reluctant to visit CSs which are far away when 

the value of   is large.
ch

ip is the charging price of CS i, and 
2( )i ik n −=  represents the impact of capacity of CS i , which is 

the function of the number of available electric plugs.  

Generally, without shared prices to users, we can assume 

one’s selection will depend on the distance and CS capacity, 

which can be described as 
* 2

,arg min i j ii d k= . However, for a 

scheduling task conducted by DSO, the CSs are existed with 

fixed and pre-setting parameters. So, for an EV user, his/her se-

lection will be relatively fixed according to his/her location at 

that time. Then for EVs population, the transfer process will 

also be fixed, which can be defined as follows: A number of M 

areas, which can be depicted as a set

1 2 M{ , ,..., }AREA Area Area Area=  and a total of K CSs

1 2{ , ,..., }KSTN S S S=  is defined to form a multi-regions problem. 

Users are distributed among different locations in each area, so 

we also define a set of users by 1 2( ) { ( ), ( ),..., ( )}NU t u t u t u t=  to 

depict users’ distribution at time t. According to (3), when user 

n transfers from area i to area j, a choice must be made by com-

paring the distance from the expected destination and the ca-

pacity of the destination as follows: 
* 2

( )

 ,  

( ) : ( ) argmin
n k k

n k

k u t S Sn k

u Area i S Area j

u t S t d k

 

=
  (4) 

where ( )
n k

u t represents the transfer of user n from area i to sta-

tion k in area j at the time t. Generally, the locations of CSs are 

fixed, and the capacities of CSs are relatively fixed as well. If 

users couldn’t receive the shared discount information, they 

will take the above two as main factors for decision-making. So 

there is a fixed transfer process between areas, the possibility of 

which can be formed by (5)-(6). 
1,2,3,  ...,  ,

( ) ( )
 ,  

ij n k
n k

n N
U t u t

u Area i S Area j

=  
=  

   
  (5) 

( ) ( )
( )

( )

arv
i ij

ij arv
i

N t U t
t

N t


−
=    (6) 

where ( )ijU t represents the set of users that transfer from area i 

to area j at the time t, ( )ij t is the EVs transfer possibility from 

area i to area j at the time t, ( )arv
iN t  is the predictive number of 

arriving EVs of area i at time t, and  represents the number of 

elements of a set. 

C. Modeling of EVs flow with price impact 

Considering the price impact on charging choices, a PBTM 

can be established according to the two rules: 1) if the charging 

prices of different areas or stations are the same, the transfer 

probability of EVs will keep the same as (6). 2) if the charging 

price of one station can reach someone’s expectation, the mod-

ified transfer probability of the user will reach up to 1. 

According to consumer psychology model [25], the price im-

pact can be modeled as linear function, denoted as (7)-(8). 

( ), ,, 1
( ) 1 1

( )

ch ch

i t j tch t

ij ch

ij ept

p p
f p

t p

−
 = − +   

    (7) 

,

, ,

ch t ch ch

ij i t j tp p p = −     (8) 

where 
,ch t

ijp is the price difference value between area i and j at 

time t, ,

ch

i tp is the charging price of area i at time t, and 
ch

eptp de-

notes users’ expected price difference. Then, the modified 

transfer probability between different areas will be the product 

of original transfer probability and the price impact function, 

denoted by (9). 
,ˆ ( ) ( ) ( )ch t

ij ij ijt t f p =     (9) 

Therefore, the total amount of EVs and the flow can be de-

noted as below: 

1, 1,

ˆ ˆ ˆ( ) ( ) ( ) ( )(1 ( ))
M M

arv arv arv

i j ji i ij

j j i j j i

N t N t t N t t 
=  = 

 
= − − 
   
   (10) 

ˆ( ) ( ) ( ) ( )ext org arv lv

i i i iN t N t N t N t= + −   (11)  

Equation (10) describes the relationship of EVs’ flow in and 

out between different areas. For each area, the modified number 

of arriving EVs consists of the number of EVs’ flowing out to 

other areas and the number of EVs’ flowing in from other areas. 

Once the number of arriving EVs is calculated, the total amount 
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can be calculated according to (11), which depends on the num-

ber of original EVs, arriving EVs, and leaving EVs. 

In (9)-(11), ˆ ( )ij t  is the modified EVs transfer possibility from 

area i to area j at the time t, ˆ ( )arv

iN t  is the modified predictive 

number of arriving EVs of area i at time t, respectively, and 
( )ext

iN t is the number of existing EVs of area i at time t consider-

ing price impact. ( )org

iN t  is the number of original EVs of area i 

at time t, ( )lv

iN t  is the number of leaving EVs of area i at time t. 
( )org

iN t  and ( )lv

iN t  can be predicted from history distribution. Fi-

nally, the total charging power can be calculated by (12): 

( ) ( ) ( )ch avg ext on

i i i iP t P N t x t=    (12) 

where ( )ch

iP t  denotes the charging power of EVs in area i. 
avg

iP is 

the average charging power of EVs in area i, and ( )on

ix t  repre-

sents the distribution of on-state EVs, both of  which can be 

calculated by historical statistics. 

IV. MODELING APPROACH AND SOLUTION METHODOLOGY 

A. Problem formulation 

In this section, an optimization problem of stochastic sched-

uling integrated with the incentive charging strategy is formu-

lated to maximize the expected profit of DSO. The aim of the 

strategy is to determine the optimal energy dispatch, EV charg-

ing prices as well as charging power in different areas. There-

fore, the decision variables include two parts, one of which is 

from incentive charging strategy and another is from stochastic 

scheduling.  

In the first part, charging power of area i ( ( )ch

iP t ) is an im-

portant decision variable, which is a linear function of charging 

price ( ,

ch

i tp ) according to (7)-(10). The charging power of area i 

( ( )ch

iP t ) is the sum of charging power of stations located in this 

area ( , ,

ch

k t sP ), which can be obtained once we calculate ( )ch

iP t  ac-

cording to fixed transfer process, i.e. equation (3). In the second 

part, decision variables include commitment states of DG units 

( , ,i t su ), their scheduled active power ( , ,

DG

i t sP ), start-up and shut-

down costs of DGs ( , ,

SU

i t sC and , ,

SD

i t sC ), power scheduled to be bought 

from and sold to the main grid (
,

,

DA buy

t sP and
,

,

DA sell

t sP ) and the sched-

uled up- and down- regulation power provided by EVs (
,

, ,

UPreg EV

k t sP  

and
,

, ,

DNreg EV

k t sP )for all scenarios and 24h. The proposed strategy is 

given with more details in the following subsections. 

B. Objective function of the proposed problem 

The purpose of the DSO is to maximize the expected profit 

(EP) by guiding EVs from lower-capacity areas to larger-capac-

ity areas to sell more electricity to users. The objective function 

is composed of the following parts: 

Income Income Cost
Max(EP) CVaR

Cost Cost Cost

CL EV M

GEN RG LLS


+ − 

= +
− − − 

 (13) 

where IncomeCL  is the income from selling electricity to common 

loads and IncomeEV is the one made from EVs. CostM  is the total 

cost of trade with market and CostGEN  is the total cost of power 

generation, which includes the operation cost of DGs, PVs and 

WTs. CostR  represents the cost of EVs regulation and CostLLS  

is the cost of extra power loss during EVs charging process. 

Different terms in (13) are formulated in the following. 

,

, ,

1 1

Income
NS T

RDA sell L

CL s t s t s

s t

c P t
= =

=    (14) 

, , , ,

1 1 1

Income
k

NS T M
ch ch

EV s m t s k t s

s t m S Area m

p P t
= = = 


=  

 
 

 

   (15) 

In (14) and (15), s is the probability of occurrence of scenario 

s, t  is the duration of time period t which can be one hour in 

DA schedule. 
,

,

RDA sell

t sc is the retail price of DA market at time t for 

scenario s, and ,

L

t sP  represents the power of common loads at 

time t for scenario s. , ,

ch

m t sp  is the charging price of area m, and 

, ,

ch

k t sP  is the charging power of station k. Note that charging 

prices are set the same in different stations but in the same area 

to make the management of stations in the same area easier. 

Then, CostM  includes both selling and buying transactions, 

which can be formulated as follows: 

( ), , , ,

, , , ,

1 1

Cost
NS T

MDA sell DA sell MDA buy DA buy

M s t s t s t s t s

s t

c P c P t
= =

= −   (16) 

where 
,

,

MDA sell

t sc  and 
,

,

MDA buy

t sc  are the whole selling price and buying 

price of DA market at time t for scenario s, 
,

,

DA sell

t sP  and 
,

,

DA buy

t sP  are 

the selling power and buying power , respectively. The term 

CostGEN  stands for the cost of power production from various 

generation units. In this article, wind and photovoltaic (PV) 

units are considered as DSO-owned, generating together with 

DGs. Thus the CostGEN  represents as follows: 

Cost Cost CostGEN DGs RES= +   (17) 

, ,

1 1 1 , , , ,

( )
Cost

G
DGNNS T

i i t s

DGs s SU SD
s t i i t s i t s

C P
t

C C


= = =


= 

 + + 
   (18) 

, , , , , ,

1 1 1 1

Cost
WT PVN NNS T

WT WT PV PV

RES s i t i t s i t i t s

s t i i

c P c P t
= = = =


= + 

 
       (19) 

In (17)-(19), , ,( )DG

i i t sC P  is the cost function of the ith generator 

unit, usually taken as a quadratic function. , ,

SU

i t sC and , ,

SD

i t sC  are the 

start-up and shut-down costs of the ith generator unit at time t 

for scenario s. , ,

DG

i t sP , , ,

WT

i t sP  and , ,

PV

i t sP  are the ith outputs of different 

units, and ,

WT

i tc , ,

PV

i tc  are the operating costs of WTs and PVs at 

time t. Then CostRG  can be calculated as below: 
, ,

, , ,

, ,
1 1 1 , , ,

Cost
k

k

UPreg DA UPreg EV

m t k t s
NS T M

S Area m

RG s DNreg DA DNreg EV
s t m m t k t s

S Area m

c P

t
c P




= = =



 +


= 


 


 



 

 

 (20) 

where 
,

,

UPreg DA

m tc  and 
,

,

DNreg DA

m tc is the up- and down- regulation price 

of area m in DA market, and 
,

, ,

UPreg EV

k t sP  and 
,

, ,

DNreg EV

k t sP  are the DA 

arranged up- and down- regulation power of station k at time t 

for scenario s, respectively.  

Finally, it is important and economically advantageous to 

consider the extra power loss caused by EVs charging. EV is a 

special load that has spatial transfer characteristics of energy. 

Actually, there is different power loss in different locations of 

the power grid, i.e. the closer load is to power supply units, the 

less power loss is. When the charging demand is large, the lo-

cation of this charging load will certainly affect economics of 

system operation. Therefore, it is significant for DSO to take 

the cost of this extra power loss into consideration when making 

economical scheduling. The cost of this power loss can be for-

mulated as (21). 
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, ,

1 1 1

Cost
k

k

NS T M
loss ch

LLS s S k t s

s t m S Area m

c P t
= = = 


=  

 
  

 

   (21) 

where 
k

loss

Sc is the cost of the line loss of power when charging 

in station k. The last term of the objective function is conditional 

value at risk (CVaR) that is multiplied by a risk factor. CVaR
is a typical method to tradeoff profit and risk under various un-

certain scenarios, which is denoted as follows [7],[29]: 

1

1

CVaR (1 )
NS

s s

s

   −

=

 
= − − 
 

   (22) 

where   is the confidence level within a range of 0.90-0.99 

normally. The auxiliary variable   is the greatest value of the 

profit and s  is the difference between EP in scenario s and  . 

C. Constraints of the proposed problem 

The above objective function needs to satisfy the following 

constraints, including operating security, dispatchable capacity 

from DGs and EVs, EVs charging price limits, market trade 

limits, as well as CVaR constraints. 

1) Linearized Power Flow Equations: To ensure the security 

of system operation, an AC power flow of distribution network 

for each scenario and at each time interval must be met. Equa-

tions (23) and (24) represent the active and reactive power bal-

ance between supply and demand sides at node n as follows. 

, , ,

, , , , , , ,

1 1 1

ˆ
n n
G RES BN N N

DG n RES n L n

i t s i t s t s nr t s

i i r

P P P P
= = =

+ − =     (23) 

, , ,

, , , , , , ,

1 1 1

ˆ
n n
G RES BN N N

DG n RES n L n

i t s i t s t s nr t s

i i r

Q Q Q Q
= = =

+ − =    (24) 

, , ,

, , , , , ,

RES n WT n PV n

i t s i t s i t sP P P= +    (25) 
, , ,

, , , , , ,

RES n WT n PV n

i t s i t s i t sQ Q Q= +    (26) 

, , , , ,

, , , , , , , ,
ˆ

k k k

L n L n ch n UPreg EV DNreg EV

t s t s k t s k t s k t s

S bus n S bus n S bus n

P P P P P
  

= + + −  
   

  (27) 

, , , , ,

, , , , , , ,
ˆ

k k k

L n L n ch n UPreg EV DNreg EV

t s t s t s k t s k t s

S bus n S bus n S bus n

Q Q Q Q Q
  

= + + −  
   

    (28) 

, , , , , , , , , , , ,

1,

(2 1) ( 1) ( )
BN

l l l

nr t s nn n t s nr n t s r t s nr n t s r t s

r r n

P G V G V V B  
= 

= − + + − + −  (29) 

, , , , , , , , , , , ,

1,

(2 1) ( 1) ( )
BN

l l l

nr t s nn n t s nr n t s r t s nr n t s r t s

r r n

Q B V B V V G  
= 

= − − − + − + − (30) 

When it comes to bus 1, which connects to the main grid, ,
m

t sP  

and ,
m
t sQ must be add into the left of (23) and (24), respectively 

[26]. From (23) to (30), , ,nr t sP and , ,nr t sQ represent the active and 

reactive power flows from bus n to bus r, which can be calcu-

lated by a general linearized form in [7], [26]and[27].  

Other operating constraints for network security includes 

voltage limit (31)-(32) and line flow limits (33)-(34) [28]. 
min max

, ,n n t s nV V V     (31) 

min max
, ,n n t s n       (32) 

min max
, ,nr nr t s nrP P P    (33) 

min max
, ,nr nr t s nrQ Q Q    (34) 

2) Dispatchable Distributed Generators Constraints: The 

output of DGs need to meet the minimum and maximum limits 

(35) as well as the power capacity limits (36).  

min , , max

DG DG DG

i t sP P P    (35) 

min , , , , max , ,

DG DG DG

i t s i t s i t sP u P P u    (36) 

Considering the feasible operational region, the minimum 

up/down time limits (37)-(38), and ramping rate limits (39)-(40) 

are set to ensure a reasonable operation.  
1

, , , ,
it UT

i h s i i t sh t
u UT y

+ −

=
    (37) 

1

, , , ,(1 )
it DT

i h s i i t sh t
u DT z

+ −

=
−    (38) 

( )  , , , 1, , , , , ,min ,min ,DG DG DG DG

i t s i t s i t s i t s i i downP P z P P t R−−  −    (39) 

( )  , , , 1, , , ,max , , ,min ,DG DG DG DG

i t s i t s i t s i i t s i upP P y P P t R−−  −    (40)  

Where iUT  and iDT  are the minimum up and down time of 

DG unit i. Meanwhile, the binary variables of DGs should meet 

the following relationship when starting-up and shutting-

down[29]. 

, , , , , , , 1,i t s i t s i t s i t sy z u u −− = −    (41) 

, , , , 1i t s i t sy z+      (42) 

3) EVs Charging and Regulation Constraints: The charg-

ing power of EVs in one area is the sum of charging power in 

several CSs, which can be denoted by (43). For a CS, the charg-

ing power cannot exceed the station’s capacity (44). For an area, 

the total charging power depends on the number of on-state, so 

it should be limited by total number of EVs in this area (45). 

, , , , ,
k

ch ch

m t s k t s

S Area m

P P Area m


= 
 

    (43) 

, , max0 ,kSch

k t s kP P S       (44) 

,0 ( ) ( ),ch avg ext

m s m mP t P N t Area m    
  (45) 

EV is a flexible load, power of which can be easily regu-

lated to provide balance service for power grid when needed. 

So, the up- and down- regulation capacity of EVs are consid-

ered into constraints (46) -(49). The regulation capacity is lim-

ited by both station’s capacity and amount of EVs, which can 

be formulated as below:  
,

, , , ,0 ( )
k

ch UPreg EV avg ext

m t s k t s m m

S Area m

P P P N t


 + 
 

  (46) 

,

, , , , max0 k

k k

Sch UPreg EV

m t s k t s

S Area m S Area m

P P P
 

 +  
  

  (47) 

,

, , , ,0 ( )
k

ch DNreg EV avg ext

m t s k t s m m

S Area m

P P P N t


 − 
 

  (48) 

,

, , , , max0 k

k k

Sch DNreg EV

m t s k t s

S Area m S Area m

P P P
 

 −  
  

  (49) 

In this article, users’ satisfaction levels are also taken into 

consideration when users are participating in regulation ser-

vices. The amount of power regulation has direct influence on 

user’s dissatisfaction. Thus, to avoid excessive dissatisfaction, 

regulation limits should be met, which is denoted by (50): 

( ), ,

, , , , ,

1 1

( ),
k

T T
UPreg EV DNreg EV ch

k t s k t s m s

t S Area m t

P P P t area m
=  =


+   

 
  

 

  (50) 

Equation (50) ensures that the charging power deviation 

caused by regulation will not exceed a certain proportion of to-

tal charging demand. In (50),   is the regulation proportion of 

total charging power, which shows elasticity of EVs and de-

pends on different user groups’ characteristics.   
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Fig.2. Flowchart of the proposed optimization procedure 

4) EVs Charging price and transfer Constraints: In the 

proposed incentive charging strategy, DSO needs to design 

an attractive price for EVs. The optimized charging price 

cannot exceed the original price because if the optimized 

price is higher, that will be less attractive. So, a constraint 

for charging price is defined by (51).  
,

max0 ( )ch ch EV
ip t p    (51) 

Equation (51) aims to avoid negative charging price caused 

by blind competition and contributes to a reasonable price in-

terval. Apart from (51), users’ expectation ch
eptp  on price should 

also be limited in this interval. Consequently, price differences 

between different areas will not exceed users’ expectation as 

once the difference reached ch
eptp , user’s transfer behavior will 

certainly change according to the proposed PBTM in Section 

III. Therefore, a set of price constraints is formulated by (52)-

(55). 
,

max
ch ch EV
eptp p=                  (52) 

0 1               (53) 
,ch ch t ch

ept ij eptp p p−          (54) 

, ,ch t ch t
ij jip p = −    (55) 

Where   is the percentage of maximum charging price which 

shows users’ price sensitivity, and ,
max
ch EVp  is the maximum charg-

ing price, which can be taken as normal charging price. 

5) Market Transaction Constraints: The power trade with 

market should meet the certain limits, which depends on market 

requirements and tie-line capacities. So the constraints can be 

denoted by (56)-(59). 
,

, max0 DA buy buy

t sP P     (56) 
,

, max0 DA sell sell

t sP P     (57) 

,

, max0 DA buy line

t sP P    (58) 
,

, max0 DA sell line

t sP P    (59) 

6) CVaR Calculation Constraints: The following con-

straints must be considered once CVaR is calculated accord-

ing to [29]. 

Max(EP)s s +    (60) 

0s            (61) 

D. Problem Solution Methodology 

Fig.2 illustrates the solution methodology of the proposed 

framework. Generally, the flow of solving stochastic schedul-

ing problem includes: 1) data input, 2) scenarios generation and 

reduction, 3) solution for MILP with security and reliability 

constraints. In the first part, both deterministic parameters and 

probabilistic parameters are input. In the second part, uncertain-

ties associated with WT, PV, load, and market price are mod-

eled using the Monte Carlo simulation (MCS) method accord-

ing to their probability distribution functions (PDFs). A tree 

with a total of 104 scenarios is generated and consequently 20 

scenarios are clustered by the K-means algorithm. In the last 

part, all reduced scenarios are implemented to the stochastic op-

timization to maximize EP as well as system security verifica-

tion by considering optimal power flow (OPF).  

Differently, to integrate the incentive charging strategy into 

stochastic scheduling, an extra series of steps are added into 

Fig.2. Before solving the MILP problem, heterogeneous param-

eters of rated power, battery capacity and charging efficiency, 

as well as arriving and leaving time, are initialized and counted 

into statistics. Then the hourly distribution of EVs charging de-

mand in each area can be obtained. Moreover, charging prices 

are taken as variables to form a PBTM and to modify the objec-

tive function in section IV. Also, a step of evaluation of users’ 

satisfaction limits is needed after considering economical and 

security constraints. The modified model is also a MILP prob-

lem, and the final optimized results include scheduled deploy-

ment of DGs, regulation of EVs, the optimal charging price in 

each area, and etc. 

V. SIMULATION AND NUMERICAL RESULTS 

A. Case study and simulation parameters 

The strategy proposed in this paper is applied to a modified 

IEEE 30-bus distribution system coupled with a city route map. 

As can be seen in Fig.3, the whole map is divided into 3 areas, 

and each area is equipped with a fast CS. The whole distribution 

network is composed of 3 dispatchable DG units, 20 wind tur-

bines and 15 PV units, which are distributed in different buses 

as shown in Fig.3. The parameters of DGs and renewable gen-

eration are as shown in TABLE I. 

The expected average output of RESs, as well as load data 

are obtained from pieces of the historic statistics from a power 

plant, and the market price is from [28], which can be seen in 

Fig.4. In the composition of load, common fixed load and EVs 

are set according to different proportion. Totally, 1233 EVs 

from the whole optimized periods are generated by Monte Carlo 

method, all of which have a parameter distribution as shown in 

TABLE II. The other parameters for the proposed strategy are 

listed in TABLE III. 
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Fig.3. Traffic-grid coupling networks and CSs distribution 
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Fig.4. The hourly expected value of RES, load and price. 

TABLE Ⅰ 

INFORMATION OF GENERATING UNITS 

Unit 

Min-Max 

Generation 

(kW) 

Marginal 

Cost 

(＄/kWh) 

Start-up 

Cost(＄) 

Shut-

down 

Cost(＄) 

Amou

nt 

DG 30-400 0.055 0.09 0.08 2 

DG 30-600 0.045 0.09 0.08 1 

WT 0-80 0.060 - - 20 

PV 0-75 0.040 - - 15 

TABLE II 

PARAMETERS OF EVS AND INITIALIZATION 

Parameters Value Initialization Value 

Rated charging power 20-40(kW) Arriving time Random 

Rated battery capacity 40-90(kW/h) Staying time 0.5-2 h 

Charging efficiency 1 SOC 0.2-0.7 

TABLE III 

OTHER GLOBAL PARAMETERS 

Parameters 
Value 

(＄/kWh) 
Parameters 

Value 

(＄/kWh) 

Max charging price 0.462 retailed price  0.385 

Up-regulation price  0.023 Cost 

of 

loss 

Area 1 0.8 

Down-regulation price  0.277 Area 2 0.6 

Selling price to market 0.060 Area 3 0.4 

TABLE IV 

CASES AND SCENES SETTINGS 

settings 
Capacity of CSs 

Area1 (kW) Area2 (kW) Area3 (kW) 

Case 1 1000 1000 5000 

Case 2 1500 1000 4500 

Case 3 1500 1500 4000 

Case 4 2000 1500 3500 

Scene index Scene description 

Scene 1 EVs transfer with a fixed price  

Scene 2 EVs transfer with a modified price 

 

In Table IV, four cases divided by different capacities of fast 

CSs and two scenes with different price settings are set to verify 

the applicability. The simulation is completed with a 24 h hori-

zon under different cases by considering users’ price sensitivity, 

EVs elasticity for power regulation, and risk levels. The simu-

lation is completed by CPLEX based on MATLAB 2019b on a 

PC with 16GB RAM and AMD 4800U@4.2GHz processor. 

B. Performance of the incentive strategy  

Four cases of CSs without enough charging capacities are 

compared in scenes of fixed and modified prices. In this part, to 

avoid the impacts from various parameters of the incentive 

strategy, which will be discussed later in the article, some pa-

rameters are set as follow:   is set to 0.5, and  is set to 0.01.  

Fig.5 shows a comparative study where, Scene 1 denotes the 

situation that EVs transfer with fixed price, representing the 

practical phenomenon that EV users are unaware of the charg-

ing price difference between areas. Scene 2 elaborates on the 

proposed incentive strategy that EVs transfer with modified 

prices. Analysis shows that the largest charging demand is in 

Area 1, followed by Area 2 and 3, and the peak demands in Area 

2 and 3 are far less than that in Area 1. However, Area 1 is 

equipped with a low capacity CS, which could hardly meet the 

demand during peak periods. After optimization by the pro-

posed incentive strategy, EVs’ mobility pattern as well as the 

charging demand is changed in different areas. The adjusted re-

sult is that the largest demand is shifted to Area 3 which has 

larger charging capacity. 

Moreover, by increasing the capacity of Area 1 as shown in Case 

1 to Case 4, smaller number of EVs have to be guided to other areas 

for charging. Meanwhile, the necessary price reduction during the 

whole time period gets smaller, denoting that the larger charging 

demand is, the lower price will be needed to guide EVs in lower-

capacity but highly-demanded stations to larger-capacity but less-

demanding stations. 
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(d) 

Fig.5 Charging demand and modified charging price in differ-rent areas under 

(a) case 1, (b) case 2, (c) case 3, (d) case 4. 

C. Discussion about users’ price sensitivity  

Users’ price sensitivity plays an important role in the perfor-

mance of the proposed incentive strategy. To achieve a good guid-

ing performance, it is necessary to discuss price sensitivity in order 

to adjust different incentive degrees to meet various expectations.  

Here, the total price reduction of all destinations that attract EVs 

to charge by setting lower prices is analyzed. As can be seen in 

Fig.6, different values of  represent various sensitivities. The 

larger the value of   is, the less sensitive the user is. With the 

increase of expected charging discount, users become insensi-

tive and the CSs need to provide further price reductions to at-

tract EVs, which in turn bring less profit to the CS as can be 

clearly observed in all cases. Therefore, at higher price-sensi-

tivity of users, the DSO just needs to introduce minor incentives 

to guide EVs through different areas.  

D. Discussion about EVs elasticity for power regulation 

EVs elasticity for power regulation will be expanded with the 

proposed incentive strategy, which can provide more controllable 

power for balancing services. In Fig.7, a comparison between Case 

1 and Case 4 in area 3 is made considering different scenes to see 

how elastic EVs would be toward power regulation. The upper 

and lower boundaries depict how much power EVs can provide 

for up/down regulation. As can be observed, in Case 1, the upper 

boundary and charging power in Scene 2 are larger than that in 

Scene 1. It means both up- and down- regulation ability from EVs 

are expanded. In Case 4, charging power in Scene 2 is larger, which 

also shows a stronger curtailment ability. Moreover, the proposed 

incentive strategy is with more improvement on elasticity in case 1 

than case 4, denoting a higher suitability for solving charging con-

gestion in small-capacity stations. To make this clearer, the peak 

period is selected to show one kind of elasticity, i.e. curtailment  
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(d) 

Fig.6. Total price reduction and total profits of all areas in different cases. (a) 

total price reduction. (b) total profits. 
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(c)                 (d) 

Fig.7. Charging curves and elasticity of EVs in Area 3 in different cases. (a) 

Case 1, Scene 1. (b) Case 1, Scene 2. (c) Case 4, Scene 1. (d) Case 4, Scene 2. 
TABLE V. 

 COMPARISONS OF PEAK CURTAILMENT CAPACITY OF TWO SCENES IN 

DIFFERENT CASES 

Case Index 

Scene 1(kW) 

Area 1 Area 2 Area 3 total 

1 1000 1000 2119.12 4119.12 

2 1500 1000 2119.12 4619.12 

3 1500 1168.261 2119.12 4787.381 

4 2000 1168.261 2119.12 5287.381 

Case Index 

Scene 2(kW) 

Area 1 Area 2 Area 3 total 

1 1000 538.8942 3950.635 5489.529 

2 1500 794.1621 3197.224 5491.386 

3 1500 794.1621 3197.224 5491.386 

4 2000 1058.85 2434.427 5493.277 

 

capacity. A statistic comparison is made to see the improvement in 

different cases as shown in Table. V.  

Consequently, as seen from the table, no matter which case, the 

proposed incentive strategy can take full advantage of elasticity 

from EVs in different areas to provide power regulation services. 

Due to the regulation potential, the curtailment conducted by 

EVs can be seen from Fig. 8. Taking Fig. 4 as a reference, it is easy 

to find that in the peak period, buying energy from the market is 

expensive and as a result, EVs are willing to contribute to peak 

curtailment in three areas if appropriate incentives are provided by 

the DSO to do so.  
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Fig.8. Peak curtailment conducted by EVs. 
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Fig.9. Trading cost with market and profits under different elasticity as well as 

satisfaction. 

However, too much participation in regulation will certainly 

increase EV users’ dissatisfaction. So a regulation proportion is 

significant for DSO to secure a curtailment plan when needed. 

Here, a quadratic utility function ( , )U x   is used for evaluating 

users’ satisfaction [30]. According to convergence of users’ sat-

isfaction utility [31], a maximum 10% of   is set to restrict the 

over-regulation and heavy dissatisfaction. As shown in Fig.9, 

with the increase of regulation proportion, the total profit of 

DSO will increase with a decrease of trading cost with electric-

ity market. Meanwhile, it shows a decrease on EV users’ satis-

faction when more regulation proportion are allowable. The 

negative curve in Fig.9 represents the loss of satisfaction caused by 

down-regulation in peak periods. 

E. Improvement and scalability verification  

The proposed incentive strategy is integrated into a stochastic 

scheduling problem to evaluate its economic advantages in both 

risk-neutral case (i.e., 0 = ) and risk-averse case (i.e., 10 = ). In 

this subsection, we set 0.5 = , 0.08 = . Fig.10 depicts the eco-

nomic comparison of different cases and scenes. Here, as a general 

result, we can also see that the expected profit decreases as risk  
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Fig.10. DSO’s EP versus CVaR for different values of   

aversion increases. Additionally, comparing Scene 1 and Scene 2 

in different cases, Scene 2 (the proposed strategy) can contribute to 

a higher profit at the same value of   no matter what the value is. 

Also, in Case 1(shown at the top), the economic advantage is more 

obvious because the proposed strategy is more suitable for solving 

the low-capacity but high-demand difficulties. 

Apart from the application in IEEE 30-bus distribution system, 

similar cases are set in IEEE 118-bus distribution system (more in-

formation can be found in [32]) to see its scalability. The total com-

putation times for the proposed strategy under different operating 

conditions are less than 5 min in all cases. Power flow based on the 

optimal results can be fast converged in IEEE 33_bus distribution 

system and a little longer converged in IEEE 118_bus distribution 

system, that denotes the applicability of our strategy. Meanwhile, 

based on Scene1, TABLE. VI shows DSO’s profit improvement 

rates brought by our strategy (i.e. in Scene 2) at different CVaR 

parameters in the above two systems. According to the above anal-

ysis that our strategy is more suitable for solving the low-capacity 

but high-demand difficulties. The improvement rate ranges from 

6.37% to 13.34% in the system with 33 buses and from 7.61% to 

17.24% in that with 118 buses, respectively. In other cases, there 

are also profit improvements in both systems when our strategy is 

adopted, that illustrates a good scalability of the proposed strategy. 

 

TABLE VI. 

 COMPARISONS OF THE IMPROVEMENT AND CONVERGENCE IN TWO DIFFERENT DISTRIBUTION SYSTEMS 

 

  

Index 
Improvement rate in Scene 2 in IEEE 33-bus distribu-

tion system (%) 
Security 

verifica-

tion   

Improvement rate in Scene 2 in IEEE 118-bus distribu-

tion system (%) 
Security 

verifica-

tion     0 0.25 0.5 1 2 5 10 0 0.25 0.5 1 2 5 10 

Case1 6.37 6.46 6.54 6.72 7.12 8.63 13.34 √ 7.61 7.72 7.83 8.06 8.57 10.56 17.24 √ 

Case2 4.05 4.10 4.16 4.27 4.51 5.44 8.31 √ 4.31 4.37 4.43 4.56 4.84 5.91 9.41 √ 

Case3 2.86 2.89 2.93 3.01 3.18 3.83 5.79 √ 3.22 3.26 3.31 3.40 3.60 4.39 6.93 √ 

Case4 1.09 1.11 1.12 1.15 1.22 1.46 2.18 √ 1.39 1.41 1.43 1.47 1.55 1.89 2.94 √ 
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VI. CONCLUSION 

This article integrated an incentive strategy for EV charging into 

stochastic schedule framework. DSO’s EP was maximized by a 

risk-constrained stochastic optimization as well as by considering 

the EVs transfer among areas. The proposed incentive strategy was 

applied to a modified traffic-grid coupling network and 4 cases 

combined with 2 scenes were presented. The results show that the 

proposed strategy could contribute to the total profit of DSO while 

being highly useful to EVs users and charging stations in terms of 

waiting time and energy costs/revenues. The main concluding re-

marks of this article can be highlighted as follows:  

1) The proposed incentive charging strategy can increase the 

whole profit by giving charging price discount in different areas. 

Moreover, the strategy guides more EVs to change charging sta-

tions and avoid charging congestion, while gaining higher profits.  

2) Both users’ price sensitivity and EVs’ elasticity for power 

regulation have an important influence on the proposed incentive 

charging strategy. The more price-sensitive the users are and the 

larger elasticity EVs have, the more profit DSO would earn. 

3) The proposed strategy can be easily integrated in stochastic 

scheduling process in both risk-neutral and risk-averse cases. It will 

be feasible for DSO to make decision under different uncertainties 

and form a more economical dispatch plan. 

Future work will base on this incentive charging strategy, 

mainly focusing on the EVs’ real-time control after charging guid-

ance to smooth the uncertainties caused by renewable energy. 
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