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1Abstract—This paper proposes an optimal coordinated sched-

uling of electric vehicles (EVs) for a virtual power plant (VPP) 

considering communication reliability. Recent advancements on

wireless technologies offer flexible communication solutions with 

wide coverage and low-cost deployment for smart grid. Neverthe-

less, the imperfect communication may deteriorate the monitoring 

and controlling performance of distributed energy resources. An 

interactive approach is presented for combined optimization of 

dynamic spectrum allocation and EV scheduling in the VPP to 

coordinate charging/discharging strategies of massive and dis-

persed EVs. In the proposed approach, a dynamic partitioning 

model of the multi-user multi-channel cognitive radio is used to 

cope with the vehicle-to-grid (V2G) communication issue due to 

variable EV parking behaviors, and a two-stage V2G dispatch 

scheme is proposed for the wind-solar-EV VPP to maximize its 

overall daily profit. Furthermore, the effects of packet loss proba-

bility on the VPP scheduling performance and battery degradation 

cost are thoroughly analyzed and investigated. Comparative stud-

ies have been implemented to demonstrate the superior perfor-

mance of the proposed methodology under various imperfect 

communication conditions. 

Index Terms—Smart grid, vehicle to grid, stochastic optimization, 

virtual power plant, wireless communication. 

I. INTRODUCTION

lectric vehicles (EVs) are considered as an important means

of stabilizing the smart grid and facilitating the integration

of renewable energy through vehicle-to-grid (V2G) operation [1]. 

As an emerging energy storage form, EVs could feed the stored 

electricity back into power grids to provide energy services in a 

distributed manner when parked and connected to the grid [2]. It 

is reported in [3] that the global EV deployment would reach 20 

million by 2020 and 140 million by 2030, while personal EVs 

are utilized only 4% of their time for transportation [4]. Hence, 

the EV fleets are potentially available to provide fast response 

and large battery storage capacity for V2G implementation, and 

can be aggregated and controlled under the virtual power plant 

(VPP) architecture to participate in energy markets [5]-[7]. 

The increasing number of EVs can enhance the V2G capabil-

ity for energy arbitrage and peak shaving, and thus can decrease 

the initial investment for dedicated energy storage in the VPP 

[5]-[8]. Over the years, most of EVs adopt lead-acid and nickel- 

metal hydride batteries due to their mature technologies and low 
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costs. Nevertheless, the ageing and degradation of batteries ac-

celerates linearly or even exponentially with the increase of the 

depth of discharge (DOD) for these EV batteries, which is rec-

ognized as a main obstacle to the widespread implementation of 

V2G programs [9]. Nowadays, lithium-ion batteries have been 

extensively accepted by EV industries because of their excep-

tionally long cycle life and low battery degradation cost [3]. The 

techno-economic analysis of V2G feasibility has been studied in 

[2],[8],[10] that the commercial V2G hub are cost effective to 

cover the associated battery degradation cost via electricity price 

arbitrage, and lithium-ion batteries of EVs can achieve 5000 and 

1,000,000 cycles at 70% and 3% DOD, respectively. Moreover, 

it is reported in [11] that 50 landmark V2G projects around the 

world, e.g., Parker Project and M-Tech Labo, have been suc-

cessfully launched, contributing to improving the reliability and 

efficiency of smart grid with considerable economic benefits for 

both of power utilities and EV users. However, the available 

battery capacity from EVs usually varies over different hours of 

the day depending on mobility behaviors of EV owners [12], 

and thus the coordination and management of these geograph-

ically scattered EVs give rise to a challenge for V2G commu-

nication and control strategies [13]-[16]. 

The V2G operation requires a bidirectional grid-connected EV 

charger with metering and communication capabilities [16], and 

the coordinated scheduling of EVs involves information interac-

tions among the VPP and chargers in real-time, such as the time 

of arrival/departure, battery state of charge (SOC) and real-time 

control signals [1]. So far, various studies have been reported in 

[15]-[19] to implement the V2G under the problem of imperfect 

data communication. The effects of availability, economics and 

reliability of a hierarchical communication architecture on V2G 

ancillary services were analyzed in [18],[19] and distributed 

methods were also presented in [15],[16] to investigate the V2G 

dispatch and communication strategies for EV aggregators. Most 

existing literatures have focused on the optimal V2G programs 

with small-scale EVs (e.g., less than 100 EVs), and the scalabil-

ity of these strategies on the monitoring and controlling perfor-

mance of numerous end-users (e.g., more than 1000 EVs) are not 

involved yet. Although the wired and wireless technologies of 

V2G communication are developing rapidly, it is difficult to 

guarantee a perfect two-way communication network for mas-

sive and scattered EVs due to the huge investment cost of high- 

bandwidth communication channels [17],[18]. Consequently, 

this inevitably leads to the performance degradation of the 

price-responsive VPP dispatch under an imperfect communica-

tion network [19]. 

Wireless technologies have been widely recognized for smart 

grid communications due to their widespread access and low- 

cost deployment [20], especially for demand response and V2G 

systems [21]. As the information exchange among the VPP con-

trol center and numerous decentralized EVs should be commu-

nicated within a limited time period for real-time V2G operation, 

significant spectrum resources are thus required due to the large 
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volume of real-time data traffic for the monitoring and control of 

these EVs [22]. However, with the increasingly intensive radio 

systems operating in the license-free industrial, scientific, med-

ical (ISM) frequency band (e.g., WiFi, Bluetooth and Zigbee), 

the wireless spectrum becomes remarkably crowded and insuf-

ficient over the limited ISM band [23]. Also, the cellular network 

can employ exclusively the licensed ultra-high-frequency bands 

to support long-range V2G systems, but these spectrum bands 

have already been completely allocated for specific uses, mak-

ing it difficult to acquire dedicated spectra for the large-scale EV 

dispatch [24]. As a consequence, the available radio spectrum 

bandwidth for the real-time V2G communication appears to be 

gradually scarce in recent years, and therefore the investment 

and operation costs to lease new licensed spectrum bands for a 

large number of EVs would be expensive [25]. 

As reported from the U.S. Federal Communications Com-

mission in [26], the allocated licensed spectrum is heavily un-

der-utilized in the temporal and spectral dimensions. Cognitive 

radio (CR) is a promising technique to address this problem 

using dynamic spectrum access [22], and it can be incorporated 

in the existing V2G communication to satisfy the desire of large- 

scale EV applications [23]-[25]. With the aid of CR, the EVs can 

act as secondary users (SUs) to opportunistically operate in the 

vacant licensed spectrum bands from primary users (PUs) so as 

to improve the utilization of wireless spectrums. Recently, var-

ious CR channel partition schemes have been reported in [22]- 

[28] to effectively manage the spectrum resources of PUs among

different SUs. Nevertheless, the communication performance

would be adversely affected by the uncertainties of numerous

SUs resulted from the mobility nature of EVs.

In order to improve the V2G communication and control per-

formance with the uncertainty of the presence of EVs at charg-

ing stations, a V2G dispatch framework based on rolling horizon 

optimization (RHO) is proposed for the wind-solar-EV VPP to 

maximize its total profit under imperfect communication effects. 

The main contributions of this work are summarized as follows: 

1) An interactive approach is proposed to dynamically optimize

the CR spectrum allocation and EV charging/discharging

strategy considering the variable number of EVs at charging

stations; 2) A scenario-based rolling horizon strategy is pre-

sented to incorporate the renewable energy and EV uncertainties

considering the packet loss of data metering; 3) The effects of

data packet loss probability on the VPP performance and battery

degradation cost are further analyzed and investigated. Com-

parative studies have not only demonstrated the superior per-

formance of the proposed approach for V2G communication

and dispatch, but also confirmed the improved VPP profit under

various imperfect communication conditions.

II. PROBLEM FORMULATION

A. VPP Architecture with CR network

As illustrated in Fig. 1, the VPP is composed of wind power

plants (WPPs), photovoltaics (PVs) and EVs, and these distrib-

uted energy installations are collectively managed by a central 

control entity with the CR network [6],[24]. Both the day-ahead 

market and the balancing real-time market, operating at different 

time horizons, are involved to provide flexible energy trading for 

VPPs. In the day-ahead market, the VPP submits offers/bids for 

the day-ahead schedule of electricity trading, while the balancing 

market enables the VPP to sell or purchase electricity, in a near 

real time, for settling the energy imbalances caused by stochastic 

PV and WPP generations [29]. It is reported in [2],[4] that EVs 

will be parked at either work or home for a majority of the time, 

and the batteries only require to be charged with enough energy 

before their departure time. Hence, EVs can collectively serve as 

large-capacity energy storage to mitigate the volatility and in-

termittency of PV and WPP outputs, and facilitate the VPP to 

boost its total profit by moving electricity delivery through hours. 
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Fig. 1 Architecture of the VPP with CR network 

As shown in Fig. 1, a hierarchical communication infrastruc-

ture with CR network is integrated into the VPP control center to 

offer secure and efficient access to large-scale distributed energy 

resources [23]. In this hierarchical architecture, the aggregators 

serve as the intermediary entity between the control center and a 

large number of EVs to implement the V2G dispatch. The core 

networks in the upper layer provide the wired connection to ag-

gregators to guarantee high data reliability using the fiber-optic 

communication. In the wireless backhaul networks, each aggre-

gator can be used as a cognitive node to communicate with the 

dispersed smart meters deployed in EV chargers and renewable 

energy sources (RESs). The CR technique can handle the broad-

band connection to wireless local area networks for monitoring 

EVs, and also contribute to decreasing the investment cost and 

enhancing the communication flexibility and coverage [25]. 

B. Real-time Monitoring and Communication Framework

During the VPP dispatch and communication process, a large

amount of real-time data information exchange from smart me-

ters is required, including SOC levels of EV batteries, EV-driving 

characteristics, the charging/discharging control signals to EVs, 

weather data as well as the power outputs of WPPs and PVs, etc. 

Since smart meters cannot perform the information monitoring 

and communication simultaneously, the collected data of EVs 

and RESs will be transmitted to the VPP control center in limited 

time durations [28]. Fig. 2 shows the real-time monitoring and 

communication framework of smart meters. It can be found that, 

each dispatch cycle time of VPP, 𝑇D, consists of two phases:

monitoring duration 𝑇m and communication duration 𝑇c. The 𝑇c

can further be divided into K time slots, and at most one data 

packet can be transmitted in a time slot [27]. However, the lim-

ited CR bandwidth and the finite communication duration can-

not allow all of the metering data to be transmitted successfully, 

and thus the packet loss may be resulted, e.g., the metering data 

are considered to be lost once the data have not been transmitted 

within the communication duration. 
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Fig. 2 Framework of a cycle time for real-time monitoring and communication 
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The real-time monitoring information from RESs and EVs, in 

combination with the weather and price data, is characterized to 

contain large volumes of multiple types of data. In contrast, the 

real-time charging/discharging control signal data from the VPP 

control center to each EV is characterized as small volumes and 

delay sensitive [24]. Since EV control signals are of great im-

portance for the VPP dispatch performance, the automatic repeat 

request technique in [28] is used for wireless communication of 

these control signals. During each VPP dispatch cycle, the con-

trol center would transmit the charging/discharging data packet 

to each EV repeatedly until the control signal is successfully 

received and confirmed by this EV. On the other hand, it has 

been demonstrated in [24],[30] that communication delays of 

EV control signals are generally shorter than 100 milliseconds 

when the number of EVs is approximately one hundred, and are 

less than 2 seconds in the case of hundreds of EVs. For the VPP 

dispatch problem in this work, the communication duration 𝑇c

(30 seconds) is long enough with respect to the small sizes and 

time delays of these control signals, and thus the communication 

unreliability constraint will only affect the data acquisition and 

monitoring from RESs and EVs [31]. Therefore, it is an im-

portant and challenging work to analyze and model the impacts 

of imperfect communication on the data collection and infor-

mation monitoring of RESs and EVs, and it becomes a signifi-

cant task to propose an optimal and efficient scheme for the 

real-time VPP dispatch under various packet loss conditions. 

C. Impacts of Imperfect Communications on RESs

The packet loss probability caused by imperfect communica-

tion will affect the renewable energy forecasting and V2G dis-

patch performance [27]. For the short-term forecasting of re-

newable generations, real-time monitoring information of WPPs 

and PVs should be combined with historical data [32]. Due to the 

intermittent availability of primary CR channels and the limited 

communication duration, monitoring information including 

solar irradiation, temperature, and wind speed transmitted from 

PVs and WPPs to the control center will be partially lost. 

Therefore, the decrease in the collected monitoring information 

would give rise to the drop in the accuracy of renewable energy 

forecasting. Based on the estimation model in [31], the predicted 

power outputs of WPPs and PVs, �̃�𝑡
WPP

 and �̃�𝑡
PV, under the un-

reliable communication can be expressed as, 
WPP WPP WPP WPP WPP(1 ) =  + − t t t t tg g z   (1) 

PV PV PV PV PV(1 ) =  + − t t t t tg g z  (2) 
WPP WPP v

1 0 1 2 2= (1 ) [ (1 ) (1 ) ( )]t t tL L       + −   − + −  (3)

PV PV v

3 0 3 4 4= (1 ) [ (1 ) (1 ) ( )]t t tL L       + −   − + −  (4)

where 𝜇𝑡 is the average packet loss probability of data commu-

nication at the tth time period;  𝑔𝑡
WPP and 𝑔𝑡

PV  are the actual

energy outputs of WPPs and PVs at time t; 𝜁𝑡
WPP and 𝜁𝑡

PV are the

forecasting accuracy ratios of 𝑔𝑡
WPP and 𝑔𝑡

PV, respectively. As

more monitoring data are transmitted successfully, the forecast-

ing accuracy of RESs would be enhanced, and thus both of 𝜁𝑡
WPP

and 𝜁𝑡
PV in (3) and (4) are decreasing functions with respect to

the packet loss probability of transmitted monitoring data from 

RESs; 𝜁0
WPP and 𝜁0

PV are the initial forecasting accuracy ratios of

𝑔𝑡
WPP and 𝑔𝑡

PV, and their values can be determined by historical

forecasting data; 𝑧𝑡
WPP and 𝑧𝑡

PV indicate the deviations between

the predicted power outputs of RESs and the actual ones, and 

these two variables follow Gaussian distributions 𝑧𝑡
WPP~N(0, 𝜎1

2)

and 𝑧𝑡
PV~N(0, 𝜎2

2), respectively [22]; 𝐿𝑡
v and L are the number of

available communication channels at time t and total licensed 

channels in the CR network, respectively. 

The short-term RES forecasting is performed every 15 minutes 

with rolling horizon procedures, and the forecasting accuracy is 

mainly affected by historical RES data and the real-time moni-

toring information transmitted under imperfect communication 

conditions [31]. In the estimation model (1)-(4), 𝛼1, 𝛼2, 𝛼3, and

𝛼4 are weight factors, and 0 < 𝛼1, 𝛼2, 𝛼3, 𝛼4 < 1. Specifically,

𝛼1 and 𝛼3 are the weight factors of initial RES forecasting ac-

curacy ratios determined by historical WPP and PV output data 

respectively. On the other hand, the short-term RES forecasting 

accuracy is firstly determined with an initial accuracy ratio, and 

would be improved based on the received real-time RES moni-

toring data. Then, the real-time monitoring data are influenced 

by the data packet loss probability and available communication 

channels in the CR network. Consequently, 𝛼2 and 𝛼4 are the

weight factors to express the degree of impacts of the data packet 

loss probability and available CR channels on RES forecasting 

accuracies of WPPs and PVs. 

Formulations (3)-(4) are typical multivariate linear regression 

models, and the values of weight factors 𝛼1-𝛼4 can be solved and

determined using the classical multiple linear regression analysis 

(MLRA) in [33] with historical RES and communication data in 

[7],[29],[32]. For larger values of 𝛼1 and 𝛼3, the real-time mon-

itoring data would have less impact on the forecasting accuracy 

of RES power outputs, while larger values of 𝛼2 and 𝛼4 indicate

the higher influence of data packet loss probability on the RES 

forecasting accuracy as well as the real-time VPP dispatch per-

formance. Comparative studies and numerical results based on 

the MLRA show that factors 𝛼1 and 𝛼3 are usually in the range

of 0.7-0.85 and factors 𝛼2 and 𝛼4 are between 0.4 and 0.6 under

different RES output data and communication reliability condi-

tions. In this case study, 𝛼1, 𝛼2, 𝛼3, and 𝛼4 are set to 0.8, 0.5, 0.8,

0.5 after a large number of simulation studies [29]. Besides, it is 

worth noting that, new monitoring data of WPP and PV outputs 

can be stored as the historical data, and the values of weight 

factors shall be recalculated and retuned regularly by combining 

the historical data with the updated real-time monitoring data on 

a daily basis. 

In each dispatch cycle, the real-time monitoring data of RESs 

will be updated and transmitted to VPP control center for further 

analysis and optimization. In this study, when the real-time data 

on the power outputs of WPPs and PVs at current time 𝑡0 are lost

and unavailable, the RES power outputs at time 𝑡0 are regarded

to be the same as the values at the last cycle time 𝑡0-1.

D. Impacts of Imperfect Communications on EVs

Communication reliability would also affect the estimation

and prediction of EV parking behaviors. Compared with RESs, 

EV parking behaviors are much more difficult to forecast [34]. 

In this study, the parking model parameters of EVs, including 

the initial SOC distribution and the number of parking vehicles 

at any given point in time, follow Gaussian distributions as in 

[12]. Thus, multiple stochastic scenarios in the future horizons 

can be obtained from the historical data and Monte Carlo sim-

ulations [35] in order to capture the forecasting uncertainties, 

and each scenario expresses a possible operational status of EV 

parking behaviors with SOC values in each future dispatch time. 

For the real-time operation, the smart meters implanted in EV 

chargers will send data packets at the current time, regarding the 

real-time SOC, EV arrival and departure time to the VPP control 

center. Nevertheless, the packet loss may occur due to the time 
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constraints of meter data communication [31]. When the data 

packets are unavailable, lacking the SOC and departure infor-

mation of EVs, the VPP scheduling performance would be de-

graded [19]. Based on the estimation model of EV parking be-

haviors in [34], the EV arrival and departure behaviors under the 

unreliable communication can be formulated as follows, 
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where 𝐼𝑖,𝑡 is a binary variable to denote zero or one depending on

whether the ith EV is stationary at the charging station or not at 

the tth time period; 𝑢𝑖,𝑡
out is also a binary variable depending on 

whether the departure time of the ith EV is collected or not under 

the packet loss probability of 𝜇𝑡; �̃�𝑖,𝑠

in
 and �̃�𝑖,𝑠

out
 are the estimated

arrival and departure time of the ith EV for scenario s, respec-

tively. Here, in order to implement the rolling optimization 

considering the future horizons, the estimated arrival and de-

parture time of the ith EV, �̃�𝑖,𝑠

in
 and �̃�𝑖,𝑠

out
, can be extracted from

multiple stochastic scenarios, which is assumed to be the EV 

possible parking behaviors until its actual arrival and departure 

information is updated [36]. For the parking status of the ith EV, 

if its arrival time 𝑇𝑖
in

 is ahead of the beginning time of data

communication duration 𝑇𝑐0  in a dispatch cycle, the EV is

available and schedulable for the VPP within this dispatch cycle. 

For the situation in which the EV fails to communicate its de-

parture time 𝑇𝑖
out

, its estimated departure time �̃�𝑖,𝑠

out
 can be de-

termined by the parking behavior of scenario s sampled from 

Gaussian distributions. Therefore, the estimated parking status 

of the schedulable EVs can be expressed in (5) and (6). 

The EV chargers equipped with smart meters enable the VPP 

control center to dynamically estimate the number of schedula-

ble EVs connected to the power grid. The real-time SOC in-

formation of EVs is required to calculate the available battery 

capacity for the VPP, while a part of the measurements cannot be 

acquired due to the lossy communication network [28]. In this 

study, when the real-time data on the SOC information of an EV 

are lost and unavailable, its SOC value at current time 𝑡0  is

assumed to be estimated by the SOC at time 𝑡0-1 and the cor-

responding charging/discharging power. 

E. Dynamic communication spectrum allocation

The CR is an emerging technique with the high flexibility to

change its transmitter parameters based on the interaction with 

its environment [21]. The dynamic spectrum allocation (DSA) is 

utilized to provide CR networks with the capability to share the 

wireless spectrums among unlicensed users in an opportunistic 

manner, and thus can effectively overcome the spectrum ineffi-

ciency problems caused by the increased radio frequency demand 

[25]. There are two key actors in the DSA: 1) PU is the owner of 

a licensed channel and has the priority to use the spectrum; 2) SU 

is the opportunistic user which is allowed to sense the licensed 

spectrum and identify locally available channels in the absence 

of PU based on the temporal spectrum overlay [37]. In this paper, 

the scattered EVs and RESs act as SUs to dynamically access the 

CR channel, and the heterogeneous CR bandwidth from the PUs 

in the VPP can be offered for mobile EV users. 

In order to alleviate the impacts of imperfect data communi-

cation, a DSA scheme is proposed considering the variable EV 

parking behaviors. Basically, the smart meters in EV chargers 

will participate in the spectrum allocation only when the EV is 

stationary at charging stations and connected to the power grid, 

and thus the number of SUs is time-varying in the DSA problem. 

In each dispatch cycle, the SUs shall be partitioned into L groups, 

and the SU in the lth group will always attempt to access the lth 

CR channel based on the always-stay scheme [37]. For each time 

slot in Fig. 2, a licensed channel can either be occupied by a PU 

or available for a SU, and smart meters can transmit the metering 

data to VPP through the allocated channels opportunistically. The 

data communication of a SU is successful only when the li-

censed channel is available and the SU wins the contention with 

other SUs in this group. Due to the probabilistic properties on the 

usage of channels by PUs and the competitions among SUs, the 

state of licensed channel l for the metering data packet commu-

nication can be modeled as an absorbing Markov chain process 

[25], and the state transition probability of a SU from the current 

time slot to the next time slot can be formulated as, 
v v v

e
, ,

v

, ' e
,

1 11 (1 ) ,

1 (1 ),   1

0 ,   otherwise

l l l
l t l t

m m l
l t

P P P P m m
n n

P P P m m
n

 − +  − +   =



=   − = −




 (7) 

where 𝑃𝑚,𝑚′ denotes the transition probability from the current

state to the next state, in which there are m data packets to be 

transmitted in the current time slot and 𝑚′
 residual packets re-

maining in the next time slot; 𝑃𝑙
v is the probability of channel l to

be available for SUs; 𝑛𝑙,𝑡 is the number of SUs in group l at time

t; 𝑃e is the probability of packet communication error. For each

time slot, when the channel l is free, a CR-driven SU in group l 

has a probability of 1/𝑛𝑙,𝑡  to gain the permission of the channel

[27]. Then, the state transition matrix P derived from the ab-

sorbing Markov chain for describing the data packet communi-

cation of a smart meter in a certain channel can be expressed as, 

, 0

, ,0

0, 0 0,0

M M M,m M,

m M m,m m

M ,m

P P P

P P P

P P P







 
 
 
 =
 
 
 
 

P      (8) 

where M is the number of total data packets to be transmitted by 

a SU. For a limited communication duration 𝑇c with K time slots,

the probability distribution vector over all transient states for a 

SU in group l at the tth time period can be obtained as follows, 

0

, ,

1

( )
K

K

l t l t

k=

=  τ τ P   (9) 

where ∏ 𝐏𝐾
𝑘=1  denotes the multiplication of matrix P for K times;

𝛕𝑙,𝑡
𝐾  is a row vector and its elements indicate the probabilities on

the numbers of remaining data packets being [M, M-1, …, 1, 0] 

after the lapse of K time slots; 𝛕𝑙,𝑡
0  is the initial probability dis-

tribution and it shall be defined as [1, 0, …, 0, 0], in which none- 

zero elements correspond to the initial state m = M. The residual 

packets which fails to be transmitted during the limited duration 

𝑇c will be lost, and the average packet loss probability for a SU

in group l at the tth time period can be calculated as follows, 
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where 𝛕𝑙,𝑡
𝐾 (𝑚) is an element of vector 𝛕𝑙,𝑡

𝐾
 to indicate the proba-

bility of m packets remaining at a SU after K time slots. 

Hence, in order to minimize the average packet loss proba-

bility for all the groups of SUs at each dispatch period, a DSA 

model considering the variable behaviors of SUs can be formed 

to optimize the number of SUs in each channel group as, 
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where 𝑛𝑙,𝑡 is the positive integer variable to be optimized; 𝑁𝐿,𝑡 is

the total number of SUs at time t, and it can be determined as, 

, WPP PV EV,= + +L t tN N N N (12) 

EV

EV, ,

1=

=
N

t i t

i

N I       (13) 

where 𝑁WPP and 𝑁PV are the numbers of WPP and PV plants,

respectively; �̃�EV,𝑡  varies with different dispatch cycle time and 

equals to the total number of EVs connected to the power grid at 

charging stations; 𝑁EV is the total number of EVs in the VPP. The

DSA model is a typical integer linear program problem and can 

be performed with the freely available YALMIP toolbox [38] in 

MATLAB platform and readily solved using the CPLEX solver. 

III. MODELLING AND METHODOLOGY

The profit maximization problem of a VPP can be formulated 

as a classical two-stage mixed-integer stochastic programming 

to cope with the uncertainties in the VPP scheduling process [7]. 

The first stage is the day-ahead scheduling to solve here-and- 

now decisions which should be made before all the uncertainties 

become known, while wait-and-see decisions are used as coun-

termeasures in the real-time scheduling for the energy mismatch 

between the day-ahead forecasting and actual realization [35]. 

A. Day-Ahead Scheduling

The day-ahead scheduling implements a stochastic bidding

strategy with here-and-now decisions to determine the optimal 

amount of sold/ purchased electricity over a 24-hour horizon in 

order to maximize the expected economic revenue [5], while the 

uncertainties in WPP and PV outputs, day-ahead and balancing 

market prices, EV parking behaviors are considered and repre-

sented by various stochastic scenarios based on the historical 

data in [7],[34],[36]. Hence, the day-ahead objective function for 

the expected profit maximization consists of the amounts of 

electricity sold/ purchased in the day-ahead market 𝐺𝑡,𝑠
a , down-

ward electricity sold in the balancing market 𝐺𝑡,𝑠
down, and upward

electricity purchased in the balancing market 𝐺𝑡,𝑠
up

, as well as the

battery degradation cost and charging revenue of EVs under 

scenario s, as follows, 
T

EV

a a down down up up

, , , , , ,

1 1

EV EV

, , , ,

1

Max [ ( )

( )]

sNN

s t s t s t s t s t s t s

t s

N

i t s i t s

i

G G G

F C

   
= =

=

  +  − 
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where 𝑁T is the total number of time periods in the day-ahead

scheduling horizon; Ns is the number of scenarios for stochastic 

optimization; 𝜋𝑠 is the probability of scenario s, and the sum of

probabilities for all scenarios is equal to 1; 𝜆𝑡,𝑠
a  is the electricity

price in the day-ahead market at time t under scenario s; 𝛿𝑡,𝑠
down

and 𝛿𝑡,𝑠
up

 are downward and upward balancing price ratios, re-

spectively. In the balancing market, the VPP can only purchase 

the balancing energy with a higher upward balancing price than 

the day-ahead power price, and sell electricity at a lower down-

ward balancing price [29]. Here, due to the uncertainties in the 

balancing market prices, the downward and upward balancing 

prices are also uncertain and can be represented by stochastic 

scenarios with associated occurrence probabilities in the pro-

posed VPP model [40]. Also, 𝐹𝑖,𝑡,𝑠
EV  is the total charging revenue 

of the ith EV leaving at time t, as follows, 

out in

EV

, , ch , , , ,
( ) ,  ,  ,  

i i
i t s ii T s i T s

F SOC SOC E i t s=  −     (15)

where 𝑆𝑂𝐶
𝑖,𝑇𝑖

in,𝑠 and 𝑆𝑂𝐶𝑖,𝑇𝑖
out,𝑠 are the initial arrival and final 

departure SOC values of the ith EV under scenario s, respec-

tively; λch is the EV charging price in the VPP, and it is usually

lower than the market price [6]. Here, λch is set to 35$/MWh.

The most popular lithium-ion battery, as used in Tesla Model 

S and Honda Fit EVs, is adopted to evaluate the battery degra-

dation cost 𝐶𝑖,𝑡,𝑠
EV caused by the charging/discharging of EVs [9], 

0.2

m

0.2

m

disc
, ,EV ch ch

, , , , dis
m

[(1 ) 0.6]
( ), , ,

[(1 ) 0.6]

Ei

c Ei i
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c Ei i

i t si i i

i t s i i t s

i
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C g i t s
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+ −
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where 𝐶𝑖
c is the EV’s battery capital cost including replacement

costs; 𝑔𝑖,𝑡,𝑠
ch and 𝑔𝑖,𝑡,𝑠

dis  denote the charging and discharging ener-

gy of the ith EV during the tth time period under scenario s; 𝜂𝑖
ch

and 𝜂𝑖
dis  are the charging and discharging efficiencies of EV

batteries; 𝐸𝑖 and 𝐸𝑖
m are the battery capacity and the mean daily

amount of processed energy of the ith EV, respectively; 𝑑𝑖 and

𝑐𝑖 are the equivalent daily discount rate and wear coefficient,

respectively. 

In the optimal scheduling model, the SOC of each EV battery 

should be limited to avoid the overcharging and overdischarging, 

and also shall be charged with the required amount of energy 

before its leaving time 𝑇𝑖
out

 [41], as follows,

,min , , ,max ,    , ,i i t s iSOC SOC SOC i t s     (17) 

out

out

, ,
 ,  

i
ii T s

SOC SOC i s       (18) 

ch ch dis
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1 1
( ) ,  , ,i t s i t s i i t s i t s
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E




= +  −      (19) 
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−
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where 𝑆𝑂𝐶𝑖,min and 𝑆𝑂𝐶𝑖,max are the lower and upper bounds of

SOC of the ith EV; 𝑆𝑂𝐶𝑖,𝑡,𝑠  and 𝑆𝑂𝐶𝑖
out

 are the SOC of the ith EV

at time t and its required SOC at the departure time, respectively. 

As the fast charging/discharging rate will degrade the perfor-

mance of EV batteries and shorten the lifespan [10], the charg-

ing/discharging energy of EVs shall be limited as, 
ch ch

, , ,max , , , ,0 ,  , ,i t s i i t s i t sg g u I i t s            (21) 

dis dis

, , ,max , , , ,0 ,   , ,i t s i i t s i t sg g I i t s             (22) 

, , , , 1,  , ,i t s i t su v i t s+         (23) 

where 𝑔𝑖,max
ch  and 𝑔𝑖,max

dis are the allowable maximum charging

and discharging energy, respectively; 𝑢𝑖,𝑡,𝑠 and 𝜈𝑖,𝑡,𝑠 are binary

variables denoting the state of EV battery energy flow, charging 

or discharging, at time t; 𝐼𝑖,𝑡,𝑠 is also a binary variable to denote 0

or 1 depending on whether the ith EV is available at time t. 



6 

Constraints (21)-(23) ensure that each EV can only schedulable 

when the EV is connected to the grid, and the battery charging 

and discharging cannot be performed simultaneously. 

For each scheduling period under each scenario, the energy 

balance equality constraints between the energy production and 

consumption in the VPP should be considered as follows, 
EV EV

WPP PV up dis a down ch

, , , , , , , , ,

1 1

, ,
N N

t s t s t s i t s t s t s i t s

i i

g g G g G G g t s
= =

+ + + = + +    (24) 

a a a a

,1 ,2 , ,t t t t NsG G G G t= = =  =     (25) 

where 𝐺𝑡
a denotes the optimal amount of sold/ purchased elec-

tricity submitted to the day-ahead market at the tth time period. 

Constraint (25) ensures that the VPP can only submit one bid-

ding curve at each time period for all the scenarios [7]. 

B. Interactive Optimization of VPP Dispatch and DSA

Based on the optimal bidding results in the day-ahead market,

the real-time dispatch stage with wait-and-see decisions sched-

ules the charging/discharging of EVs and the transactions with 

the balancing market to settle the deviations between the con-

tracted and actual energy outputs of the VPP [39],[42]. In gen-

eral, the day-ahead scheduling is implemented on an hourly 

basis, while the real-time operation updates the dispatch of VPP 

resources with a more frequent time interval (e.g., 15 minutes). 

Here, a scenario-based real-time VPP dispatch with RHO 

strategy in [6] is implemented. Due to the volatility of RES 

outputs and time-varying EV parking behaviors, the failed and 

late delivery of real-time monitoring information on EVs and 

RESs would result in the degradation of VPP dispatch perfor-

mance, and hence an optimal DSA scheme considering the 

variable SUs in each possible scenario in the future horizons is 

obligatory to enhance the reliability and availability of CR 

communication networks. Consequently, an interactive ap-

proach is proposed to dynamically optimize the CR spectrum 

allocation and EV dispatch for improving VPP benefits under 

imperfect communication effects. 
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Fig. 3 Scenario-based interactive framework of VPP dispatch and DSA 

Fig. 3 schematically depicts the proposed interactive frame-

work for the combined optimization of VPP dispatch and DSA 

scheme. In the RHO based VPP dispatch, each rolling decision 

step solves for the current dispatch cycle and looks ahead the 

remaining dispatch cycles considering the uncertainties of real- 

time power price, WPP and PV outputs as well as EV parking 

behaviors in future horizons. It is worth to note that the variable 

number of schedulable EVs in the VPP dispatch model deter-

mines the number of SUs in the optimization model of DSA in 

(11)-(13), and the CR spectrums can be pre-allocated based on 

the estimated EV parking behaviors for all the future scenarios. 

On the other hand, the packet loss probability of CR networks 

determined by the DSA will affect the real-time monitoring and 

scheduling performance for EVs. Thus, the lowest packet loss 

probability will be resulted with the improved communication 

network for each dispatch cycle, and EV charging/discharging 

actions can be rescheduled continuously based on the updated 

real-time information (e.g., EV arrivals and their battery SOC) to 

further decrease the VPP operation cost. 

In the scenario-based stochastic RHO strategy, the optimiza-

tion objective is to minimize the total operation cost, including 

the real-time transactional cost for balancing electricity and the 

battery degradation cost of EVs at the current time t0, plus the 

expected operation cost of all the future scenarios, as follows, 

Min   

EV
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EVT
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       (26) 

where 𝜆𝑡0
r  and 𝜆𝑡,𝑠

r  are the real-time power prices in the balanc-

ing market at the current time t0 and time t under scenario s, re-

spectively; 𝐺𝑡0
r

 and 𝐺𝑡,𝑠
r

 are the amounts of electricity purchased/

sold in the balancing market at time t0 and time t under scenario s, 

respectively; 𝐼𝑖,𝑡0
 and 𝐼𝑖,𝑡,𝑠 are the parking status of the ith EV at

time t0 and time t under scenario s; 𝐶𝑖,𝑡0

EV  and 𝐶𝑖,𝑡,𝑠
EV  are the battery

degradation cost of the ith EV at time t0 and time t under scenario 

s, and their values can be calculated from (16). 

The operational constraints (17)-(25) in the day-ahead sched-

uling can also be used in the real-time dispatch model. It should 

be pointed out that the amount of sold/purchased electricity in the 

day-ahead market 𝐺𝑡
a for each time period shall be a constant in

the real-time operation stage [7]. Moreover, the energy balance 

equality constraints at the current time t0 and the remaining time 

periods under scenario s should be considered and expressed as, 
EV EV

0 0 0 0 0 0 0 0

WPP PV r dis a ch

, , , ,

1 1

N N

t t t i t i t t i t i t

i i

g g G I g G I g
= =

+ + +  = +    (27) 

EV EV

WPP PV r dis a ch

, , , , , , , , , , ,

1 1

0 T[ 1, ],

N N

t s t s t s i t s i t s t i t s i t s

i i

g g G I g G I g

t t N s

= =

+ + +  = + 

 + 

  (28) 

where �̃�𝑖,𝑡,𝑠
ch and �̃�𝑖,𝑡,𝑠

dis
 denote the charging and discharging en-

ergy of the ith EV at time period t under scenario s, respectively. 

Here, a positive value of 𝐺𝑡
a signifies that the electricity is sold

to the day-ahead market, while a positive value of 𝐺𝑡,𝑠
r  represents

the electricity purchased from the balancing market. Also, 𝑔𝑖,𝑡,𝑠
ch ,

𝑔𝑖,𝑡,𝑠
dis , �̃�𝑖,𝑡,𝑠

ch , �̃�𝑖,𝑡,𝑠
dis , 𝐺𝑡0

r , and 𝐺𝑡,𝑠
r

 are the decision variables to be

optimized in the real-time RHO strategy. 

In summary, the execution flowchart of the proposed coordi-

nated EV scheduling with DSA scheme is illustrated in Fig. 4. It 

is worth noting that, with the optimized CR network, the set of 

possible scenarios from time periods t0+1 to NT shall be updated 

in each dispatch cycle based on new real-time communication 

data on the EV arrival/departure information, and the VPP only 

implements the obtained decision for the current time t0. This 

scenario-based RHO procedure will be repeated iteratively until 

the end of scheduling horizons. 
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Start

Set the initial time period t0=1 

Estimate available EVs at the current time period t0 using (5)-(6) based on the 
new EV arrival and departure information

Perform DSA scheme (7)-(13) to allocate CR spectrums among EVs and RESs 
to minimize the data packet loss probability at current time t0 

 Estimate EV parking behaviors in future possible scenarios using model (5)-(6)

Optimize the real-time VPP dispatch model (15)-(28) on a rolling horizon basis, 
and determine the optimal scheduling decisions for all the scenarios

Implement the scheduling decision on charging/discharging actions of EVs and 
balancing electricity transactions for the current time t0

t0=NT? t0=t0+1

End

No

Yes

Predict WPP and PV output scenarios based on (1)-(4), and update the set of 
possible scenarios in the rolling horizons

Implement the DSA scheme to pre-allocate CR spectrums among the estimated 
SUs to minimize the average packet loss probability in each possible scenario

Formulate the day-ahead VPP scheduling model with (14)-(25), and solve the 
optimal amount of day-ahead bids/offers for electricity trading

Input parameters and data of RESs, EVs, electricity prices and CR networks

Generate multiple stochastic scenarios on day-ahead power prices, EV parking 
behaviors, WPP and PV outputs over a 24-hour horizon based on historical data

Obtain real-time monitoring data on the SOC of EVs, RES outputs, balancing 
power price and weather information under the lowest packet loss probability 

Calculate the daily VPP profit from day-ahead and real-time scheduling results

Fig. 4 Flowchart of interactive optimization of VPP dispatch and DSA scheme 

IV. CASE STUDY

A. System Data

The studied VPP consists of 2000 EVs with different battery

capacities, a WPP with a total capacity of 10MW, and a PV plant 

with a total capacity of 9MW. Five types of EVs, including BMW 

i3, Venturi Fetish, Nissan Leaf, Tesla Model S, and Honda Fit in 

[35],[43], are selected as representative EVs with equal parking 

probabilities at charging stations. The electrical characteristics 

of EV batteries are adopted from [9],[43], as listed in Table I, 

and the statistical data on EVs’ arrival/departure time and initial 

SOC are gathered from [35],[36],[44]. The actual energy outputs 

of the WPP and PV are extracted from historical data in [45],[46]. 

The power price data in day-ahead and balancing markets from 

[7],[47] are used to generate possible scenarios for day-ahead and 

real-time scheduling. In the day-ahead scheduling, the scenario- 

based model is used to represent the uncertainties in electricity 

prices, EV behaviors, WPP and PV outputs with the initial sto-

chastic scenarios of 10000, and the scenario reduction is utilized 

to decrease the number of scenarios into 100 so as to lower the 

scale and computation time of this stochastic model [35],[40]. 

In the real-time RHO strategy, various stochastic scenarios of 

WPP and PV outputs can be obtained based on (1)-(4) to capture 

RES forecasting uncertainties under a given packet loss proba-

bility, where the parameters are set as 𝜎1= 𝜎2= 1 and 𝜁0
WPP= 𝜁0

PV

= 0.6 [30],[32]. Hence, the scenario trees can be formed with a set 

of operational scenarios in which each scenario expresses a pos-

sible status with electricity prices, RES outputs and EV parking 

behaviors in the remaining time periods. The initial scenario tree 

of the real-time dispatch has 2000 scenarios, with a possibility of 

1/2000 for each scenario. Then, a scenario reduction technique in 

[48] is used to decrease the number of initial scenarios into 10

while retaining a good approximation of system uncertainties.

TABLE I 

ELECTRICAL CHARACTERISTICS OF SELECTED EV BATTERIES [9],[43] 

EV Model 

Battery 

capacity 

(kWh) 

Maximum charg-

ing/discharging 

power (kW) 

Charging/ 

discharging 

efficiency (%) 

Battery 

capital cost 

($/kWh) 

BMW i3 

Venturi Fetish 

Nissan Leaf 

Tesla Model S 

Honda Fit 

22 

54 

24 

85 

20 

4.6 

9.8 

6.9 

10.0 

6.6 

93 

92 

93 

90 

90 

168 

150 

163 

244 

122 

The stochastic day-ahead scheduling and the RHO-based real- 

time dispatch models in (14)-(28) are both mixed-integer linear 

programming problems which can be modeled by YALMIP and 

solved by CPLEX Optimizer [38] on a personal computer with 

4-GHz Intel Core i7 CPU and 64GB RAM. In the DSA model in

(7)-(13), the number of licensed CR channels are set to 30 [22],

and the available probabilities of these channels for SUs follow a

uniform distribution 𝑃𝑙
v

 ~ U(0.2, 0.8) with Pe = 0.1 [27]. In each 

dispatch cycle, the data communication duration 𝑇c is 30 seconds,

and the length of each time slot is 200 milliseconds. Also, the

number of data packets to be transmitted by each SU is M = 5 [27].

B. Comparative Results and Analysis

In this study, four comparative schemes are considered for in-

depth investigations on the effectiveness and superiority of the 

proposed methodology: 1) Scheme 1 is the proposed interactive 

approach in Sections III; 2) Scheme 2 performs the DSA scheme 

from [27] in which the time-varying number of SUs is not con-

sidered; 3) Scheme 3 adopts the pervasive distributed spectrum 

access in [49] for WiFi or wireless local area network where SUs 

can dynamically access available spectrums based on their traf-

fic demands without the centralized DSA execution; 4) Scheme 

4 implements the two-stage VPP scheduling without considering 

the battery degradation cost in (16). The amounts of day-ahead 

VPP electricity trading with various price scenarios are shown in 

Fig. 5. It can be found that, a large amount of electricity is sold to 

the day-ahead market in hours 9-13 due to high power prices 

during these periods. Since the battery degradation cost of EVs is 

not considered in Scheme 4, the day-ahead VPP electricity 

trading in this scheme is more frequent than other three schemes. 
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Fig. 5. Day-ahead electricity bids of the VPP with schemes 1-4 

In the real-time dispatch stage, Fig. 6 depicts the number of 

available EVs at charging stations for different time periods. Fig. 

7-9 provide the comparative performances on the average packet

loss probability, the charging/discharging energy of EVs, and the

electricity sold/purchased in the balancing market with schemes

1-4 over a 24-hour horizon. The charging/discharging power

outputs of different types of EVs with the proposed scheme is

further illustrated in Fig. 10. The statistical data of VPP sched-

uling results are listed in Table II. Highlights from the results are 

summarized as follows: 1) As the time-varying number of EVs

participating in the DSA is considered based on RHO strategy in

scheme 1, the packet loss probability in this scheme is the lowest

compared to the fixed spectrum allocation in scheme 2 and the

distributed spectrum selection in scheme 3, and hence the pro-

posed scheme 1 can remarkably outperform other schemes on
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the real-time VPP operation cost and daily profit; 2) In Fig. 8-9 

and Table II, the amounts of EV charging/discharging energy as 

well as day-ahead and real-time electricity trading in scheme 4 

are much larger than those of schemes 1-3. As a result, the day- 

ahead VPP revenue from the day-ahead market is the highest in 

this scheme due to the frequent charging/discharging of EVs, 

while the lower VPP profit with higher operation cost is resulted. 
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Fig. 10. Charging/discharging power outputs of five types of EVs with scheme 1 

TABLE II 

COMPARATIVE ECONOMIC PERFORMANCE RESULTS OF SCHEMES 1-4 

Scheme 1 2 3 4 

Day-ahead revenue ($) 

Balancing electricity 

purchased (MWh) 

Balancing electricity sold (MWh) 

Balancing transaction cost ($) 

Battery degradation cost ($) 

Real-time operation cost ($) 

Total daily VPP profit ($) 

8729.73 

55.35 

31.18 

176.08 

749.70 

925.78 

8121.24 

8729.73 

60.75 

28.71 

533.79 

720.03 

1253.82 

7786.52 

8729.73 

56.41 

25.69 

671.70 

683.17 

1354.87 

7706.22 

8931.36 

70.55 

41.39 

167.08 

1674.80 

1841.88 

7440.22 

Fig. 11-14 illustrate the comparative scheduling performances 

with the increase of the number of EVs from 1000 to 3000. It can 

be found that, with the increased number of EVs, the data packet 

loss probability remarkably increases, while the real-time oper-

ation cost and EV battery degradation cost also gradually rise. 

The results can further confirm the superior performance of the 

proposed scheme 1, especially on the real-time operation cost and 

daily VPP profit. It is noted that, compared with schemes 2 and 3, 

scheme 1 exhibits higher EV battery degradation cost with larger 

amount of EV charging/discharging power to decrease the real- 

time transactional cost in the balancing market. Moreover, alt-

hough the packet loss probability increases with the rising num-

ber of EVs, the total daily profit of VPP can gradually be raised 

due to the increased battery storage capacity. 

Fig. 11. Packet loss probability versus different numbers of EVs with scheme 1 

Fig. 12. Real-time operation cost versus different numbers of EVs 

Fig. 13. EV battery degradation cost versus different numbers of EVs 

Fig. 14. Total daily VPP profit versus different numbers of EVs 

C. Effects of Communication Conditions on VPP Performances

In order to investigate the effect of different communication

conditions on VPP scheduling performances with the proposed 

scheme, Fig. 15 shows the results of real-time operation cost, EV 

battery degradation cost and daily profit under different packet 

loss probability varying from 0 to 0.9 with the parameter settings 

in Section IV.A. With the increased packet loss probability, the 

operation cost increases while the daily VPP profit rapidly de-

creases. It can also be found that, as the less number of EVs is 

detected under the higher packet loss probability, the battery 

degradation cost tends to be slightly reduced. Furthermore, Fig. 

16-17 illustrate the effects of the number of licensed channels in

the CR network and the available probability of CR channels

from PUs on the daily VPP profit, respectively. The comparative

results demonstrate that the proposed scheme can effectively

coordinate and optimize the CR channels and V2G dispatch in

an interactive way to enhance the monitoring and control per-

formance of EVs under various imperfect communication con-

ditions.
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Fig. 15. Effects of packet loss probability on VPP scheduling performances 

Fig. 16. Effects of different numbers of licensed channels on daily VPP profit 

Fig. 17. Effects of average available probability of PUs on daily VPP profit 

D. Discussion

For the wait-and-see decision making process in the real-time

VPP dispatch, multiple possible scenarios in the future horizons 

are derived from the basis values of short-term forecasting re-

sults, and Monte Carlo simulations are implemented to form a 

set of scenarios by sampling from Gaussian probability distri-

butions of short-term forecasting errors on RES outputs, power 

prices and EV parking behaviors. Taking the WPP output as an 

example, Fig. 18 shows the simulation results of scenario gen-

eration and reduction in the real-time dispatch stage. It can be 

found from Fig. 18 (a) that, due to the small real-time forecasting 

errors, the initial stochastic scenarios distribute densely around 

short-term forecasting values within a narrow range. Then, the 

scenario reduction method is used to remove the scenarios with 

many similarities to others while retaining the essential proper-

ties of the initial scenarios [48], as depicted in Fig. 18 (b). 
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Fig. 18. Scenario generation and reduction results of WPP outputs in the real- 

time dispatch stage: (a) Initial scenarios; (b) Reduced scenarios 

TABLE III 

TOTAL DAILY VPP PROFITS UNDER DIFFERENT NUMBERS OF SCENARIOS ($) 

# of initial 

scenarios 

# of scenarios after scenario reduction 

5 10 20 30 50 100 

500 

1000 

2000 

4000 

6000 

8000 

10000 

7906.53 

7928.82 

8027.43 

8035.62 

8042.96 

8047.28 

8051.69 

7948.79 

8020.34 

8121.24 

8137.19 

8139.52 

8145.44 

8149.24 

7959.61 

8040.67 

8161.87 

8170.68 

8174.07 

8179.47 

8184.49 

7988.46 

8090.30 

8173.67 

8178.99 

8183.93 

8192.92 

8199.26 

8013.10 

8093.39 

8211.93 

8220.48 

8229.50 

8237.84 

8255.30 

8033.66 

8134.04 

8251.29 

8265.04 

8270.48 

8276.07 

8287.08 

TABLE IV 

AVERAGE SIMULATION TIME UNDER DIFFERENT NUMBERS OF SCENARIOS (S) 

# of initial 

scenarios 

# of scenarios after scenario reduction 

5 10 20 30 50 100 

500 

1000 

2000 

4000 

6000 

8000 

10000 

14.43 

15.06 

16.74 

18.28 

19.06 

22.68 

25.49 

26.63 

27.09 

28.85 

30.07 

33.29 

35.64 

39.77 

49.15 

49.93 

50.79 

51.64 

54.45 

56.27 

60.22 

146.95 

147.02 

147.96 

149.07 

151.27 

154.89 

156.98 

215.32 

216.84 

220.89 

221.29 

224.78 

227.67 

232.51 

579.40 

580.02 

582.79 

584.63 

587.38 

590.49 

594.58 

The comparative studies with different numbers of stochastic 

scenarios have further been performed to investigate the scala-

bility and real-time applicability of the scenario-based RHO 

strategy. Tables III and IV show the results of daily VPP profit 

and average simulation time under various numbers of original 

and reduced scenarios. It can be found that, with the increased 

number of initial and reduced scenarios, the VPP profit would be 

slightly enhanced, while the computation time would dramati-

cally rise. Under the same number of reduced scenarios, the tests 

with more than 2000 initial scenarios have approximate daily 

profit results. Also, with the number of reduced scenarios be-

yond 10, the computation time is usually over half a minute, 

which cannot be applicable to the real-time dispatch problem in 

this study. Compared with the day-ahead scheduling, the sce-

narios of RES outputs and EV behaviors in the real-time RHO 

dispatch are generated from the short-term forecasting and es-

timation models (1)-(6) and updated using the real-time moni-

toring data with higher resolutions based on rolling procedures, 

and therefore the less number of reduced scenarios can exhibit 

satisfactory dispatch performance and solution accuracy [35]. As 

a compromise between the total VPP profit and real-time ap-

plicability, the settings with 2000 initial scenarios and 10 re-

duced scenarios appear to be an appropriate trade-off choice to 

satisfy both the solution accuracy and computational efficiency. 

Furthermore, it should be pointed out that, the required compu-

tation time without the scenario reduction is generally over half 

an hour and absolutely cannot satisfy the real-time requirement 

of VPP dispatch problems [7]. 

Generally, distributed control methods are effective ways to 

actively lower the required amount of information transfer and 

exchange among numerous EVs, and thus less communication 

bandwidth would be required [50]. As these EVs will only send a 

small amount of global information and keep the private infor-

mation internally, the problem of data packet loss can be avoided 

with the distributed method. However, since the number of EVs 

participating in the real-time VPP dispatch is time-varying and 

unknown in the future horizons due to the variable EV parking 

behaviors, multiple optimized agents in the distributed method 

would vary dramatically during the iterative solution procedures. 

As a result, the convergence of boundary exchanged variables 

will suffer sharp variations and oscillation issues in the distrib-

uted optimization process, leading to local optimal solutions or 

even the failures of convergence after a limited number of iter-

ations. 

In this study, the distributed method in [50] is introduced and 

compared with the proposed approach, and the VPP scheduling 

problem can be decomposed into 2000 local EV dispatch sub-

problems with reduced complexity. Each EV solves the opti-

mization subproblem with the continuously updated Lagrangian 

multipliers to minimize its local operation cost, and determines 

the amount of charging/discharging electricity it is willing to 

offer. Simulation results show that the total daily profit and real- 

time operation cost of the distributed method are $ 7967.51 and 
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$ 991.92, while the proposed approach can achieve better per-

formance on the total daily profit $ 8121.24 with lower operation 

cost $ 925.78. Consequently, it can be concluded that, though the 

distributed method can achieve EV decision autonomy with less 

communication bandwidth, this method is not applicable to solve 

the VPP scheduling problem with time-varying EV agents. 

V. CONCLUSION

In this paper, an interactive approach is proposed for the joint 

dynamic optimization of CR spectrum allocation and VPP dis-

patch to coordinate charging/discharging strategies of massive 

and dispersed EVs. The following are the findings of this study: 1) 

The data packet loss in communication networks has been found 

to have a significant influence on the monitoring and controlling 

performance of EVs, and the proposed approach can effectively 

enhance the V2G communication reliability and the daily VPP 

profit; 2) With the increased number of EVs from 1000 to 3000, 

the packet loss probability in CR networks would rise, and thus

the increasing EV battery degradation and real-time operation 

costs are resulted, while the VPP profit can be gradually en-

hanced due to the increased EV battery capacity; 3) The pro-

posed approach has been fully evaluated under various imperfect 

communication effects, and comparative studies confirm its 

superior capability to solve the large-scale scattered EV dispatch 

problem with limited communication spectrum resource. Further 

on-going research would focus on the joint spatial and temporal 

spectrum sharing for CR enabled V2G dispatch problems, in 

which the impacts of distances between SUs and VPP control 

center on the communication reliability is considered. 
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