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Abstract

This paper focuses on cooperative scheduling of the integrated plug-in hybrid elec-

tric vehicle fleets and wind farm system (IWPHEVS) in the day-ahead wholesale

market (DWM), as well as its effects on the market outcomes and price, as a price-

maker player. In this regard, a multi-objective two-stage bi-level hybrid stochastic-

robust offering/bidding and scheduling strategy is developed. The upper-level prob-

lem, which is that of the IWPHEVS operator, encompasses two objectives, namely

cost and emission. The cost objective is comprised of operational costs and the cost

of power that is purchased in DWM. Additionally, the plug-in hybrid electric vehicles

(PHEVs) are congregated into distinct fleets through k-means clustering. To inscribe

PHEVs’ battery erosion, a comprehensive battery erosion model is comprehended,

which is linearized by semi-integer variables. The uncertain data sets, such as vehi-

cle fleets arrival/departure timings and their travelled miles are represented as sce-

narios according to their empirical distribution, which is acquired from the National

household travel survey (NHTS). On the flip side, the wind power, which is a more

unpredictable parameter, is designed as a robust optimization (RO) set, as it is apt to

enhance the reliability issues regarding wind volatilities. The lower-level, embodies

the wholesale market operator that has the objective of maximizing social welfare.
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Conclusively, different case studies of dump, smart and multi-objective charging are

meticulously investigated to testify the potency of the proposed method. Based on

the obtained findings on the proposed smart multi-objective framework, the IW-

PHEVS as a price-maker player, can manipulate locational marginal price as much

as 4.4%, while the emissions can be curtailed by 40%.

Keywords: Transportation electrification, Bi-level optimization, Battery

degradation, Smart charging, K-means clustering, Hybrid stochastic robust

optimization

Nomenclature

Abbreviations

IWPHEVS Integrated wind and plug-in hybrid electric vehicle system

PHEVFL plug-in hybrid electric vehicle fleet

DWM Day-ahead wholesale market

WMO Wholesale market operator

TS Transmission system

RES Renewable energy source

RO Robust optimization

SP Stochastic programming

MILP Mixed-integer linear programming

NLP Nonlinear programming

NHTS National household travel survey

KKT Karush–Kuhn–Tucker

LMP Locational marginal price

GENCO Generation company

Indices

s, t Index of stochastic scenarios and time

e Index of plug-in hybrid electric vehicle fleets

kl Index of linearization segments in battery degradation cost
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h Index of wind turbine

i, j Index of bus/node in transmission system

g Index of GENCOs in transmission system for a set of G

Parameters

πs Probability of the scenario s

µCO2
net / µ

NOx
net / µ

SOx
net Emission of carbon dioxide, nitrogen oxides and sulfur oxides

(kg/MW)

ηc/ηe Charge/Discharge efficiency of the PHEVFLs’ battery

EBe PHEVFLs’ battery size (kWh)

SOCMine / SOCMaxe Minimum/Maximum allowable SOC of fleet e

SOCIne,s Initial value of SOC for fleet e and scenario s

SOCdese Desired SOC of fleet e at departure time

SOCende,s Highest possible departure time SOC for fleet e and scenario s

DTe,s Daily travelled miles of fleet e in scenario s (mile)

ECPMe Energy consumption per mile in fleet e (kWh/mile)

Cre Nominal charging rate of fleet e (kWh)

a0 Cycle depth degradation function coefficient

yaux1
kl,e,s,t/y

aux2
kl,e,s,t The value at the end of the linear segment for fleet e at linear segment

kl, time t and scenario s

BCe Battery cost of fleet e ($)

P
Wind_ max
h,t Maximum expected wind power for turbine h at time t (kWh)

ΓRO Robust optimization adjustment parameter

P
Wind_Dev
h,s,t Estimated deviation of the wind power (kWh)

CGg Offered price of the GENCO g in WM ($/MWh)

Bi,j Susceptance of transmission system between lines i,j (Ω−1)

PGMaxg,t Maximum production power of GENCO g at time t (MW)

PLs,t Residential load demand at time t and scenario s

PPW,Min/PPW,Max Minimum/Maximum rate of power that IWPHEVS can exchange in

DWM (kW)

ε The epsilon parameter in epsilon-constraint multi-objective optimiza-

tion
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M1/M2 Large constant numbers

Continuous Variables

Fc1 Upper-level cost objective function ($)

Fem1 Upper-level emission objective function (kg)

Fc2 Lower-level cost objective ($)

λt LMP at time t and at node that is connected to IWPHEVS ($/MWh)

PPWt Amount power that is purchased/sold in DWM (MW)

dgLine,s,t Linearized battery degradation of fleet e at time t and scenario s ($)

dgNLe,s,t Nonlinear battery degradation of fleet e at time t and scenario s ($)

PCe,s,t/ PDe,s,t Charge/discharge power of the fleet e at time t and scenario s (kW)

SOCe,s,t State of charge of the fleet e at time t and scenario s

σe,s,t Cycle depth of the fleet e at time t and scenario s

ψe,s,t Cycle depth degradation cost function of the fleet e at time t and

scenario s

MDe,s,t Marginal battery degradation cost of the fleet e at time t and scenario

s ($/kWh)

FYaux1
e,s,t / FY

aux2
e,s,t Continuous auxiliary variables defined in the process of linearizing

battery degradation of the fleet e at time t and scenario s

PWindh,s,t Wind power production of turbine h at time t and scenario s (kW)

zROh,s,t/y
RO
h,s,t

xROh,s,t/p
RO
h,s,t

Auxiliary variables defined in robust optimization model for wind

production of turbine h at time t and scenario s

PGg,t The power production of GENCO g at time t

CPWt Offered price of IWPHEVS in DWM at time t

δi,t/δj,t Voltage angle at nodes i/j and time t

CMaxi,j Nominal line power (kW)

X A linear expression for
∑
λtP

PW
t

Binary and semi-integer Variables

 ha1
kl,e,s,t/ h

a2
kl,e,s,t Specially ordered semi-integer variables that are used in linearizing

battery degradation cost for fleet e at linear segment kl, time t and

scenario s
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uce,s,t/ude,s,t Binary variable indicating charge/discharge status of fleet e at time

t and scenario s

u Binary variable used in strong duality-based linearization

1. Introduction

1.1. Motivation

Electric power generators, transportation systems and residential buildings con-

tribute to 41%, 23% and 6% of greenhouse gases [1]. The vigorous subservience on

the imported energy sources, known as “oil addiction”, the spreading awareness of

global warming impacts of CO2 emissions and high energy efficiency are the incen-

tives for the increase in the proliferation of renewable energy and Electric vehicles

(EVs) [2].

According to the International energy agency (IEA), the EVs initiative members,

with about 70% of the world’s total vehicle demand, plan to consider 90% of EV

sales by 2022. The global wind energy council has reported that wind power could

supply up to 60% by 2030, and 80% by 2050 of the global electricity supply, respec-

tively [3]. Therefore, power systems are likely to face escalating energy disparity

in both generation and load. Switching a load on/off or increasing/decreasing the

demand can be productive to stabilize power in the grid. In this respect, the syn-

chronized control of number of EVs can bring in the power balance to the grid [4].

The integration of the electrified transportation within the power system stim-

ulates the EV owners to be active players in the electricity market. plug-in hybrid

electric vehicles (PHEVs) are supplementary breathtaking specimen among other

EVs, as they can cruise on a secondary fossil-fueled engine, where the mandatory

means of charging are scarce [5]. PHEVs, in a substantial numbers can take part

in energy and collateral service markets due to much faster ramping potentiality

than gas turbines and a cheaper approach than energy storage systems. PHEVs as

new market players have to take part with the other market players while stim-

ulating the consumers to take part in the market. Moreover, the extended pierc-

ing of electric vehicles is another factor that accords to energy imbalance. Wind

6



generating companies participate in electricity markets in spite of unpredictability

to maximize the expected pay-off. Both wind generation unreliability and energy

price oscillation are contributory factors to decreased commitment of wind farms

in the energy market [6]. This study considers market analysis to investigate the

influence of wind power and PHEVs in the future smart grid. However, the central-

ized distribution units and generation companies (GENCOs) have generated a free

market environment [7]. In this unease, integrated windfarm and plug-in hybrid

electric vehicles system (IWPHEVS) can be advantageous for both sides. PHEVs

can offer flexible charging demand and storage potentiality, whereas the windfarm

supplies economical green energy [8]. In consequence, IWPHEVS can take part in

the day-ahead wholesale market (DWM) as a price-maker player that can submit

offers/bids to manipulate the locational marginal price (LMP), which would tip the

market balance in favor of the IWPHEVS [9].

The problem, however, is that wholesale market operator (WMO) clears the

market to maximize social welfare, which contradicts the cost minimization ob-

jective of the IWPHEVS [10]. In this respect, a bi-level optimization framework

should be formulated, wherein the upper-level problem is the IWPHEVS’s problem,

while the WMO problem makes up the lower level [11]. From another perspective,

PHEVs’ battery can undergo a severe amount of degradation, when it is operated in-

appropriately [4]. Therefore, incorporation of a proper battery degradation cost is

imperative. With the appearance of environmentally-friendly legislation, more and

more companies are forced to reduce their emissions or buy carbon credits [12].

Therefore, it is equally essential to included emission in the multi-objective opti-

mization framework. The uncertain parameters that follow detectible behavioral

distributions (e.g, PHEV’s arrival/departure time, and daily travelled miles) can

be modelled by scenarios-based stochastic programming (SP). On the other hand,

more volatile parameters, such as wind power, should be modelled via more reliable

uncertainty handling methods, such as robust optimization (RO), which can curb

the involved risks [13].
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1.2. Literature review

There is a notably rich literature in the field of cooperative operation of RES

and EVs, each of which has tried to mitigate a particular facet of the problem, such

as load-levelling, wind dispatch or performance evaluation. In terms of bi-level op-

timization, there are some noteworthy publications. Ref [14] has investigated the

optimal scheduling of EV parking lot in a stochastic bi-level optimization frame-

work, in which the optimal energy procurement makes up the upper level problem,

while parking lot optimization is investigated in the lower level. Optimal partic-

ipation of an EV-owning household in the energy market is investigated in [15],

wherein the upper level is home energy management, while the lower level is the

maximization of the general comfort. Authors in [16] proposed a bi-level optimiza-

tion framework for a fast-charging station, wherein the battery energy storage is

scheduled in the upper level, while the lower level deals with EVs charging.

Regarding single-level optimization, there has been some impressive breakthroughs.

Ref [17] evaluated a smart parking lot scheduling through RO approach for peak-

shaving and valley-filling proposes using a mixed integer linear problem (MILP).

Similarly, Welzel et al. [18] conducted optimal energy management in a commercial

building powered by grid and roof-mounted solar arrays using non-linear problem

(NLP) framework that improves solar energy dispatch. The cooperative schedul-

ing of a battery energy storage system and an EV parking lot is addressed in [19]

to shave the peak demand. A single-level approach has been investigated in [20],

wherein an EV charging station is scheduled under market price uncertainty using

the RO approach. An integrated wind and EV charging station is investigated in

[21], in which authors have evaluated the possibility of flattening EVs’ demand us-

ing wind power. In terms of battery degradation, a nonlinear capacity loss function

has been defined in [22] for predictive energy management of PHEVs, while the

authors in [23] investigated a similar nonlinear charge loss quality-based battery

degradation cost function for power train management. A coupled electro-thermal

battery erosion model is investigated in [24] that accounts for different facets of

degradation, such as ambient temperature and charge rate. The battery degrada-

tion in vehicle to grid (V2G) application is an important factor, which is addressed
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in [25] for vehicles that assist power system operation. Electric vehicles are going

to put an unprecedented amount of load on the power system. Ref [26] provides

some insight about the possible impact of this growth on the generation portfolio.

A risk-constrained two-stage stochastic optimization approach has been proposed

in [27] to evaluate the cooperation of wind producers and EV owners in uncertain

market environment. The model includes a battery degradation cost model for EV

owners.

A multi-objective economic-environmental dispatch model has been evaluated

in [28] to reduce emissions and the penalty costs that wind producers face due to

overestimates and underestimates. Similarly, the authors in [29] proposed NSGAII-

based economic-environmental dispatch, where the uncertainty of wind power is

handled via the point estimate method (PEM). In [30], the negative impact of elec-

tric vehicles and local roof-mounted generation units on the electric utilities was

evaluated. The probability of the voltage level violation has been eliminated by

[31], using charge/discharge control of the electric vehicles under time of use tar-

iffs. An energy-sharing framework was proposed by [32] for electric vehicle owners

to share their energy in a decentralized electricity market.

1.3. Contributions

Table 1 provides an at-a-glance view of the previous publications and this work.

The aforementioned studies, besides all their remarkable contributions, have some

downsides that can be categorized as follow:

1. All of the bi-level studies in [14–16, 30, 32, 33] are price-taker players and

they have not investigated the IWPHEVS as a price-maker player in DWM. To

the best of authors’ knowledge, none of the bi-level studies have investigated

the multi-objective economic-environmental operation of IWPHEVS.

2. In the single-level optimization problems, EVs are controlled by the power

system operator to assist the system. However, in reality, the PHEV owners

have their individual objective.

3. The problem with existing battery degradation cost models in [15, 18, 22–25,

27, 31] is that they are either nonlinear, which makes them computationally
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inefficient or they have only considered a constant degradation cost per kW

discharge without modelling the operational status of the battery. Moreover,

the semi-integer variables have not been utilized to address linearization of

the degradation function.

4. SP method is suitable for parameters that have a specific probability distribu-

tion, while more volatile and risk-inducing parameters can be handled more

efficiently by RO. Nevertheless, their hybridization is an underresearched as-

pect in these studies.

5. None of the reviewed studies has comprehensively addressed the inherent

uncertainties of electric vehicle fleets, such as their arrival/departure times

and daily travelled miles with empirical survey-based distributions.

To address these gaps, this study proposes a bi-level multi-objective two-stage

hybrid robust-stochastic framework for strategic scheduling of IWPHEVS in DWM as

a price-maker player. The upper-level of the problem consists of residential plug-in

hybrid electric vehicle fleets (PHEVFLs) and a wind farm, which are operated under

the IWPHEVS operator that has two objectives. The first one is minimizing the total

cost and the cost of energy that is procured from DWM, while the second one is

operational emissions. In this study, we have deployed a hybridized RO-SP method

to handle uncertainties. The reason is that the SP has proven to be an efficient tool

when the probability distributions of the uncertain parameters are available [34],

whereas RO is more suitable for uncertain parameters that do not contain any prob-

ability distribution function and only the variation interval can be estimated [35].

Therefore, the volatile wind power production is modelled through RO, while the

uncertainties of plug-in hybrid electric vehicles, such as their arrival/departure time

and their daily travelled miles are modelled through SP scenarios since individuals

who own the vehicles tend to follow certain behavioral driving patterns. The proba-

bility distribution of PHEVFLs’ arrival/departure time and their daily travelled miles

is obtained from the national household travel survey (NHTS) [36] and then they

are clustered into PHEV fleets (PHEVFLs) via K-means clustering. On other hand,

wind speed is a very volatile parameter, and the IWPHEVS operator can only have

some rough estimates about the variation interval. Therefore, the uncertainty of
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the wind power is handled through the RO method, which also improves the relia-

bility of the system regarding wind power production. Moreover, a comprehensive

degradation cost model is included in the problem to model IWPHEVS’s battery

degradation. The degradation cost function is then linearized by semi-integer aux-

iliary variables, which has not been deployed in previous publications. Ignoring

the transmission system (TS) model makes the problem quite implausible, as LMP

is computed according to transmission line congestion and generation companies’

(GENCOs) cost function. Accordingly, the lower-level of the problem is the WMO

that clears the market intending to maximize social welfare. In this respect, WMO

is modelled as a standard 6-bus TS with 3 GENCOs. The proposed bi-level non-

linear problem is converted into single-level problem by KKT conditions and then

linearized by the theory of strong duality. Overall, the chief contributions of this

study can be summarized as follows:

1. The IWPHEVS is evaluated as a price-maker participant in DWM using bi-

level optimization, wherein the upper level is a multi-objective optimization

problem.

2. The uncertainties of PHEVFLs are handled by SP scenarios, as individuals

follow certain behavioral pattern distribution, while more volatile wind power

is handled via RO.

3. A comprehensive linearized battery degradation cost model is integrated into

the IWPHEVS model.

2. Model description

The objective of the IWPHEVS operator is to minimize operational costs and

emissions by optimally scheduling offers/bids, PHEVs and wind power. The over-

all structure of the models, connections and relationships of the different players at

upper and lower levels is graphically expressed by Figure 1. As can be observed, the

IWPHEVS operator can participate in DWM to procure extra energy or sell its sur-

plus production. In this respect, the IWPHEVS operator should submit offers/bids

in DWM. However, the main conundrum is that WMO clears the market to maxi-

11



Table 1: A comparative summary of this study and previous publications

Ref Bi-level Multi-objective Uncertainty
Battery

degradation

Problem

type

[14] 3 5 SP 5 MILP

[15] 3 5 SP 3 MILP

[16] 3 5 - 5 LP

[17] 5 5 RO 5 MILP

[18] 5 5 - 3 NLP

[19] 5 5 - 5 LP

[20] 5 5 RO 5 MILP

[21] 5 5 - 5 MILP

[22] 5 5 - 3 NLP

[23] 5 5 - 3 NLP

[24] 5 5 - 3 NLP

[25] 5 5 - 3 NLP

[27] 5 5 SP 3 NLP

[28] 5 3 - 5 NLP

[29] 5 3 PEM 5 NLP

[30] 5 5 SP 3 MILP

[31] 5 5 SP 5 MILP

[32] 5 5 SP 5 NLP

This study 4 4 RO-SP 4
MILP with

semi-integers

mize social welfare, which is opposed to the objectives of the IWPHEVS operator. In

other words, offering a very high price would be inefficient, while very low prices

might endanger the demand satisfaction. Therefore, by deploying a bi-level opti-

mization framework, the IWPHEVS operator can emulate the possible response of

the WMO to offers/bids and schedule the components accordingly. The algorithmic

presentation of this bi-level approach is depicted in Figure 2. In this model, the IW-

PHEVS operator (known as the upper-level decision-maker or the leader) submits

the offers/bids in DWM (known as the lower-level decision-maker or the follower).
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Afterward, the WMO clears the DWM to maximize social welfare and announces the

locational marginal price (LMP) and the amount of the energy that IWPHEVS oper-

ator can receive. Then the IWPHEVS operator resubmits the offers/bids to achieve

better results. This cyclic seesaw motion is conducted by the algorithm until reach-

ing an equilibrium state, wherein both WMO and IWPHEVS operators are satisfied.

In this study, the so-called equilibrium state is achieved by KKT conditions that re-

formulate the lower-level problem as the constraints of the upper level. The key

advantage of this approach is that the IWPHEVS operator, as a price-maker player,

can manipulate LMP to maximize its benefits. It should be noted that PHEVFLs’

arrival/departure time, their daily travelled miles are considered as uncertain pa-

rameters that are modelled by SP scenarios. On the other hand, wind power is

modelled as uncertainty set in the RO framework.

Figure 1: Graphical representation of the overall problem

3. Formulation

Before establishing the main IWPHEVS trading problem formulation, it should

be mentioned that the proposed model is founded on the following assumptions:

1. All residential households are assumed to have a level 2 off-board bi-directional

charging facility.
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Decision maker: IWPHEVS  operator

Decision variables: Bids/offers to 

purchase/sell energy in DWM, Wind power 

dispatch, Charge/discharge power of the 

PHEVFLs 

Objective: Optimal Pareto front of the 

emission and cost objectives

Leader

Decision maker: Wholesale market 

operator

Decision variables: Optimal dispatch of 

GENCOs, Market clearing price, Voltage 

angle of the nodes

Objective: Maximizing social welfare 

Follower

1) Power purchased/sold to IWPEVS

2) market clearing price

 Offers/Bids of IWPFO to purchase/

sell energy in WM

Input Data: Estimated robust 

interval for wind power, Wind 

farm data, Arrival/Departure time 

and daily travelled miles scenarios 

of PHEV fleets. 

Input Data: Transmission 

Network’s constraints, Cost 

functions of GENCO’s

Figure 2: The flowchart of the proposed bi-level algorithm

2. The vehicles are plugged in as soon as they arrive and plugged out when they

depart.

3. The plug-in hybrid electric vehicles operate on an electrical battery as long as

possible, and switch to fossil-fueled engine when the battery is depleted.

4. The operational parameters, such as wind power dispatch and PHEVFLs charge/discharge

power are second-stage (wait and see) stochastic variables.

5. The power that is imported from DWM and the operational variables of WMO

(e.g., the dispatch of the GENCOs and TS variables) are first-stage (here and

now) stochastic variables.
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3.1. Integrated wind and plug-in hybrid electric vehicle system (upper level)

3.1.1. Objective functions

The upper-level problem consists of two objectives. The first one is the cost

function of the IWPHEVS operator as it is defined by Eq. (1), and the latter is the

emission objective that is established in Eq. (2). The cost objective is made up of

two terms. The first term is the cost of energy that is procured from DWM, while the

second term represents the degradation cost of the PHEVFLs’ battery. The emission

objective is established as a function of the power that is imported from the DWM.

min Fc1 =

Ns∑
s=1

πs

T∑
t=1

(
λtP

PW
t +

FL∑
e

dgLine,s,t

)
(1)

min Fem1 =

T∑
t=1

PPWt

(
µCO2
net + µNOx

net + µSOx
net

)
(2)

3.1.2. plug-in hybrid electric vehicle fleets (PHEVFL)

In this study, the PHEVs are categorized into fleets according to their daily trav-

elled miles and arrival/departure time using K-mean clustering. Afterwards, the

stochastic scenarios are generated for each fleet according to their specific empir-

ical distributions. The PHEVFLs’ model is established by Eqs. (3)-(14). Equations

(3)-(4) define the state of charge (SOC) of fleets at each time step and at arrival

time, respectively. The SOC of fleets at arrival time is an uncertain parameter that is

a function of daily travelled miles as it is illustrated by Eq. (5). The SOC at departure

time is defined as the minimum value between the desirable SOC and the highest

possible SOC in Eq. (6). The highest possible SOC is obtained by charging vehicle

uninterruptedly from arrival to departure time. The upper/lower bounds of the

SOC and charge/discharge power of each fleet are enforced by Eqs. (7)-(9), while

the binary equation in Eq. (10) prevents the simultaneous charge/discharge. The

cycle depth is defined by Eq. (11), and cycle depth degradation function in Eq. (12).

Ultimately, the marginal battery degradation cost is established by Eq. (13), while

the total battery degradation can be observed in Eq. (14). This battery degradation

model is taken from [37].

SOCe,s,t = SOCe,s,t−1 +
ηc.PCe,s,t

EBe
−
PDe,s,t

EBe.ηe

∀e, s, t : {t |t ∈ t 6= TAe }
(3)
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SOCe,s,t = SOC
In
e,s +

ηc.PCe,s,t

EBe
−
PDe,s,t

EBe.ηe

∀e, s, t : {t |t ∈ t = TAe }
(4)

SOCIne,s = max
(
SOCMine , 1 −

DTe,s×ECPMe

EBe

)
∀e, s

(5)

SOCe,s,t = min
(
SOCende,s ,SOCdese

)
∀e, s, t : {t |t ∈ t = TDe }

(6)

SOCMine 6 SOCe,s,t 6 SOC
Max
e ∀e, s, t (7)

PCe,s,t 6 Cre.uce,s,t ∀e, s, t (8)

PDe,s,t 6 Cre.ude,s,t ∀e, s, t (9)

uce,s,t + ude,s,t = 1 ∀e, s, t (10)

σe,s,t =
PDe,s,t

EBe.ηe
− σe,s,t−1 ∀e, s, t (11)

ψe,s,t (σe,s,t) = a0. (σe,s,t)
2.03 ∀e, s, t (12)

MDe,s,t = BCe.
∂ψe,s,t

∂PDe,s,t
= BCe.

∂ψe,s,t

σe,s,t
. σe,s,t

∂PDe,s,t

= 2.03a0. BCe

EBe.ηe
.σ1.03
e,s,t

∀e, s, t (13)

dgNLe,s,t = PDe,s,t.MDe,s,t ∀e, s, t (14)

As can be seen, the battery degradation cost of fleets in Eq. (14) is the produc-

tion of two positive continuous variables, which makes it a nonlinear statement. To

linearize this equation, the following procedure is deployed. First of all two aux-

iliary variables are established by Eqs. (15)-(16), then the battery degradation is

designated by the quadratic constraint in Eq. (17) using these auxiliary variables.

Eqs. (18)-(20) describe the piece-wise linear approximation of this quadratic equa-

tion, wherein  ha1
kl,e,s,t and  ha2

kl,e,s,t are especially ordered semi-integer variables,

also known as SOS2 variables in most optimization software, such as AIMMS and

GAMS. The main characteristic of this type of variable is that for a set of variables

only two consecutive variables can be nonzero. This distinguishing quality makes

it very suitable for linearization applications with a low computational burden and
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high accuracy. More information about this linearization scheme can be found in

[38]. Eventually, the linear degradation cost term is described by Eq. (21).

yaux1
e,s,t = 0.5

(
PDe,s,t +MDe,s,t

)
∀e, s, t (15)

yaux2
e,s,t = 0.5

(
PDe,s,t −MDe,s,t

)
∀e, s, t (16)

dgNLe,s,t = PDe,s,t.MDe,s,t =
(
yaux1
e,s,t

)2
−
(
yaux2
e,s,t

)2 ∀e, s, t (17)

FYaux1
e,s,t =

KL∑
kl=1

 ha1
kl,e,s,t

(
yaux1
kl,e

)2
,

FYaux2
e,s,t =

KL∑
kl=1

 ha2
kl,e,s,t

(
yaux2
kl,e

)2
∀e, s, t

(18)

yaux1
e,s,t =

KL∑
kl=1

 ha1
kl,e,s,t

(
yaux1
kl,e

)
,

yaux2
e,s,t =

KL∑
kl=1

 ha2
kl,e,s,t

(
yaux2
kl,e

)
∀e, s, t

(19)

KL∑
kl=1

 ha1
kl,e,s,t = 1,

KL∑
kl=1

 ha2
kl,e,s,t = 1∀e, s, t

 ha1
kl,e,s,t > 0,  ha2

kl,e,s,t > 0
(20)

dgLine,s,t = FY
aux1
e,s,t − FYaux2

e,s,t ∀e, s, t (21)

3.1.3. Robust wind power model

To integrate robust optimization into wind power uncertainty, this study deploys

RO-MILP method that is thoroughly described in Appendix A. The mathematical

proof is included in [39]. In this regard, Eq. (22) defines the deterministic wind

power model, while the robust counterpart is established according to the afore-

mentioned reference in Eqs. (23)-(26). The variables pROh,s,t, z
RO
h,s,tand yROh,s,tare

auxiliary variables defined in robust optimization, while xROh,s,t is a fixed variable to

convert to equation into a standard linear model. Eventually, the parameter ΓRO

denotes the degree of robustness in the problem regarding wind power uncertainty.

0 6 PWindh,s,t 6 PWind_ max
h,t ∀h,∀s, ∀t (22)

PWindh,s,t − xROh,s,tP
Wind_ max
h,t + zROh,s,tΓ

RO + pROh,s,t 6 0

∀h,∀s, ∀t
(23)

zROh,s,t + p
RO
h,s,t > P

Wind_Dev
h,s,t yROh,s,t ∀h,∀s,∀t (24)
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−yROh,s,t 6 x
RO
h,s,t 6 y

RO
h,s,t ∀h,∀s, ∀t (25)

yROh,s,t,p
RO
h,s,t, z

RO
h,s,t > 0xROh,s,t = 1 ∀h,∀s,∀t (26)

3.1.4. Electrical equilibrium of the IWPHEVS

The IWPHEVS consists of plug-in hybrid electric vehicles, wind turbines and

residential loads. It is important to establish power equality law between these

components, as well as the power that is imported from the DWM. The power equi-

librium of the IWPHEVS is ensured by the following equation.

PPWt +
H∑
h=1

(
PWindh,s,t

)
+
FL∑
e=1

(PDe,s,t − PCe,s,t)

−PLs,t = 0 ∀s, t
(27)

3.2. Day-ahead wholesale market (Lower level)

In the lower level, WMO gathers all the offers and bids from consumers and

GENCO’s, then clears the market to maximize social welfare as it is defined in (28).

The power equilibrium of the TS is established by Eq. (29). Equations Eqs. (30)-(31)

enforce the limitations of the production units. Similarly, equations Eqs. (32)-(33)

define the line capacity and bus angle constraints. Eventually, the angle of the slack

bus is fixed by Eq. (34) [40].

min Fc2 =
∑
t

∑
g

CGg P
G
g,t −

∑
t

CPWt PPWt (28)

∑
g∈Ag

i

PGg,t − P
PW
t − PDi,t =

∑
j∈Tr

Bi,j(δi,t − δj,t) : λ
e
i,t ∀b,∀t (29)

0 6 PGg,t 6 P
GMax
g,t : µGmin

g,t ,µGmax
g,t ∀g,∀t (30)

PPW,Min 6 PPWt 6 PPW,Max : µPW,min
t ,µPW,max

t ∀t (31)

−CMaxi,j 6 Bi,j(δi,t − δj,t) 6 C
Max
i,j : vmin

i,j,t, v
max
i,j,t ∀i,∀j,∀t (32)

−π 6 δi,t 6 π : ξmin
i,t , ξmax

i,t ∀i,∀t (33)

δi=1,t : ξ
1
i=1,t ∀i = 1,∀t (34)
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3.3. The ultimate formulation

In this study, the proposed nonlinear bi-level optimization problem is converted

into a single-level linear optimization problem using KKT conditions. Complemen-

tary explanations of KKT conditions are provided in Appendix B. Afterwards, to

linearize the nonlinear term λtP
PW
t in Eq. (1), the theory of strong duality is de-

ployed. More information on this linearization scheme is included in the Appendix

C. The final single-level problem is established by Eq. (35). Eventually, the second

objective (Emission) is turned into constraints of the main problem by the epsilon-

constraint method as it is established in Eq. (36). More information on epsilon-

constraint method can be found in [41]. The ultimate formulation is described as

follows:

min
Ns∑
s=1

πs

T∑
t=1

(
FL∑
e=1

dgLine,s,t

)
+ X (35)

T∑
t=1

PPWt

(
µCO2
net + µNOx

net + µSOx
net

)
6 ε (36)

subject to:

Upper-level constraints

Eqs. (3)-(13), Eqs. (15)-(16), Eqs. (18)-(27).

Lower-level constraints

Eq. (29) and Eqs. (b.2)-(b.14).

4. Implementation and Simulation Results

4.1. Data in brief

In this study, the lower-level (DWM) problem is modelled as a 6-bus TS that

involves 7 transmission lines and 3 GENCOS, which are allocated on nodes 1, 2 and

6. The IWPHEVS is connected to DWM through the 5th node of TS and it consists

of 4000 vehicles that are clustered into 5 fleets using K-mean clustering. Figure 3

illustrates the overall schematic of the IWPHEVS and DWM. The data corresponding

to TS is summarized in [42], while other operational parameters are summarized in

Table 2. Figure 4 demonstrates the distribution of arrival/departure time data as it is
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obtained from NHTS with over 170000 survey participants. As it can be observed,

the data is clustered into 5 main PHEVFLs by K-means clustering. Similarly, the

probability distribution of PHEVFLs’ daily travelled miles is depicted via Figure 5,

which is obtained using the Kernel density estimation of the data. The pie-chart

in Figure 6 illustrates the abundance of each fleet. A three-dimensional plot of

the battery degradation cost function is demonstrated by Figure 7. As can be seen,

deeper cycle depth and higher charging rates lead to increased battery degradation.

The stochastic scenarios of residential load demand (they are generated according

to the algorithm in [43]) and the estimated robust wind power interval are depicted

by line graphs in Figure 8. The SP part of the problem consists of 2000 scenarios

that are narrowed down to 50 most probable cases by SCENRED tool in GAMS

environment, then the MILP solved by the standard CPLEX solver. Eventually, the

following cases are designed to evaluate different facets of the study.

• Case study 1 (CS1): vehicles are charged uncoordinatedly as soon as they

arrive (known as dumb charging)

• Case study 2 (CS2): The PHEVFLs are smartly scheduled under the IWPHEVS

operator without considering their battery degradation.

• Case study 3 (CS3): The PHEVFLs are smartly scheduled under the IWPHEVS

operator considering their battery degradation.

• Case study 4 (CS4): The PHEVFLs are scheduled in a multi-objective frame-

work considering cost and emission objectives.

4.2. Results and discussions

The expected SOC of the PHEVFLs in all cases is illustrated in Figure 9 for dif-

ferent robust (denoted by the letter R, when ΓRO = 1) and deterministic (denoted

by the letter D, when ΓRO = 0) programming schemes. It should be noted that this

figure is based on the expected value of the SOC and its value is considered to be

zero when PHEVFLs are absent. As can be seen, In CS1, PHEVFLs are charged as

soon as they arrived until they reach the highest possible amount, and this pattern
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Figure 3: The overall schematic of the DWM and IWPHEVS

Figure 4: The distribution of the arrival/departure time for congregated PHEVFLs
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Figure 5: The probability distribution of the daily travelled miles for each PHEVFL

 

 

22%

11%

15%19%

33%

EF1 EF2 EF3 EF4 EF5

Figure 6: The pie chart illustration of PHEVFLs’ abundance

is independent of the wind power, therefore there isn’t any difference between ro-

bust and deterministic cases. Needless to mention, this is the most inefficient case

in terms of operation since according to the provided data in Figure 4 and Figure 6,

the majority of data is accumulated around the points that correspond to the depar-

ture time of 6-8 in the morning, and the arrival time of 5-8 in the afternoon. In other
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Figure 8: Robust wind power set and stochastic residential load scenarios

words, the PHEVFLs demand falls into peak hours, when wind power is minimal

and residential load is highest. In CS2, however, the PHEVFLs charge/discharge
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Table 2: Parameters of the IWPHEVS

Parameter Value Parameter Value

ηc 0.95 SOCdese 0.9

ηe 0.95 Cr 10 (kW)

EB 30 (kWh) a0 524e-6

ECPM 0.3 (kWh/mile) BC 400 ($/kWh)

SOCMine 0.2 Wind Capacity 80 (MW)

SOCMaxe 1 ΓRO [0,1]

pattern is controlled smartly. Consequently, the algorithm shifts the PHEVFLs’ de-

mand back to off-peak periods, which can also be observed from the slope of the

SOC in these periods. Moreover, the PHEVFLs have lower SOC in the RO state

and during off-peak hours (according to the value and slope of the SOC in off-peak

hours) as the algorithm considers risk factor in wind power production, which lim-

its the storage of excess power. The downside of CS2 is that the degradation cost is

ignored; therefore, there are numerous minute cycles, which is an attempt by the

algorithm to exploit every possible variation in wind power and load demand. This

cyclic pattern leads to very high battery degradation. In this respect, CS3 includes

the battery degradation cost in the model. The most notable disparity is that there

are fewer cycles in CS3 in comparison to CS2. Nevertheless, this case is still more

efficient than CS1 as it can shift PHEVFLs’ demand to off-peak periods. Further-

more, it can be observed that there are deeper and more frequent cycles in robust

form of the CS3 as the algorithm tries to compensate for the lack of wind power

production even though it is more degrading. All of the aforementioned cases are

cost-oriented. In this concern, CS4 brings in the emission as a secondary objective

in a multi-objective optimization framework. Consequently, in this Case, cycles are

deeper and more frequent compared to CS3 since the algorithm tries to dispatch

green wind energy. Although this phenomenon leads to more degradation, it curbs

the operational emissions.

Figure 10 provides a three-dimensional illustration of the LMP in different hours

and different nodes of the TS in deterministic programming. Likewise, Figure 11

illustrates the same plotting in the RO scheme. These figures illustrate how IW-
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Fig.9: The expected SOC of PEVFLs in different case studies 
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Figure 9: The expected SOC of PHEVFLs in different case studies

PHEVS can influence LMP as a price-maker player. It is noteworthy that these plots

only illustrate the time period 12 to 24, as the LMP value is fairly constant during

off-peak hours (it is 13.5 $/MWh from hours 1 to 12). As can be observed from Fig-

ure 10, CS1 has the highest overall LMP. The reason is that PHEV are charged unco-

ordinatedly during peak hours, which puts immense pressure on GENCOs, as they

are forced to operate on their expensive operational regions to provide this mas-

sive demand surge. CS2 has the lowest LMP (9.31% lower than CS1) as IWPHEVS

has more flexibility room to manipulate LMP by aggressively charging/discharging

PHEVFLs without considering the restraining degradation cost. CS3 has higher

LMP value (6.53% higher than CS2 and 2.176% lower than CS1) as degradation

cost constraints the manipulation of the LMP. In CS4, the emission is another pri-

ority that has a deteriorating impact on the cost, as IWPHEVS does not try to limit

degradation, but decreases the corresponding emissions too. In this regard, the

LMP of this case is 2.224% lower than CS3, as the battery is degraded more to pro-
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vide flexibility to reduce emission. Additionally, it is 4.44% higher than CS2 and

4.4% lower than CS1.

According to Figure 11, the previous assumptions about different cases are also

valid for robust optimization. However, in this case the IWPHEVS is more conser-

vative regarding the wind power. The algorithm is therefore executed for possible

shortages in wind power production to make it more robust and risk-averse. Con-

sequently, the LMP price is notably higher in robust optimization. Precisely, CS1,

CS2, CS3 and CS4 have 4.85%, 4.44%, 6.87% and 7.01% higher values, respec-

tively. Although this higher LMP might not be in favor of the IWPHEVS, it leads to

higher resilience and robustness.
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Figure 10: LMP of TS for different cases (Deterministic)

The optimal power dispatch of the GENCOs in different cases is illustrated by

Figure 12. Overall, GENCO1, as the cheapest and largest production unit, is ac-

tivated during the whole period, while GENCO2 (the most expensive and second-

largest GENCO) and GENCO3 (mildly expensive and smallest GENCO) are brought

in the circuit during the peak demand hours. According to the results, CS1 at-

tributes to highest overall production as GENCO1, GENCO2 and GENCO3 respec-

tively account for 3310.36 MWh, 95.04 MWh and 178.49 MWh of the demand. CS2
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Figure 11: LMP of TS for different cases (Robust)

marks the lowest power production (3257.35 MWh, 53.05 MWh and 171.03 MWh

by GENCO1, GENCO2 and GENCO3, respectively). A gap of 102.09 MWh between

CS1 and CS2 testifies the advantage of coordinated charge/discharge. That said,

CS2 ignores the batteries operational region and aggressively enforces deep and

frequent cycles. In this regard, CS3 has slightly more generation values, namely

GENCO1, GENCO2 and GENCO3 supply 3266.78 MWh, 84.59 MWh and 175.69

MWh of the demand. In other words, including battery degradation cost curbs the

PHEVFLs’ storage capability, thereby increasing the production by 45.33 MWh. Nev-

ertheless, this case has still 56.82 MWh lower production compare to CS1. Nonethe-

less, when the emission objective is assimilated in CS4 (3276.98 MWh, 60.49 MWh

and 163.98 MWh by GENCO1, GENCO2 and GENCO3, respectively), the PHEVFLs’

storages are degraded slightly more to have less emission. Consequently, the overall

production is 25.61 MWh less than CS3.

As it was mentioned earlier, in RO framework, the IWPHEVS operator takes

more conservative operational steps as a measure against the risks that are involved

in prediction. Therefore, all of the case studies have notably higher GENCO pro-

duction in robust framework. Overall, the production values in CS1, CS2, CS3 and
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CS4 are respectively 266.79 MWh, 321.38 MWh , 318.93 MWh and 303.44 MWh

higher than their deterministic counterpart. Another notable point is the relation-

ship between Figure 10 and Figure 12. As can be observed, when GENCO1 (the

cheapest unit) is in supplying the demand the LMP value is 13.5 $/MWh, while

with the surge in demand at hour 12, the LMP reaches up to 17.2 $/MWh. Even-

tually, at peak demand hours (16 to 20), when the production of the GENCO2 (as

the most expensive unit) shoots up, the LMP value can be as much as 30.5 $/MWh.

These values, testify the necessity of modelling IWPHEVS as a price-maker player.

  
a) GENCO1 b) GENCO2 

 
c) GENCO3 

Fig. 12: The production of the GENCOs in different cases 
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Figure 12: The production of the GENCOs in different cases

Figure 13 illustrates the optimal Pareto front of CS4 (The multi-objective case)

for different robustness sensitivities, and the best tradeoff that is selected by the

fuzzy satisfaction method. Unsurprisingly, increasing the robustness pressure leads

less dominant Pareto front. In other words, all of the solutions for robust state are

dominated by less robust individuals. Nevertheless, the robust cases are far more

resilient in terms of the involved risks. Another very notable point is that optimal
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Pareto front depicts a very sharp decline at the beginning, while it is relatively flat

for higher cost values. The reason is that the batteries should operate at deeper

cycle depth to reduce emission at flat regions of the curve. Therefore, it can be

intuitively concluded that at beginning of the curve, even a slight increment at the

value of cost can lead to a dramatic plunge in emission, while eliminating emission

after a certain point is far more expensive. This pattern emphasizes the importance

of multi-objective optimization, as increasing cost, even up to minimal amounts,

can save notable amount of emission.
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Figure 13: The optimal Pareto front in CS4 for different robustness adjustments

The battery degradation cost in different cases is demonstrated by the line graphs

in Figure 14. In CS2, when the battery degradation is ignored it is very high with

a total of 10159.41 $. In CS3, it drops significantly to 827.38 $, while in CS4 it is

4360.80 $. These values testify to the previous statements that the battery is de-

graded slightly more severely for the sake of emission reduction. In robust cases,

the battery degradation is significantly more since in this case the wind power pro-

duction is adjusted for the most severe possible outcome. Therefore, it is necessary
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to deploy the storage capability of PHEVFLs to reduce cost and emission. In sum-

mation, the degradation cost in RO state of CS1, CS2 and CS3 is respectively more

by 27.39% , 1.32% and 7.65% in comparison to their deterministic counterparts.
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Figure 14: The total degradation cost in different cases

Figure 15 illustrates the power purchased/sold from/in the DWM. Based on the

results, in CS1, CS2, Case.3 and CS4, the amount of power that is sold in DWM

is 311.74, 413.90, 368.56 and 394.18, respectively. CS1 has the lowest power

trade in DWM as there is no elasticity to harness abundant wind power. CS2 marks

the highest amount of trade in DWM, as PHEVFLs are smartly controlled without

any limitations. Including battery degradation in CS3 leads the slightly less power

exchange as charge/discharge patterns are limited. CS4 has moderately higher

export since the emission is included and the operator tries to dispatch clean wind

energy more effectively. In the RO scheme, the sold power in DWM is 44.95, 92.52,

49.64 and 90.74 for CS1, CS2, CS3 and CS4, respectively. The amount of reduction

is due to the robust wind power scheduling that can also be observed in the figure.

Table 3 summarizes the expected cost and emission values for all cases in both

robust and deterministic forms, which strengthens the previously mentioned hy-

potheses. As can be observed, CS1 illustrates the harshly destructive impact of
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Figure 15: The total power purchased/sold from/in DWM

dumb charging, as it has the highest cost and emission value. Needless to mention,

CS2 has the lowest cost value as the PHEVFLs’ degradation cost is omitted from

the objective function. However, the results of this case are highly compromised

and unrealistic. As it was demonstrated by the degradation cost plot (Figure 14),

under the facade of low emission and low cost lies a huge amount of undetected

battery degradation. Overall, CS2 has 77.22% lower total cost, whereas its battery

degradation is 11.27 times higher. CS3 has 40.34% higher cost value in regard

to CS2 since the degradation cost is included. Eventually, CS4 illustrates the ne-

cessity of using a multi-objective optimization tool, as the emission has dropped

staggeringly by 28.46% in deterministic programming and by 21.46% kg in robust

optimization (compared to CS3), while the cost value has surged by 32.28% for the

sake of this lower emission. Moreover, the emission is 40% lower in CS4 regard-

ing dumb charging strategy (in CS1). It should be reiterated that although robust

optimization comes with higher overall cost and emission, it is more reliable and

risk-averse.

To illustrate the benefits of using SP, Table 4 summarizes the value of stochas-

tic solution (VSS) metric [34], which is typically used to illustrate the difference

between SP and the deterministic model, wherein only the expected value of the
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Table 3: Optimal cost and emission values of the IWPHEVS

Case
Cost ($) Emission (kg)

ΓRO = 0 ΓRO = 1 ΓRO = 0 ΓRO = 1

CS1 8645.78 21717.46 98931.11 1.4968e5

CS2 -1436.92 4948.82 49638.45 94369.5

CS3 1311.79 8295.101 69118.472 1.1424e5

CS4 4052.18 10973.11 49444.45 89727.24

Table 4: IWPHEVS’s value of stochastic solution (VSS) in different cases

CS1 CS2 CS3 CS4

ΓRO = 0 28.2563 71.8460 101.67 115.37

ΓRO = 1 32.7519 257.3386 479.4568 520.47

uncertain parameters are used. To obtain VSS, first the algorithm is solved deter-

ministically for the expected values of the uncertain parameters. Afterwards, the

stochastic variables in the SP problem are fixed to the optimal values of the deter-

ministic problem to emulate real-world circumstances. The difference between the

values of this fixed problem and SP problem is VSS metric. For instance, the value

of VSS is 520.47 $ in CS4, which is the amount of money that could be lost if a

deterministic programming model was used instead of SP.

5. Conclusion

This study investigated the multi-objective economic-environmental strategic

scheduling of integrated wind and plug-in hybrid electric vehicle fleets in day-ahead

wholesale market as a price-maket player through bi-level optimization. The prob-

lem was converted into a single-level model via KKT conditions, while the plug-in

hybrid electric vehicle fleets were clustered into 5 distinctive fleets via K-means

clustering. Uncertain parameters, such as plug-in hybrid electric vehicle fleets’

arrival/departure time and their daily travelled miles was modelled as stochastic

programming scenarios since people’s behavioral patterns usually follow percep-

tible probability distributions. On the other hand, more volatile wind power was
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modelled as robust optimization sets. Moreover, the impact of different charging

strategies and plug-in hybrid electric vehicle fleets’ degradation was evaluated un-

der various case studies. Overall, following conclusions could be derived from the

obtained results.

• Uncoordinated charging of plug-in hybrid electric vehicle fleets’ can increase

the locational marginal price and operational costs dramatically.

• Smart charging can boost the profit of the integrated wind and plug-in hybrid

electric vehicle fleets by increasing dispatch ability of the surplus wind power

and manipulation of as a price-maker player.

• Ignoring the battery degradation model can inflict severe damage to plug-in

hybrid electric vehicle fleets’ storage system, thereby leading to a dramatic

surge in operational cost.

• Although the best tradeoff solution of the multi-objective optimization has a

slightly more cost value, the reduction in the value of emission is substantial.

Appendix A. Mixed-integer robust optimization

Any standard MILP that is subjected to parametrical uncertainties can be refor-

mulated in RO framework. Comprehensive mathematical proof on the RO can be

found in [39], which is based on the theory of strong duality. Accordingly, a typical

RO framework is established as follows:

min .
K∑
k

Fkxk + z0Γ0 +

K∑
k=1

φ0,k (a.1)

s.t:
K∑
k=1

Ai,kxi,k + ziΓi +

K∑
k=1

φi,k 6 Bi ∀i (a.2)

z0 + φ0,k > DkΥk ∀k ∈ K0 (a.3)

zi + φi,k > Âi,kΥk ∀k ∈ Ki, i 6= 0 (a.4)

−Υk 6 xk 6 Υk ∀k (a.5)
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Lk 6 xk 6 Uk ∀k (a.6)

φi,k > 0,Υk > 0, zi > 0 ∀i.k (a.7)

Wherein: k = index of variables, i = index of constraints, xk = vector of vari-

ables, Fk = uncertain coefficient of the variables, z0, zi,φi,k,Υk = Continuous aux-

iliary variables defined in RO. Γ0, Γi = budget of robustness in the algorithm. Bi =

a deterministic vector in the constraint.

Eq. (a.1) defines the robust objective function, wherein the parameters Fk,Ai,k

are the variable coefficient that are subjected to uncertain behavior. The operator

has some rough estimates about the variation interval of these uncertain parame-

ters, which is [Fk −Dk, Fk +Dk] and
[
Ai,k − Âi,k,Ai,k + Âi,k

]
. When the perfect

information is available about the parameter, then Dk, Âi,k can be equal to zero.

In this formulation Bi is a assumed to be deterministic. However, if it is subjected

to uncertainties, it can be multiplied by a fixed variable to move it to the left side

of the Eq. (a.2) to handle it such as the other variables. Eqs. (a.3)-(a.7) are the

constraints derived from the theory of strong duality. The parameters Γ0, Γi control

the robustness of the algorithm. When they are zero the algorithm is deterministic,

and the problem is solved for the mean value of uncertainties. The parameter Γ0

can take the values in the interval of [0, |K0|], while Γi Can take the values in the

interval of [0, |Ki|].

Appendix B. Mathematical program with equilibrium constraints (MPEC)

There are numerous methods for solving multi-layer optimization problem. How-

ever, when the lower-level problem is convex and linear, KKT conditions are very

effective in converting the problem into a single-level model. In this study, the

market-clearing process that is carried out in the lower level is a linear convex prob-

lem, hence replaceable by KKT conditions as follows [44]:

Appendix B.1. Stationary constraints

The Stationary constraints dictate that the derivatives of the Lagrangean func-

tion over all variables must be equal to zero. In this respect, the Lagrange function
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is established by Eq. (b.1), wherein f(x), h(x) and g(x) are respectively the objec-

tive function, equality constraints and inequality constraints. The derivatives are

equated by zero in Eqs. (b.2)-(b.4).

L = f(x) + λTh(x) + µTg(x) (b.1)

∂L

∂PGg,t
= CGg − λi,t + µ

Gmax
g,t − µGmin

g,t = 0 ∀g ∈ Agi ,∀i,∀t (b.2)

∂L

∂PPWt
= −CPWh,t + λi,t + µ

PW,max
t − µPW,min

t = 0 ∀i,∀t (b.3)

∂L
∂δj,t

=
∑
j∈Tr

Bi,j(λi,t
− λ

i,t
) +

∑
j∈Tr

Bi,j(v
max
i,j,t − v

max
j,i,t)

+
∑
j∈Tr

Bi,j(v
min
j,i,t − v

min
i,j,t) + ξ

max
i,t − ξmin

i,t + ξ1
i=1,t = 0

∀i,∀t (b.4)

Appendix B.2. Complementary, Primal and dual conditions

The complementary conditions state that the outer multiplication of the primal

and dual variables must be zero, while the primal dual conditions necessitate the

feasibility of the primal and dual problems. These conditions are formulated as

follows:

0 6 PGg,t⊥µGmin
g,t > 0 ∀g,∀t (b.5)

0 6 (PGmax
g,t − PGg,t)⊥µGmax

g,t > 0 ∀g,∀t (b.6)

0 6 (PPWt − PPW,min
t )⊥µPW,min

t > 0 ∀t (b.7)

0 6 (PPW,max − PPWt )⊥µPW,max
t > 0 ∀h,∀t (b.8)

0 6 (CMaxi,j + Bi,j(δi,t − δj,t))⊥vmin
i,j,t > 0 ∀i,∀j,∀t (b.9)

0 6 (CMaxi,j − Bi,j(δi,t − δj,t))⊥vmax
i,j,t > 0 ∀i,∀j,∀t (b.10)

0 6 (π− δi,t)⊥ξmax
i,t > 0 ∀i,∀t (b.11)

0 6 (π+ δi,t)⊥ξmin
i,t > 0 ∀i,∀t (b.12)

Condition (b.13) state that the dual variables associated with Equations (29)

and (24) are free.

λi,t ∀i,∀t, ξ1
i=1,t ∀i = 1,∀t (b.13)
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As can be seen, equations Eqs. (b.5)-(b.12) are nonlinear. In this regard, the

following linearization methods is deployed, wherein M1 and M2 are large constant

numbers, while u is an auxiliary binary variable.

0 6 gx⊥µ > 0 → gx > 0,µ > 0

gx 6M1u,µ 6M2(1 − u)
(b.14)

Appendix C. Linearization of λtP
PW
t

The theory of strong duality was used to linearize the nonlinear term λtP
PW
t in

Eq. (1). The corresponding mathematical expression is established as follows [45]:

Max
∑
t


−
∑
g

PGMaxg,t µGMaxg,t + PPW,Min
t µPW,Min

t

−PPW,Max
t µPW,Max

t −
∑
i,j∈Tr

vmin
i,j,tC

max
i,j,t−∑

i,j∈Tr
vmax
i,j,tC

max
i,j,t−

∑
i

π(ξmax
i,t + ξmin

i,t ) +
∑
i

PDi,tλ
e
i,t

 (c.1)

According to the theory of strong duality, primal and dual objectives can be

equalized as follows:

∑
t


−
∑
g

PGMaxg,t µGMaxg,t + PPW,Min
t µPW,Min

t −

PPW,Max
t µPW,Max

t −
∑
i,j∈Tr

vmin
i,j,tC

max
i,j,t−∑

i,j∈Tr
vmax
i,j,tC

max
i,j,t−

∑
i

π(ξmax
i,t + ξmin

i,t ) +
∑
i

PDi,tλ
e
i,t


=

∑
g

∑
t

CGg P
G
g,t −

∑
t

CPWt PPWt

(c.2)

The complementarity conditions (b.7) and (b.8) imply:

0 6 (PPWt − PPW,min
t )⊥µPW,min

t > 0 → PPWt µPW,min
t

= PPW,min
t µPW,min

t

(c.3)

0 6 (PPW,max
t − PPWt )⊥µPW,max

t > 0 → PPWt µPW,max
t

= PPW,max
t µPW,max

t

(c.4)

To obtain a linear equivalent for the term λtP
PW
t , equation Eq. (b.3) is multi-

plied by PPWt as follows:

−PPWt CPWt + PPWt λt + P
PW
t µPW,max

t − PPWt µPW,min
t = 0 (c.5)

According to equation (c.5) and equations (c.3) and (c.4), we conclude:
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PPWt CPWt = PPWt λt + P
PW,max
t µPW,max

t − PPW,min
t µPW,min

t (c.6)

Ultimately, the term λtP
PW
t is substituted as follows:∑

t

CPWt PPWh,t =
∑
g

∑
t

CGg P
G
g,t

−
∑
t


−
∑
g,b
PGMaxg,t µGMaxg,t +

∑
t

PPW,Min
h,t µPW,Min

h,t

−
∑
t

PPW,Max
h,t µPW,Max

h,t −
∑
i,j∈Tr

vmin
i,j,tC

max
i,j,t−∑

i,j∈Tr
vmax
i,j,tC

max
i,j,t−

∑
i

π(ξmax
i,t + ξmin

i,t ) +
∑
i

PDi,tλi,t


(c.7)

∑
t

PPWt λt =
∑
g

∑
t

CGg P
G
g,t

−
∑
t


−
∑
g,b
PGMaxg,t µGMaxg,t −

∑
b,b′∈θb

vmin
b,b′,tC

max
b,b′,t

−
∑
i,j∈Tr

vmin
i,j,tC

max
i,j,t −

∑
i,j∈Tr

vmax
i,j,tC

max
i,j,t−∑

i

π(ξmax
i,t + ξmin

i,t ) +
∑
i

PDi,tλi,t

 = X
(c.8)

References

[1] Y. Xu, Y. Zheng, Y. Yang, On the movement simulations of electric vehicles: A

behavioral model-based approach, Applied Energy 283 (2021) 116356.

[2] F. Tuchnitz, N. Ebell, J. Schlund, M. Pruckner, Development and evaluation of

a smart charging strategy for an electric vehicle fleet based on reinforcement

learning, Applied Energy 285 (2021) 116382.

[3] T. Nakaishi, Developing effective co2 and so2 mitigation strategy based on

marginal abatement costs of coal-fired power plants in china, Applied Energy

294 (2021) 116978.

[4] C. Ran, Y. Zhang, Y. Yin, Demand response to improve the shared electric

vehicle planning: Managerial insights, sustainable benefits, Applied Energy

292 (2021) 116823.

[5] K. Song, Y. Ding, X. Hu, H. Xu, Y. Wang, J. Cao, Degradation adaptive energy

management strategy using fuel cell state-of-health for fuel economy improve-

ment of hybrid electric vehicle, Applied Energy 285 (2021) 116413.

37



[6] S. Wang, B. Li, G. Li, B. Yao, J. Wu, Short-term wind power prediction based on

multidimensional data cleaning and feature reconfiguration, Applied Energy

292 (2021) 116851.

[7] S. Lai, J. Qiu, Y. Tao, J. Zhao, Risk hedging for gas power generation consider-

ing power-to-gas energy storage in three different electricity markets, Applied

Energy 291 (2021) 116822.

[8] Z. Li, Q. Guo, H. Sun, Y. Wang, S. Xin, Emission-concerned wind-ev coordi-

nation on the transmission grid side with network constraints: Concept and

case study, IEEE Transactions on Smart Grid 4 (3) (2013) 1692–1704.

[9] E. Guevara, F. Babonneau, T. Homem-de Mello, S. Moret, A machine learn-

ing and distributionally robust optimization framework for strategic energy

planning under uncertainty, Applied Energy 271 (2020) 115005.

[10] X. Wang, K. Zhang, S. Zhang, L. Wu, Equilibrium analysis of electricity market

with demand response exchange to counterbalance bid deviations of renew-

able generators, IEEE Systems Journal 14 (2) (2020) 2713–24.

[11] N. Pourghaderi, M. Fotuhi-Firuzabad, M. Kabirifar, M. Moeini-Aghtaie,

M. Lehtonen, F. Wang, Reliability-based optimal bidding strategy of a tech-

nical virtual power plant, IEEE Systems Journal (2021) 1–12.

[12] S. Lou, S. Lu, Y. Wu, D. S. Kirschen, Optimizing spinning reserve requirement

of power system with carbon capture plants, IEEE Transactions on Power Sys-

tems 30 (2) (2015) 1056–63.

[13] W. Du, W. Zhong, Y. Tang, W. Du, Y. Jin, High-dimensional robust multi-

objective optimization for order scheduling: A decision variable classification

approach, IEEE Transactions on Industrial Informatics 15 (1) (2019) 293–304.

[14] S. M. Bagher Sadati, J. Moshtagh, M. Shafie-khah, A. Rastgou, J. P. Catalão,

Operational scheduling of a smart distribution system considering electric ve-

hicles parking lot: A bi-level approach, International Journal of Electrical

Power and Energy Systems 105 (2019) 159–78.

38



[15] M. S. Nizami, M. J. Hossain, B. M. Amin, E. Fernandez, A residential en-

ergy management system with bi-level optimization-based bidding strategy

for day-ahead bi-directional electricity trading, Applied Energy 261 (2020)

114322.

[16] Y. Bao, Y. Luo, W. Zhang, M. Huang, L. Y. Wang, J. Jiang, A bi-level optimiza-

tion approach to charging load regulation of electric vehicle fast charging sta-

tions based on a battery energy storage system, mdpi.com (0).

[17] M. K. Daryabari, R. Keypour, H. Golmohamadi, Robust self-scheduling of park-

ing lot microgrids leveraging responsive electric vehicles, Applied Energy 290

(2021) 116802.

[18] F. Welzel, C.-F. Klinck, Y. Pohlmann, M. Bednarczyk, Grid and user-optimized

planning of charging processes of an electric vehicle fleet using a quantitative

optimization model, Applied Energy 290 (2021) 116717.

[19] D. Kucevic, S. Englberger, A. Sharma, A. Trivedi, B. Tepe, B. Schachler,

H. Hesse, D. Srinivasan, A. Jossen, Reducing grid peak load through the co-

ordinated control of battery energy storage systems located at electric vehicle

charging parks, Applied Energy (2021) 116936.

[20] Y. Cao, L. Huang, Y. Li, K. Jermsittiparsert, H. Ahmadi-Nezamabad, S. Noja-

van, Optimal scheduling of electric vehicles aggregator under market price un-

certainty using robust optimization technique, International Journal of Elec-

trical Power and Energy Systems 117 (2020) 105628.

[21] Y. Lee, J. Hur, A simultaneous approach implementing wind-powered electric

vehicle charging stations for charging demand dispersion, Renewable Energy

144 (2019) 172–179.

[22] N. Guo, X. Zhang, Y. Zou, L. Guo, G. Du, Real-time predictive energy manage-

ment of plug-in hybrid electric vehicles for coordination of fuel economy and

battery degradation, Energy 214 (2021) 119070.

39



[23] X. Zhang, L. Guo, N. Guo, Y. Zou, G. Du, Bi-level energy management of plug-

in hybrid electric vehicles for fuel economy and battery lifetime with intelli-

gent state-of-charge reference, Journal of Power Sources 481 (2021) 228798.

[24] C.-H. Chung, S. Jangra, Q. Lai, X. Lin, Optimization of electric vehicle charging

for battery maintenance and degradation management, IEEE Transactions on

Transportation Electrification 6 (3) (2020) 958–969.

[25] M. Sufyan, N. A. Rahim, M. A. Muhammad, C. K. Tan, S. R. S. Raihan, A. H. A.

Bakar, Charge coordination and battery lifecycle analysis of electric vehi-

cles with v2g implementation, Electric Power Systems Research 184 (2020)

106307.

[26] M. Taljegard, L. Göransson, M. Odenberger, F. Johnsson, Impacts of electric

vehicles on the electricity generation portfolio – a scandinavian-german case

study, Applied Energy 235 (2019) 1637–50.

[27] M. H. Abbasi, M. Taki, A. Rajabi, L. Li, J. Zhang, Coordinated operation of

electric vehicle charging and wind power generation as a virtual power plant:

A multi-stage risk constrained approach, Applied Energy 239 (2019) 1294–

307.

[28] B. Qiao, J. Liu, Multi-objective dynamic economic emission dispatch based on

electric vehicles and wind power integrated system using differential evolu-

tion algorithm, Renewable Energy 154 (2020) 316–36.

[29] M. R. Andervazh, S. Javadi, Emission-economic dispatch of thermal power

generation units in the presence of hybrid electric vehicles and correlated wind

power plants, IET Generation, Transmission and Distribution 11 (9) (2017)

2232–243.

[30] S. Elbatawy, W. G. Morsi, Integration of prosumers with battery storage and

electric vehicles via transactive energy, IEEE Transactions on Power Delivery

(2021).

40



[31] N. I. Nimalsiri, E. L. Ratnam, C. P. Mediwaththe, D. B. Smith, S. K. Halgamuge,

Coordinated charging and discharging control of electric vehicles to manage

supply voltages in distribution networks: Assessing the customer benefit, Ap-

plied Energy 291 (2021) 116857.

[32] C. Lyu, Y. Jia, Z. Xu, Fully decentralized peer-to-peer energy sharing frame-

work for smart buildings with local battery system and aggregated electric

vehicles, Applied Energy 299 (2021) 117243.

[33] Y. Li, Z. Yang, G. Li, Y. Mu, D. Zhao, C. Chen, B. Shen, Optimal scheduling of

isolated microgrid with an electric vehicle battery swapping station in multi-

stakeholder scenarios: A bi-level programming approach via real-time pricing,

Applied Energy 232 (2018) 54–68.

[34] A. J. Conejo, M. Carrión, J. M. Morales, Decision Making Under Uncertainty

in Electricity Markets, Vol. 153 of International Series in Operations Research

Management Science, Springer US, Boston, MA, 2010.

[35] B. Zhang, Q. Li, L. Wang, W. Feng, Robust optimization for energy transactions

in multi-microgrids under uncertainty, Applied energy 217 (2018) 346–360.

[36] National household travel survey (0).

URL https://nhts.ornl.gov/

[37] B. Xu, J. Zhao, T. Zheng, E. Litvinov, D. S. Kirschen, Factoring the cycle ag-

ing cost of batteries participating in electricity markets, IEEE Transactions on

Power Systems 33 (2) (2018) 2248–259.

[38] J. Bisschop, AIMMS optimization modeling, 2006.

[39] D. Bertsimas, M. Sim, Robust discrete optimization and network flows, Vol. 98,

Springer, 2003, pp. 49–71.

[40] S. Bahramara, P. Sheikhahmadi, M. Lotfi, J. P. Catalao, S. F. Santos, M. Shafie-

Khah, Optimal operation of distribution networks through clearing local day-

ahead energy market, Institute of Electrical and Electronics Engineers Inc.,

2019.

41



[41] S. Zeynali, N. Rostami, A. Ahmadian, A. Elkamel, Robust multi-objective

thermal and electrical energy hub management integrating hybrid battery-

compressed air energy storage systems and plug-in-electric-vehicle-based de-

mand response, Journal of Energy Storage 35 (2021) 102265.

[42] N. Nasiri, A. Sadeghi Yazdankhah, M. A. Mirzaei, A. Loni, B. Mohammadi-

Ivatloo, K. Zare, M. Marzband, A bi-level market-clearing for coordinated

regional-local multi-carrier systems in presence of energy storage technolo-

gies, Sustainable Cities and Society 63 (2020) 102439.

[43] S. Zeynali, N. Rostami, A. Ahmadian, A. Elkamel, Two-stage stochastic home

energy management strategy considering electric vehicle and battery energy

storage system: An ann-based scenario generation methodology, Sustainable

Energy Technologies and Assessments 39 (2020) 100722.

[44] P. Sheikhahmadi, S. Bahramara, A. Mazza, G. Chicco, J. P. Catalão, Bi-level

optimization model for the coordination between transmission and distribu-

tion systems interacting with local energy markets, International Journal of

Electrical Power and Energy Systems 124 (2021) 106392.

[45] X. Han, E. G. Kardakos, G. Hug, A distributionally robust bidding strategy for

a wind power plant, Electric Power Systems Research 177 (2019) 105986.

42


