
Int. J. Energy Environ. Eng 2024; 16(1): 1-18

International Journal
of

Energy and Environmental Engineering (IJEEE)

https://doi.org/10.57647/ijeee.2025.1601.04

Transactive Control-Based Optimal Scheduling with
Uncertain PV Generation and Demand Response

Arpita Bharti1, Rajeev Kumar Chauhan1,∗ , Pranda Prasanta Gupta2

1Department of Electrical Engineering, Dayalbagh Educational Institute (Deemed to be University), Agra, Uttar Pradesh, 
India
2Department of Electrical Engineering, GLA University, Mathura, Uttar Pradesh, India
∗Corresponding author: rkchauhan@dei.ac.in

Original Research

© 2024 The Author(s). Published by
the OICC Press under the terms of
the CC BY 4.0, Creative Commons
Attribution License, which permits
use, distribution and reproduction in
any medium, provided the original
work is properly cited.

Abstract:
Electric vehicles (EVs) are transforming transportation, requiring planned charging networks to handle rising
demand, manage power systems, reduce congestion, and integrate renewables. This work develops a stochas-
tic optimization framework for EV charging stations with transactive control to cut carbon emissions and
promote EV adoption. Consequently, deploying EVCS will become a crucial strategy for addressing the inte-
gration of renewable energy. An innovative approach to supplying electric power stored in EV fleets involves
using transportation networks as supplementary infrastructure .The article explores how transportation net-
works affect EVCS and DR scheduling under uncertain PV output, highlighting the benefits of DR integration
for improved efficiency and grid reliability. A mixed-integer linear programming (MILP) model is proposed
to enhance the solution quality of the DC power flow method, thereby reducing computational complexity.
A detailed evaluation of economic and environmental factors is included, showing a 1.288% overall system
cost reduction with EV fleets and DR in scheduling costs, and a 2.431% decrease in EV fleet and solar PV
power costs. This research aims to offer a sustainable, cost-effective, and scalable solution for EV charging
infrastructure to support future electric mobility, with the dispatching problem verified on a modified IEEE
30-bus system
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Nomenclature
Variables:
𝐶𝐸𝑒𝑣𝑠,𝑡 Energy capacity of EV fleets 𝑒𝑣
𝑃𝑐𝑔 𝑗,𝑠,𝑡 , 𝑄𝑐𝑔 𝑗,𝑠,𝑡 Active and reactive power of

generation at the unit 𝑐𝑔
𝑃𝑆𝐻𝑑,𝑡 Shiftable load at time 𝑡 in

the base case
𝐷𝑒𝑅𝑢𝑝𝑑,𝑡 , 𝐷𝑒𝑅

𝑑𝑛
𝑑,𝑡 Scheduled load up and down

time at times 𝑡

𝐹𝐸𝑒𝑣𝑛,𝑠,𝑡 , 𝑇𝐻𝑒𝑣𝑛,𝑠,𝑡 EV fleet unit 𝑒𝑣of toll-free and
energy-efficient travel plans

𝐶𝐸𝑒𝑣𝑠,0 , 𝐶𝐸𝑒𝑣𝑠,𝑇 Initial/terminal energy storage
capacity of the unit EV𝑒𝑣

𝑆𝑅𝑐𝑔 𝑗,𝑠,𝑡 , 𝑆𝑅𝑒𝑣𝑠,𝑡 Spinning reserve of generation
and EV fleet unit 𝑐𝑔 and 𝑒𝑣

𝑃𝑑𝑐ℎ𝑒𝑣𝑠,𝑡 , 𝑃
𝑐ℎ
𝑒𝑣𝑠,𝑡 Discharging/charging power of

the EV fleet unit 𝑒𝑣
𝐼𝐻𝑒𝑣𝑛,𝑠,𝑡 , 𝐼𝑊𝑒𝑣𝑛,𝑠,𝑡 Binary variable for home

and workplace states of the
EV fleet unit 𝑒𝑣
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𝐼𝑇𝑒𝑣𝑛,𝑠,𝑡 Binary variable for the
travelling states of the EV
fleet unit 𝑒𝑣

𝐼𝑑𝑐ℎ𝑒𝑣𝑠,𝑡 , 𝐼
𝑐ℎ
𝑒𝑣𝑠,𝑡 Status of charging and

discharging of the EV fleet
unit 𝑒𝑣

𝐼𝑒𝑣𝑛,𝑠 , 𝐼
𝑉2𝐺
𝑒𝑣𝑠 Status of travel plan and V2G

program of the EV fleet unit 𝑒𝑣
𝑟𝑢𝑝𝑐𝑔 𝑗,𝑠,𝑡

, 𝑟𝑑𝑛𝑐𝑔 𝑗,𝑠,𝑡
Up and down regulation
of generation at the unit 𝑐𝑔

𝑃𝐻𝑂𝑒𝑣𝑠,𝑡 , 𝑃
𝑊𝑃
𝑒𝑣𝑠,𝑡 Discharging/charging

the power of the workplace
and home of the unit EV fleet 𝑒𝑣

𝑆𝑂𝐶𝑒𝑣𝑠,𝑡 , 𝑆𝑂𝐶𝑒𝑣𝑠,𝑇 Initial/final increment of unit
EV fleet 𝑒𝑣

𝑆𝑂𝐶𝑑𝑐ℎ𝑒𝑣𝑠,𝑡 , 𝑆𝑂𝐶
𝑐ℎ
𝑒𝑣𝑠,𝑡 Discharging/charging the

power of the SOC of the unit
EV fleet 𝑒𝑣

Indices and Sets:
𝑑, 𝐷 Index and set of demand block
𝑡, 𝑇 Index and set of time in hours
𝑗 , 𝑛𝑐𝑔 Index and set of the thermal unit
𝑠, 𝑆 Index and set of scenario samples
𝑛 Indices of EV fleet 𝑒𝑣travel
𝑚, 𝑀 Index of EV fleet 𝑒𝑣traffic

network connected link
𝑒𝑣, 𝐸 Index and set of EV fleets
𝑖, 𝑗 Index of network buses
Parameters:
𝑇𝑅𝑒𝑣𝑡 EV fleet 𝑒𝑣travel time 𝑡
𝐶𝐹𝑑𝑐,𝑉2𝐺

𝑒𝑣 EV fleet 𝑒𝑣degradation cost
with the V2G program

𝑀𝐴𝐷𝑒𝑅𝑑,𝑡 Maximum adjustable load
𝑃𝐹𝐷𝑑,𝑡 Forecasted demand power at

the time 𝑡
𝑇𝐻𝐶

𝑓 𝑑,𝑉2𝐺
𝑒𝑣 EV fleet 𝑒𝑣fixed degradation

cost with the V2G program
𝑅𝐸𝑢𝑝,max

𝑐𝑔𝑡 , 𝑅𝐸𝑑𝑛,max
𝑐𝑔𝑡 Regulation up and down

at the unit 𝑐𝑔
𝐶𝐸min

𝑒𝑣 , 𝐶𝐸
max
𝑒𝑣 Mini/ max energy capacity of

EV fleet 𝑒𝑣
𝐶𝐸𝑒𝑣𝑚,𝑡 , 𝐶𝑇𝑒𝑣𝑚,𝑡 EV fleet 𝑒𝑣of energy and toll

-free traffic network in time 𝑡
𝐶𝐸𝑒𝑣0 , 𝐶𝐸𝑒𝑣𝑇 Initial/terminal stored energy

capacity of the unit EV fleet 𝑒𝑣
𝑃min
𝑒𝑣 , 𝑃

max
𝑒𝑣 Mini/max power of the unit

EV fleet 𝑒𝑣
𝜋𝑠 Probability of solar PV

scenario samples𝑠
𝑃𝐷𝑖𝑡 ,𝑆𝑅𝑡 Total demand and spinning

reserve in time 𝑡
𝑄max
𝑐𝑔 , 𝑄

min
𝑐𝑔 Max/min of reactive power

generating unit 𝑐𝑔
𝑃max
𝑐𝑔 , 𝑃

min
𝑐𝑔 Max/min of active power

generating unit 𝑐𝑔
𝑍𝑖 𝑗 Impedance of the bus 𝑖 to 𝑗
𝑃max
𝑖, 𝑗 , 𝑃

min
𝑖, 𝑗 Max/min network line of bus

𝑖 to 𝑗

1. Introduction
Recently, many countries have been actively developing
renewable energy sources (RES), such as wind power
and solar photovoltaic (PV), to reduce energy shortages
and environmental pollution [1]. RES is being included
in the power system at an accelerating rate. Because
of its volatility, randomness, and intermittency, renew-
able energy presents a serious problem for large-scale
power system operations. Because wind power output
is highly variable, dispatching needs conservative gen-
eration schedules, which lowers the efficiency and de-
pendability of operation methods and makes it more dif-
ficult to employ RES effectively. However, RES is sub-
ject to forecasting errors because weather conditions are
difficult to predict accurately [2, 3]. The intermittent
and uncertain nature of RES challenges the safe and eco-
nomical operation of power systems. Additionally, the
stochastic scheduling problem becomes more complex
with the inclusion of solar PV energy. First, managing
the variability of this energy source demands a more
flexible power system for high renewable energy integra-
tion. Second, in a transactive market setting, the uncer-
tainty of renewable energy creates additional challenges.
One of the main drivers for developing new flexible re-
sources is the widespread use of renewable energy. To
address the second challenge, a suitable approach that
accounts for the uncertainties of solar PV power must be
adopted. By employing transactive control and other pa-
rameters within a stochastic framework, an electric vehi-
cle (EV) system utilizing transactive control can balance
supply and demand. The proposed approach should also
consider the importance of EV charging stations and re-
newable energy sources, along with transactive manage-
ment.

More reserves are needed to operate power systems
safely, addressing the increasing uncertainty of source
and load. Because it can temporarily store and release
energy generated by RESs, energy storage is a valuable
resource. An actual explanation to these challenges in-
volves executing energy storage systems (ESS), which
are ideal for integrating RESs. However, the optimal
operation of ESS should be conducted at the lowest pos-
sible cost to maintain system security within the speci-
fied parameters [4, 5]. Various studies have highlighted
numerous benefits of integrating ESS into transmission
system operations, including reducing variable renew-
able energy curtailment, alleviating transmission con-
gestion, and improving system resilience [6]. Growing
environmental awareness has increased public accep-
tance of EVs, making them an integral part of modern
power systems as an emerging technology. This technol-
ogy remains a sustainable response to the rising global
greenhouse gas and carbon emissions [7]. Electrifying
the automotive sector is one of the main ways to achieve
sustainable transportation. When EVs become more
widespread, greenhouse gas emissions are expected to
decrease significantly because of their often-higher ef-
ficiency compared to internal combustion engine vehi-
cles. However, a well-developed charging infrastruc-
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ture is essential for successfully integrating EV charging
stations (EVCS) into the mainstream transportation net-
work [8]. Using EV fleets in transportation can serve as
a storage asset to help address issues related to solar PV
generation. Therefore, coordinated scheduling of ther-
mal generation and EVCS must be examined, consider-
ing the effects of uncertain solar PV power, reserve mar-
kets, and DC network security [9]. This paper presents
a comprehensive model for renewable power generation
and DC power flow, ensuring accuracy and efficiency
within a reasonable time frame. Also, the robustness of
the system is enhanced through demand response (DR)
programs derived from the proposed approach. Fur-
thermore, the Quasi-Monte Carlo Simulation Method
(QMCS) is employed to model the uncertainty in solar
PV power generation.

Worldwide clean energy policies are fostering the
adoption of low-carbon technologies not only as a
means to counteract climate change and balance sustain-
able economic growth, but also to bring system support
benefits and harness the potential of these technologies
in the electricity sector. Thus, the traditional network is
transitioning with the advent and anticipated increase of
clean energy policies and low-carbon technologies such
as wind generation, solar power, energy storage systems,
and EVs with cost-competitive investments and financial
incentives [10]. An important component of expand-
ing renewable output is energy storage, which serves
as the vital connection between energy supply and de-
mand chains. However, the stochastic scheduling prob-
lem of ESS is challenging to resolve because of the non-
linear link between the change in energy storage level
and the charging/discharging power and the coupling
constraints of charging/discharging power [11]. ESS is
even more important in small-scale isolated power sys-
tems where the load demand is more volatile, and the
RESs introduce high uncertainty due to a single point
of generation as opposed to large power systems with
renewable sources, whose aggregation reduces the level
of uncertainty. The decision variables can only be based
on the uncertain observations up to the present time to
address the non-anticipatory in reference [12]. In other
words, it means the current decisions must be consistent
concerning different uncertainty observations in the fu-
ture. An example of a representation of the uncertainties
is scenario generation, which is based on some distribu-
tion assumptions or historical data [13]. The number
of scenarios must be low enough to make the formu-
lation workable because the computational complexity
rises quickly as the size of the scenario increases. While
effective scenario reduction approaches have been pro-
posed [14], accuracy remains an issue due to the small
scale of events [15]. A stochastic scheduling model was
presented to explain the pricing of electricity reserves
in reference [16]. The authors [17] state that modeling
of the ramping product and spinning reserve distribu-
tion has also been done to handle these uncertainty is-
sues. Researchers have also included uncertain solar PV
power in stochastic models for the reserve market [18],

but they did not factor in the cost of the market-clearing
price. Also, the effects of the energy and reserve mar-
kets utilizing stochastic optimization for DC power flow
have not been thoroughly studied for the dispatch of ther-
mal generators in combination with the DR program and
EVCS in the transportation networks.

Recent studies have integrated EVCS into optimal
power system dispatch by constraining DR mechanism
response indices to ensure secure operation using vari-
ous techniques and perspectives [19, 20]. A two-stage
EVCS scheduling scheme with solar PV generation and
energy storage is proposed in reference [19]. A stochas-
tic dynamic programming method is demonstrated in
[20] to account for fluctuations in renewable energy
prices, wholesale power price variations, and the uncer-
tainty of EV charging demand. This article discusses
EVCS scheduling and the challenges of pricing. As
stated in [21], the DR program was employed to ensure
optimal operation or scheduling of an IEEE 24-bus sys-
tem that integrates wind and solar PV with EVCS. How-
ever, the uncertainties of PV, the cost of electricity, and
their relationship were not considered. The increasing
popularity of EVs and the rise of transactive control in
the power industry introduce new difficulties for trans-
mission network optimization [22]. It should be em-
phasized that EVCS operation requires effective integra-
tion of demand-side management, especially demand re-
sponse strategies, to reduce operational costs [23]. The
DR program encourages consumers to increase their out-
put profile to lower electricity purchasing costs by uti-
lizing electricity available at a discount during off-peak
hours [24]. To implement DR efficiently, the transmis-
sion network is connected with large-scale EVs.

Most of the EVCS model research works have al-
ready been described; other studies used stochastic prob-
lems to determine the best time to schedule EVCS in
the network of transportation for energy [25]. The
network-constrained unit commitment (NCUC) issue
with electric vehicles and PV penetration is covered [26].
A stochastic problem is used to evaluate the techno-
economic viability of various facilities, such as convey-
ing roadways, railway lines, and transportable energy
storage [27]. The coordinated planning of transporta-
tion and electric power networks enhances grid stabil-
ity, reduces congestion, and improves the integration of
electric vehicles and renewable energy [28]. The impli-
cations of the EVCS in coupled traffic electric networks
are studied to minimize operational costs overall, reduce
traffic congestion, and improve wind energy integration
[12]. A solution for the stochastic problem in electric
traffic networks with thermal units and transportation
traffic model difficulties. However, there wasn’t much
mention of the transportation network in the literature
[29]. A two-stage stochastic model to manage the PV
uncertainty, considering transportable EVCS to enable
flexibility in the transmission system [30]. In addition,
flexible EV charging techniques would increase the effi-
ciency of the DR programs and the transportation infras-
tructure. Most present models are created from a trans-
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mission grid perspective, and few of them fully incorpo-
rate crucial factors such as the DR program of both EV
fleets and consumers. The DR programs are responsible
for changing energy use in response to shifts in power
prices at some time interval [31]. DR programs are con-
sidered when scheduling power systems to reduce costs
and peak loads. The impact of the DR program, con-
sidering three distinct forms of demand, is evaluated in
the operation scheduling problem with solar power pen-
etration [32]. For efficient scheduling with an incentive-
based DR program for distributed generation has pro-
vided a stochastic model that lowers the cost of gen-
erators and transmitted electricity while increasing DR
profit [33]. The above-mentioned studies have ignored
the coordinated scheduling of EVCS in the transporta-
tion network and DR programs based on transactive con-
trol.

The increased deployment of energy resources like
solar panels and energy storage systems, as well as the
integration of EVs with transactive energy management,
is receiving more attention. An EVCS housed inside
office buildings with rooftop PVs uses a dynamic pric-
ing system to establish transactive control rates for trad-
ing energy among EVs [34]. Two market models were
included in this work’s transactive energy outline: a de-
centralized real-time market and an hourly ahead market
with system operation constraints that take into account
the DC power flow network model. Using a predeter-
mined power purchase market, [35] integrates the opti-
mal scheduling of privately owned EVCSs into a trans-
active market framework between EVCSs and a remote
PV farm. When it comes to transactive energy opera-
tions based on power charging and discharging, whether
it be in parking lots or EV charging stations, the works
in [36] EVs directly participate. [37] describes a market-
based network of EV charging stations in which EVs em-
ploy transactive energy management. Moreover, [38]
proposed an optimization problem for the transmission
system’s transactive energy management system incor-
porating stochastic scheduling using mixed integer lin-
ear programming (MILP). Existing studies have exam-
ined EVCS investment costs with transactive control us-
ing DC network security from different aspects by ap-
plying various techniques. None of the research ref-
erenced in the literature examined the relationship be-
tween uncertain solar PV, DR programs, and electricity
pricing while addressing the optimal problem of EVCS
via fleets in power networks.

When addressing a stochastic scheduling problem
with EV charging stations for transactive energy man-
agement, the authors are unaware of any comprehensive
model that considers uncertain wind. To highlight the
benefits and contributions of this work, a comparison
with similar studies is shown in Table 1. In summary,
existing research reveals the following insights gaps:

• Existing research has made significant progress in
addressing DC power flow network constraints for
thermal units in the deterministic and stochastic
problem [11, 13, 14, 15, 19, 20, 21, 25], but none of

the reviewed works consider the EV charging sta-
tions as flexible options with high solar PV pene-
tration on the stochastic scheduling problem of the
electrical system.

• Several studies consider both renewable and non-
renewable generating units. However, flexible
sources like demand response, solar PV, and EVCS
should be added to the power system to enhance
network operation and security. Nonetheless, the
references [28, 12, 29, 30, 35, 36, 38] do not ac-
count for DR programs or transactive energy man-
agement in EV transportation networks.

To address the research gaps mentioned above, this
paper proposes a strategic EVCS operation framework
that incorporates DR programs and renewable genera-
tion, based on transactive control. The Quasi-Monte
Carlo Simulation (QMCS) method for hourly solar PV
power produces a series of scenarios that represent the
uncertainty modeling of solar PV output. The proposed
K-means clustering method is used for scenario reduc-
tion through a backward reduction approach. This ap-
proach provides an hourly schedule for charging and
discharging the EV fleet, along with the optimal dis-
patch of thermal units, PV curtailment, and DR pro-
grams, while maintaining network constraints. There-
fore, this work formulates an operational problem that
considers system operation, including solar PV gener-
ation and grid-connected EVs. In summary, the paper
aims to analyze network transportation using EVCS and
DR programs based on transactive mechanisms within a
stochastic scheduling framework. The contributions of
this paper are threefold:

1. Proposes a two-stage stochastic scheduling con-
sidering transportation networks for EVCS, DC
network constraints, and DR programs to allevi-
ate traffic congestion and improve power grid eco-
nomics in the transactive mechanism.

2. To develop a probabilistic optimization framework
based on the QMCS method to make various sce-
narios that minimize grid operation and carbon
emissions in an uncertain environment.

3. Utilizing the DR program to control solar power
variability, smooth the load profile, lower operating
costs, and reduce gas emissions.

The rest of this paper is organized as follows: Section
2 provides a detailed model of renewable power gener-
ation. Section 3 gives the mathematical expressions of
the stochastic optimal operation model of the EVCS and
the DR program. Solution methodologies are presented
in Section 4. Numerical simulation results are reported
and discussed in Section 5. Section 6 concludes this
study.

1.1 Experimental analysis of Uncertainty
This paper employs a two-stage stochastic programming
approach to investigate the relationship between elec-
tricity market pricing and system flexibility. Safety and
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Table 1. Comparison of this paper with similar works on EVCS operation

References �DR Solving Power flow Uncertainty Reservet EVCS
program methods DC AC Wind PV market

[11] - CPLEX - - ✓ - - -
[13] - MILP - - ✓ - - -
[18] - CPLEX ✓ - - ✓ ✓ -
[21] ✓ CPLEX ✓ - ✓ - - -
[23] ✓ MINLP - ✓ ✓ - - ✓
[26] - MILP ✓ - - ✓ - ✓
[28] ✓ Benders ✓ - ✓ - - ✓
[29] ✓ MINLP - ✓ ✓ ✓ ✓ ✓
[30] ✓ MILP ✓ - - ✓ ✓ ✓
[32] ✓ CPLEX ✓ - ✓ - ✓ -
[33] ✓ Two-layer ✓ - - ✓ ✓ -
[34] ✓ MINLP - ✓ - ✓ - ✓
[35] - MIQCP - ✓ - ✓ ✓ ✓
[37] - MILP ✓ - - ✓ ✓ ✓
Current paper ✓ MILP ✓ - - ✓ ✓ ✓

economy can be balanced by varying the degree of confi-
dence. This section presents probabilistic modeling for
PV power generation units, traditional generators, and
electricity prices.

1.2 Distribution of PV Generation Probabilities
PV generation is largely dependent on solar irradia-
tion, and its power injection 𝑃𝑃𝑉 probability function
(PDF) can be assumed as proportional to the irradi-
ation (𝑠) with a unitary power factor, as shown in
(1). 𝑃𝑃𝑉𝑟𝑎𝑡𝑒𝑑 represents installed PV power capacity and
𝑓𝛽 (𝑠) represents the probability density function of so-
lar irradiation. This irradiation 𝑠 can be modeled using
the Beta distribution as expressed in (2) [18,24].

𝑃𝑃𝑉 = 𝑃𝑃𝑉𝑟𝑎𝑡𝑒𝑑𝑆 (1)

𝑓𝛽 (𝑠) =
Γ (𝛼 + 𝛽)
Γ (𝛼) Γ (𝛽) 𝑆

(𝛼−1) (1 − 𝑆) (𝛽−1) (2)

Where Γ (.) is the gamma function and the parameter
𝛼 and 𝛽 are calculated in terms of the solar irradiation
expected value 𝜇𝑠 and standard deviation 𝜎𝑠using (3)
and (4).

𝛼 = 𝜇2
𝑠 (1 − 𝜇𝑠) /𝜎2

𝑠 − 𝜇𝑠 (3)

𝛽 = 𝛼 (1 − 𝜇𝑠) /𝜇𝑠 (4)

1.3 Electricity Prices
The normal distribution 𝑓 (𝐶𝑔)for a certain mean
𝜇𝐶𝐸and standard deviation 𝜎𝐶𝐸 taken from a historical
record as a reference [27] is used to model the uncer-
tainty of power prices 𝐶𝐸 .

𝑓
(
𝐶𝑔

)
=

1
√

2𝜋𝜎𝐶𝐸

exp

(
−

(
𝐶𝐸 − 𝜇𝐶𝐸

)
2𝜎2

𝐶𝐸

)
(5)

1.4 Traditional Generators
Considering the value-point impact, the conventional
generator’s fuel cost function can be represented as fol-

lows:
𝐶

(
𝑃𝑐𝑔 𝑗

)
= 𝑎 𝑗 + 𝑏 𝑗𝑃𝑐𝑔 𝑗 + 𝑐 𝑗𝑃2

𝑐𝑔 𝑗
(6)

Where 𝐶
(
𝑃𝑐𝑔 𝑗

)
[28], is the fuel cost function for each

traditional unit𝑖, 𝑎 𝑗 , 𝑏 𝑗 , 𝑐 𝑗 are the fuel cost coefficients
of each traditional unit. Monte Carlo simulation (MCS)
is the most effective tool to be utilized to study the
probabilistic nature of a large complex system that in-
cludes multiple input stochastic variables, such as solar
PV power and electricity prices. However, MCS should
generate thousands of samples for each random variable
to accurately track the real output variables for the sys-
tem operation of the proposed work. In this research,
MCS utilized quasi-sampling QMCS, which allows the
MCS to converge faster with such an accurate tracking
ability. Using their respective probability functions, the
likelihood of each value of the uncertainty parameters is
computed. Finally, this paper proposed a K-means clus-
tering algorithm [39] to reduce the number of scenarios,
as well as provide information on various scenario gen-
eration and reduction strategies.

2. Problem Formulation
While the latter primarily arises from the presence of
the inherent randomness and volatility of RES output.
To maintain real-time power balance within the system
in an uncertain environment, adjustments to the ther-
mal power unit, EV fleet, and network security procured
from the main grid are necessary. Therefore, the real-
time power balancing cost comprises the adjustment
cost of thermal power unit output, EV charging costs
cost and reserve cost scheduling. This proposed op-
timization problem considers the correlation between
random input factors, such as solar PV and electricity
prices, to determine the optimal locations, power rat-
ings, and charging/discharging schedules for each EV
fleet to ensure proper system operation. The objective
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function is equivalent to minimizing market operating
costs, as shown in Equation (7).

min
∑
𝑡∈𝑇

∑
𝑠∈𝑆

𝜋𝑠

( ∑
𝑗∈𝑛𝑐𝑔

(
𝐶 (𝑃𝑐𝑔 𝑗,𝑠,𝑡 ) + 𝑅𝐸

𝑢𝑝
𝑐𝑔𝑡 𝑟

𝑢𝑝
𝑐𝑔 𝑗,𝑠,𝑡

+𝑅𝐸𝑑𝑛𝑐𝑔𝑡 𝑟
𝑑𝑛
𝑐𝑔 𝑗,𝑠,𝑡

))
+

(∑
𝑠∈𝑆

𝜋𝑠

( ∑
𝑒𝑣∈𝐸

𝐼𝑉2𝐺
𝑒𝑣𝑠 𝑇𝐻𝐶

𝑓 𝑑,𝑉2𝐺
𝑒𝑣(∑

𝑡∈𝑇

∑
𝑒𝑣∈𝐸

(
𝐼𝑇𝑒𝑣𝑛,𝑠,𝑡𝑇𝐻𝑒𝑣𝑛,𝑠,𝑡

)
+

(
𝐶𝐹𝑑𝑐,𝑉2𝐺

𝑒𝑣 𝑃𝑑𝑐ℎ𝑒𝑣𝑠,𝑡

)
𝐼𝑑𝑐ℎ𝑒𝑣𝑠,𝑡

)))
(7)

2.1 Constraints of EVCS
These constraints are based on the likely values of uncer-
tainty parameters and include constraints and equations
for the network, thermal units, RESs, DR programs, and
EV fleets. Although the EV fleets produce hourly sched-
uled states, the system can be complex because EV fleets
are connected to the grid at work or home. EV fleets
are represented by binary variables, as shown in equa-
tions (8)-(9), indicating whether they are at work, home,
or on the road. The connected links of a specific com-
muter route can be used to model the energy levels and
toll-free continuous states described in constraints (10-
20). These links mimic the energy and toll-free states
shown in constraints (10) and (11). Additionally, the
grid acts as a storage system for the EV fleet, represent-
ing V2G input. EV fleets also have defined minimum
and maximum energy capacities. Therefore, the various
transportation constraints include:∑

𝑡∈𝐻𝑡𝑜𝑊
𝐼𝑇𝑒𝑣𝑛,𝑠,𝑡 ≥ 𝑇𝑅𝑒𝑣𝑡 , ∀𝑠,∀𝑒𝑣, ∀𝑛 (8)

∑
𝑡∈𝑊𝑡𝑜𝑃

𝐼𝑇𝑒𝑣𝑛,𝑠,𝑡 ≥ 𝑇𝑅𝑒𝑣𝑡 ∀𝑠,∀𝑒𝑣,∀𝑛 (9)

𝐹𝐸𝑒𝑣𝑛,𝑠,𝑡 =
∑
𝑚∈𝑀

𝜁𝑒𝑣𝑚,𝑠,𝑡𝐶𝐸𝑒𝑣𝑚,𝑡 ∀𝑠,∀𝑒𝑣,∀𝑛 (10)

𝑇𝐻𝑒𝑣𝑛,𝑠,𝑡 =
∑
𝑚∈𝑀

𝜁𝑒𝑣𝑚,𝑠,𝑡𝐶𝑇𝑒𝑣𝑚,𝑡 ∀𝑠,∀𝑒𝑣,∀𝑛 (11)

𝐼𝐻𝑒𝑣𝑛,𝑠,𝑡 +𝐼𝑊𝑒𝑣𝑛,𝑠,𝑡 +𝐼𝑇𝑒𝑣𝑛,𝑠,𝑡 = 1, ∀𝑠,∀𝑛,∀𝑒𝑣,∀𝑡 (12)

𝐼𝑑𝑐ℎ𝑒𝑣𝑠,𝑡 + 𝐼
𝑐ℎ
𝑒𝑣𝑠,𝑡 ≤ 𝐼𝐻𝑒𝑣𝑛,𝑠,𝑡 + 𝐼𝑊𝑒𝑣𝑛,𝑠,𝑡 , ∀𝑠,∀𝑒𝑣,∀𝑛 (13)

𝐼𝑑𝑐ℎ𝑒𝑣𝑠,𝑡 ≤ 𝐼
𝑉2𝐺
𝑒𝑣𝑠 , ∀𝑠,∀𝑒𝑣,∀𝑡 (14)∑

𝑛∈𝑇𝑆𝑒
𝐼𝑒𝑣𝑛,𝑠 = 1, ∀𝑒𝑣,∀𝑠 (15)

𝑃min
𝑒𝑣

∑
𝑛∈𝑇𝑆𝑒

𝐼𝑒𝑣𝑛,𝑠 𝐼𝐻𝑒𝑣𝑛,𝑠,𝑡 ≤ 𝑃𝐻𝑂𝑒𝑣𝑠,𝑡 (16)

≤ 𝑃max
𝑒𝑣

∑
𝑛∈𝑇𝑆𝑒

𝐼𝑒𝑣𝑛,𝑠 𝐼𝐻𝑒𝑣𝑛,𝑠,𝑡 , ∀𝑠,∀𝑒𝑣,∀𝑡

𝑃min
𝑒𝑣

∑
𝑛∈𝑇𝑆𝑒

𝐼𝑒𝑣𝑛,𝑠 𝐼𝑊𝑒𝑣𝑛,𝑠,𝑡 ≤ 𝑃𝑊𝑃𝑒𝑣𝑠,𝑡 (17)

≤ 𝑃max
𝑒𝑣

∑
𝑛∈𝑇𝑆𝑒

𝐼𝑒𝑣𝑛,𝑠 𝐼𝑊𝑒𝑣𝑛,𝑠,𝑡 , ∀𝑠,∀𝑒𝑣,∀𝑡

𝑃𝐻𝑂𝑒𝑣𝑠,𝑡 + 𝑃
𝑊𝑃
𝑒𝑣𝑠,𝑡 = 𝑃

𝑐ℎ
𝑒𝑣𝑠,𝑡 − 𝑃

𝑑𝑐ℎ
𝑒𝑣𝑠,𝑡 , ∀𝑠,∀𝑒𝑣,∀𝑡 (18)

𝐼𝑐ℎ𝑒𝑣𝑠,𝑡 + 𝐼
𝑑𝑐ℎ
𝑒𝑣𝑠,𝑡 (19)

≤
∑

𝑛∈𝑇𝑆𝑒𝑣,𝑡
𝐼𝑒𝑣𝑛,𝑠

(
𝐼𝐻𝑒𝑣𝑛,𝑠,𝑡 + 𝐼𝑊𝑒𝑣𝑛,𝑠,𝑡

)
,∀𝑠,∀𝑒𝑣,∀𝑡

𝐶𝐸min
𝑒𝑣 ≤ 𝐶𝐸𝑒𝑣𝑠,𝑡 ≤ 𝐶𝐸max

𝑒𝑣 , ∀𝑠,∀𝑒𝑣,∀𝑡 (20)

Constraint (12) depicts the EV fleet as a single state at
each hour; Constraint (13) shows that the EV fleet con-
tributes to the grid by sharing electricity from homes
or workplaces; and Constraint (14) shows that EV fleets
supply power to the grid while they are engaged in V2G
mode. The EV fleet’s trip plan state, or binary status,
is represented by constraint (15). The inequality re-
strictions on power exchange between the grid and EV
fleet are provided by constraints (??)-(17), which con-
sider the charging/discharging rates and the fleet’s cur-
rent conditions. Electricity exchange between the house,
office, and the grid, similar to charging and discharg-
ing electricity at each solar PV scenario, is shown by
constraint (18). According to the travel plan, constraint
(19) depicts the condition of the EV fleet, which can
only be charged or discharged while parked. Constraints
(21) and (22) specify the initial and terminal energy re-
quirements, while constraint (20) defines the maximum
and minimum capacity of EV fleets. Constraint (24)
provides the battery’s state of charge (SOC), which is
the sum of the SOC during transport, charging, and dis-
charging modes, and constraint (23) shows the battery
energy balance. Constraints (25) and (26) use a linear
function of charging and discharging power to approxi-
mate the SOC. The initial energy value of each EV fleet,
the charging/discharging capacity, and the SOC must
all be recalculated continuously at specific procedure
stages.

𝐶𝐸𝑒𝑣𝑠,0 = 𝐶𝐸𝑒𝑣0 ∀𝑠,∀𝑒𝑣,∀𝑡 (21)

𝐶𝐸𝑒𝑣𝑠,𝑇 = 𝐶𝐸𝑒𝑣𝑇 ∀𝑠,∀𝑒𝑣,∀𝑡 (22)

𝐶𝐸𝑒𝑣𝑠,𝑡+1 = 𝐶𝐸𝑒𝑣𝑠,𝑡 + 𝑆𝑂𝐶𝑒𝑣𝑠,𝑡 ∀𝑠,∀𝑒𝑣,∀𝑡 (23)

𝑆𝑂𝐶𝑒𝑣𝑠,𝑡 = 𝑆𝑂𝐶
𝑐ℎ
𝑒𝑣𝑠,𝑡−𝑆𝑂𝐶

𝑑𝑐ℎ
𝑒𝑣𝑠,𝑡−𝑆𝑂𝐶

𝑇
𝑒𝑣𝑠,𝑡 ,∀𝑠,∀𝑒𝑣,∀𝑡 (24)

0 ≤ 𝑃𝑑𝑐ℎ𝑒𝑣𝑠,𝑡 ≤ 𝑃
max
𝑒𝑣 𝐼

𝑑𝑐ℎ
𝑒𝑣𝑠,𝑡 , ∀𝑠,∀𝑒𝑣,∀𝑡 (25)

0 ≤ 𝑃𝑐ℎ𝑒𝑣𝑠,𝑡 ≤ 𝑃
max
𝑒𝑣 𝐼

𝑐ℎ
𝑒𝑣𝑠,𝑡 , ∀𝑠,∀𝑒𝑣,∀𝑡 (26)

2.2 Generation and network constraints
The power generation of each unit must be limited be-
tween the minimum and maximum generation output of
active and reactive power, as shown in equations (27)
and (28). The sum of the powers generated by the
thermal, solar PVs and EV fleets charging/discharging
should be equal to the load demand in each sample sce-
nario as specified by equation (29). Equations (30) and
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(31) show the DC security and network line flow limits
for solar PV power samples, respectively. The follow-
ing are the subject technical constraints for each period
in every sample:

𝑃min
𝑐𝑔 𝑗
≤ 𝑃𝑐𝑔 𝑗,𝑠,𝑡 ≤ 𝑃max

𝑐𝑔 𝑗
, ∀𝑠,∀𝑡 (27)

𝑄min
𝑐𝑔 𝑗
≤ 𝑄𝑐𝑔 𝑗,𝑠,𝑡 ≤ 𝑄max

𝑐𝑔 𝑗
, ∀𝑠,∀𝑡 (28)∑

𝑗∈𝑛𝑐𝑔
𝑃𝑐𝑔 𝑗,𝑠,𝑡 +

∑
𝑗∈𝑛𝑝𝑣𝑔

𝑃𝑝𝑣𝑔 𝑗,𝑠,𝑡

+
∑
𝑖∈𝐵𝑢𝑠

∑
𝑒𝑣∈𝐸

(
𝑃𝑑𝑐ℎ𝑒𝑣𝑠,𝑡 − 𝑃

𝑐ℎ
𝑒𝑣𝑠,𝑡

)
=

∑
𝑖∈𝑛𝑙

𝑃𝐷𝑖𝑡 ∀𝑠,∀𝑡 (29)

−𝑃min
𝑖, 𝑗 ≤ 𝑃𝑖, 𝑗 ,𝑠,𝑡 ≤ 𝑃max

𝑖, 𝑗 , ∀𝑡,∀𝑠 (30)

𝑃𝑖, 𝑗 ,𝑠,𝑡 =
𝜙𝑠,𝑖,𝑡 − 𝜙𝑠, 𝑗,𝑡

𝑍𝑖, 𝑗
, ∀𝑡,∀𝑠 (31)

2.3 DR program model
The action taken by certain users to reduce or modify
their power demand in response to an external signal is
known as DR programs. Demand-side response is es-
sentially used to adjust energy demand so that it aligns
with the power system’s capacity.

In essence, these load response initiatives focus on
regulating demand rather than adjusting supply [27, 31].
The demand response’s overall power is expressed as a
constraint (32) and (33). In addition, as stated in (34),
there must be no net shifting of demand during the al-
located period, and constraints (35) and (36) provide
hourly variable load limits.

𝑃𝐷𝑒𝑅𝑑,𝑡 = 𝑃𝐹𝐷𝑑,𝑡 + 𝑃𝑆𝐻𝑑,𝑡 (32)

𝑃𝑆𝐻𝑑,𝑡 = (𝐷𝑒𝑅𝑢𝑝𝑑,𝑠,𝑡 − 𝐷𝑒𝑅
𝑑𝑛
𝑑,𝑠,𝑡 )𝑃𝐹𝐷𝑑,𝑡 (33)∑

𝑡∈𝑇
𝑃𝑆𝐻𝑑,𝑡 = 0 (34)

0 ≤ 𝐷𝑒𝑅𝑢𝑝𝑑,𝑠,𝑡 ≤ 𝑀𝐴𝐷𝑒𝑅𝑑.𝑡 (35)

0 ≤ 𝐷𝑒𝑅𝑑𝑛𝑑,𝑠,𝑡 ≤ 𝑀𝐴𝐷𝑒𝑅𝑑,𝑡 (36)

2.4 Reserve and regulation constraints
The proposed stochastic model considers the reserve of
thermal and EV transportation units, with reserve con-
straints expressed as (37) in all scenario samples. More-
over, the thermal reserve regulation of active power is
determined by (38), respectively. Finally, constraints
(39) and (40) regulate up and down outline the require-
ments for spinning reserves.∑
𝑛𝑐𝑔∈ 𝑗

𝑆𝑅𝑐𝑔 𝑗,𝑠,𝑡 +
∑
𝑒𝑣∈𝐸

𝑆𝑅𝑒𝑣𝑠,𝑡 ≥ 𝑆𝑅𝑡 , ∀𝑠,∀𝑡 (37)

𝑃𝑐𝑔 𝑗,𝑠,𝑡 = 𝑟
𝑢𝑝
𝑐𝑔 𝑗,𝑠,𝑡

− 𝑟𝑑𝑛𝑐𝑔 𝑗,𝑠,𝑡
(38)

𝑅𝐸𝑢𝑝,max
𝑐𝑔𝑡 ≥ 𝑟𝑢𝑝𝑐𝑔 𝑗,𝑠,𝑡

(39)

𝑅𝐸𝑑𝑛,max
𝑐𝑔𝑡 ≥ 𝑟𝑑𝑛𝑐𝑔 𝑗,𝑠,𝑡

(40)

2.5 The Proposed Methodology
A two-stage stochastic scheduling problem is employed
to solve the objective function (Equation(7)), using a
CPLEX solver [40, 41] and an optimization approach
to solve the stochastic problem with EVs and DR pro-
gram. The proposed model determines the charging and
discharging performance of each EV fleet using the start-
ing grid data, as described in constraints (25) and (26).
Based on market power pricing and battery capacity, all
EV fleets are routed to the closest arrival time. Parking
lots are given the EV scheduling challenge only when
the requirements are satisfied. Last but not least, every
EV fleet has a 24-hour transactive control DR program
with an optimal generation dispatch. As indicated in
the proposed model, use the initial grid data to establish
each EV fleet’s charging and discharging performance,
as outlined in constraints (25) and (26). All EV fleets
are directed to the nearest arrival time based on battery
capacity and market power prices. The EV schedul-
ing problem is assigned to parking lots only if the con-
straints are met. Finally, each EV fleet has an opti-
mized generation dispatch with a DR program based on
transactive control for 24 hours. This study employs a
two-stage stochastic scheduling approach with solar PV
power to optimize day-ahead EV fleet dispatch, thereby
minimizing operating costs while adhering to system
constraints. It introduces energy transporters and em-
ploys a transactive management-based solution for EV
fleets, solar PV power, and DR program, as shown in
Figure 1. The following steps could be considered the
optimization method for the proposed model as follows:

• Step 1 (Input Parameter): The relevant parameters,
such as generation data, solar PV power data, trans-
mission line data, EV fleet data, and forecasted
load demand data. Also, EV movement data, charg-
ing demand, road networks, and grid constraints
are analyzed.

• Step 2 (Scenario generation and reduction tech-
nique): Typical cases are selected using the QMCS
method. The K-Means algorithm groups loca-
tions based on demand intensity, ensuring minimal
travel distance for EV users. This step refines the
optimization process by focusing on the most criti-
cal scenarios, improving computational efficiency.

• Step 3 (Deterministic optimization): The first stage
problem is solved by determining the optimal op-
eration of EV fleets while minimizing overall cost
and managing their charging and discharging per-
formance over 24 hours. This step considers var-
ious constraints, including EV fleet limitations,
transmission line flow limits, and smooth load pro-
files, ensuring an efficient and balanced system op-
eration.

• Step 4 (Stochastic optimization): Determining the
stochastic operation of solar PV scenarios, samples
with EV fleets, and the DR program while reducing
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Figure 1. Proposed Algorithms

overall cost and controlling their charging and dis-
charging behavior over 24 hours solves the second
stage problem.

• Step 5 (Final stage): Involves executing the
charge/discharge technique to achieve cost reduc-
tion. The predicted outcomes include optimal
charging and discharging rates, total operational
costs, wind power curtailment, and the overall solu-
tion time. This structured approach ensures an ef-
fective balance between cost efficiency and system
stability in the integration of EV fleets and renew-
able energy sources

2.6 Optimization Process
Monte Carlo simulation (MCS) is the most effective
technique for analyzing the stochastic features of a large
complex system with numerous inputs and stochastic
variables, such as solar power, load power, and electric-
ity price. However, MCS needs to generate hundreds
of samples for each random variable in order to accu-
rately track the actual output variables for the power sys-
tem that is being studied. The quasi-sampling (QMCS)
used by the MCS in this work allows the MCS to con-
verge faster while retaining a high level of tracking accu-
racy. Additionally, MCS is combined with Cholesky de-
composition to preserve the actual correlation matrix be-
tween the input random variables. The following steps
can be regarded as the optimization process for the pro-

posed model:

1: Generate Initial Scenarios Using QMCS

1.1. Initialize a low-discrepancy sequence genera-
tor in 𝑑 dimensions:
QMC = Initialize QMC Sequence(𝑑)

1.2. Generate 𝑁 quasi-random samples:
For 𝑖 = 1 to 𝑁:
𝑢𝑖 = QMC. Next () // 𝑢𝑖 ∈ [0, 1]𝑑

1.3. Map to target distribution using inverse trans-
form or sampling method:
For 𝑖 = 1 to 𝑁:
𝑠𝑖 = 𝐹−1 (𝑢𝑖)

1.4. Store the scenario set:
𝑆 = {𝑠, ..., 𝑠𝑁 }

2: Reduce Scenarios Using 𝐾-means Clustering

2.1. Initialize 𝐾 cluster centroids (e.g., using 𝐾-
means++):
{𝑐, ..., 𝑐𝐾 } ← randomly selected from 𝑆

2.2. Repeat until convergence:

a. Assignment Step:
For each scenario 𝑠𝑖 ∈ 𝑆:
Assign 𝑠𝑖 to nearest centroid 𝑐 𝑗
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b. Update Step:
For each cluster 𝑗 :
𝑐_ 𝑗 ←mean of all 𝑠𝑖 assigned to cluster
𝑗

2.3. After convergence: For each cluster 𝑗 :
𝑟 𝑗 = 𝑐 𝑗 // Reduced scenario = centroid
𝑤 𝑗 = (# of 𝑖 in cluster 𝑗) / 𝑁 //
Weight = proportion of original scenarios

3: Output
Return:

- Reduced scenario set 𝑅 = {𝑟, ..., 𝑟𝐾 }
- Associated weights𝑊 = {𝑤, ..., 𝑤𝐾 }

2.7 Result and Discussion
To demonstrate the advantages of the proposed optimiza-
tion strategy for EVs in transmission networks is tested
by a solar PV power integrated model and DR programs
are tested, and network scheduling cases based on trans-
active control will be discussed in this section. The pro-
posed stochastic optimization tool, considering solar PV
power and DR programs, is simulated using the CPLEX
solver and GAMS software on modified IEEE 30-bus
test networks. The stochastic model takes into account
DC network security when coordinating EV charging
stations with renewable energy sources and DR pro-
grams. Using the suggested research framework, the
model considers an MILP problem, as illustrated in Fig-
ure 2.

2.8 Case Study
The modified IEEE 30-bus system is taken from a refer-
ence [42] and includes nine thermal units, two solar PV
farm-RES, and 41 network lines. The highest load of the
generator is 386 MW, while its total installed volume is
470 MW. Assume that the network line connects two
cities, orange and green, as depicted in Figure 3. Also,
two solar PV farms with a combined capacity of 75 MW
at bus 23 (green city) and 100 MW at bus 1 (orange city).
Figure 4 shows each city’s EV fleets and traffic network
structure. Also, the hourly energy price cost is 18$, 28$,
and 35$. Throughout this work, it is assumed that all
loads can participate in DR programs with a maximum
rate of 0.3. Figure 5 displays the hourly load profile data.

According to expected traffic patterns, 4,500 EVs will
be divided over four fleets. It displays several EV fleets
from two cities; for instance, OF1-OF4 displays four
various EV fleets from the city of Orange and Green.
Table 2 also displays the maximum and lowest capaci-
ties of each city fleet, as well as the maximum exchange
power of each fleet. It next displays the network home
node and the associated node of the EV fleet, followed
by the workplace network and the corresponding EV
fleet node. The mapping between the traffic network and
power grid buses is shown in Table 3. The minimum ca-
pacity is specified at 20% of the battery capacity, and
the cost of the battery is fixed at $20 per car per year

and $10 per MWh [43]. Also, the parameters of travel
characteristics of the EV fleets are listed in Table 4. It
is assumed that the driving energy needed to travel one
way is the same as getting back to the starting point.

Wind uncertainties are modeled using scenario gen-
eration and reduction, with 1000 scenarios based on the
QMCS technique [40]. However, the large number of
potential scenarios imposes a significant computational
problem. Then, a k-means clustering technique reduc-
tion base is used to reduce the number of scenarios for
each parameter to 10.

2.9 Result Analysis
To demonstrate the effectiveness of the two-stage
stochastic dispatching model, this case study is per-
formed on an IEEE 30-bus system. A system is used
to apply the proposed strategy and assess the impact of
optimizing EV fleets with the DR program on system
operation. The following three cases are used in this
section to examine the flexibility of resources:

1) Case 1: Deterministic with thermal and solar PV
power.

2) Case 2: Stochastic with EV fleets and solar PV
power.

3) Case 3: Stochastic with EV fleets, PV, and DR pro-
gram.

2.10 Case 1: Deterministic with thermal and solar
PV power

This section evaluates the impact of integrating generat-
ing units and solar PV on system operating costs. Fig-
ure 6 shows that coordinating the schedule of generat-
ing units with solar PV power optimizes energy use, re-
ducing overall energy consumption while also saving en-
ergy. Thermal units G1, G2, G5, and G9 are dispatched
for the entire 24-hour period. This saved energy will
be used in the upcoming hours when the system load is
high. When demand increases, the stored energy will
be consumed accordingly. Since Bus 1 has the most af-
fordable solar PV power and grid units, the system is
designed to draw the majority of its electricity from it.
However, as shown in Figure 6, units G3, G6, and G7 are
scheduled between 4–12 hours, while units G4 and G8
are scheduled from 13–24 hours. As a result, the sys-
tem has not fully utilized the grid operation provided
by heat unit 1 and solar PV power. Units G7 and G8
will therefore be dispatched between 12 and 22 hours.
With a solar PV farm, the total system operation cost is
$ 201,322.76, which is less than the $ 225,424.87 cost
without solar PV electricity.

2.11 Case 2: Stochastic with EV fleets and solar PV
power

The thermal and electric vehicle transportation in
stochastic problems with solar PV power is shown in
Figure 7. The benefits of establishing 100% EV fleets
are explained in this case study. For 24 hours, the initial
units G1, G5, and G9 are always scheduled. Units G2,
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Figure 2. Framework of the proposed research

Figure 3. Network power in the IEEE 30-bus system

Figure 4. EV traffic network in the IEEE 30-bus system
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Figure 5. Hourly load profile [37]

Table 2. Data on EV fleets in the modified IEEE 30-bus system

EV Fleets Number of EV Home Work Min. Cap. Max. Cap. Max. Power Exc.
node Node (MWh) (MWh) (MW)

O-F1 1500 1 (O1) 8 (O7) 32 180 26
O-F2 1000 1 (O1) 11 (O8) 22 120 16
O-F3 1000 5 (O2) 21 (O7) 22 120 16
O-F4 1000 7 (O5) 30 (O6) 22 120 16
G-F1 1500 14 (G4) 17 (G6) 32 180 26
G-F2 1000 18 (G3) 20 (G8) 22 120 16
G-F3 1000 15 (G2) 23 (G7) 22 120 16
G-F4 1000 13 (G1) 23 (G7) 22 120 16

Table 3. Mapping of EV transportation network data on the modified 30-bus system

Blue City Node No. Green City Node No.
O1 1 G1 13
O2 5 G2 15
O3 9 G3 18
O4 28 G4 14
O5 7 G5 12
O6 30 G6 17
O7 21 G7 23
O8 11 G8 20

Table 4. Data on EV fleets in the modified IEEE 30-bus system

EV fleets Number of EV 1𝑠𝑡 Trip 2𝑛𝑑 Trip
Departure Arrival Departure Arrival
Time Bus Time Bus Time Bus Time Bus

1 1500 4.00 1 6.00 8 15.00 14 17.00 17
2 1000 5.00 1 6.00 11 14.00 18 15.00 20
3 1000 3.00 5 5.00 21 14.00 15 16.00 23
4 1000 3.00 7 4.00 30 15.00 13 16.00 23
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Figure 6. Dispatch of the generating unit with solar PV power

G4, and G6 are scheduled between 6 and 24 hours, al-
though units G7 and G8 are scheduled between 21 and
24 hours. EV fleets may change the load profile of net-
work energy, as illustrated in Figure 7. Between 16 and
17, when EV traffic is concentrated at Bus 4 and lines
1-4 are congested, demand peaks. Bus 1 is therefore un-
able to dispatch efficiently to satisfy the demand during
this time. As a result, Bus 1 is incapable of dispatch-
ing effectively to meet the demand during this period.
Moreover, the size of the network lines prevents G3
from scheduling efficiently. In this case, the total cost
is $198762.37, which is $2560.39 lower than in Case 1,
which used solar PV electricity.

Furthermore, the scheduling results for EV fleet
charging and discharging in Case 2 are shown in Fig-
ure 7. Early in the day, when electricity prices are at
their lowest, EV fleet units are charged, and between
6 AM and 2 PM, they are discharged. Buses 1, 5, 7,
11, and 30 are the main charging locations in Orange
City, while buses 13, 15, 17, and 23 serve as the main
discharging locations in Green City. This demonstrates
that effective use of EV fleets and wind power can en-
hance the network performance.

The operator’s required reserve in the day-ahead mar-
kets is shown in Figure 8. At hour 22, the up and down
reserve is 38.78 MW and 18.78 MW, both of which
are enough to cover altogether PV samples with ther-
mal units. The outcome shows that the reserve market
check is carried out in all cases. The reserve desired to
be obtained in the day-ahead price as capacity at a dis-
counted rate based on energy prices. The need for oper-
ating reserves is expanding because of increasing solar
PV power penetration and anticipated load over the next
years.

2.12 Case 3: Stochastic with EV fleets, solar PV,
and DR program

This study integrates EV fleet, solar PV power scenar-
ios, and transactive control using stochastic optimiza-
tion in the scheduling framework. Uncertainty in solar
PV power is handled using the QMCS methodology and

the stochastic optimization technique. The Case 3 dis-
patch process using DR programs is shown in Figure 9.
It is easy to determine that each EV fleet’s DR program
can eventually accomplish uniform load distribution by
greatly lowering the original peak value and increasing
its small valley.

For Case 3, the analysis includes the total daily energy
savings of each EV fleet and the maximum incentive
earned. Adopting DR programs resulted in a decrease
in the generation of units G7 and G8, but an increase
in the generation of the least expensive units G2, G4,
and G6. Moreover, the costliest bus 30, which runs for
13–24 hours, is turned off for the duration of the schedul-
ing 24 hours. The total running cost in this instance is
$196543.35. However, the uncertainty modeling of so-
lar PV power has a significant impact on the final cost.

The load reduction and associated incentives that
each EV fleet received are shown in Figure 10. The
most willing EV fleets to lower their load have also
accomplished the largest decrease and earned the best
remuneration. Compared to other EV fleets that low-
ered load less, the EV fleets O-F2, O-F4, and G-F2, G-
F4 that dropped the most load, earned larger incentives.
The importance of the DR mechanism for EV fleets is
demonstrated by this outcome. Like Case 2, EVs are
discharged into the grid throughout the remaining hours
of the study period after being charged early, during a
period of low energy prices. Figure 10 displays the to-
tal charging/discharging power in five EV fleets. The
acquired data show that the DR program and EV mobil-
ity can help the network if used properly. In this case,
the EV fleet traffic is like O-F1 and G-F1 cities, con-
sidering one EV fleet. As illustrated in Figure 10, the
EV fleet uses different charging/discharging techniques,
notably after hour 12, to deal with the high-power load.
Figure 11 compares the pricing of power in various sce-
narios while considering the thermal response, the avail-
ability of traffic power, the EV fleet, and the solar PV
farm’s consideration of the DR program. Case 1 for
EV fleets, high power costs are attained during demand
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Figure 7. Dispatch of generating units with EV fleets and solar PV power

Figure 8. Reserve power with EV fleet and solar PV farm

Figure 9. Dispatch of generating units with EV fleets and DR program

Figure 10. Charging/discharging power of EV Fleet for Case 2 and Case 3
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Figure 11. Price of electricity with thermal units in different cases

hours of 14 to 21 hours, and costs are high at peak
load. Electricity costs during peak hours are reduced
by EV fleets equipped with solar PV farms. Electricity
prices are decreased during peak hours by the unit of EV
fleets with solar PV farms and DR program, but prices
are increased during off-peak hours, or between 8 and
12 hours. Figure 12 illustrates electricity and reserve
pricing with a heavy load and demonstrates that reserve
prices are highest when solar PV power is available at
a low electricity price while taking thermal units into
account.

2.13 Analysis of Transactive control
This section explores the advantages of transactive en-
ergy management by examining the EV fleet costs in
Case 2 and Case 3. Table 5 shows the overall trade re-
sults, with Case 2’s total EV fleet operational cost being
$241.35 less than in Case 3. Energy exchange data in-
dicate that each EV fleet relies significantly less on the
grid when Case 3’s transactive control is active. The
detailed EV fleet operation costs for each fleet are pre-
sented in Table 6, supporting the claim that Case 3 re-
duces EV fleet operational costs at the structural level.
The EV fleets at O-F3 and G-F3, which have negative
expenses, are profitable in both scenarios despite not
having an assigned EV to their on-site DR programs.
Consequently, transactive control can be used to boost
the utilization of DR program resources within the EV
charging network stations.

2.14 Cost analysis
Table 7 illustrates the results of the dispatch cost for
three cases. Since Case 1 ignores uncertainty, it has
the lowest thermal cost. However, Case 2 examines
the performance of EV users’ systems throughout the
intra-day economic dispatch stage, when they left their
houses at 6 a.m. and returned at 5 p.m. In comparison to
Case 3, the operational costs with EV fleets are higher at
$198762.37 and $197532.54 for traffic assignment. The
reason for this disparity is that the stochastic solution of
Case 1 lacks robustness, making it unable to guarantee
safe and dependable system operation in real-time. The
improved performance of the energy market is consis-

tent with these outcomes.
The total cost and simulation time for every case are

described in Table 7. Three different sorts of EV con-
sumers are also assumed in this scenario: 1) Early Party:
leaves home at 6 a.m. and arrives back at 4.30 p.m.
early; 2) Normal Party: leaves home at 7 a.m. and ar-
rives back at 5 p.m. Early party EV fleets are O-F1,
O-F2, G-F1, and G-F2, while standard party EV fleets
are O-F3, O-F4, G-F3, and G-F4. In the first case, the
total cost for the solar PV units is $201322.76. With-
out including EV fleets and the DR program, the base
case thermal and reserve costs are $196543.35. When
EVs are used, the total cost of the system is reduced
by around $4779.41. Case 3 has the lowest traffic cost,
whereas Case 2 has the highest, owing to improved net-
work congestion caused by EV fleets and solar PV sce-
narios. The study evaluates how EVCS enhances sys-
tem flexibility under different EV penetration levels. EV
fleet size and solar PV capacity scale up proportion-
ally, while thermal power plant parameters remain un-
changed.

Figure 13 displays the net load variance at different
levels of solar PV penetration. The net load is the differ-
ence between total energy use and solar energy genera-
tion. Without new sources, the system’s current conven-
tional production will inevitably be sufficient to meet
the net load. The graphic shows five different solar PV
penetration samples. Traditional units will experience
less strain as solar PV penetration increases.

2.15 Sensitivity Analysis
The ability of solar electricity to meet the high demand
rates of system operation is analyzed through a sensi-
tivity analysis. The effect of different solar generation
scenarios on the total cost is evaluated by increasing the
load by 10% and 18%. As shown in Table 8, the per-
centage of cost reduction increases with a higher overall
load. This analysis indicates that solar energy benefits
the system when demand is high.

3. Conclusion
In this research, a transactive management condition
conducted a thorough analysis of renewable power gen-
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Figure 12. Price of reserve and electricity with thermal units.

Table 5. Transactive control IEEE 30-bus system for EV fleet traffic cost.

Cases Traffic cost ($) Energy trade in transactive control (MWh)
2 1076.11 –
3 988.42 1198.67

Table 6. EV fleet traffic cost operation in the IEEE 30-bus system

EV fleets Case 2 ($) Case 3 ($)
O-F1 76.77 54.55
O-F2 102.87 96.65
O-F3 -115.88 -101.66
O-F4 87.88 66.32
G-F1 107.67 88.77
G-F2 132.55 120.44
G-F3 -155.32 -163.87
G-F4 98.54 78.65

Table 7. Cost comparison of three cases

Cases Overall operating costs ($) Thermal costs ($) Traffic costs ($) DR costs ($) CPU time (s)
1 201322.76 201322.76 – – 456
2 198762.37 197532.54 1229.83 – 762
3 196543.35 195432.66 987.87 123.69 1021

Figure 13. Net load for various solar PV penetrations

 https://doi.org/10.57647/ijeee.2025.1601.04

https://doi.org/10.57647/ijeee.2025.1601.04


16 Bharti et al., Int. J. Energy Environ. Eng. 16 (1) 2025

Table 8. Cost comparison with varying solar PV penetration

Total system load Minimized cost without Minimized cost with Decrease of optimized
Solar PV farm Solar PV farm cost (%)

Forecasted load $22314.76 $20986.66 6.32
Increased by 10 % $23412.65 $21654.87 8.11
Increased by 18 % $25432.22 $23232.76 9.46

eration and its impact on EV fleet and DR programs.
This would ensure financial benefits for system opera-
tors, EV fleets and DR programs to participate in the
transmission network. The constraints were reserve
constraints, transmission constraints, EVCS constraints,
thermal operation constraints, and DR program con-
straints. Compared to the traditional approach, the to-
tal cost shared by EV charging stations with uncertain
solar PV and EV fleets is decreased by 1.288%, and
the scheduling expenditures for EV fleets are decreased
by 2.431%. However, by successfully minimizing load-
shedding events and cutting operating expenses, the
suggested approach exhibits improved economic perfor-
mance in real intra-day operation. The system would
be a MINLP problem, but these problems have local op-
tima and take a lot of time. The analogous MILP model
was developed in order to quickly achieve the global op-
timal solution with a small error. Uncertain parameters,
like the quantity of EVs, and solar PV speed, were in-
cluded in the model. As a result, the normal probability
density function was used to characterize pertinent sce-
narios. The K-means scenario reduction technique was
then used to extract the possibilities with high probabil-
ities. When taking the DR program into account, the
suggested methods may be cost-effective and efficient
for power markets and load management. The findings
demonstrate that the suggested method outperforms the
stochastic method in terms of performance. The gap be-
tween the optimal solution of the proposed method and
the lower bound of the theoretically optimal solution
is very small. Overall, provides valuable insights into
the optimization of solar PV-powered EV charging sta-
tions, enhancing their reliability and sustainability. Fur-
ther research should focus on advancing loss allocation
methodologies, leveraging AI-driven demand forecast-
ing, integrating battery energy storage systems, and de-
veloping policy-driven incentives to optimize EV infras-
tructure deployment. Also, in future works, the hydro-
gen transportation systems will be integrated into the
proposed model.
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