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A B S T R A C T 
 

Ensuring the reliability and stability of standalone microgrids (MGs) is 
fundamental to the effective integration of renewable energy sources, which are 
inherently uncertain. This work presents a stochastic optimization model using 
mixed-integer linear programming (MILP) to determine the optimal operation 
of electric vehicle charging stations (EVCS) with transactive control, 
emphasizing the balance between economic efficiency and system reliability. As 
a result, deploying EVCS will become a vital strategy for integrating renewable 
energy. An innovative method for supplying electric power from EV fleets 
involves using transportation networks as additional infrastructure. This article 
proposes that transportation networks, EVCS, and MGs can be optimally 
scheduled under uncertain photovoltaic (PV) generation using transactive 
control. The stochastic optimization problem is formulated as a mixed-integer 
nonlinear program and implemented in a moving-horizon framework for real-
time onboard operation. The framework is tested on the IEEE 30-bus 
transmission network. The results show the efficiency of the proposed 
framework as an improvement tool for economic performance and operational 
stability in renewable-integrated power markets, and it reduces peak loads 
through the coordinated charging and discharging of vehicles.  

 
1. Introduction  

1.1 Motivation 

In today's era, the renewable energy sources (RES) 

industry has gained significance as the world transitions to 

cleaner power sources away from fossil fuels [1]. In 2014, the 

global renewable generation capacity was 1829 GW; by 2022, 

it had increased by 84.36% to reach 3372 GW, according to 

the International Renewable Energy Agency (IRENA) [2]. The 

addition of renewable sources such as solar and wind PV 

systems has enabled local generation, storage, and load 

management [3]. The uncertain and variable nature of RES 

challenges the safe and cost-effective operation of power 

networks. Modern power systems are evolving due to road 

transportation and the growth of solar and wind resources. 

Microgrids (MGs), which stay connected to the utility grid, 

provide a valuable platform for integrating variable loads, 

storage systems, and local renewable energy sources. Electric 

vehicles (EVs) form a significant portion of variable loads; 

while their charging introduces uncertainty, it also creates 

opportunities for transactive management and two-way 

energy exchange [4,5]. Battery electric vehicles (BEVs) rely on 

onboard batteries for propulsion [6]. In contrast, plug-in 

hybrid electric vehicles (PHEVs) combine an internal 

combustion engine with a battery-powered drive system, 

enabling them to draw power from both traditional fuel and 

electricity [7]. An EV system with transactive control can 

balance supply and demand by incorporating transactive 

control into a stochastic framework alongside other 

parameters. When integrated with transactive system 

management, the proposed strategy should consider the roles 

of EV charging stations (EVCS), MG, and RES. Effective 

scheduling in these systems must, however, take into account 

mobility-driven demand, electricity price volatility, and 

uncertainty in renewable output. Although deterministic 

formulations are computationally efficient, they often yield 

suboptimal schedules because they do not account for 

sources of variability. On the other hand, stochastic models 

use probabilistic data, which enables operators to plan for a 

variety of potential operating scenarios. Aspects of this issue 

have been studied independently in the past, with an 
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emphasis on EV integration, price variability, or renewable 

uncertainty. There are very few attempts to integrate these 

elements into a single framework, and there remains a dearth 

of empirical testing of common distribution standards. The 

current work fills this gap by developing and evaluating a 

stochastic problem for a grid-connected MG that includes 

battery storage, EVCS with transactive control, and solar 

photovoltaic (PV) and wind generation. 

1.2 Literature review 

Driven by the worldwide need to reduce carbon 

emissions, curb reliance on fossil fuels, and address 

environmental degradation, electric vehicles (EVs) have 

become a dominant technology in the transportation sector. 

However, a significant obstacle to the widespread adoption of 

EVs remains the lack of an effective, widely dispersed 

charging infrastructure. When applied to situations with high 

uncertainty in consumer load and RES, these models 

frequently produced unrealistic schedules despite their 

computational simplicity. Stochastic and scenario-based 

formulations have been widely used to overcome these 

constraints [8,9]. To reflect the variability of renewable 

resources and energy market prices, these approaches 

generate multiple realizations of uncertain variables. The 

computational load is then controlled while preserving the 

statistical characteristics of the original dataset using 

scenario reduction techniques. Results in this field 

consistently show that stochastic programming outperforms 

deterministic scheduling in predicted operating costs and 

dependability. The integration of EVCS into grid-connected 

MG operations is another crucial research area. Because they 

serve as mobile loads and, when vehicle-to-grid (V2G) 

operation is enabled, can also act as distributed storage, EVs 

offer flexibility [10–12]. Coordinated charging lowers peak 

demand, boosts the use of renewable energy sources, and 

promotes cost-effectiveness, according to studies. 

Nevertheless, most research focuses solely on EVs, ignoring 

market pricing dynamics or renewable variability.  

Modern power networks can be made more reliable and 

operationally efficient with battery storage devices. In times 

of high availability, they enable the absorption of excess 

energy from renewable sources such as solar and wind and 

the release of stored energy when demand outpaces supply 

[13]. By doing this, they reduce dependence on greenhouse 

gas emissions, promote increased renewable penetration, 

and stabilize the grid. The long-term relevance of battery 

storage for sustainable energy has been further reinforced by 

ongoing technological advancements that have enabled 

higher capacities and more affordable options [14]. Battery 

storage offers significant flexibility in managing EV charging 

needs. This feature supports the broader shift toward low-

carbon, sustainable transportation by improving the 

integration of wind and solar PV into EVCS and preserving 

voltage stability [15].  The best locations for fast-charging 

stations and their effects on the distribution network have 

been the subject of numerous studies. To reduce power loss, 

EV charging stations were integrated into the road and 

electrical networks [16]. Fast-charging station location, in 

conjunction with renewable energy integration, has been 

investigated [17], with renewable-based charging stations 

examined to improve voltage stability and cost-effectiveness. 

Particle swarm optimization has been used to study fast-

charging station location while taking into account the traffic 

flow [18] model; nevertheless, transactive control expansion 

scheduling of EVCS has not been addressed. The coordinated 

dispatching of EVCS within the transportation network using 

transactive control has not been overlooked by the 

aforementioned studies.  

 Optimal EV placement and its effects on the 

transmission network have been the subject of several 

studies [19,20]. To reduce power losses, EV charging stations 

were integrated into a road-and-electrical network. Fast-

charging station locations in conjunction with renewable 

energy integration have been investigated [21], with 

renewable-based charging stations examined to improve 

voltage stability and cost-effectiveness. Reference [22] 

developed a stochastic model for transactive control that 

included energy storage, plug-in hybrid electric vehicles, 

renewable resources, and fuel cell-based heat and thermal 

units. A mixed-integer nonlinear program (MINLP) was used 

to model the context, including hydrogen storage for the fuel 

cell units. The modified honey badger algorithm was used to 

optimize intelligent charging schemes. To enhance 

transactive control in the context of solar PV and EVCS, 

reference [23] proposed a hybrid approach that combines 

particle swarm optimization with quantum self-attention 

neural networks. Reference [24] explored the efficiency, 

viability, and environmental advantages of integrating EVs 

and renewable energy in deregulated electricity systems. 

Their research focused on the impact of renewable energy on 

emissions and on energy storage, smart charging, and 

demand response, which might enhance power flow and 

system security. The study examined methods to enhance 

power flow regulation and system decentralization and 

concluded that hybrid renewable systems might reach grid 

parity under favorable pricing conditions.  

Most studies on the EVCS model have already been 

detailed; additional studies have employed stochastic 

approaches to determine the optimal scheduling time for 

EVCS in the energy transportation network [25]. The techno-

economic feasibility of various facilities, including 

transportable energy storage, railway lines, and conveying 

roads, is assessed using a stochastic problem [26]. 

Coordinated planning of transportation networks and electric 

power systems improves grid stability, eases traffic 

congestion, and strengthens the integration of renewable 

energy and electric vehicles [27]. To lower overall operating 

costs, reduce traffic congestion, and enhance wind energy 

integration, the implications of EVCSs in coupled traffic-

electric networks are investigated [28]. The stochastic 

problem in electric traffic networks with thermal units and 

the challenges of the transportation traffic model are solved. 

The transportation network, however, received little 

attention in the literature [29]. A transportable EVCS is 

incorporated into a two-stage stochastic model to manage PV 

uncertainty and enable transmission system flexibility [30]. 

Additionally, variable EV charging methods would improve 

the efficiency of transportation infrastructure and MG 

operations. More focus is being placed on integrating EVs 

with transactive energy management and on the growing 

deployment of energy resources such as solar panels and 

energy storage devices. A dynamic pricing system is used by 



BG. Sherkhane et al. /Future Energy                                                                                           August 2026| Volume 05 | Issue 03| Pages 11-24 

13 

 

an EVCS located inside office buildings with rooftop PVs to set 

transactive control rates for energy exchange between EVs 

[31]. The best scheduling of privately owned EVCSs is 

integrated into a transactive market structure between EVCSs 

and a remote PV farm using a predefined power purchase 

market [32]. A market-based network of EV charging stations 

that employs transactive energy management is described in 

Reference [33]. Previous research has used a variety of 

methods to investigate EVCS investment costs under 

transactive control and DC network security from various 

angles. While addressing the optimal problem of EVCS via 

fleets in power networks, none of the studies in the literature 

examined the interplay among grid-connected MG 

operations, uncertain solar PV output, and electricity pricing.  

1.3  Research gaps and paper contribution 

Although existing studies have extensively explored 

wind-solar configuration with EV scheduling optimization 

from the perspectives of resource complementarity, security 

stability, and uncertainty, several key challenges remain for 

practical operation in high-penetration renewable energy 

systems. First, most studies focus on single objectives such as 

curtailment rate, output fluctuation, construction cost, or 

energy storage scale, while neglecting the significant coupling 

and trade-offs among these objectives in high-penetration 

systems, vehicle charging, and market price volatility in MG 

[10,11]. Second, although attention has been paid to wind-

solar complementarity, the coordinated consideration of load 

profiles, transmission characteristics, and demand-response 

constraints remains insufficient, and a unified, multi-

parameter analytical framework integrating source, EVCS, 

and grid factors has yet to be established. Several studies 

consider both renewable and non-renewable generating 

units. However, flexible sources such as demand response, 

solar PV, and EVCS should be integrated into the power 

system to enhance network operation and security.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

To the best of the authors’ knowledge, references [26–28, 

31–33] are the only studies that have simultaneously 

addressed transactive energy management in EV 

transportation networks. Table 1 summarizes recent work. 

To bridge the knowledge gap between accurate physical 

modeling and computational efficiency, this study proposes a 

stochastic optimization day-ahead dispatching of the power 

system with EVCS, considering operational flexibility. The 

first stage relies on forecasts of renewable energy output, 

power load demand, electricity procurement from the main 

grid, and the output of generating power units. The second 

stage integrates wind-solar output characteristics, market 

price characteristics, and load characteristics into a 

production MG model and evaluates different wind-solar 

ratio schemes across four dimensions: scenario generation 

and reduction, curtailment rate, EVCS scale, and system cost. 

Ultimately, a comprehensive optimal ratio balancing technical 

and economic performance is derived. A mixed-integer linear 

programming (MILP) algorithm is presented to solve the 

proposed stochastic day-ahead dispatching model, in which 

integer variables are incorporated in the second stage. The 

main contributions of this paper are outlined as follows:  

1) Introduces a stochastic scheduling approach for optimizing 

the integration of RESs and EVCS into transmission networks, 

improving performance, reducing curtailment, enhancing 

reliability, and minimizing costs within an MG operation.  

2) Addresses the stochastic behavior of RESs, effectively 

integrating uncertain energy sources into transmission 

networks, such as market price and load characteristics. 

3) In order to reduce traffic congestion and enhance power 

grid economics, a transactive control is implemented to 

streamline energy exchanges between transportation 

networks for EVCS throughout interconnected MGs.  Focuses 

on maximizing techno-economic performance by enhancing 

system flexibility and efficiently integrating the 

transportation network with a grid-connected MG. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1.  Comparison of the main features of the conventional and proposed work 

Ref no.  EVCS MG DCOPF Transactive 
control 

RES uncertainty Proposed model 

 Wind Solar PV  
[8] ✓  ✓  - - - - • Cooperative optimization 

• Single-objective 
[10] ✓   - - ✓  - • Non-Cooperative optimization 

• Single-objective 
[16] ✓  - ✓  - ✓  - • Non-Cooperative optimization 

• Single-objective 
[21] ✓  - ✓  ✓  ✓  - • Cooperative optimization 

• Single-objective 
[22] ✓  ✓  -          - ✓  ✓  • Cooperative optimization 

• Single-objective 
[26] ✓  - ✓  - ✓  - • Non-Cooperative optimization 

• Single-objective 
[28] ✓  - ✓  - ✓  - • Cooperative optimization 

• Single-objective 
[31] ✓  - ✓  - - ✓  • Cooperative optimization 

• Single-objective 
[33] ✓  - ✓  ✓  ✓  - • Non-Cooperative optimization 

• Single-objective 
This 

paper 
✓  ✓  ✓  ✓  ✓  ✓  • Two- stage stochastic optimization 

• Single objective 
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1.4 Organization 

The remainder of this paper is organized as follows. 

Section 2 presents the system configuration and describes the 

proposed stochastic formulation. Section 3 presents scenario 

generation and reduction techniques. Section 4 presents the 

problem formulation: objectives, constraints, and the GAMS-

based solver. Section 5 presents the solution methodology. 

Section 6 validates the effectiveness of the proposed method 

through case studies using IEEE 30-bus data. Finally, Section 

7 concludes the paper. 

2. Distribution characteristics of solar PV and wind 

resources 

2.1 Modeling of PV 

MG incorporates solar PV generation, a clean, emissions-

free energy source, as part of its sustainable energy supply. 

Because PV output depends on environmental factors, it is 

inherently variable despite its benefits. Definitions of each 

parameter are given in constraints (1) and (2), which give the 

problem formulation of solar PV generation [22]. 

𝑃ℎ
𝑝𝑣
= 𝑃𝑆𝑇𝐶,ℎ

𝑝𝑣
.
𝐼𝑐𝑒𝑙𝑙
𝑟𝑎𝑑

1000
(1 + 𝛽(𝑇𝐶 − 25))                                        (1) 

Signifies the cut-out speed, and 𝑊𝑖indicates the cut-in speed. 

 𝑇𝑐 = 𝑇𝑎 + (
𝐼𝑐𝑒𝑙𝑙
𝑟𝑎𝑑

800
) (𝑇𝑛 − 20)                         (2) 

In these equations, 𝑃ℎ
𝑝𝑣

 denotes the output power of the 

solar PV units in watts (W), although 𝑃𝑆𝑇𝐶,ℎ
𝑝𝑣

links to the rated 

output below standard test conditions. 

2.2 Modeling of WT 

Wind speed uncertainty using the Weibull distribution 

can be expressed as follows [19]: Constraint (3), output 

power of the wind turbine 𝑃ℎ
𝑤𝑡is modeled as a role of the wind 

speed 𝑆ℎ
𝑤𝑡 .   The parameters 𝑆𝐶𝐼𝑁

𝑤𝑡  and 𝑆𝐶𝑂
𝑤𝑡  represent the cut-in 

and cut-out speeds, respectively. The cut-in speed is the 

minimum wind velocity at which the turbine begins 

producing power; below this threshold, no energy is 

generated. The wind speed 𝑆𝑅
𝑤𝑡  at which the turbine reaches 

its rated output power is indicated by the rated speed 𝑃𝑅
𝑤𝑡.The 

turbine is now producing its maximum safe power output 

while operating at maximum efficiency [12]. 

𝑃ℎ
𝑤𝑡 =

{
 
 

 
 
0𝑆ℎ

𝑤𝑡 < 𝑆𝐶𝐼𝑁
𝑤𝑡

𝑃𝑟,ℎ
𝑤𝑡 (

(𝑆ℎ
𝑤𝑡)

3
−(𝑆𝐶𝐼𝑁

𝑤𝑡 )
3

(𝑆𝑅
𝑤𝑡)

3
−(𝑆𝐶𝐼𝑁

𝑤𝑡 )
3) 𝑆𝐶𝐼𝑁

𝑤𝑡 < 𝑆ℎ
𝑤𝑡 < 𝑆𝑅

𝑤𝑡

𝑃𝑅
𝑤𝑡𝑆𝑅

𝑤𝑡 < 𝑆ℎ
𝑤𝑡 < 𝑆𝐶𝑂

𝑤𝑡

0𝑆ℎ
𝑤𝑡 ≥ 𝑆𝐶𝑂

𝑤𝑡

        (3) 

3. Uncertainty characterization 

3.1 Generation of scenarios  

This work employs a hybrid approach combining 

Gaussian copulas, Latin Hypercube Sampling with 

Dependence (LHSD), and Affinity propagation (AP), as shown 

in Figure 1. Copulas model dependencies among random 

variables by linking their marginal distributions.  LHSD 

combined with copulas generates representative scenario 

sets that accurately capture inter-temporal RE dependencies, 

after which Affinity Propagation clustering selects the final 

subset. Independent Latin Hypercube Sampling points are 

first generated in standard normal space N(µ,σ). These 

samples are then transformed via the inverse cumulative 

distribution function to match the specified marginal 

distributions. Inter-variable dependence is introduced by 

applying the Cholesky decomposition to the covariance 

matrix, producing correlated multivariate normal samples. 

These correlated samples are subsequently converted to their 

uniform counterparts U (0,1) using the cumulative 

distribution function. Finally, the uniform samples are 

mapped through the inverse marginal distributions of the 

fitted univariate models, yielding scenarios that preserve 

both the original marginal distribution and the inter-

temporal dependence structure. Since large scenario sets can 

render stochastic programming intractable, Affinity 

Propagation clustering, an exemplar-based method that 

exchanges messages between data points to identify 

representative clusters, is applied after LHSD to reduce 

computational complexity while preserving representative 

diversity. To capture the range of possible outcomes more 

effectively, each PDF is separated into some intervals. An 

example of a PDF partitioned into seven intervals is 

illustrated in Figure 1 [18]. Furthermore, to generate a 

diverse set of scenarios with assigned probabilities, a 

roulette-wheel selection mechanism is used, as depicted in 

Figure 2.  

 
Figure 1. Simple MCS fits the normal distribution 

 

 

Figure 2. Normal Distribution fit by the Weibull method 

3.2 Scenario reduction 

The computational overhead that results from modeling 

uncertainty with a large number of scenarios may be too 

great. The fast-forward scenario-reduction approach is used 

in this work to address this problem [18,19].  The following 

summarizes the algorithm's primary steps: 
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Step 1: Calculate the separation among every pair of 

possibilities with constraint (4). 

−𝑓(𝜏, 𝜏−) = ∑ |𝑃𝜏 − 𝑃𝜏−|𝑖∈𝑃𝑉,𝑊𝑇                                         (4) 

Step 2: Determine the mean separation between every 

scenario and every other scenario. The first scenario to be 

chosen is the one with the lowest average distance. 

𝜏1 = 𝑎𝑟𝑔 {𝑚𝑖𝑛
𝜏−∈∧

∑ 𝜋𝜏𝜐(𝜏, 𝜏
−)𝜏∈∧                                                      (5) 

𝛬𝑆 = 𝛬𝑆𝑈{𝜏1}              (6) 

𝛬𝑗 = 𝛬𝑗𝑈{𝜏1}                 (7) 

Step 3: Calculate the distance between each unselected 

scenario and each previously chosen scenario. After selecting 

the scenario that minimizes this distance, both the non-

selected and selected sets are updated. 

𝜏𝑖 = 𝑎𝑟𝑔 {𝑚𝑖𝑛
𝜏−∈𝛬𝑗

∑ 𝜋𝜏 𝑚𝑖𝑛
𝜏−−∈𝛬𝑠𝑈{𝜏}

𝜏∈𝛬𝑗\{𝜏
−} 𝜐(𝜏, 𝜏−−)                     (8) 

𝛬𝑆 = 𝛬𝑆𝑈{𝜏𝑖}                                         (9) 

𝛬𝑗 = 𝛬𝑗𝑈{𝜏𝑖}                          (10) 

Step 4: The probability of every unselected scenario is 

transferred to the nearest chosen scenario. Here, 𝑗(𝜏)  denotes 

the non-selected situation that is most likely to be the selected 

situation 𝜏. 

𝜋𝜏
∗ = 𝜋𝜏 +∑ 𝜋𝜏−𝜏−∈𝑗(𝜏)                                              (11) 

𝜏 = 𝑎𝑟𝑔 { 𝑚𝑖𝑛
𝜏−−∈𝛬𝑆

𝜐(𝜏−−, 𝜏−)                                       (12) 

4. Problem formulation 

The microgrid interacts with the main grid based on the 

output of generation units and the consumption of electrical 

loads. The objective of the system is to minimize the 

combined costs of economic and security indicators through 

an optimal power system. Adhering to the principle of 

prioritizing renewable energy sources, operating according to 

the dataset output, regardless of operating costs.  

4.1 Formulation of cost function 

The objective function (O.F.) formulation in this paper 

incorporates base-scenario dispatch with scenario-based 

adjustments [15,16], reflecting real-world market operations. 

Therefore, the real-time power balancing cost comprises the 

adjustment cost of the thermal power unit's output, EV 

charging costs, and the overall cost of the microgrid, which 

includes the battery storage cost (BSSC). This proposed 

optimization problem accounts for correlations among 

random input factors, such as solar PV and wind, to determine 

the optimal dispatch, power ratings, and 

charging/discharging schedules for each EV fleet, ensuring 

proper system operation. The complete mathematical 

formulation of this objective function is provided in 

constraint (13). 

 

 

𝑚𝑖𝑛 ∑ ∑ 𝜋𝑠 (∑ 𝐶(𝑃𝑐𝑔𝑗,𝑠,𝑡) +𝑗∈𝑛𝑐𝑔𝑠∈𝑆𝑡∈𝑇

∑ 𝛽𝑖,ℎ
𝑝𝑣

𝑖,𝑗∈𝑝𝑣 . 𝐶𝑝𝑣𝑃𝑖,𝑠,𝑡
𝑝𝑣
+∑ 𝛾𝑖,𝑡

𝑤𝑡 . 𝐶𝑤𝑡𝑃𝑖,𝑠,𝑡
𝑤𝑡 + ∑ 𝐵𝑆𝑆𝐶𝑠,𝑒,𝑡𝑖∈𝑒𝑖,𝑗∈𝑤𝑡 ) 

+(∑ 𝜋𝑠𝑠∈𝑆 (∑ 𝐼𝑒𝑣𝑠
𝑉2𝐺𝑇𝐻𝐶𝑒𝑣

𝑓𝑑,𝑉2𝐺
𝑒𝑣∈𝐸 (∑ ∑ (𝐼𝑇𝑒𝑣𝑛,𝑠,𝑡𝑇𝐻𝑒𝑣𝑛,𝑠,𝑡) +𝑒𝑣∈𝐸𝑡∈𝑇

(𝐶𝐹𝑒𝑣
𝑑𝑐,𝑉2𝐺𝑃𝑒𝑣𝑠,𝑡

𝑑𝑐ℎ) 𝐼𝑒𝑣𝑠,𝑡
𝑑𝑐ℎ  )))           (13) 

The costs for RES units per hour h are signified by 𝐶𝑝𝑣 and 

𝐶𝑤𝑡 , respectively. The total cost of the BSSC comprises several 

elements, including the initial capital investment and the 

replacement costs incurred over the system’s operational 

lifetime. The capital investment cost,𝐼𝐶𝐶𝐵𝑆 , is directly linked 

to the capacity for power𝑃𝐵𝑆,𝑠
𝑐   and the capacity for energy 

𝐸𝐵𝑆,𝑠
𝑐  of the storage system and is clear in constraint (5). 

( ) ( )cos cos

, ,. .t c t c

BS BS s BS sICC P P E E= +   (14) 

Where, 𝑃𝑐𝑜𝑠 𝑡 and 𝐸𝑐𝑜𝑠 𝑡  represent the cost coefficients 

corresponding to the storage system's power and energy 

capacities, respectively.  

𝑁𝐵𝑆
𝑐𝑦
= ∑ 𝑐𝑜𝑢𝑛𝑡𝐵𝑆(ℎ, 𝑡)

24
𝑖=1                 (15) 

𝐶𝑜𝑢𝑛𝑡𝐵𝑆(ℎ, 𝑡) = (𝑆ℎ − 𝑆ℎ−1)𝑆ℎ, ∀ℎ ∈ 24                      (16) 

𝐵𝑆𝑅𝐸𝑃 =
𝑃𝐷

𝐵𝑆𝐿𝐹𝐶
                       (17) 

𝐵𝑆𝑆𝐶 =
1

24.𝑃𝐷
(
𝑖(1+𝑖)𝑃𝐷

(1+𝑖)𝑃𝐷−1
. 𝐼𝐶𝐶𝐵𝑆. 𝐵𝑆𝑅𝐸𝑃)  (18) 

The first step in determining how many replacements are 

needed over the course of the project is to determine how 

many charge and discharge cycles occur per year. signified as 

𝑁𝐵𝑆
𝑐𝑦

. Constraints (15) and (16), where (16) is definite 

𝐶𝑜𝑢𝑛𝑡𝐵𝑆(ℎ, 𝑡), the cycle count for hour h on working day t is 

used to compute this value. Therefore, the total number of 

replacements, 𝐵𝑆𝑅𝐸𝑃, the project lifetime is stated by 

constraint (17). Lastly, the day-to-day price of the storage, 

signified as BSSC, is designed in constraint (18) by including 

the primary capital cost 𝐼𝐶𝐶𝐵𝑆and the appropriate interest 

rate (i). 

4.2 EVCS constraints 

These constraints are based on the likely values of 

uncertainty parameters and include constraints and 

equations for the network, thermal units, RESs, MG, and EV 

fleets. Although EV fleets operate on hourly schedules, the 

system can be complex because they are connected to the grid 

at both work and home. EV fleets are represented by binary 

variables, as shown in equations (19)- (20), which indicate 

whether they are at work, at home, or on the road. The 

connected links of a specific commuter route can be used to 

model the energy levels and toll-free continuous states 

described in constraints (21-31). These links mimic the 

energy and toll-free states shown in constraints (21) and (22). 

Additionally, the grid acts as a storage system for the EV fleet, 

representing V2G input. EV fleets also have defined minimum 

and maximum energy capacities. Therefore, the various 

transportation constraints include: 

∑ 𝐼𝑇𝑒𝑣𝑛,𝑠,𝑡 ≥ 𝑇𝑅𝑒𝑣𝑡𝑡∈𝐻𝑡𝑜𝑊 , ∀𝑠, ∀𝑒𝑣, ∀𝑛        (19) 

∑ 𝐼𝑇𝑒𝑣𝑛,𝑠,𝑡 ≥ 𝑇𝑅𝑒𝑣𝑡𝑡∈𝑊𝑡𝑜𝑃 ∀𝑠, ∀𝑒𝑣, ∀𝑛                                         (20) 
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𝐹𝐸𝑒𝑣𝑛,𝑠,𝑡 = ∑ 𝜁𝑒𝑣𝑚,𝑠,𝑡𝑚∈𝑀 𝐶𝐸𝑒𝑣𝑚,𝑡∀𝑠, ∀𝑒𝑣, ∀𝑛                                   (21) 

𝑇𝐻𝑒𝑣𝑛,𝑠,𝑡 = ∑ 𝜁𝑒𝑣𝑚,𝑠,𝑡𝑚∈𝑀 𝐶𝑇𝑒𝑣𝑚,𝑡∀𝑠, ∀𝑒𝑣, ∀𝑛                                   (22) 

𝐼𝐻𝑒𝑣𝑛,𝑠,𝑡 + 𝐼𝑊𝑒𝑣𝑛,𝑠,𝑡 + 𝐼𝑇𝑒𝑣𝑛,𝑠,𝑡 = 1, ∀𝑠, ∀𝑛, ∀𝑒𝑣, ∀𝑡       (23) 

𝐼𝑒𝑣𝑠,𝑡
𝑑𝑐ℎ + 𝐼𝑒𝑣𝑠,𝑡

𝑐ℎ ≤ 𝐼𝐻𝑒𝑣𝑛,𝑠,𝑡 + 𝐼𝑊𝑒𝑣𝑛,𝑠,𝑡 ,     ∀𝑠, ∀𝑒𝑣, ∀𝑛       (24) 

𝐼𝑒𝑣𝑠,𝑡
𝑑𝑐ℎ ≤ 𝐼𝑒𝑣𝑠

𝑉2𝐺 , ∀𝑠, ∀𝑒𝑣, ∀𝑡                                        (25) 

∑ 𝐼𝑒𝑣𝑛,𝑠 = 1,∀𝑒𝑣, ∀𝑠𝑛∈𝑇𝑆𝑒                                                               (26) 

, , , , , ,,

min max , , ,
n s n s t n s n s ts t

e e

HO
ev ev ev ev ev evev

n TS n TS

P I IH P P I IH s ev t

 

             (27) 

, , , , , , ,

min max , , ,
n s n s t s t n s n s t

e e

WP

ev ev ev ev ev ev ev

n TS n TS

P I IW P P I IW s ev t
 

             (28) 

𝑃𝑒𝑣𝑠,𝑡
𝐻𝑂 + 𝑃𝑒𝑣𝑠,𝑡

𝑊𝑃 = 𝑃𝑒𝑣𝑠,𝑡
𝑐ℎ − 𝑃𝑒𝑣𝑠,𝑡

𝑑𝑐ℎ, ∀𝑠, ∀𝑒𝑣, ∀𝑡        (29) 

𝐼𝑒𝑣𝑠,𝑡
𝑐ℎ + 𝐼𝑒𝑣𝑠,𝑡

𝑑𝑐ℎ ≤ ∑ 𝐼𝑒𝑣𝑛,𝑠𝑛∈𝑇𝑆𝑒𝑣,𝑡 (𝐼𝐻𝑒𝑣𝑛,𝑠,𝑡 + 𝐼𝑊𝑒𝑣𝑛,𝑠,𝑡), ∀𝑠, ∀𝑒𝑣, ∀𝑡 

           (30) 

,

min max , , ,
s tev ev evCE CE CE s ev t             (31) 

Constraint (23) models the EV fleet as a single state at 

each hour; Constraint (24) indicates that the EV fleet 

contributes to the grid by sharing electricity from homes or 

workplaces; and Constraint (25) indicates that the supply of 

EV fleet power to the grid occurs while engaged in charging 

mode. The EV fleet's trip plan state, or binary status, is 

represented by constraint (26). The inequality constraints on 

the exchange of power between the grid and the EV fleet are 

given by constraints (27)-(28), which account for 

charging/discharging rates and the fleet's current conditions. 

The electricity exchange among the house, office, and the grid, 

similar to charging and discharging in each solar PV scenario, 

is represented by constraint (29). According to the travel 

plan, constraint (30) describes the EV fleet's 

charging/discharging conditions, which can occur only while 

parked. Constraints (32) and (33) specify the primary and 

final energy necessities, while constraint (20) defines the 

maximum/minimum capacity of EV fleets. Constraint (34) 

provides the battery's state of charge (SOC), which is the sum 

of the SOC during transport, charging, and discharging modes. 

Constraint (35) shows the battery energy balance. 

Constraints (36) and (37) use a linear function of charging 

and discharging power to approximate the SOC. The initial 

energy value of each EV fleet, the charging/discharging 

capacity, and the SOC must all be recalculated continuously at 

specific stages of the procedure. 

𝐶𝐸𝑒𝑣𝑠,0 = 𝐶𝐸𝑒𝑣0    ∀𝑠, ∀𝑒𝑣, ∀𝑡         (32) 

𝐶𝐸𝑒𝑣𝑠,𝑇 = 𝐶𝐸𝑒𝑣𝑇    ∀𝑠, ∀𝑒𝑣, ∀𝑡         (33) 

𝐶𝐸𝑒𝑣𝑠,𝑡+1 = 𝐶𝐸𝑒𝑣𝑠,𝑡 + 𝑆𝑂𝐶𝑒𝑣𝑠,𝑡   ∀𝑠, ∀𝑒𝑣, ∀𝑡           (34) 

𝑆𝑂𝐶𝑒𝑣𝑠,𝑡 = 𝑆𝑂𝐶𝑒𝑣𝑠,𝑡
𝑐ℎ − 𝑆𝑂𝐶𝑒𝑣𝑠,𝑡

𝑑𝑐ℎ − 𝑆𝑂𝐶𝑒𝑣𝑠,𝑡
𝑇 , ∀𝑠, ∀𝑒𝑣, ∀𝑡          (35) 

, ,

max0 , , ,
s t s t

dch dch
evev ev

P P I s ev t                                        (36)

, ,

max0 , , ,
s t s t

ch ch
evev ev

P P I s ev t                                       (37) 

 

4.3  Power balance and transmission constraints 

Each unit’s power generation should be maintained 

between the minimum and maximum limits of active and 

reactive power, as shown in Equations (38) and (39). The sum 

of the powers generated by the thermal, renewable, and EV 

fleets, during charging/discharging, should equal the load 

demand in each sample scenario, as specified by equation 

(40). Equations (41) and (42) show the DC security and 

network line flow limits for renewable power samples, 

respectively. The following are the subject technical 

constraints for each period in every sample: 

, ,

min max , ,
j j s t jcg cg cgP P P s t                                                      (38) 

, ,

min max , ,
j j s t jcg cg cgQ Q Q s t                                         (39) 

∑ 𝑃𝑐𝑔𝑗,𝑠,𝑡 +𝑗∈𝑛𝑐𝑔 ∑ 𝛽𝑖,ℎ
𝑝𝑣
𝑃𝑖,𝑠,ℎ
𝑝𝑣

+𝑖∈𝑝𝑣 ∑ 𝛾𝑖,ℎ
𝑤𝑡

𝑖∈𝑤𝑡 𝑃𝑖,𝑠,ℎ
𝑤𝑡 +

∑ ∑ (𝑃𝑒𝑣𝑠,𝑡
𝑑𝑐ℎ − 𝑃𝑒𝑣𝑠,𝑡

𝑐ℎ )𝑒𝑣∈𝐸𝑖∈𝐵𝑢𝑠 = ∑ 𝑃𝐷𝑖𝑡𝑖∈𝑛𝑙 +∑ 𝑃𝑙𝑜𝑠𝑠𝑖,𝑗∈𝐵𝑢𝑠    ∀𝑠, ∀𝑡          

                            (40) 

min max

, , , , , , ,i j i j s t i jP P P t s−                                              (41) 

𝑃𝑖,𝑗,𝑠,𝑡 =
𝜙𝑠,𝑖,𝑡−𝜙𝑠,𝑗,𝑡

𝑍𝑖,𝑗
, ∀𝑡, ∀𝑠                                             (42) 

4.4 RES power output constraints 

Both photovoltaic (PV) and wind turbine (WT) devices 

have output power limited by their respective 

minimum/maximum generation capacities, as shown in 

constraints (43) and (44). 

, , mam n xi
pv pv

i s t
pvP P P                                                (43) 

min , , max
wt w wt

s t
t

iP P P                               (44) 

This section outlines the scenario-based framework for 

capturing uncertainties in electrical demand (ED), wind 

generation, and PV output. 

5. Solution algorithm 

A two-stage stochastic scheduling problem is formulated 

to address the objective function (constraint 13), using a 

CPLEX solver [34] and an optimization approach to handle the 

stochastic problem with EVs and MG. The proposed model 

determines the charging and discharging performance of each 

EV fleet using the starting grid data, as described in 

constraints (29) and (30). 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. Lastly, every EV fleet has 

a 24-hour transactive-control MG with optimal generation 

dispatch. Constraints (29) and (30) describe how to 

determine the charging and discharging performance of each 

EV fleet using the initial grid data, as suggested in the 

stochastic model. Based on market power pricing and battery 

capacity, all EV fleets are guided to the closest arrival time. 

Parking lots are the only places where the EV scheduling 

problem is assigned if the requirements are satisfied. Lastly, 

each fleet of EVs has a grid-connected MG with optimal 

generation dispatch based on transactive control over a full 

day. To improve day-ahead EV fleet dispatch and minimize 

operating costs while respecting system constraints, this 
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study employs a two-stage stochastic scheduling approach 

that incorporates RES power. As illustrated in Figure 3, it 

introduces energy transporters and uses a transactive 

management-based solution for MG, renewable energy, and 

EV fleets. 

 

Figure 3. Proposed algorithms 

6. Case Study 

To evaluate the effectiveness of the proposed EV 

optimization strategy in transmission networks, a renewable 

energy–integrated model with grid-connected microgrids is 

tested. Network scheduling scenarios based on transactive 

control are analyzed in this section. The proposed stochastic 

optimization model, considering wind and solar PV 

generation, is simulated using the CPLEX solver and GAMS on 

a modified IEEE 30-bus test system. 

6.1 Parameter setting and data description 

The modified IEEE 30-bus system is taken from 

reference [35] and includes nine thermal units, two solar PV 

farms (RES), and 41 network lines. The generator's maximum 

load is 386 MW, while its total installed capacity is 470 MW. 

Figure 4 displays the hourly load, wind, and solar PV profiles. 

Assume that the network line connects two cities, orange and 

green, as depicted in Figure 5. 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 6 shows the EV fleets and 

traffic network structures for each city. Also, the hourly 

energy prices are $18, $28, and $35. The presence of wind and 

solar resources with a total capacity of 100 MW requires 

effective scheduling strategies to optimize energy generation 

and storage.  

 
Figure 4. Hourly load, wind, and solar PV profile  

 

 

Figure 5. Network power in the IEEE 30-bus system 

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 show four different EV fleets 

from Orange and Green. Table 2 also displays the maximum 

and minimum capacities of each city fleet, as well as the 

maximum exchange power of each fleet. It then displays the 

network home node and the related bus of the EV fleet, 

followed by the workplace network and the consistent bus of 

the EV fleet. The mapping between the traffic network and 

power grid buses is shown in Table 3. The minimum capacity 

is set at 30% of the battery capacity, and the battery cost is 

fixed at $30 per car per year and $20 per MWh [32]. It is 

assumed that the driving energy required to travel one way is 

the same as that required to return to the starting point. 

Based on expected traffic patterns, five fleets of 50,000 

EVs will be allocated [35]. In these buses, the network 

parameter 30,000 EVs are distributed across nodes 1, 3, 7, 21, 

and 23, with counts of 12,000, 10,000, 8,000, 14,000, and 

6,000, respectively. With a typical charging/discharging 

power of 248/210.8 kW, the network operator analysis zone 

can accommodate up to 50,000 EVs in the schedule. The fleet 

and travel characteristics of electric vehicles are described in 

Reference [36]. One-way travel requires as much energy as 

returning to the starting point.  
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Figure 6. EV traffic network in the IEEE 30-bus system  

 

 

 

 

 

 

 

 

 

 

Table 3. Planning of the EV transportation system data in the IEEE 

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 

 

6.2 Modeling of uncertainty 

Initially, 1,000 scenarios were created to illustrate 

uncertainty in load and RES output using historical data. In 

scenario-based optimization models, the computational 

complexity and solution time are directly influenced by the 

number of scenarios considered. While generating a large 

number of scenarios is necessary to capture the full range of 

doubts in the system, handling them simultaneously can be 

computationally prohibitive, especially for large-scale 

applications. Therefore, a scenario-reduction process is 

essential to make the optimization tractable without 

significantly compromising the quality of the results. 

Choosing a smaller subset of situations while maintaining the 

key statistical and probabilistic features of the original full set 

is the main objective of scenario reduction.  

 

 

 

 

 

 

 

 

 

 

 

 

The fast-forward selection technique was used to reduce 

this enormous set to a representative set of 10 scenarios, 

thereby reducing the computational load. Figures 7 to 9, 

which show the hourly fluctuations of load, solar PV power 

output, and WT power production, respectively, illustrate the 

clustering of these reduced scenarios.  

6.3 Simulation results 

To demonstrate the effectiveness of the two-stage 

stochastic dispatching model, this case study is performed on 

an IEEE 30-bus system. A system is used to implement the 

proposed strategy and evaluate the impact of optimizing EV 

fleets with a grid-connected MG 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 renewable power. 

2) Case 2: Stochastic with EV fleets and renewable power. 

3) Case 3: Stochastic with EV fleets, renewable, and grid-

connected MG. 

Case 1: This section evaluates the impact of integrating 

generating units and renewable power on system operating 

costs. Figure 10 shows that coordinating the schedules of 

generating units with renewable power optimizes energy use, 

reducing overall energy consumption. 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 affordable renewable power and grid units, the system 

is designed to draw the majority of its electricity from it.  

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

EV Fleets Number of EV  Home 

node 

Work 

node 

Min. Cap. 

(MWh) 

Max. Cap. 

(MWh) 

Max. Power Exc. 

(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 
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Figure 7. Hourly load scenarios clustered within the MG 

 

 

Figure 8. Hourly wind output power scenario clustering 

 

 

Figure 9. Hourly PV output power scenario clustering 

 

Figure 10. Dispatch of the generating unit with renewable power 

However, as shown in Figure 11, 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 system has not 

fully utilized the grid operation provided by heat unit 1 and 

RES power. Units G7 and G8 will therefore be dispatched 

between 12 and 22 hours. With an RES farm, the total system 

operation cost is $221,322.76, which is less than the 

$235,524.77 cost without RES electricity. 

Case 2: The thermal and electric vehicle transportation in 

stochastic problems with renewable power is shown in Fig. 

11. 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, G4, and G6 are scheduled 

between 6 and 24 hours, although units G7 and G8 are 

scheduled between 21 and 24 hours. EV fleets may change the 

network energy load profile, as illustrated in Figure 11. 

Between 16 and 17, when EV traffic is concentrated on Bus 4 

and lines 1-4 are congested, demand peaks. Bus 1 is therefore 

unable to schedule to meet the load professionally during this 

time. Bus 1 is therefore unable to dispatch efficiently to meet 

demand at this time. Furthermore, G3 is unable to schedule 

well due to the magnitude of the network lines. Compared to 

Case 1, which used renewable electricity, the total cost in this 

instance is $218,762.37, $2,560.39 lower.  

The hourly loss curve of the MG with and without BS is 

shown in Figure 12. Between hours 15 and 21, when demand 

is at its highest, system losses increase dramatically in the 

absence of BS. This pattern illustrates the inefficiencies that 

arise when high loads must be supplied only by the grid. 

However, the loss profile becomes more dynamic with BS 

integration. Losses marginally rise while the batteries are 

charging during times of low demand because more grid 

power is consumed. During peak hours, this tendency 

reverses as stored energy is released, relieving grid stress and 

lowering losses. These findings demonstrate that BS not only 

increases the MG's resilience but also boosts operational 

effectiveness by reducing losses during periods of high 

demand.  
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Figure 11. Dispatch of generating units with EV fleets and renewable power  

 

Figure 12. Hourly losses in Case 2 with and without storage integration 

 

Figure 13. Dispatch of generating units with EV fleets and grid-connected MG 
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Figure 14. The main grid's economic schedule 

Case 3: This study integrates EV fleets, renewable power 

scenarios, and transactive control within a scheduling 

framework using stochastic optimization. Uncertainty in 

renewable power is managed through the fast-forward 

methodology and stochastic optimization techniques. The 

dispatch process for Case 3, involving a grid-connected MG, is 

illustrated in Figure 13. Each EV fleet can ultimately achieve a 

uniform load distribution by significantly lowering the peak 

value and increasing the minor valleys. By including the 

storage charging and discharging cycles, Figure 14 expands 

on this analysis. Because extra renewable power is captured 

during low-demand hours and stored energy can be used 

during high-cost or peak-demand periods, the addition of BS 

further increases the efficiency of energy distribution. In 

addition to increasing the use of renewable energy, this 

coordinated scheduling reduces dependence on the main 

grid, lowers overall costs, and boosts system resilience. 

6.4 Economic analysis 

Table 4 illustrates the dispatch cost results for three 

cases. Since Case 1 ignores uncertainty, it has the lowest 

thermal cost. However, Case 2 examines the performance of 

EV users' systems during the intra-day economic dispatch 

stage, from when they left their houses at 6 a.m. to when they 

returned at 5 p.m. Compared with Case 3, the operational 

costs for EV fleets are higher, at $217,533.61 and $189,300.89 

for traffic assignment. The reason for this disparity is that the 

stochastic solution for Case 1 lacks robustness, preventing it 

from guaranteeing safe and dependable system operation in 

real time. The improved performance of the energy market is 

consistent with these outcomes.  

Table 4. Cost comparison of three cases 

Cases Operating 

costs ($) 

Thermal 

costs ($) 

Traffic 

costs 

($) 

BS costs 

($) 

CPU 

time 

(s) 

1 221322.76 221322.76 -- -- 554 

2 218762.37 217533.61 1228.76 -- 897 

3 206543.35 189300.89 887.65 16354.81 1130 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The overall cost and simulation time for every case are 

described in Table 4. Three different sorts of EV consumers 

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 arrives 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 of the renewable units is $ 221,322.76. Without 

including EV fleets and the MG, the base-case thermal costs 

are $ 221,322.76. When EVs are used, the total system cost is 

reduced by approximately $ 2,560.39. Case 3 has the lowest 

traffic cost, whereas Case 2 has the highest, owing to 

increased network congestion from EV fleets and renewable 

scenarios. The study evaluates how EVCS enhances system 

flexibility under different EV penetration levels. EV fleet size 

and RES capacity scale up proportionally, while thermal 

power plant parameters remain unchanged.  

7. Conclusion 

In this research, the transactive management condition 

was employed to thoroughly analyze renewable power 

generation and its impact on the EV fleet and the grid-

connected MG. This would ensure financial benefits for 

system operators, EV fleets, and MG for participating in the 

transmission network. The constraints were reserve, 

transmission, EVCS, thermal operation, and network 

constraints. However, by successfully minimizing load-

shedding events and reducing operating expenses, the 

suggested approach demonstrates improved economic 

performance during real intra-day operations. The system 

would be an MINLP, but such problems have local optima and 

are computationally expensive. The analogous MILP model 

was developed to quickly obtain a globally optimal solution 

with minimal error. Uncertain parameters, such as the 

quantities of EVs and renewables, were included in the model. 

As a result, the normal probability density function was used 

to characterize pertinent scenarios. The fast-forward 

scenario reduction technique was then used to extract high-

probability scenarios. When considering the grid-connected 

MG and BS, the suggested methods may be cost-effective and 
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efficient for power markets and load management. The 

findings demonstrate that the proposed method outperforms 

the stochastic method. Overall, provides valuable insights into 

optimizing renewable-powered EV charging stations, 

enhancing their reliability and sustainability. Further 

research should focus on advancing loss allocation 

methodologies, leveraging AI-driven demand forecasting, 

integrating battery energy storage systems, and developing 

policy-driven incentives to optimize EV infrastructure 

deployment. Moreover, advanced scenario reduction 

techniques and learning–based uncertainty forecasting may 

be employed to further improve computational efficiency and 

capture emerging dynamics in high-renewable, high-EV MGs. 
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List of symbols 

 

 

 
Variables 

𝐶𝐸𝑒𝑣𝑠,𝑡 Energy capacity of EV fleets ev 

𝑃𝑐𝑔𝑗,𝑠,𝑡 , 𝑄𝑐𝑔𝑗,𝑠,𝑡 Active and reactive power of generation at 
the unit cg 

𝑃𝑆𝐻𝑑,𝑡 Shiftable load at time t in the base case 

𝐷𝑒𝑅𝑑,𝑡
𝑢𝑝
, 𝐷𝑒𝑅𝑑,𝑡

𝑑𝑛 Scheduled load up and down time at times t  

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

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

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

𝑃𝑒𝑣𝑠,𝑡
𝑑𝑐ℎ , 𝑃𝑒𝑣𝑠,𝑡

𝑐ℎ  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 

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

𝐼𝑒𝑣𝑠,𝑡
𝑑𝑐ℎ , 𝐼𝑒𝑣𝑠,𝑡

𝑐ℎ  Status of charging and discharging of the EV 
fleet unit ev 

𝐼𝑒𝑣𝑛,𝑠 , 𝐼𝑒𝑣𝑠
𝑉2𝐺  Status of travel plan and V2G program of the 

EV fleet unit 𝑒𝑣 

𝑟𝑐𝑔𝑗,𝑠,𝑡
𝑢𝑝

, 𝑟𝑐𝑔𝑗,𝑠,𝑡
𝑑𝑛  Up and down regulation of generation at the 

unit cg 
𝑃𝑒𝑣𝑠,𝑡
𝐻𝑂 , 𝑃𝑒𝑣𝑠,𝑡

𝑊𝑃  Discharging/charging the power of the 
workplace and home of the unit EV fleet𝑒𝑣 

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

𝑆𝑂𝐶𝑒𝑣𝑠,𝑡
𝑑𝑐ℎ , 𝑆𝑂𝐶𝑒𝑣𝑠,𝑡

𝑐ℎ

 
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 ev travel 

𝑚,𝑀 Index of EV fleet ev traffic network 
connected link  

𝑒𝑣, 𝐸 Index and set of EV fleets 

,i j  Index of network buses 

Parameters 
𝑇𝑅𝑒𝑣𝑡 EV fleet  ev travel time t 

𝐶𝐹𝑒𝑣
𝑑𝑐,𝑉2𝐺 EV fleet  ev degradation cost with the V2G 

program 

𝑀𝐴𝐷𝑒𝑅𝑑,𝑡 Maximum adjustable load 

𝑃𝐹𝐷𝑑,𝑡 Forecasted demand power at the time t 

𝑇𝐻𝐶𝑒𝑣
𝑓𝑑,𝑉2𝐺

 EV fleet  ev fixed degradation cost with the 
V2G program 

𝑅𝐸𝑐𝑔𝑡
𝑢𝑝,𝑚𝑎𝑥𝑐𝑔𝑡

𝑑𝑛,𝑚𝑎𝑥

 
Regulation up and down at the unit  cg 

𝐶𝐸𝑒𝑣
𝑚𝑖𝑛𝑒𝑣

𝑚𝑎𝑥

 Mini/ max energy capacity of EV fleet  ev 

𝐶𝐸𝑒𝑣𝑚,𝑡 , 𝐶𝑇𝑒𝑣𝑚,𝑡 EV fleet  ev of energy and toll-free traffic 
network in time t 

𝐶𝐸𝑒𝑣0 , 𝐶𝐸𝑒𝑣𝑇 Initial/terminal stored energy capacity of 
the unit EV fleet ev 

𝑃𝑒𝑣
𝑚𝑖𝑛𝑒𝑣

𝑚𝑎𝑥

 Mini/max power of the unit EV fleet ev 

𝜋𝑠 Probability of solar PV scenario samples S 

𝑃𝐷𝑖𝑡 ,
𝑆𝑅𝑡  Total demand and spinning reserve in time 

t 

𝑄𝑐𝑔
𝑚𝑎𝑥𝑐𝑔

𝑚𝑖𝑛

 
Max/min of reactive power generating unit 
cg  

𝑃𝑐𝑔
𝑚𝑎𝑥𝑐𝑔

𝑚𝑖𝑛

 
Max/min of active power generating unit 
cg  

𝑍𝑖𝑗 Impedance of the bus i to j 

𝑃
𝑖,𝑗

𝑚𝑎𝑥𝑖,𝑗
𝑚𝑖𝑛

 
Max/min network line of bus i to j 


