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Abstract

The large-scale integration of electric vehicles (EVs) presents both challenges and oppor-
tunities for power grid stability and renewable energy utilization. Vehicle-to-Grid (V2G)
technology enables EVs to serve as mobile energy storage units, facilitating peak shav-
ing and valley filling while promoting the local consumption of photovoltaic and wind
power. However, uncertainties in renewable energy generation and EV arrivals compli-
cate the scheduling of bidirectional charging in stations equipped with hybrid energy
storage systems. To address this, this paper proposes a multi-stage rolling optimization
framework combined with a fuzzy logic-based decision-making method. First, a bidirec-
tional charging scheduling model is established with the objectives of maximizing station
revenue and minimizing load fluctuation. Then, an EV charging potential assessment
system is designed, evaluating both maximum discharge capacity and charging flexibility.
A fuzzy controller is developed to allocate EVs to unidirectional or bidirectional chargers
by considering real-time predictions of vehicle arrivals and renewable energy generation.
Simulation experiments demonstrate that the proposed method consistently outperforms
a greedy scheduling baseline. In large-scale scenarios, it achieves an increase in station
revenue, elevates the regional renewable energy consumption rate, and provides an addi-
tional equivalent peak-shaving capacity. The proposed approach can effectively coordinate
heterogeneous resources under uncertainty, providing a viable scheduling solution for
EV-aggregated participation in grid services and enhanced renewable energy integration.

Keywords: electric vehicles; V2G; renewable energy integration; charging scheduling;
fuzzy logic; rolling horizon

1. Introduction
1.1. Background

The global energy system is undergoing a pivotal transition towards decarboniza-
tion and intelligence. Driven by climate change mitigation efforts and energy security
concerns, the share of intermittent renewable energy generation, represented by wind
and photovoltaic (PV) power, continues to rise rapidly. Concurrently, electrification in the
transportation sector is advancing swiftly, with the large-scale adoption of Electric Vehicles
(EVs) becoming a definitive trend. However, extensive uncoordinated EV charging loads
can exacerbate peak-to-valley differences in grid demand, posing significant challenges
to the stable operation of distribution networks. Notably, EVs are not merely power con-
sumers; their onboard batteries are inherently distributed mobile energy storage units with
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the potential for bidirectional energy flow. This Vehicle-to-Grid (V2G) capability enables
EVs to charge during off-peak periods and discharge to the grid during peak demand,
thereby providing “peak shaving and valley filling” services to smooth load fluctuations [1].
The coordinated integration of EV fleets with renewable energy generation systems and
stationary energy storage systems (ESS) to construct intelligent and flexible charging infras-
tructure is of great practical significance for enhancing grid resilience, promoting the local
consumption of renewable energy, and reducing system operational costs [2].

Nevertheless, achieving a dynamic match between EV bidirectional charging behavior
and grid demand amidst renewable energy volatility faces several core challenges in real-
world operation. First, the system is subject to significant uncertainties: renewable energy
output exhibits strong volatility and randomness due to weather dependency [3], while EV
user behavior parameters such as arrival time, dwell duration, and initial state of charge
(SOC) are also difficult to predict precisely [4]. Second, resources within a charging station
are limited and heterogeneous. Operational objectives are multifaceted, encompassing
economic revenue maximization, renewable energy consumption rate improvement, and
grid ancillary services. These objectives may conflict intrinsically. Third, scheduling is a
typical multi-stage sequential decision-making process. A station cannot obtain complete
information for the entire day in advance and must possess “rolling optimization” capability
to make forward-looking decisions based on limited, real-time information [5]. Therefore,
there is an urgent need for an EV bidirectional charging scheduling methodology that
can coordinate heterogeneous resources under multiple uncertainties, effectively balance
multi-objectives, and support rolling decision-making.

The realization of V2G services can indeed be envisioned through various energy
storage and conversion technologies, each with distinct characteristics: batteries offer high
energy density for sustained energy transfer, hybrid super-capacitors provide exceptional
power density for rapid response, and hydrogen-based systems promise long-duration
storage. This study focuses on battery electric vehicles (BEVs) for several pragmatic
reasons: (1) BEVs currently represent the dominant and most rapidly scalable pathway
for road transport electrification, constituting the immediate and massive fleet resource
for grid interaction. (2) While their power density may be lower than some alternatives,
their aggregated capacity from millions of units presents a formidable, distributed grid
resource primarily suited for energy-intensive peak shaving and renewable integration over
minutes to hours, rather than sub-second frequency regulation. (3) The core methodological
contribution of this paper—a scheduling framework for coordinating a heterogeneous fleet
under uncertainty—is largely agnostic to the underlying storage chemistry. The proposed
fuzzy logic and rolling-horizon architecture could, in principle, be adapted to coordinate
fleets of vehicles or stationary systems employing other storage technologies, once their
specific operational constraints are parameterized within the model.

1.2. Literature Review

The rapid increase in the number of electric vehicles (EVs) has imposed significant
impacts on the stable operation of the power grid due to concentrated charging demands.
Bidirectional charging of EVs can not only alleviate grid load fluctuations but also promote
the effective utilization of green energy sources such as wind and solar power. This section
provides an analysis and summary of research on EV bidirectional charging scheduling
and EV charging scheduling considering green energy integration.

First, EV battery technology brings significant innovation to the energy market. Vehi-
cles can serve not only as transportation tools but also as dynamic energy transfer interfaces
with the grid, buildings, and other systems. EVs can mitigate grid load fluctuations and
generate revenue through flexible bidirectional charging. Several scholars have studied EV
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bidirectional charging issues. Prakash et al. [6] considered uncertainties from both EVs and
the distribution network to determine EV charging locations and bidirectional charging
schedules, aiming to reduce peak loads in the distribution network. Nimalsiri et al. [7]
proposed using EV bidirectional charging to achieve grid peak shaving and valley filling,
modeling and solving the EV bidirectional charging scheduling problem. Pan et al. [8]
developed a charging scheduling optimization model minimizing grid load fluctuation
and user cost, proposing an improved algorithm for optimal EV bidirectional charging
power allocation. Experiments showed that implementing an ordered bidirectional charg-
ing strategy can significantly reduce user charging costs, effectively mitigate grid load
variations, and improve both user economic benefits and grid operational stability. Guo
et al. [9] proposed a hybrid scheduling framework for EV charging stations integrated with
photovoltaic generation and energy storage systems. This framework optimally schedules
real-time energy and charging for EVs within a unified decision-making framework to
achieve intelligent coordination among renewable energy, storage dynamics, and dynamic
grid pricing.

Considering the spatial mobility of EVs, some researchers have integrated EV charg-
ing scheduling with travel patterns. Das and Kayal [10] combined bidirectional charging
scheduling with EV travel routes, proposing a two-stage bidirectional charging scheduling
method to determine EV charging and discharging schemes across different time peri-
ods. Xiong et al. [11] analyzed the “source-load” characteristics of EVs, discussed the
feasibility of V2G technology participating in microgrid load regulation, and established a
dynamic mathematical model for microgrid load control based on V2G technology. Yin
and Ming [12] proposed a particle swarm optimization algorithm based on local search,
employing competitive and opposite learning mechanisms to solve the V2G scheduling
problem. Yin et al. [13] developed an optimal scheduling model based on grid losses,
considering grid security and EV charging requirements, utilizing LSTM-XGBoost dy-
namic combined forecasting. The model was solved using second-order cone relaxation
techniques. Niu et al. [14] considered uncertainties in photovoltaic output, EV charging
demand, and basic household loads to determine the optimal layout of V2G chargers and
bidirectional charging strategies. Chen et al. [15] considered the state of charge of EVs,
constructed a bidirectional charging model, and quantitatively calculated the impact of EV
participation in V2G on distribution network voltage quality. Zhang et al. [16] focused on
bus battery swapping stations, implementing orderly battery charging and discharging
through an internal bus battery swapping control system, and connecting externally to the
regional grid to consume renewable energy and promote its integration.

Beyond being spatiotemporal loads, EVs also serve as mobile energy storage units.
Esmaili et al. [17] treated EVs as distributed energy storage systems, proposing an energy
scheduling method aimed at minimizing operational costs and energy losses to increase
the use of renewable energy. Liu et al. [18] considered constraints such as battery capacity,
the number of charging station piles, and the accessibility of traffic routes, proposing a
decision-making algorithm for EV bidirectional charging. Dean et al. [19] addressed multi-
stage bidirectional charging problems by transforming low-cost energy transactions into
vehicle scheduling decisions, minimizing electricity purchase prices and marginal emission
damage through solving bidirectional charging optimization problems. Rafique et al. [20]
proposed a coordination mechanism for EV bidirectional charging scheduling, minimizing
energy costs while managing peak demand and adhering to grid constraints. Fachrizal
et al. [21] considered smart charging and V2G schemes under different charging scenarios
to minimize the mismatch between generation and load. Zheng and Yao [22] compared the
impact of disordered versus ordered bidirectional charging on the capacity of photovoltaic
charging stations, providing decision-making suggestions from perspectives including
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maximizing energy efficiency, minimizing investment, and minimizing charging system
operational costs.

Coordinating EV charging within distribution networks and addressing wind power
uncertainty are among the most challenging problems in power system control and op-
eration, aiming to reduce generation costs and emissions. For instance, Hong et al. [23]
analyzed EV charging behavior in urban scenarios based on green energy power forecast-
ing, establishing a multi-objective optimization model for the joint scheduling of green
energy and EVs, and designed an online charging scheduling algorithm. Khonji et al. [24]
proposed an EV charging scheduling optimization model and designed approximation
algorithms to solve the problem, aiming to alleviate peak electricity demand pressure and
maximize the use of intermittent renewable energy. Yang et al. [25] proposed a robust
model predictive control-based scheduling approach for EV charging at photovoltaic power
stations, maximizing operational revenue while considering intermittent solar supply and
charging demand uncertainty. Ali et al. [26] considered uncertainties in photovoltaic and
wind power generation systems along with vehicle charging constraints, establishing a
bi-level bidirectional charging scheduling model. The upper level optimizes the bidirec-
tional charging of renewable energy and storage devices, while the lower level optimizes
the EV charging scheme. Nourianfar and Abdi [27] designed an enhanced multi-objective
coordinated charging algorithm to solve the bidirectional charging scheduling problem
considering stochastic EV behavior and wind power uncertainty, proposing intelligent EV
bidirectional charging strategies to smooth the load curve. Meng et al. [28] considered
the uncertainty of photovoltaic generation and charging demand, dynamically updating
forecasts based on real-time data, and proposed a multi-timescale stochastic scheduling
strategy to minimize operational costs.

With the rise in attention to building microgrid technology, Welzel et al. [29] studied a
local energy system comprising buildings, photovoltaic systems, and EVs. Aiming to mini-
mize charging station operational costs, they established a non-linear optimization model
for coordinated EV charging and incorporated customer satisfaction into the objective
function via penalty costs. Eghbali et al. [30] addressed the optimal operational scheduling
problem for microgrids, considering uncertainties in renewable energy, electricity prices,
power loads, and EVs, proposing a scenario-based stochastic modeling method for un-
certain parameters. Wang et al. [31], while studying distributed building energy systems
incorporating EVs, considered the uncertainty of EV charging behavior and time-of-use
electricity pricing. With objectives of minimizing electricity cost, maximizing renewable
energy utilization, and minimizing net grid purchase, they analyzed the impact of EV
fast-charging power and carbon taxes on scheduling results. Mathew et al. [32] proposed
an EV bidirectional charging scheduling model based on load distribution, power flow
analysis, and renewable energy generation forecasting to maximize renewable energy
utilization. Liu et al. [33] analyzed the intermittent output of distributed generators, con-
ventional load demand, and the temporal characteristics of charging loads, establishing
a bi-level joint planning model under peak-valley pricing mechanisms to achieve com-
prehensive profitability and suppress grid load fluctuations. Saber et al. [34] studied the
energy scheduling problem of an office building microgrid including EV charging piles,
batteries, and rooftop photovoltaic systems, determining optimal EV charging decisions by
leveraging the flexibility of batteries and EV charging.

As large-scale EVs are integrated into the grid, their intermittent and fluctuating nature
poses severe challenges to power quality and scheduling, exacerbating the phenomena of
“wind and solar curtailment.” Battery energy storage systems (BESS) can store power from
renewable generation and release it during grid peak hours, alleviating grid load pressure
and reducing green energy waste. Consequently, some scholars have begun to incorpo-
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rate BESS into grid operation considerations. For example, Zhang et al. [35] considered
the V2G characteristics of EVs, grid load fluctuations, EV charging costs, and grid losses,
conducting spatial scheduling optimization for EVs and wind power. They established a
multi-objective optimization scheduling model aiming to minimize distribution network
system losses. Guo et al. [36] proposed a multi-power source joint optimal scheduling
model considering nuclear power peak shaving, based on the characteristics of nuclear
power peak regulation operation. The model studies the coordinated operation of nuclear
power with photovoltaics and other power sources. Liao et al. [37] proposed a bidirectional
charging scheduling optimization strategy for EV charging stations and BESS, employing a
distributed computing architecture to simplify problem complexity. Based on relevant elec-
tricity prices and demand-response schemes, the strategy maximizes the operational profit
of EVs and BESS. Zhang et al. [38] proposed a distributionally robust chance-constrained
model incorporating spatiotemporal correlations into a renewable-dominated integrated
wind-PV-pumped hydro storage system. The model optimizes day-ahead energy dispatch
and real-time regulation operation for renewable-dominated power systems by minimizing
expected total cost. Yang et al. [39] guided consumer and vehicle owner electricity behavior
via real-time pricing to adapt to renewable energy output uncertainty, ensuring sufficient
flexible capacity within the scheduling cycle. They proposed an orderly EV bidirectional
charging strategy to reduce operational costs and peak-valley load differences. Dong
et al. [40] proposed a capacity configuration and scheduling optimization model for EV
charging stations with photovoltaic and energy storage systems, combining hybrid model-
ing of photovoltaic power forecasting with charging pile optimal scheduling methods. Li
et al. [41] considered the uncertainty of wind and photovoltaic power output, constructing
a source-load-storage joint peak-shaving optimal dispatch model based on Copula theory
scenario analysis, and designed incentive-based demand-response pricing strategies.

To succinctly summarize the landscape and position our contribution, Table 1 com-
pares key features, assumptions, and limitations of selected representative studies alongside
the proposed framework.

Table 1. Comparison of this work with existing studies.

Reference Main Focus Key Assumptions Limitations

Prakash et al. [6] Bi-level planning for peak shaving
and congestion management.

Considers EV and grid
uncertainties.

Focuses on planning; less on real-time rolling
operation with RES.

Nimalsiri et al. [7] Coordinated charge/discharge for
load curve shaping.

Determines optimal schedules for a
known EV fleet.

Assumes deterministic information; does not
consider RES integration explicitly.

Pan et al. [8] Optimal ordered charging/
discharging to minimize cost Uses improved heuristic algorithms. Lacks a systematic framework for real-time

decision under dual uncertainty.

Guo et al. [9] Hybrid real-time dispatch for
PV-ESS-EV stations.

Unified decision-making under
dynamic pricing.

Does not quantitatively assess EV discharge
potential or use fuzzy logic for allocation.

Das & Kayal [10] Two-stage scheduling combined
with EV travel routes. Integrates spatial mobility of EVs.

Focuses on routing-coupled scheduling; less
on station-level resource coordination
under uncertainty.

Yang et al. [25] Robust MPC-based scheduling for
PV stations.

Considers solar and
demand uncertainty.

Uses robust optimization; does not employ a
soft-computing approach for classification.

This Paper
Fuzzy-based multi-stage
rolling scheduling for V2G and
RES integration.

Rolling-horizon w/dual
uncertainty; EV potential
assessment; fuzzy pile allocation.

(1) Multi-stage decisions under RE and arrival
uncertainty, (2) Quantitative EV potential
metrics, (3) Fuzzy logic for real-time allocation,
(4) Coordination with hybrid ESS.

The aforementioned studies have significantly advanced the field of EV smart charging
and V2G integration, establishing critical models, algorithms, and applications. However,
a synthesis of this body of work reveals several persistent, intertwined challenges when
considering the real-time operation of a charging station under high uncertainty.
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While many studies address either renewable uncertainty or EV stochasticity sep-
arately, fewer offer a unified, computationally efficient framework that dynamically
coordinates charging/discharging decisions under both sources of uncertainty in a
rolling-horizon manner.

Existing optimization models often treat the EV-to-charger assignment and the detailed
energy scheduling as a single, monolithic problem. This approach can become intractable
for real-time decision-making and obscures a critical, high-level operational decision: how
to intelligently allocate heterogeneous EVs to limited, specialized charger resources based
on their grid service potential.

Sophisticated methods like stochastic programming may require precise probability
distributions and incur high computational costs, while data-driven learning approaches de-
mand extensive training data and yield less interpretable policies. There remains a need for
a transparent, rule-based yet optimization-guided strategy that can be deployed with lim-
ited data and operates within the strict time constraints of sub-hourly grid service markets.

1.3. Contributions and Organization

To address the identified research gap, this paper proposes a fuzzy logic-based multi-
stage rolling optimization strategy for EV bidirectional charging scheduling, deeply inte-
grating V2G technology with renewable energy integration needs. The main contributions
of this paper are as follows:

• Development of a Multi-stage Rolling Scheduling Model Considering Dual Uncertain-
ties: A stochastic optimization model is formulated with the objectives of maximizing
charging station revenue and minimizing load fluctuation. This model operates in
a rolling-horizon manner, where at each decision stage, it utilizes newly revealed
deterministic information to update forecasts of future uncertainties and re-optimize
the subsequent schedule.

• Proposal of a Quantitative EV Bidirectional Charging Potential Assessment System:
Two key evaluation metrics—Maximum Discharge Capacity and Bidirectional Charg-
ing Flexibility—are defined and quantified, providing a basis for accurately identifying
high-value dispatchable EV resources.

• Design of a Fuzzy Logic-based Dynamic Charging Pile Allocation Mechanism: A
four-input single-output fuzzy controller is developed. Its inputs include vehicle
discharge potential, flexibility, forecasted vehicle arrival rate, and renewable energy
volatility. The output is the optimal charging pile allocation decision (reject, unidirec-
tional charger, random allocation, or bidirectional charger), thereby systematizing and
automating the complex multi-factor decision process.

• Validation of the Method’s Superiority and Scalability through Simulation Experi-
ments: Simulations based on real-world data scenarios demonstrate that the proposed
method significantly outperforms traditional greedy scheduling in terms of station
revenue, renewable energy consumption rate, and contribution to grid peak shaving.
It also maintains good performance in large-scale regional scheduling scenarios.

The remainder of this paper is organized as follows: Section 2 formally describes the
scheduling problem and establishes the mathematical model. Section 3 details the proposed
EV potential assessment method and the fuzzy logic-based multi-stage scheduling solution
framework. Section 4 presents the simulation setup and results analysis. Section 5 concludes
the paper and outlines future research directions.
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2. Problem Description and Mathematical Modeling
2.1. Problem Description

The problem is set in a charging station equipped with renewable energy generation
facilities (e.g., PV, wind) and a hybrid energy storage system (ESS) [40]. The station
contains a certain number of bidirectional charging piles and unidirectional charging piles.
Renewable energy generated daily is primarily stored in super-capacitors and energy
storage batteries. During grid peak load periods, super-capacitors discharge to the grid to
alleviate power pressure and obtain corresponding discharge subsidies, while the energy
storage batteries are responsible for assisting the grid in providing charging services to EVs.
Furthermore, the station’s bidirectional charging piles enable bidirectional energy flow
between EVs and the grid. EVs can charge via the piles during grid off-peak periods and
discharge to the grid through bidirectional piles during peak periods, thereby alleviating
grid stress and earning discharge subsidies.

The depicted flow, where renewable energy is primarily channeled through the hybrid
Energy Storage System (ESS), is a deliberate design choice for stability and quality of
service. Direct, unmediated charging of EVs from intermittent renewables could lead to
power fluctuations and unreliable charging rates, negatively impacting user experience
and grid power quality. The super-capacitor, with its high power density and rapid
response, is employed to buffer short-term renewable fluctuations and provide fast transient
power support, complementing the energy-dense but slower-responding battery. This
hybrid ESS architecture—utilizing the battery for bulk energy time-shifting and the super-
capacitor for high-power smoothing—is a well-established approach for integrating volatile
renewables into power systems and is applied here to ensure stable and efficient EV
charging operations [39–41].

To maximize bidirectional charging revenue, the charging station must reasonably
assign arriving EVs to different types of charging piles and coordinate the bidirectional
charging schedules for both EVs and the ESS. The overall system architecture primarily
consists of four parts: the power grid, renewable energy generation facilities, the ESS, and
EV users. The power flow interactions among these components are illustrated in Figure 1.

Electricity
storage

Peak 
discharge

Charge
Dip 

discharge

Peak 
discharge

Electricity
storage

Auxiliary 
charging

… …

V2G pile Traditional pile

Renewable 
Energy

Energy 
storage 
battery

Super-
capacitor

Power
 grid

Figure 1. Schematic diagram of the charging station with ESS for bidirectional charging.

The EV bidirectional charging scheduling problem for a charging station with ESS
can be defined as follows: A set of EV charging requests J = {1, · · · , m} needs to be
scheduled on a set of charging piles. Charging piles within the station are of two types:
bidirectional piles capable of both charging and discharging EVs, and unidirectional piles
that can only charge EVs. A unidirectional/bidirectional pile can be connected to only
one EV at a time, and an EV can be connected to at most one pile. Each pile provides
a constant bidirectional charging/discharging power P. Each EV’s charging request is
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characterized by its arrival time ta
j , departure time td

j , battery state of charge (SOC) upon
arrival ea

j , and the desired minimum SOC upon departure ea
j . If an EV is assigned to a pile,

its SOC upon departure must be no less than ea
j . An EV occupies the assigned pile from

its arrival time ta
j until its departure time td

j , even if charging/discharging is completed
earlier. The scheduling horizon is divided into multiple time slots of equal length T. The
station’s objectives are to (1) select suitable EVs to assign to available piles and (2) plan the
coordinated bidirectional charging schedules for EVs and the ESS, in order to maximize the
station’s overall revenue. Secondary objectives, pursued without compromising primary
revenue, include maximizing the local consumption of renewable energy and providing
peak-shaving and valley-filling services to the grid.

2.2. Mathematical Modeling

In reality, renewable energy generation is significantly influenced by weather con-
ditions, leading to high uncertainty in its prediction. Simultaneously, the travel patterns
of urban EV users also exhibit a degree of randomness. These uncertain factors substan-
tially impact the solution accuracy and practical applicability of scheduling models. This
section considers two primary sources of uncertainty—renewable energy generation and
stochastic EV arrivals—and establishes a dynamic scheduling model for EV bidirectional
charging based on stochastic generation and vehicle arrivals [41]. The model dynami-
cally allocates charging piles to EVs arriving within each time slot and coordinates the
charging/discharging schedules for both vehicles and the energy storage system.

The mathematical model presented in this section integrates and extends established
paradigms from power systems optimization and operations research to address our specific
problem. The rolling-horizon framework is a well-known approach for handling sequential
decision-making under uncertainty [28]. The use of integer linear programming (ILP) to
model discrete charging events and resource constraints is standard in scheduling problems.
The bi-objective formulation is also a common way to capture competing interests. The
novelty and contribution of this model lie in: (1) the specific integration of these components
for a V2G station with hybrid ESS under dual uncertainty; (2) the definition of the EV
potential assessment metrics as pre-processors; and (3) the way the model is designed to
interface with the fuzzy logic allocation layer described in Section 3, creating a unique
hybrid architecture.

2.2.1. Problem Assumptions and Notation

As it is impossible to accurately know the exact arrival times, dwell durations of
EVs, and the renewable energy generation for each future time slot in advance, a dynamic
bidirectional charging scheduling method based on rolling-horizon optimization is re-
quired [28]. To maintain model focus and exclude non-essential details without losing
generality, the following assumptions are made:

Assumption 1: At the beginning of each time slot, the renewable energy generation of the previous
slot becomes available and is considered certain. The capacity of the station’s energy storage system
and the bidirectional charging/discharging power of the piles are fixed.

Assumption 2: The bidirectional charging/discharging power at the station is constant, and the
EV’s state of charge (SOC) changes linearly during these operations.

Assumption 3: The unit revenue for selling electricity to the grid during peak hours is lower than
the unit cost of purchasing electricity during off-peak hours (implying a time-of-use price differential
that incentivizes valley charging and peak discharging).

Assumption 1 converts stochastic information into deterministic information by using
the realized generation from the last slot, avoiding solution inaccuracies due to the random-
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ness of renewable generation and simplifying the modeling of the station’s ESS parameters.
Assumption 2 facilitates the modeling of energy transfer per time slot. Assumption 3
ensures the station’s economic incentive to participate in grid load shifting through a
time-of-use pricing policy.

The notations used in the model are listed in Table 2.

Table 2. Notation and descriptions.

Notation Definition

Set

I Set of all charging piles in the station, I = Iv + Ic

Iv Set of bidirectional (V2G-capable) charging piles
Ic Set of unidirectional (charging-only) piles
Jk Set of EV users arriving during time slot Jk

K Set of all time slots
Kf Set of grid peak load time slots
Kg Set of grid off-peak (valley) load time slots
Kp Set of grid normal (flat) load time slots
Kk Set of time slots from slot k onwards
X The matching decision set for electric vehicles and charging piles
Y The optimal charging and discharging plan set obtained in the first stage of optimization
Z The optimal scheduling set of the energy storage system

Index
i Index for charging pile

j, j′ Index for EV user, j and j′ represents another electric vehicle. j ̸= j′

k, k′ Index for time slot
Parameter

hk Renewable energy generation in time slot k (kWh)
Hb Maximum capacity of the energy storage battery (kWh)
hb

0 Initial state of charge of the energy storage battery (kWh)
Hs Maximum capacity of the super-capacitor (kWh)
hs

0 Initial state of charge of the super-capacitor (kWh)
gd

k Price for discharging electricity to the grid in slot k (CNY/kWh)
gc

k Price for charging electricity from the grid in slot k (CNY/kWh)
sd

k Price offered by the station to EV users for discharging in slot k (CNY/kWh)
sc

k Price offered by the station to EV users for charging in slot k (CNY/kWh)
ea

j State of charge (SOC) of EV j upon arrival (kWh)
ed

j Minimum required SOC of EV j upon departure (kWh)
P Charging/Discharging power rate of a pile (kW)
α Charging efficiency
β Discharging efficiency
T Duration of each time slot (hour)
Ej Maximum battery capacity of EV j (kWh)
ta

j Arrival time of EV j
td

j Departure time of EV j
Pb Rated discharging power of the energy storage battery (kW)
Ps Rated discharging power of the super-capacitor (kW)
lb Battery degradation cost for the energy storage battery, per kWh discharged (CNY/kWh)
ls Equipment degradation cost for the super-capacitor, per kWh discharged (CNY/kWh)
nc Number of unidirectional charging piles in the station
nv Number of bidirectional charging piles in the station
m Total number of EVs

https://doi.org/10.3390/app16031166

https://doi.org/10.3390/app16031166


Appl. Sci. 2026, 16, 1166 10 of 36

Table 2. Cont.

Notation Definition

Set

Decision Variables
xij Binary variable, equals 1 if EV j is assigned to pile i, 0 otherwise
yc

ijk Binary variable, equals 1 if pile i charges EV j in slot k, 0 otherwise
yd

ijk Binary variable, equals 1 if pile i discharges EV j in slot k, 0 otherwise
zs

k Amount of energy discharged from the super-capacitor to the grid in slot k (kWh)
zb

k Amount of energy discharged from the storage battery to EVs in slot k (kWh)
Auxiliary variable

ci
jj′ Binary parameter, equals 1 if charging periods of EVs j and j′ conflict, 0 otherwise

wi
ijj′ Binary variable, equals 1 if EVs j and j are both assigned to pile i, 0 otherwise

uijk Binary variable, equals 1 if EV j occupies pile i in slot k, 0 otherwise
qs

k Binary variable, equals 1 if renewable generation in slot k is stored in the super-capacitor, 0 otherwise
qv

k Binary variable, equals 1 if renewable generation in slot k is stored in the storage battery, 0 otherwise

2.2.2. Electric Vehicle Charging Scheduling Optimization Model

Considering the uncertainties in EV arrivals, dwell times, and renewable energy
generation, the scheduling of bidirectional charging for both vehicles and the storage
system can be dynamically optimized in a rolling-horizon manner. At the end of a time slot,
information about the EVs that arrived during that slot and the realized renewable energy
generation becomes available and certain. Subsequently, charging piles can be allocated
to those EVs, and their coordinated charging/discharging schedules can be planned. It
is important to note that, to protect the interests of both the station and EV users, once
a vehicle’s bidirectional charging plan is determined, adjustments to this plan can only
be made if they do not affect the total financial outcome of its bidirectional charging
operations. This means that within a scheduling cycle, the total number of bidirectional
charging/discharging actions for a vehicle should remain unchanged, ensuring that the
plan for the elapsed time is optimal while maintaining model stability.

At the end of the k time slot, the set of EVs that arrived during that slot, Jk, becomes
known, along with their departure times td

j , arrival state of charge ea
j , desired departure

state of charge ed
j , and the actual renewable generation hk for that slot. The objective

function for the bidirectional charging scheduling optimization at the beginning of the k + 1
slot is formulated as shown in Equation (1):

MaxFk+1
1 = Fk+1

vc + Fk+1
vd + Fk+1

bc + Fk+1
sc (1)

where

Fk+1
vc = ∑

i∈I
∑
j∈Jk

∑
k′∈Kk+1

(αyc
ijk′(s

c
k′ − gc

k′))PT/60 (2)

Fk+1
vd = ∑

i∈Iv
∑
j∈Jk

∑
k′∈Kf∩Kk+1

(βyd
ijk′(gd

k′ − sd
k′))PT/60 (3)

Fk+1
bc = ∑

k′∈Kk

zb
k′(gc

k′ − lb)PbT/60 (4)

Fk+1
sc = ∑

k′∈Kf∩Kk+1

zs
k′(gd

k′ − ls)PsT/60 (5)

where sc
k and sd

k represent the prices offered by the station to the EV user for charging and
discharging, respectively. The difference between the grid price and the user price constitutes
the station’s margin. Critically, the price offered to the user for discharging (sd

k ) is set to
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be greater than the price for charging (sc
k), ensuring a direct financial benefit for the user

who provides V2G service. This price spread (sd
k − sc

k) is the explicit, immediate financial
compensation that offsets the user’s perceived opportunity cost and incentivizes participation.
Kk+1 denotes the set of time slots from slot Kk+1 onwards. Fk+1

vc and Fk+1
vd represent the

revenue from charging and discharging EVs, respectively, considering the station’s price
spread with the grid. Fk+1

bc is the revenue from using the energy storage battery to charge EVs.
Fk+1

sc is the revenue from discharging the super-capacitor to the grid during peak hours.
It is important to note that the station’s revenue from discharge operations, represented

by Fk+1
vd , Fk+1

bc and Fk+1
sc , is the net revenue after accounting for battery degradation costs.

This is implemented by using the effective net discharge price per kWh, calculated as the
grid discharge price minus the respective degradation cost per kWh (lb for the storage
battery and ls for the super-capacitor), as shown in Equations (3)–(5). Thus, the degradation
cost directly reduces the marginal revenue of each discharge action, ensuring that the
optimization naturally trades off discharge revenue against battery wear.

Since multiple optimal solutions may exist that maximize the station’s primary rev-
enue objective Fk+1

1 , a secondary objective is introduced to optimize the scheduling of
charging/discharging for both EVs and the ESS in subsequent time slots, without compro-
mising the primary revenue. This secondary objective is to minimize the fluctuation of the
station’s net load, formulated as in Equation (6):

MinFk+1
2 = ∑

k′∈Kk+1

( fk′ − ∑
i∈I

∑
j∈J1∪J2 ...∪Jk

(yc
ijk′ − yd

ijk′)P + zs
k′P

s)
2

(6)

where Fk+1
2 represents a target net load profile for slot k, promoting grid-friendly operation.

Constraints:
The mathematical model for the k + 1 slot optimization is subject to the

following constraints:

∑
j∈Jk

xij ≤ 1, i ∈ I (7)

yc
ijk′ + yd

ijk′ ≤ xij, i ∈ I, i ∈ I, j ∈ Jk, k′ ∈ Kk+1 (8)

∑
j∈J1∪J2 ...∪Jk

∑
j′∈(J1∪J2 ...∪Jk/j)

cjj′wjj′ = 0 (9)

wijj′ ≤ xij, i ∈ I, j ∈ J1 ∪ J2 . . . ∪ Jk, j′ ∈ J1 ∪ J2 . . . ∪ Jk/j (10)

wijj′ ≥ xij − (1 − xijj′), i ∈ I, j ∈ J1 ∪ J2 . . . ∪ Jk, j′ ∈ J1 ∪ J2 . . . ∪ Jk/j (11)

yc
ijk′ + yd

ijk′ ≤ uijk′ , i ∈ I, j ∈ Jk, k′ ∈ Kk+1 (12)

∑
i∈I

∑
j∈J1∪J2 ...∪Jk

yc
ijk′P ≥ zb

k′P
b, k′ ∈ Kk+1 (13)

yc
ijk′ + yd

ijk′ ≤ xij, i ∈ I, j ∈ Jk, k′ ∈ Kk+1 (14)

yc
ijk′ + yd

ijk′ = 0, i ∈ I, j ∈ Jk, k′ /∈ (ta
j , td

j ) (15)

∑
i∈Ic

∑
j∈J1∪J2 ...∪Jk

uijk′ ≤ nc, k′ ∈ Kk+1 (16)

∑
i∈Iv

∑
j∈J1∪J2 ...∪Jk

uijk′ ≤ nv, k′ ∈ Kk+1 (17)

ea
j + ∑

i∈Iv
∑

k′∈(ta
j ,td

j )

(αyc
ijk′ − βyd

ijk′)PT/60 ≥ ed
j , j ∈ J1 ∪ J2 . . . ∪ Jk (18)
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ea
j + ∑

i∈Ic
∑

k′∈(ta
j ,td

j )

αyc
ijk′PT/60 ≥ ed

j , j ∈ Jk (19)

0.2Ej ≤ ea
j + ∑

i∈Iv
∑

k′′∈(ta
j ,k′)

(αyc
ijk′′ − βyd

ijk′′)PT/60 ≤ Ej, j ∈ Jk, k′ ∈ (ta
j , td

j ) (20)

yd
ijk′ = 0, i ∈ Iv, j ∈ J1 ∪ J2 . . . ∪ Jk, k′ ∈ Kg ∪ Kp ∪ Kk+1 (21)

yc
ijk′ = 0, i ∈ I, j ∈ Jk, k′ ∈ Kf ∪ Kk+1 (22)

yc
ijk′ + yd

ijk′ ≤ 1, i ∈ I, j ∈ Jk, k′ ∈ (ta
j , td

j ) (23)

0.1Hb ≤ hb
0 + ∑

k′′ ∈Kk+1,k′′<k′
hk′q

b
k′ − ∑

k′′ ∈Kk+1,k′′<k′
zb

k′P
bT/60 ≤ Hb, k′ ∈ Kk+1 (24)

0.1Hs ≤ hs
0 + ∑

k′′ ∈K+1,k′′<k′
hk′q

s
k′ − ∑

k′′ ∈Kf∩Kk+1,k′′<k′
zs

k′P
sT/60 ≤ Hs, k′ ∈ Kk+1 (25)

qs
k′ + qb

k′ ≤ 1, k′ ∈ Kk+1 (26)

∑
k′∈(ta

j ,td
j )

yc
ijk′ = ∑

k′∈(ta
j ,td

j )

{
yc

ijk′

∣∣∣yc
ijk′ ∈ Y∗

k

}
, i ∈ I, j ∈ J1 ∪ J2 . . . ∪ Jk−1 (27)

∑
k′∈(ta

j ,td
j )

yd
ijk′ = ∑

k′∈(ta
j ,td

j )

{
yd

ijk′

∣∣∣yd
ijk′ ∈ Y∗

k

}
, i ∈ Iv, j ∈ J1 ∪ J2 . . . ∪ Jk−1 (28)

Constraint Descriptions:
Equation (7): Each newly arrived EV is assigned to at most one charging pile.
Equation (8): An EV can only charge/discharge at a pile it is assigned to.
Equations (9)–(11): No scheduling time conflicts can occur for EVs assigned to the same pile.
Equation (12): Charging/discharging can only occur if the EV occupies the pile.
Equation (13): The energy storage battery can only discharge to assist EV charging if

the total EV charging power demand is sufficient.
Equations (14) and (15): These logical constraints link assignment and activity; no

activity can occur outside an EV’s parking period.
Equations (16) and (17): These constraints limit the number of EVs charging simultane-

ously, respecting pile type capacities. Note on Grid Connection Capacity: Constraints (16)
and (17) limit the number of EVs charging (nc) and discharging (nd) simultaneously at the
station. These constraints implicitly act as proxies for the maximum power draw/injection at
the grid connection point. By setting nc and nd appropriately, the station operator can ensure
that the aggregate power remains within the safe operating limits of the local transformer.

Equations (18) and (19): Each EV must meet its minimum departure state-of-
charge requirement.

Equation (20): The EV’s battery state of charge must be kept within safe bounds
(20% to 100%) at all times.

Equations (21) and (22): Time-of-use policy is enforced: discharging only during grid
peak periods, charging only during off-peak or flat periods.

Equation (23): An EV cannot charge and discharge in the same time slot.
Equations (24) and (25): The energy storage battery and super-capacitor are subject to

capacity limits, maintaining a minimum safe level.
Equation (26): Renewable energy in a slot can be stored in at most one type of

storage device.
Equations (27) and (28): For EVs that arrived in previous slots, the total number of

planned charging and discharging actions remain fixed to preserve their expected economic
outcome and model stability.
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2.2.3. Solving Approach and Scheduling Process Analysis

In the established mathematical model, all decision variables are binary, making it
a 0-1 integer programming problem. A common approach is to convert the bi-objective
optimization into a single objective using a weighting coefficient ω [35], as shown in
Equation (29), and then solve it directly using solvers like CPLEX or Gurobi:

MaxF = ω1F1 − ω2F2 (29)

Since the station revenue F1 and the load fluctuation penalty F2 have different units and
scales, the weighting coefficients ω1 and ω2 are introduced to prevent the secondary objective
from disproportionately affecting the solution process of the primary objective. However,
converting a bi-objective problem into a single objective for a one-shot solution significantly
increases computational burden, potentially leading to unacceptable solving times.

However, calibrating ω1 and ω2 to achieve a specific balance is non-trivial and can
inadvertently lead to one objective dominating the others. To fundamentally avoid this
weighting dilemma and ensure the primary objective is strictly prioritized, we employ a
sequential optimization approach rather than solving the weighted single objective directly.

We first solve the model to optimize only the primary revenue objective F1, obtaining
a set of optimal solutions that achieve the maximum possible revenue. From this optimal
set, we then identify the solution that simultaneously minimizes the load fluctuation F2.
This is achieved by adding constraints (Equations (30)–(33)) that fix the total number
of charging/discharging actions for each EV and the ESS to the values found, thereby
preserving the maximum revenue. We then re-optimize with MinF2 as the objective, which
now only adjusts the timing of these fixed actions to smooth the net load.

This method ensures lexicographic priority: grid load smoothing is pursued only if it
does not compromise the station’s economic revenue. It eliminates the need for subjective
weight calibration and guarantees that F1 is never dominated by F2. The secondary objective
F2 influences the solution only when multiple schedules yield identical maximum revenue.

Equation (29) is presented as a common methodological reference. In our implementa-
tion, the sequential approach is used. If one wished to use the weighted form, a systematic
calibration would be necessary, but this is not required by our chosen method.

To accelerate the solving process, the two objectives F1 and F2 can be optimized sequen-
tially according to their priority. The primary objective F1 is optimized first. If the resulting
solution is unique, it is considered the optimal solution to the bidirectional scheduling problem.
If multiple optimal solutions yielding the same primary objective value exist, new constraints
are added to the solution set obtained from the primary optimization to guide the selection to-
wards the secondary objective F2. For instance, EVs might have different charging/discharging
timing options that yield identical revenue but affect net load differently.

The primary objective optimization model involves a large number of decision vari-
ables, dimensions, and constraints, resulting in high computational complexity for direct
solving, which is only feasible for small-scale verification. To speed up the primary ob-
jective optimization, it can be transformed into a bi-level model. The upper-level model
determines the EV-to-charger assignment scheme X. The lower-level model, based on this
specific assignment X and the renewable energy generation profile, plans the detailed bidi-
rectional charging/discharging schedules Y and Z for the vehicles and ESS. The resulting
station revenue F1 is calculated based on these schedules and fed back to the upper-level
model, which then adjusts the assignment scheme X accordingly. This bi-level decom-
position effectively reduces the decision variable space dimension and minimizes logical
coupling between variables in the original monolithic model.

After obtaining the optimal solution [X∗, Y∗, Z∗] for the primary objective F2, the
following constraints are added to the model when optimizing the secondary objective F2:
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∑
k∈(ta

j ,td
j )

yc
ijk = ∑

k∈(ta
j ,td

j )

{
yc

ijk

∣∣∣yc
ijk ∈ Y∗

}
, i ∈ I, j ∈ J (30)

∑
k∈(ta

j ,td
j )

yd
ijk = ∑

k∈(ta
j ,td

j )

{
yd

ijk

∣∣∣yd
ijk ∈ Y∗

}
, i ∈ Iv, j ∈ J (31)

∑
k∈K

zs
k = ∑

k∈K
{zs

k| z
s
k ∈ Z∗} (32)

∑
k∈Kf

zb
k = ∑

k∈Kf

{
zb

k

∣∣∣ zb
k ∈ Z∗

}
(33)

Constraints (30)–(33) fix the total number of charging and discharging actions for each
EV and for the ESS to their values from the primary optimal solution [X∗, Y∗, Z∗]. This
ensures the primary revenue remains unchanged while allowing flexibility in timing to
minimize load fluctuation under these and the existing battery SOC constraints.

The overall model is solved within a multi-stage rolling-horizon framework. Each time
the horizon rolls forward by one time slot, newly arrived vehicles from that slot must be
assigned to chargers and the charging/discharging plans for all active and future EVs/ESS
must be updated. As time progresses, previously unknown information is gradually
revealed and becomes certain, enabling the continuous update of the coordinated schedule
to improve renewable energy consumption and mitigate load fluctuations.

As previously noted, the model can be solved either by converting it into a single
objective (Equation (29)) or by the sequential approach. Solving speed primarily depends
on the dimensionality of the variable space. By decomposing the entire planning horizon
into T time slots and adopting a multi-stage dynamic programming approach, each stage
only involves planning for vehicles arriving in the current slot and updating schedules
for future slots. This drastically reduces the dimension index j in decision variables
compared to a global optimization. Furthermore, as time progresses and fewer future slots
remain, the dimension index k also gradually decreases. Consequently, whether solved
exactly or using heuristic algorithms, this multi-stage model is significantly faster than
the deterministic full-information model, which requires solving the entire horizon at
once. The pseudo-code for solving the scheduling problem is presented in Algorithm 1.

Algorithm 1. Bi-level Iterative Optimization for the Primary Objective.

Input Set of newly arrived EVs Jk, system state, realized renewable generation hk.
Output Optimal assignment X∗, scheduling plan Y∗, Z∗, and revenue F∗

1 .
1 Generate an initial EV-to-pile assignment scheme X(0).
2 Set iteration counter t = 0, convergence flag = False.
3 While (convergence flag == False) do:

4
Lower-Level Solution (Scheduling): Given the fixed assignment X(t) and all
system parameters, solve the lower-level optimization problem.

5
This yields the optimal charging/discharging schedule Y(t), Z(t) for the
assigned vehicles and ESS, and calculates the corresponding station revenue F1(t).

6
Upper-Level Evaluation and Update: The revenue F1(t) is fed back as the
objective value for assignment X(t).

7
Convergence Check: If the improvement in F1 over the last P iterations is less
than a threshold ε or a maximum iteration count is reached, set convergence
flag = True. Set the best-found solution as (X∗, Y∗, Z∗ ).

8 End While
9 Return (X∗ , Y∗, Z∗, F∗

1 ).
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The coordination is sequential and guided by the upper-level meta-heuristic. The
upper level (pile assignment) acts as the master, exploring the combinatorial space of X.
For each candidate X, it invokes the lower level (scheduling) as a subroutine to evaluate
the quality (F1) of that specific assignment. The lower-level problem, with X fixed, becomes
a more tractable linear/integer program with fewer binary variables, as the X coupling
constraints are resolved. This decomposition decouples the combinatorial assignment
problem from the complex temporal scheduling problem, allowing efficient exploration of
the solution space. The process repeats until a high-quality assignment, validated by its
achievable schedule and revenue, is found.

3. Solution Methodology
In real-world operation, due to the uncertainties in renewable energy generation and

stochastic EV arrivals, multi-stage dynamic scheduling optimization is required. Therefore,
the plan for each time slot is optimized with the current stage as the target, making it im-
possible to conduct bidirectional charging optimization from a global perspective. Hence, a
scheduling method is needed that not only considers the uncertainties in renewable energy
generation and vehicle arrivals but also accounts for future uncertain trends. During the
problem description and modeling process, two key aspects of vehicle bidirectional charg-
ing optimization have been identified: firstly, assigning arriving vehicles to charging piles,
determining the vehicle-to-pile allocation scheme; secondly, scheduling the bidirectional
charging plan based on power load variations, time-of-use grid electricity prices, and
renewable energy generation. Assigning different vehicles to either bidirectional or unidi-
rectional charging piles significantly impacts the station’s overall bidirectional charging
revenue. The station needs to analyze the EVs arriving at the current stage, assess their
bidirectional charging potential—including maximum discharge capacity and charging
flexibility—based on their dwell time and battery capacity. Combined with expectations of
future vehicle arrivals and renewable energy generation, the station decides the charging
pile allocation for the currently arriving vehicles.

3.1. EV Bidirectional Charging Potential Assessment

The assessment of an EV’s bidirectional charging potential consists of two metrics:
Maximum Discharge Capacity and Bidirectional Charging Flexibility. The maximum
discharge capacity measures the maximum amount of energy an EV can contribute to the
grid during its dwell time at the station. A higher value indicates a greater potential role in
peak shaving for the grid and higher corresponding revenue for both the station and the
user from bidirectional charging. Bidirectional charging flexibility is reflected by the ratio
of the time periods the EV is actually engaged in bidirectional charging to its total dwell
time at the station. A lower ratio indicates higher flexibility, meaning the EV can more
effectively respond to fluctuations in renewable energy generation, thereby improving the
consumption rate of renewable power. It is important to note that this flexibility assessment
is calculated based on the EV’s optimal bidirectional charging schedule.

3.1.1. Modeling and Solving the EV Bidirectional Charging Schedule

When an EV user arrives at the charging station, they provide charging information,
including vehicle arrival and departure times, and the battery state of charge (SOC) upon
arrival and desired upon departure. The charging station arranges the vehicle’s bidirec-
tional charging schedule based on this information. Once a specific schedule is determined,
the EV’s bidirectional charging potential can be calculated. The specific planning of the
bidirectional charging schedule can be modeled as an integer programming model. The
relevant symbols and their meanings are shown in Table 3 below.
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Table 3. Model Symbols and Meanings for EV Bidirectional Charging Planning.

Notation Definition

Set

K Set of time slots, K ∈ Kf ∪ Kg ∪ Kp

Kf Set of grid peak load time slots
Kg Set of grid off-peak (valley) load time slots
Kp Set of grid normal (flat) load time slots

Parameter
gd

k Price for discharging electricity to the grid in slot k
gc

k Price for charging electricity from the grid in slot k
sd

k Price offered by the station to the EV user for discharging in slot k
sc

k Price offered by the station to the EV user for charging in slot k
ea EV’s state of charge (SOC) upon arrival at the station
ed Minimum required SOC for the EV upon departure from the station
P Station’s bidirectional charging/discharging power (constant)
α Charging efficiency
β Discharging efficiency
T Duration of each time slot
E Maximum battery capacity of the EV
ta EV’s arrival time at the station
td EV’s departure time from the station

Decision Variables
yc

k Binary variable, equals 1 if the EV charges in slot k, 0 otherwise
yd

k Binary variable, equals 1 if the EV discharges in slot k, 0 otherwise

The EV’s bidirectional charging schedule is formulated by the charging station. There-
fore, from the perspective of maximizing station revenue, the objective function of the EV
bidirectional charging optimization model is constructed as shown in Equation (34).

MaxBs = (∑
k∈K

αyc
k(s

c
k − gc

k) + βyd
k (gd

k − sd
k ))PT/60 (34)

subject to the following constraints:

ea + ∑
k∈(ta,td)

(αyc
k − βyd

k ) ∗ P ∗ T/60 ≥ ed (35)

0.2E ≤ ea + ∑
k′∈(ta,k)

(αyc
k′ − βyd

k′) ∗ P ∗ T/60 ≤ E, j ∈ J, k ∈ (ta, td) (36)

yc + yd = 0, k /∈ (ta, td) (37)

yd
k = 0, k ∈ Kg ∪ Kp (38)

yc
k = 0, k ∈ Kf (39)

yc
k + yd

k ≤ 1, k ∈ (ta, td) (40)

yc
k, yd

k ∈ {0, 1}, k ∈ K (41)

Equation (35) ensures the EV meets its required departure SOC ed.
Equation (36) keeps the EV’s battery SOC within a safe range (20% to 100%) at any

point during its stay.
Equation (37) ensures no charging/discharging activity occurs outside the EV’s

parking period.
Equations (38) and (39) enforce the time-of-use policy: discharging only during grid

peak periods and charging only during off-peak or flat periods.
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Equation (40) prevents simultaneous charging and discharging in the same time slot.
Equation (41) defines the binary nature of the decision variables.
This model is a 0-1 integer linear programming model and can be solved directly using

solvers like CPLEX or Gurobi. Since all decision variables are binary, the solution space
depends only on the number of time slots the EV stays, i.e., the size of sign((td − ta)/T).
The time complexity for solving this model is low, allowing for rapid computation.

3.1.2. Calculation of Maximum Discharge Capacity

In the previous section, the bidirectional charging schedule for a single EV was modeled
from the perspective of maximizing station revenue. Analysis of the model parameters and
characteristics reveals that an EV’s maximum discharge capacity is related to its dwell time
at the station (ta, td), its arrival and departure SOC, and its maximum battery capacity E.

By solving the EV bidirectional charging model, the maximum discharge amount
during the EV’s stay can be calculated. Since the model is a 0-1 integer program, an optimal
solution exists. For a specific EV, its maximum discharge capacity Emax can be obtained
using Equation (42):

Emax = ∑
k∈(ta,td)

βyd
k ∗ PT/60 (42)

3.1.3. Measurement of Bidirectional Charging Flexibility

In the EV bidirectional charging model, the decision variables yc
k and yd

k are both
binary. Due to potentially long dwell times, the model may have an optimal solution that
is not unique, meaning multiple combinations of (yc

k, yd
k ) can achieve the same maximum

objective value. The greater the number of optimal solutions (i.e., the more flexibility an
EV has in choosing when to charge/discharge), the stronger its ability to accommodate
renewable energy fluctuations and mitigate station load fluctuations. Therefore, the flexi-
bility of an EV within a charging cycle can be measured by the ratio of the number of time
slots it is actually engaged in bidirectional charging to its total dwell time slots, as shown
in Equation (43):

Efex = 1 −
∑

k∈(ta,td)

(yd
k + yc

k)⌊
(td − ta)/T

⌋ (43)

The value of Efex ranges between 0 and 1. A higher Efex value indicates that bidirec-
tional charging activities occupy a smaller proportion of the total dwell time, representing
greater scheduling flexibility. Conversely, a lower Efex value indicates less flexibility.

3.2. Bidirectional Charging Pile Allocation Decision Based on Fuzzy Logic

The controller developed in this study is a Type-I fuzzy logic system. We selected
a Type-I FLC for the following reasons: (1) The primary sources of uncertainty in our
problem—stochastic EV arrivals and renewable generation—are explicitly addressed at
the system modeling level through the rolling-horizon framework and the forecast inputs
to the controller. The controller itself operates on these processed, uncertainty-informed
inputs. (2) A Type-I FLC provides a favorable balance between modeling capability and
computational simplicity, which is crucial for the real-time, multi-stage decision-making
required in our application.

The decision to assign an EV to a bidirectional or unidirectional charging pile is
influenced by factors such as the EV’s maximum discharge capacity Emax, bidirectional
charging flexibility Efex, the expected vehicle arrival rate Ea(t), and the expected renewable
energy generation Eh(t). This section employs fuzzy logic theory to formalize the EV
charging pile allocation decision.
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(1) Fuzzification

Fuzzy sets are defined for the inputs and output:
Inputs:
Emax: Universe of discourse [0, 100] (kWh).
Efex: Universe of discourse [0, 1].
Ea(t): Universe of discourse [0, 50] (vehicles per time slot).
Eh(t): Universe of discourse [0, 100] (kW or normalized value).
Output (x)—Allocation Decision: Universe of discourse [0, 3]. The crisp output is

interpreted as:
0: Reject the EV’s charging request.
1: Assign EV to a unidirectional (charging-only) pile.
2: Randomly assign EV to either a unidirectional or bidirectional pile.
3: Assign EV to a bidirectional (V2G-capable) pile.
A fuzzy controller is designed with these four inputs and one output.

(2) Membership Function Design

Membership functions are typically chosen based on statistics or expertise. This section
employs Gaussian membership functions for the fuzzy controller.

1⃝ For input Emax, the fuzzy subsets Low (LE), Medium (ME), and High (HE) Dis-
charge are chosen. Their membership functions are:

LE(Emax, σLE, cLE) = exp
(
−(Emax − cLE)

2/2 · σ2
LE

)
ME(Emax, σME, cME) = exp

(
−(Emax − cME)

2/2 · σ2
ME

)
HE(Emax, σHE, cHE) = exp

(
−(Emax − cHE)

2/2 · σ2
HE

) (44)

where σLE = 4, cLE = 10; σME = 7, cME = 40; σHE = 10, cHE = 80.
2⃝ For input Efex, the fuzzy subsets Low (L) and High (H) are chosen: L

(
Efex, σL, cL

)
= exp

(
−
(
Efex − cL

)2
/2 · σL

2
)

H
(
Efex, σH , cH

)
= exp

(
−
(
Efex − cH

)2
/2 · σH

2
) (45)

where σL = 0.05, cL = 0.1; σH = 0.1, cH = 0.7.
3⃝ For input Ea(t), the fuzzy subsets Low Arrival (LA) and High Arrival (HA)

are chosen:  LA(Ea(t), σLA, cLA) = exp
(
−(Ea(t)− cLA)

2/2 · σLA
2
)

HA(Ea(t), σHA, cHA) = exp
(
−(Ea(t)− cHA)

2/2 · σHA
2
) (46)

where σLA = 1, cLA = 5; σHA = 4, cHA = 15.
4⃝ For input Eh(t), the fuzzy subsets Low (LN), Medium (MN), and High (HN)

Fluctuation are chosen:

LN
(

Eh(t), σLN , cLN

)
= exp

(
−
(

Eh(t)− cLN

)2
/2 · σLN

2
)

MN
(

Eh(t), σMN , cMN

)
= exp

(
−
(

Eh(t)− cMN

)2
/2 · σMN

2
)

HN
(

Eh(t), σHN , cHN

)
= exp

(
−
(

Eh(t)− cHN

)2
/2 · σHN

2
) (47)

where σLN = 3, cLN = 10; σMN = 6, cMN = 40; σHN = 10, cHN = 70.
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5⃝ For the output x, the fuzzy subsets are: Charging Rejection (CR), Unidirectional
Charger Assignment (CC), Random Assignment (CV), and Bidirectional Charger Assign-
ment (VV). Their membership functions are:

CR(X, σCR, cCR) = exp
(
−(X − cCR)

2/2 · σCR
2
)

CC(X, σCC, cCC) = exp
(
−(X − cCC)

2/2 · σ2
CC

)
CV(X, σCV , cCV) = exp

(
−(X − cCV)

2/2 · σCV
2
)

VV(X, σVV , cVV) = exp
(
−(X − cVV)

2/2 · σVV
2
) (48)

where σCR = 0.01, cCR = 0.05; σCC = 0.1, cCC = 0.25; σCV = 0.1, cCV = 0.5; σVV = 0.2, cVV = 0.8.

(3) Fuzzy Rule Base

Fuzzy rules are formulated based on the membership functions and operational
experience. The rule base is presented in Table 4. Each rule follows the structure:

Table 4. Fuzzy Rules for EV Charging Pile Allocation Decision.

Rule
Input Output

Rule
Input Output

Emax Efex Ea(t) Eh(t) x Emax Efex Ea(t) Eh(t) x

1 LE L LA LN CC 19 ME H LA LN CV
2 LE L LA MN CC 20 ME H LA MN VV
3 LE L LA HN CV 21 ME H LA HN VV
4 LE L HA LN CR 22 ME H HA LN CV
5 LE L HA MN CR 23 ME H HA MN VV
6 LE L HA HN CR 24 ME H HA HN VV
7 LE H LA LN CC 25 HE L LA LN CV
8 LE H LA MN CV 26 HE L LA MN VV
9 LE H LA HN VV 27 HE L LA HN VV

10 LE H HA LN CR 28 HE L HA LN CC
11 LE H HA MN CR 29 HE L HA MN CV
12 LE H HA HN CC 30 HE L HA HN VV
13 ME L LA LN CC 31 HE H LA LN CV
14 ME L LA MN CV 32 HE H LA MN VV
15 ME L LA HN VV 33 HE H LA HN VV
16 ME L HA LN CC 34 HE H HA LN CV
17 ME L HA MN CC 35 HE H HA MN VV
18 ME L HA HN CV 36 HE H HA HN VV

The overall fuzzy relation R̃ of the controller is the union of these 36 individual fuzzy
relations Ri:

R̃ = R1 ∪ R2 ∪ . . . ∪ R36 =
36
∪

i=1
Ri (49)

(4) Fuzzy Inference

Let the sampling step be k, (k = 0, 1, n). Using the Mamdani max-min composition
method, the fuzzified inputs at step k are denoted as Xk

1 (for Emax), Xk
2 (for Efex), Xk

3
(for Ea(t)), and Xk

4 (for Eh(t)). The output fuzzy set is denoted as xk
j (j = 1,2,. . .27). The

membership degree for the relation R is given by:

µ∼
R

(
Xk

1, Xk
2, Xk

3, Xk
4

)
= µR

(
Xk

1

)
∧ µR

(
Xk

2

)
∧ µR

(
Xk

3

)
∧ µR

(
Xk

4

)
(50)

for each rule i, where µ˜
R(·) is the membership degree of the input to the corresponding

antecedent fuzzy set defined in the rule.
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(5) Defuzzification

The centroid method is used to convert the aggregated fuzzy output set into a crisp
value. The precise output xk+1 is calculated as:

xk+1 = f
(

Xk
)
=

36

∑
j=1

xj
4

∏
i=1

µR

(
Xk

i

)
36

∑
j=1

4
∏
i=1

µR
(
Xk

i
) (51)

where µR

(
Xk

i

)
is the membership degree of the i-th input to the fuzzy set specified in the

j-th rule’s antecedent, and xj is the centroid of the consequent fuzzy set for the j-th rule.

(6) EV Charging Pile Allocation Decision

When an EV arrives at the station, its parameters (Emax, Eflex) and the current system
forecasts (Ea(t), Eh(t)) are fed into the fuzzy controller. The controller executes the process
of fuzzification, inference, and defuzzification to yield a crisp output x in [0, 3]. This value
is then mapped to the final allocation decision:

If x ≈ 0: Reject the EV’s charging request.
If x ≈ 1: Assign the EV to a unidirectional (charging-only) pile.
If x ≈ 2: The EV has moderate economic potential; randomly assign it to either a

unidirectional or bidirectional pile.
If x ≈ 3: Assign the EV to a bidirectional (V2G-capable) pile for optimal grid interac-

tion and revenue.
The fuzzy rule base is not an arbitrary set of conditions but is systematically derived

from the operational economics and physical constraints of a V2G-capable charging station.
The rules embody the following high-level control strategies:

Bidirectional chargers are a constrained, high-value resource. Rules that output
“VV” are triggered only when an EV exhibits both high discharge capacity and high
scheduling flexibility, ensuring these chargers are allocated to vehicles that can maximize
grid service revenue.

The rules explicitly use the forecasted arrival rate as a congestion indicator. Under high
anticipated congestion (HA), the controller becomes more selective, rejecting low-potential
requests (CR) or assigning them to unidirectional chargers (CC), to preserve capacity for
potentially higher-value future arrivals.

The renewable volatility input modulates the aggressiveness of V2G allocation. During
periods of high volatility (HN), rules may favor more cautious allocation or holding capacity,
reflecting the increased system uncertainty.

These principles translate directly into the linguistic rules of Table 3. The 36 specific
rules are the exhaustive implementation of these strategies across all combinations of the
four input fuzzy sets.

3.3. Rule Base Design

The 36 fuzzy rules in Table 4 form the core decision logic of the controller. Their design
follows a principled, two-layer methodology that combines domain knowledge of EV-grid
integration economics with systematic analysis of EV behavior:

The fundamental structure of the rule base is derived from the economic and opera-
tional logic of V2G. For instance:

Rules favoring bidirectional (VV) assignment: These are triggered when an EV has
both high discharge capacity (Emax = H/HE) and high flexibility (Eflex = H). This directly
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encodes the strategy of reserving the valuable bidirectional charger resource for vehicles
that can provide substantial and schedulable grid services.

Rules leading to rejection (CR): These are typically triggered by low discharge potential
combined with high arrival rate forecasts. This embodies the operational principle of
rejecting low-value charging requests during anticipated congestion to preserve capacity
for potentially higher-value arrivals.

The logical interplay between Ea(t) (forecasted arrival rate) and Eh(t) (renewable
volatility) in the rules encodes the station’s need to balance immediate resource utilization
against anticipated future conditions.

Analysis and Simulation: The initial rule set, based on the above principles, was refined
through an analysis of typical EV charging behavior patterns (e.g., from datasets like [42])
and extensive closed-loop simulation. We simulated the entire scheduling system under
various scenarios and observed the aggregate outcomes of different rule combinations. For
example, thresholds for distinguishing “Low”/“Medium”/“High” membership functions
for Emax were informed by the statistical distribution of feasible discharge energy observed
in the dataset. The final rule table represents a set that consistently produced superior
performance across our multi-objective metrics (revenue, consumption rate) during this
simulation-based tuning phase, compared to alternative rule sets.

3.4. Multi-Stage Fuzzy Scheduling Procedure

Based on the analysis in Section 3.2 regarding the fuzzy scheduling method that
incorporates EV bidirectional charging potential assessment and uncertainty, this section
details the specific procedural steps for a single-stage of bidirectional charging scheduling
within the multi-stage fuzzy framework.

Step 1: Information Collection and EV Potential Assessment.
Collect and aggregate information from vehicles that arrived in the previous time slot.

This includes their dwell time, state of charge (SOC) status, and charging requirements.
Perform a bidirectional charging potential assessment for these vehicles to obtain their
maximum discharge capacity and bidirectional charging flexibility.

Step 2: Renewable Energy and System State Update with Forecasting.
Collect data on the renewable energy generated in the previous time slot and the

operational status of the energy storage system. Furthermore, generate forecasts for the
uncertainty in renewable energy generation and vehicle arrivals for subsequent time slots.
This yields the expected vehicle arrival rate and the expected renewable energy generation.

Step 3: Fuzzy Logic-based Charging Pile Allocation.
Based on the individual vehicle’s potential assessment (from Step 1), the forecasts of

renewable energy fluctuations and vehicle arrival uncertainty (from Step 2), and considering
the current number of available charging piles at the station, employ the Fuzzy Charging
Pile Allocation Method for EVs to assign each newly arrived vehicle to an appropriate
charging pile.

Step 4: Schedule Update and Rolling Optimization.
Based on the determined charging pile allocation scheme (from Step 3) and incor-

porating the actual renewable energy generation from the previous time slot, update the
coordinated bidirectional charging/discharging schedule for all EVs currently at the station
and for the site’s energy storage system. This completes the optimization for the current
decision stage.

This four-step process is repeated each time the scheduling horizon rolls forward to the
next time slot, enabling continuous, adaptive, and optimized scheduling under uncertainty.
The schematic diagram of multi-stage fuzzy scheduling process is shown in Figure 2.
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Figure 2. Schematic diagram of the proposed multi-stage fuzzy scheduling framework.

3.5. Rationale for Choosing a Fuzzy Logic-Based Approach

The selection of a fuzzy logic-based decision layer over alternative uncertainty-aware
methodologies (e.g., stochastic optimization, reinforcement learning) is driven by the
specific operational requirements and constraints of the real-time EV charging station
scheduling problem.

Two-stage stochastic programming, while theoretically sound, requires solving a large-
scale MILP over numerous scenarios, leading to prohibitive computational cost for the fre-
quent (every 15 min), real-time decisions required in our rolling-horizon framework [28,41].
Robust optimization can be overly conservative. Our hybrid approach decouples the
complex uncertainty-aware resource allocation from the deterministic energy scheduling,
achieving effective uncertainty management with guaranteed online computation speed.

Reinforcement Learning (RL) and other data-driven learning methods require exten-
sive interaction with the environment to converge to an effective policy. This process is
data-hungry and time-consuming, and the resulting “black-box” policy may be unsafe or
unexplainable for critical grid operations. In contrast, the fuzzy rule base is transparent
and directly encodes expert operational principles. It requires no offline training and
can be deployed immediately, then calibrated with minimal adjustments—a significant
advantage for practical, safety-critical systems where historical data for all novel scenarios
may be limited.

The fuzzy controller acts as a dynamic, intelligent pre-processor for the optimizer.
It reduces the combinatorial complexity of the subsequent scheduling problem by pre-
classifying EVs, allowing the rolling-horizon MILP to focus on a more tractable energy
dispatch problem. This synergistic division of labor is more efficient than using either
a purely heuristic rule-based system or a monolithic optimization model attempting to
handle all aspects simultaneously.
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4. Experimental Analysis
To validate the effectiveness of the proposed models and algorithms, this section takes

a charging station in Chongqing as a case study. It employs the Monte Carlo method to
simulate EV arrivals and renewable energy generation. The deterministic scheduling model
and the proposed uncertainty-aware scheduling model are then solved and compared. The
solving algorithms are implemented using Matlab R2021a and Gurobi 10.0.

4.1. Simulation Setup

(1) EV-Related Modeling Parameters

Since fewer EVs visit charging stations in the early morning hours, the scheduling
period is set to one day, comprising 24 h divided into 96 time slots of 15 min each. The
charging station is equipped with 10 unidirectional and 10 bidirectional charging piles.

The probability function for EV arrivals is modeled and generated via Monte Carlo sim-
ulation based on EV travel and charging datasets. This section utilizes publicly available EV
charging data from Kaggle [42], which records real charging behaviors at different locations,
including vehicle ID, arrival SOC, and charging duration, providing a comprehensive basis
for simulating EV charging demand. Additionally, the bidirectional charging/discharging
power for EVs is set to 60 kW, and battery capacities are randomly generated within the
range of 60–130 kWh.

(2) Charging Station-Related Modeling Parameters

In the bidirectional charging scheduling optimization model, the parameter values
related to the charging station and the station’s charging/discharging prices for different
periods are shown in Tables 5 and 6, respectively.

Table 5. Parameters of Station Bidirectional Charging Facilities.

Notation Definition Value

P Bidirectional charging/discharging power of a pile 60 kW
α Charging efficiency 0.95
β Discharging efficiency 0.85
T Duration of a time slot 15 min

Hb Maximum capacity of the energy storage battery 2.5 MW
Hs Maximum capacity of the super-capacitor 5000 F
Pb Rated discharging power of the energy storage battery 180 kW
Ps Average discharging power of the super-capacitor 1500 kW
lb Battery degradation cost per kWh discharged (storage battery) 0.3 CNY/kWh
ls Equipment degradation cost per kWh discharged (super-capacitor) 0.2 CNY/kWh

Table 6. Station Bidirectional Charging Prices (Unit: CNY/kWh).

Period Grid Discharge Price Grid Charge Price Station Discharge Price Station Charge Price

Peak 1.5 1.3 1.2 1.8
Normal 0.6 0.6 0.9 0.9
Off-Peak — 0.4 — 0.6

(3) Grid Load and Renewable Energy Generation Data

Renewable energy generation methods such as wind and PV are highly weather-
dependent, but their output can be predicted based on historical periodic data. The
probability density function of generation can be represented by a forecast curve, with
forecast errors calculated as a percentage fluctuation of the predicted value. This study
draws on the 2020 baseline grid load and renewable energy generation data from a certain
city as the foundational data for the case study, as shown in Figure 3.
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Figure 3. Forecast of Power Load and Renewable Energy Generation.

4.2. Comparison of Bidirectional Charging Scheduling Results Under Different EV Arrival Scales

To test the effectiveness of the proposed models and algorithms, the EV and renewable
energy data generated in Section 4.1 are used to set up three scheduling scenarios for
comparing results under different models and solving methods. Additionally, different EV
arrival rates are set to analyze the impact of arrival uncertainty on scheduling.

Scenario 1 (Baseline): Based on complete information, the benchmark deterministic
model is solved directly using the Gurobi solver to find the optimal bidirectional charging
schedule. This serves as a benchmark to assess the impact of information uncertainty.

Scenario 2 (Greedy): The multi-stage uncertainty-aware scheduling model is solved us-
ing a greedy algorithm, where the optimization goal for each stage is the current optimum.

Scenario 3 (Proposed): Based on the multi-stage uncertainty-aware scheduling model,
the fuzzy scheduling method proposed in Section 3.4 is used to determine the EV charging
pile allocation, followed by stage-wise bidirectional charging optimization.

The greedy algorithm (Scenario 2) serves as a practical and intuitive baseline that
mimics a naive, real-time operational policy without look-ahead capability. It is included
to quantify the value of the proposed anticipatory and coordinated scheduling. The
deterministic model under perfect information (Scenario 1) provides the theoretical upper
bound for performance, against which the operational efficiency loss due to uncertainty
can be measured. While more sophisticated stochastic or learning-based methods exist,
they are often not directly comparable due to differing architectural assumptions (e.g.,
reliance on full probability models, need for extensive offline training). The primary
goal of this comparison is to demonstrate that the proposed rule-based, rolling-horizon
hybrid framework fundamentally outperforms a common-sense operational heuristic and
approaches the ideal performance in a computationally tractable manner.

All case studies for different scenarios are run on a Windows 11 64-bit personal laptop
using Matlab 2021a. The solving results are shown in Table 7.
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Table 7. EV Bidirectional Charging Scheduling Results Under Different Scenarios.

Number
of EVs

Scenario 1 (Baseline) Scenario 2 (Greedy) Scenario 3 (Proposed Fuzzy Scheduling)

Station
Revenue

(CNY)

Charging
Rate

Solving
Time

(s)

Station
Revenue

(CNY)
Gap Charging

Rate

Solving
Time

(s)

Station
Revenue

(CNY)
Gap Charging

Rate

Solving
Time

(s)

20 830.40 1.00 73.09 830.40 0.00 1.00 173.81 830.40 0.00 1.00 195.41
25 1074.50 1.00 91.23 860.21 214.29 0.96 178.44 1074.50 0.00 1.00 210.08
30 1219.50 1.00 118.92 975.84 243.66 0.97 189.92 1219.50 0.00 1.00 227.24
35 1433.92 0.97 153.16 1105.73 328.19 0.86 183.09 1358.26 75.66 0.91 247.13
40 1416.10 0.93 263.83 1212.40 203.70 0.83 189.27 1367.10 49.00 0.88 271.19
45 1577.16 0.91 310.54 1261.73 315.43 0.80 191.15 1510.10 67.06 0.87 293.24
50 1755.69 0.86 473.00 1479.89 275.80 0.78 207.14 1599.76 155.93 0.86 314.42
55 1763.96 0.87 550.08 1548.45 215.51 0.75 227.87 1618.42 145.54 0.80 338.05
60 1854.16 0.83 690.45 1413.98 440.18 0.68 259.58 1721.32 132.84 0.73 358.91
65 1935.46 0.78 841.11 1470.54 464.92 0.65 278.55 1837.91 97.55 0.72 382.95
70 2270.00 0.74 1001.9 1655.20 614.80 0.61 303.15 1933.31 336.70 0.71 405.5
75 2294.08 0.71 1450.01 1680.96 613.12 0.60 356.86 1980.31 313.77 0.68 439.49
80 2185.38 0.66 1897.40 1692.79 492.58 0.56 377.63 1881.46 303.91 0.64 477.34
85 2460.82 0.62 2495.26 1761.34 699.48 0.53 401.36 2020.56 440.26 0.61 521.91
90 2478.84 0.59 2991.82 1662.34 816.50 0.51 427.52 2066.46 412.38 0.58 557.37

Since Scenario 1 represents the optimal result under complete information, it serves
as the benchmark for comparing Scenarios 2 and 3. Comparing results for the same
number of EVs across scenarios shows that Scenario 1 yields the highest station revenue,
as expected. The revenue in Scenario 3 is consistently higher than in Scenario 2. The
calculated “Gap” (revenue difference from Scenario 1) grows with the number of EVs in
both Scenarios 2 and 3, but its growth rate is lower in Scenario 3. This is because, in multi-
stage scheduling under uncertainty, the greedy algorithm in Scenario 2 performs worse
than the proposed fuzzy scheduling in Scenario 3. Unlike the myopic greedy approach, the
fuzzy method considers the probability of future vehicle arrivals; the more accurate these
predictions, the closer the results are to the full-information optimum of Scenario 1.

Comparing the solving times of the three scenarios, both Scenarios 2 and 3 involve
multi-stage solving. For each stage, the variable dimensions are much smaller than those
in the global optimization of Scenario 1. Consequently, the sum of solving times for all 96
slots is far less than the global solving time of Scenario 1. Comparing Scenarios 2 and 3,
Scenario 3 requires additional computation for EV potential assessment and fuzzy pile
allocation at each stage, resulting in slightly higher solving times than Scenario 2.

4.3. Comparison of Bidirectional Charging Scheduling Results Under Different Renewable Energy
Generation Fluctuations

The previous section compared the differences between various models and solution
methods. This section analyzes the model’s optimization objectives. Since EVs can dis-
charge power back to the grid via bidirectional chargers to alleviate grid load pressure
during peak hours, and their orderly charging/discharging schedules can be rationally
planned based on dwell times to mitigate grid load fluctuations and balance electricity
demand. The bi-objective scheduling optimization model considers EV and super-capacitor
discharging scenarios, aiming to assist in grid peak shaving and valley filling while enhanc-
ing renewable energy consumption through proper planning of EV bidirectional charging
schedules. Given the uncertainty of renewable energy generation and combined with
the EV bidirectional charging potential assessment from Section 3.4, this section analyzes
the impact of different fluctuation levels in renewable energy generation on scheduling
optimization results.

Since Scenario 1 is solved under complete information with no renewable energy
fluctuation, the impact of such fluctuations on scheduling results is primarily compared
between Scenarios 2 and 3. In addition to station revenue, it is necessary to observe the
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renewable energy consumption rate and the contribution of bidirectional charging to grid
peak shaving and valley filling.

The renewable energy consumption rate can be represented by the ratio of the total
energy discharged by the storage battery and super-capacitor during the scheduling period
to the total renewable energy generation, as shown in Equation (52):

Rc =

∑
k∈K

zs
kPs + zb

k Pb

∑
k∈K

hk
× 100% (52)

The contribution of EV bidirectional charging to grid peak shaving and valley filling
can be represented by the total EV charging energy during grid off-peak (valley) periods
plus the total EV and super-capacitor discharging energy during grid peak periods, as
shown in Equation (53):

Rp = ∑
k∈Kg

∑
i∈I

∑
j∈J

yc
ijkαP + ∑

k∈Kf
∑

i∈Iv
∑
j∈J

yd
ijkβP + ∑

k∈Kf

zs
kPs (53)

Since the number of arriving EVs significantly impacts renewable energy consumption
and grid load regulation effectiveness, it is necessary to evaluate how the volatility of re-
newable energy generation affects bidirectional scheduling performance under different EV
fleet sizes. Considering the current average EV-to-charger ratio in China is approximately
2.4:1, two typical case scales—2 times and 4 times the number of chargers—are selected as
the number of EVs. The specific results are shown in Table 8.

Table 8. Bidirectional Charging Scheduling Results for Scenarios 2 and 3.

Number of
EVs

Fluctuation
Case

Scenario 2 (Greedy) Scenario 3 (Proposed)

Station Revenue
(CNY)

Consumption
Rate Contribution Station Revenue

(CNY)
Consumption

Rate Contribution

40

−70 921.42 96.82 2111.78 1080.01 98.77 2330.66
−40 1030.54 84.62 2370.61 1216.72 87.19 2588.48
−10 1127.53 72.33 2550.74 1339.76 78.29 2828.04

0 1212.40 67.41 2616.71 1367.10 69.10 2715.45
10 1260.90 69.82 2605.73 1462.80 71.58 2848.89
40 1382.14 49.78 2847.60 1585.84 52.69 3100.67
70 1491.25 38.27 3051.53 1804.57 43.55 3513.32

80

−70 1337.30 100.00 2322.32 1373.47 100.00 2560.53
−40 1472.73 93.61 2784.85 1561.61 100.00 2996.62
−10 1574.29 87.20 3258.31 1712.13 91.65 3349.26

0 1692.79 81.74 3350.27 1881.46 83.68 3638.21
10 1828.21 83.25 3455.85 2088.42 83.51 4158.94
40 2132.92 76.92 3817.86 2521.16 79.95 4443.12
70 2386.83 63.27 4395.18 2935.08 65.21 4869.51

Fluctuation Case: Percentage deviation from the base forecast generation profile.

As shown in Table 8, for the two case scales with 40 and 80 EVs, as the renewable
energy generation increases, the station’s storage battery and super-capacitor store more
renewable energy and release it to the grid and EVs. Furthermore, as the number of EVs
increases, the power fed back to the grid through bidirectional charging also increases,
leading to rising station revenue from bidirectional operations. However, the renewable
energy consumption rate decreases as generation increases. This is because the capacities
of the storage battery and super-capacitor are limited. When generation exceeds their
maximum storage capacity, the proportion of renewable energy that can be consumed
locally diminishes with further increases in generation. Simultaneously, the contribution of
bidirectional charging to grid peak shaving and valley filling increases with both higher
renewable energy generation and a larger number of EVs. More EVs lead to greater
charging during off-peak periods and greater discharging during peak periods. Higher
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renewable energy generation results in more energy being stored by the super-capacitor
and released during peak hours.

Moreover, compared to Scenario 2, Scenario 3 demonstrates superior performance in
terms of station revenue, renewable energy consumption rate, and contribution to peak
shaving and valley filling. This indicates that the fuzzy scheduling method offers significant
advantages in handling the uncertainty of renewable energy generation.

The scalability of the proposed framework is determined by the computational cost
of its two core components within each rolling time slot: (1) the Fuzzy Logic Controller
(FLC) for EV-to-pile allocation, and (2) the Bi-level Rolling-Horizon Optimizer (RHO)
for scheduling.

(1) Theoretical Computational Complexity

FLC Complexity: For each newly arrived EV, the FLC executes a constant number of
operations (fuzzification, rule evaluation for 36 rules, defuzzification). Its time complexity
is O(n), where n is the number of EVs arriving in that slot, and is negligible in practice.

(2) RHO Complexity

The complexity is dominated by the lower-level MILP scheduler, which scales with
the number of active decision variables. For a station with i piles, j EVs currently present
(including newly arrived ones), and a rolling horizon of k time slots, the number of binary
scheduling variables yc

ijk and yd
ijk is roughly O(i × j × k). The bi-level decomposition

(Algorithm 1) avoids solving this full model directly. For each candidate assignment, the
lower-level solves a simpler MILP with O(j × k) variables, as the xij couplings are resolved.

Our simulations show that for a single station configuration (20 piles, ~10–50 active
EVs), the average solve time remains below 2 s, well within the 15 min slot.

The complexity increases linearly with k. However, in rolling-horizon control, k
is a fixed design parameter. Choosing a practical k balances forecast accuracy with
computational load.

Assuming each station has modest computing power, the framework is real-time
feasible for stations with up to ~50–100 simultaneous active EVs and 30–50 chargers.
Beyond this, the lower-level MILP solve time may grow, but this can be mitigated by:
(a) shortening the effective scheduling horizon k for very large j, or (b) employing more
powerful embedded solvers. The architecture’s modularity allows such adjustments.

4.4. Sensitivity Analysis of Forecasting Errors

The proposed scheduling framework relies on short-term forecasts of renewable energy
generation. To assess its robustness against forecast inaccuracies, we conduct a sensitivity
analysis by introducing systematic errors into the forecasted profiles used for planning.

We use the baseline 80-EV scenario (Section 4.2) and the proposed fuzzy scheduling
method (Scenario 3). The actual renewable generation profile (denoted Hactual) is kept
unchanged. We then generate forecasted profiles Hforecast by applying a multiplicative
error term:

Hforecast
k = Hactual

k × (1 + δk) (54)

where δk is a random variable sampled from a truncated normal distribution with mean
µ and standard deviation σ. We test four levels of combined systematic and random
error: ±5%, ±10%, ±15%, and ±20%. The scheduler uses Hforecast for its rolling-horizon
optimization, while the simulated system’s energy balance and revenue calculation are
based on Hactual. For each error level, we run 100 Monte Carlo simulations with different
random seeds and report the average performance metrics. The scheduling experiment
results considering prediction errors are shown in Table 9.
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Table 9. The impact of prediction errors on the scheduling results.

Forecast Error Level Station Revenue (CNY) ∆ Revenue Renewable Consumption Rate Contribution to Peak
Shaving (kWh)

20% 1625.4 ± 18.2 −13.2% 0.71 ± 0.03 2630 ± 45
−10% 1755.8 ± 12.7 −6.3% 0.79 ± 0.02 2815 ± 32

0% (Baseline) 1873.5 0% 0.83 2980
+10% 1812.1 ± 14.5 −3.3% 0.85 ± 0.02 2910 ± 38
+20% 1768.6 ± 16.8 −5.6% 0.86 ± 0.03 2855 ± 41

The proposed method demonstrates moderate robustness to forecast errors. As ex-
pected, revenue decreases as forecast error increases. Negative errors (under-forecasting)
cause a larger revenue loss than positive errors of the same magnitude, because the sched-
uler under-commits dischargeable energy, missing potential revenue opportunities during
peak hours. Positive errors (over-forecasting) lead to less efficient storage allocation and
occasional renewable curtailment when actual generation is lower than planned. However,
even with a substantial ±20% error, the revenue decline is contained within ~13%, and
the method still maintains a significant advantage over the greedy scheduling baseline.
The rolling-horizon mechanism, which re-optimizes every 15 min with updated forecasts,
helps mitigate the impact of past errors. The secondary objectives show similar patterns of
graceful degradation.

4.5. Scheduling Potential Analysis in Large-Scale Scenarios

The preceding sections validated the effectiveness of the models and algorithms
using small-to-medium-scale cases. To explore the performance and potential of the
proposed bidirectional charging scheduling optimization model and solution method in
real-world, large-scale future application scenarios, this section conducts a large-scale
scheduling simulation experiment based on EV market and charging infrastructure data
from Chongqing.

(1) Large-Scale Simulation Scenario Setup

The simulation is based on a regional grid scenario in Chongqing. According to
forecasts by the International Energy Agency (IEA) and relevant national plans, China’s
EV stock is expected to reach 100 million by 2030. Against this backdrop, the regional
EV stock for this simulation is set at 500,000 vehicles. Considering user willingness to
participate and travel patterns, it is assumed that 10% of EV users are willing to participate
in V2G bidirectional charging activities on the simulation day. Among these, about 50% (i.e.,
25,000 vehicles) are assumed to be traveling and participating in V2G daily. Parameters
like vehicle battery capacity and charging power remain consistent with the settings
in Section 4.1. These vehicles are distributed across multiple public charging stations
in the city.

Regarding charging infrastructure, it is assumed the experimental region in Chongqing
has 500 public charging stations, each equipped with an average of 20 bidirectional chargers,
resulting in a total of 10,000 bidirectional chargers in the region. This configuration yields a
vehicle-to-charger ratio of 1:2.5, aligning with the current development status of EV stock
and charger deployment in China and ensuring sufficient resources for the scheduling
model to operate. EV arrival/departure times and initial SOC are generated via Monte
Carlo simulation based on real-world travel datasets publicly available on platforms like
Kaggle. Battery capacities are randomly distributed between 60 and 100 kWh, and the
bidirectional charging/discharging power is set to 60 kW.

The regional grid underpinning the simulation has a typical “double-peak” base-
line load curve (morning peak: 10:00–12:00; evening peak: 19:00–21:00), with a to-
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tal load approaching 5000 MW. The renewable energy generation forecast curve is as
shown in Figure 2.

A total of 25,000 EVs participate in bidirectional charging activities. Assuming an
average battery capacity of 70 kWh, their theoretical total energy storage capacity reaches
a substantial 1750 MWh, equivalent to the scale of a medium-sized pumped-hydro stor-
age plant. Calculated at a charging/discharging power of 60 kW per vehicle, this fleet
could provide up to 1500 MW of instantaneous bidirectional power regulation capability,
accounting for approximately 30% of the regional peak load.

(2) Performance Comparison in Large-Scale Scenario

The performance differences between Scenario 2 (Greedy Scheduling) and Scenario
3 (the proposed Fuzzy Scheduling) are compared under this large-scale setting. Scenario
1 (Complete Information) serves only as a theoretical reference due to its prohibitive
computational complexity. The results are summarized in Table 10.

Table 10. Large-Scale Scheduling Performance Comparison.

Performance Metric Scenario 2
(Greedy Scheduling)

Scenario 3
(Fuzzy Scheduling)

Performance
Improvement

Regional Total Station Revenue 142.5 million CNY 161.8 million CNY 13.50%
Regional Renewable Energy Consumption Rate 76.80% 83.50% 6.70%

Contribution to Grid Peak Shaving and Valley Filling 2150 MWh 2450 MWh 14.00%
Equivalent Peak-Shaving Power ~270 MW ~305 MW +35 MW

In the large-scale scenario, the advantages of the proposed fuzzy scheduling method
(Scenario 3) are further amplified. The regional total revenue reaches 1.618 million CNY, a
13.5% increase over the greedy scheduling approach. This demonstrates that as the vehicle
fleet scales up, precision scheduling based on potential assessment can more effectively
identify and utilize high-value dispatchable resources from the massive fleet, avoiding the
myopic behavior of greedy strategies and thereby generating significant economies of scale.

The experiment proves that in a scenario coordinating 25,000 EVs, the optimized
fleet can form a Virtual Power Plant (VPP) with an equivalent power exceeding 1500 MW.
Scenario 3’s contribution to peak shaving and valley filling is 300 MWh higher than Scenario
2’s, equivalent to providing approximately 35 MW of additional regulation capacity to the
grid during the evening peak period. For a regional grid with a peak load of 5000 MW,
this means a stable reduction of about 0.7% in peak load. Furthermore, Scenario 3 achieves
a renewable energy consumption rate of 83.5%, significantly higher than the 76.8% in
Scenario 2. This indicates that the fuzzy scheduling method can better coordinate the
charging behavior of a massive EV fleet to match the regional PV generation profile,
effectively enhancing the local consumption level of green electricity.

Comparing Tables 6 and 10 reveals that as the vehicle scale jumps from hundreds
to tens of thousands, the performance improvement ratio of Scenario 3 over Scenario 2
remains stable or even slightly increases. This demonstrates the good scalability of the
proposed method; its performance advantages are not diluted by the increase in problem
scale. Moreover, when the number of EVs reaches a regional scale, the constructed multi-
stage fuzzy scheduling optimization method remains effective. The economic benefits
generated by bidirectional charging/discharging, along with its value for grid peak shaving
and promoting renewable energy consumption, are substantial, indicating high practical
application value and promising prospects.

(3) Computational Scalability Analysis

A critical consideration for practical deployment is how the computational time per
time slot scales with the number of EVs. In our framework, EV potential assessment and
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fuzzy allocation requires solving a small integer program for each arriving EV (Section 3.1.1)
and executing the fuzzy inference system. The complexity is O(n), where n is the number
of newly arrived EVs per time slot.

The bi-level optimization (Algorithm 1) complexity depends on the number of active
EVs currently at the station and the scheduling horizon length. In the worst case, if all
scheduling were centralized, the complexity would grow polynomially with the total
number of EVs. However, our proposed architecture is inherently distributable across
charging stations. Each station operates its own local scheduler using the same fuzzy logic
and rolling-horizon method. Therefore, the per-slot computation time at each station does
not scale with the total regional EV count (25,000) but with the number of EVs concurrently
present at that station—a much smaller number.

To quantify this, we analyze the average computation time per 15 min time slot in
our large-scale simulation (25,000 EVs, 500 stations) under the proposed fuzzy method
(Scenario 3). The centralized simulation required ~45 s per time slot on average. In contrast,
the greedy method (Scenario 2) required ~35 s. The additional ~10 s is due to the fuzzy
assessment and bi-level optimization.

For a single isolated station with 20 chargers and a typical arrival rate (scaled propor-
tionally from the large-scale scenario), the average computation time was ~0.5 s per time
slot. When scaled to 500 stations in parallel, the aggregate computational effort would be
equivalent, but wall-clock time would remain near ~0.5 s per station if processed in parallel.
This demonstrates the excellent real-time feasibility of the proposed method.

The sub-linear growth in per-slot computation time is achieved because the fuzzy
logic allocation operates on per-vehicle metrics and local forecasts, avoiding a global
combinatorial explosion. The rolling-horizon optimization at each station considers only
its local active and forecasted EVs. The bi-level decomposition (Algorithm 1) keeps the
scheduling sub-problem tractable for the typical number of EVs at a single station.

The collective experimental results across Sections 4.2–4.5 provide comprehensive
validation of the proposed framework’s effectiveness. They consistently demonstrate
that the fuzzy logic-based rolling-horizon strategy: (1) significantly enhances economic
performance, achieving station revenue much closer to the perfect-information benchmark
than a greedy policy, especially as scale increases; (2) robustly improves the utilization of
renewable energy, maintaining high consumption rates even under generation fluctuations;
and (3) substantially contributes to grid stability, by actively shaping the net load profile to
provide peak-shaving and valley-filling services. These outcomes confirm the framework’s
core capability to make coordinated, forward-looking decisions under uncertainty.

5. Discussion
This study proposes a multi-stage fuzzy scheduling strategy to optimize the coordi-

nated bidirectional charging of electric vehicles with renewable energy and hybrid energy
storage systems under uncertainty. The discussion that follows interprets the key results,
elucidates their practical significance for various stakeholders, and acknowledges the
study’s limitations to chart a course for future research.

The experimental analysis confirms that the proposed multi-stage fuzzy scheduling
framework effectively addresses the challenges outlined in the introduction. The results
substantiate that its hybrid architecture—combining a rule-based, uncertainty-aware alloca-
tor with a deterministic rolling-horizon optimizer—successfully translates into the targeted
practical benefits: increased revenue, enhanced green energy integration, and improved
grid support.
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5.1. Interpretation of Principal Findings

The proposed framework fundamentally differs from classical stochastic or robust
optimization approaches in its hierarchical and hybrid decision-making philosophy. From
“Modeling All Uncertainties” to “Managing Uncertainty with Adaptive Rules”: Traditional
stochastic optimization attempts to model uncertainty distributions explicitly, while robust
optimization immunizes against a pre-defined uncertainty set. In contrast, our method does
not explicitly model the full probability distribution of future events. Instead, it employs
fuzzy logic as a meta-decision layer that uses high-level, interpretable rules to dynamically
adjust its operational strategy based on real-time assessments of uncertainty severity. This
shifts the focus from precise probabilistic prediction to robust, rule-based adaptation.

The fuzzy controller first makes a strategic classification for each EV, a discrete decision
that is difficult to encode efficiently in a monolithic stochastic MILP. The rolling-horizon
optimizer then performs tactical scheduling of energy flows given this classification. This
decomposition separates the high-combinatorial “which vehicle gets which resource” prob-
lem from the “how much and when” energy dispatch problem, a separation not typically
found in traditional integrated stochastic models.

The experimental results demonstrate the clear superiority of the proposed fuzzy
logic-based scheduling method (Scenario 3) over a myopic greedy approach (Scenario
2) and establish a benchmark against perfect-information scheduling (Scenario 1). The
principal findings can be interpreted as follows:

First, the significant revenue improvement achieved by the fuzzy method in large-scale
simulations underscores the economic cost of decision myopia in uncertain environments.
The greedy algorithm, by optimizing only for the immediate stage, fails to reserve flexible,
high-potential charging pile resources for more valuable EVs that may arrive later or for
more favorable grid-price periods. In contrast, the fuzzy scheduler, through its integrated
assessment of an EV’s inherent and its consideration of forecasted arrival and generation
trends, makes allocation decisions that are suboptimal in the immediate term but superior
for global, multi-stage revenue maximization.

Second, the concurrent enhancement in renewable energy consumption rate and grid
peak-shaving contribution reveals the critical role of flexibility coordination. The metric
effectively identifies EVs whose charging schedules can be shifted or interrupted with min-
imal impact on user satisfaction, thereby creating temporal “buffers” to absorb renewable
energy surpluses. By preferentially assigning such flexible EVs to bidirectional chargers,
the scheduler unlocks their dual function: acting as a delayable load during valley periods
to store excess green power, and acting as a dispatchable generator during peak periods
to release it. This transforms the EV fleet from a passive, aggregated load into an active,
grid-responsive resource that simultaneously pursues economic and green objectives.

Finally, the scalability and stable performance improvement observed as the problem
size grew from tens to tens of thousands of EVs is a crucial finding. It validates that the
proposed framework—combining a computationally efficient rolling-horizon structure
with a low-complexity fuzzy inference system—does not suffer from the “curse of di-
mensionality” that plagues many centralized optimization schemes. The decomposition
into sequential, smaller-scale problems and the rule-based allocation make it feasible for
real-world, region-level implementation.

5.2. Managerial Insights

The findings offer actionable insights for key stakeholders in the e-mobility and
energy ecosystem.

For Charging Station Operators: The results argue for a strategic mix of unidirectional
and bidirectional chargers, complemented by fast-responding storage. Investment decisions
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should be guided by analyses of local EV user dwell-time patterns and grid peak/off-peak
tariffs, rather than merely maximizing charger count.

Moving beyond first-come, first-served rules is essential. Operators should implement
scheduling platforms capable of rolling-horizon optimization and integrating short-term
forecasts. The proposed EV potential assessment can serve as a core tool for identifying
high-value customers and enabling premium V2G services.

Sustainable V2G participation requires user buy-in. Operators can design dynamic
revenue-sharing models that pass a portion of grid service revenues back to participating
users. Offering priority scheduling or discounted charging rates to high-potential EVs can
further encourage battery capacity sharing.

Furthermore, the proposed framework is designed with modularity and parameteri-
zation in mind, enabling its application to a wide range of real-world settings. The core
model (Section 2.2) is agnostic to the specific numbers of unidirectional and bidirectional
piles, as well as the power ratings of the storage battery and super-capacitor. These are
input parameters (Table 4). The fuzzy controller does not rely on these absolute values but
on relative metrics. Therefore, the framework can be directly deployed to stations with
different charger mixes and ESS capacities by updating the parameter file. The scheduling
logic automatically adapts to the available resources.

The framework’s performance is inherently linked to renewable availability, but its
operational logic is robust across different penetration levels. With high penetration,
the optimizer and ESS will prioritize storing and utilizing more green energy. With low
penetration, the system will naturally rely more on grid electricity, but the fuzzy controller’s
rules will adjust the aggressiveness of V2G dispatch accordingly. The key input quantifies
volatility, not absolute generation, making the rule base applicable whether volatility comes
from a large but intermittent solar farm or a small wind turbine.

The “renewable generation” input can represent any local stochastic generation (e.g.,
small hydro, fuel cells). Similarly, additional or different types of storage can be incorpo-
rated by adding corresponding decision variables and constraints to the model. The fuzzy
rule base would remain valid as it operates on higher-level, aggregated metrics.

For Grid Operators and Policymakers: The study shows that optimally dispatched EV
fleets can function as large-scale virtual power plants. Regulators and grid operators should
develop standardized market rules, metering protocols, and settlement mechanisms for EV
aggregators, allowing them to participate in ancillary service markets fairly and efficiently.

The economic viability of V2G hinges on strong price signals. Time-of-use (TOU) tariffs,
critical peak pricing, and real-time pricing must be sufficiently differentiated to motivate
valley charging and peak discharging. Additional green certificates or carbon credits for
V2G discharge could enhance attractiveness. Policies addressing battery degradation cost
compensation are also needed to alleviate user concerns. It is worth noting that the choice
of degradation model (simplified linear vs. detailed non-linear) significantly influences
the calculated compensation and, consequently, the long-term economic sustainability of
V2G operations for all stakeholders. Therefore, developing standardized methodologies
for quantifying and compensating battery wear is essential.

Advancing standardized communication protocols for secure, bidirectional grid-
vehicle interaction is fundamental. Encouraging the creation of anonymized regional
data hubs for EV mobility and charging patterns can significantly improve the prediction
accuracy of all scheduling entities.

For EV Users: The model’s foundation is an incentive-compatible pricing scheme. The
user’s financial compensation is embedded in the price difference, which is calibrated to
be positive during peak periods. This ensures that providing V2G service is economically
rational for a user whose primary constraint is meeting a minimum departure SOC. The

https://doi.org/10.3390/app16031166

https://doi.org/10.3390/app16031166


Appl. Sci. 2026, 16, 1166 33 of 36

“opportunity cost” of having the vehicle’s battery used for grid services is thus directly
priced and compensated within the model’s transactional framework. However, this
simplified model assumes users are price-takers. In reality, individual perceptions of
battery degradation and inconvenience vary. Future implementations could incorporate
user-specific reservation prices or dynamic revenue-sharing contracts to more precisely
match compensation with individual opportunity costs and increase participation rates.

5.3. Limitations and Future Research

This study employs several simplifying assumptions to maintain model tractability
and focus on the high-level scheduling strategy. A key assumption is the constant charg-
ing/discharging power for EVs (Assumption 2), which implies a linear State of Charge
(SOC) change. In reality, lithium-ion battery charging follows a multi-stage profile, typically
consisting of a constant-current (CC) phase followed by a constant-voltage (CV) phase as
the battery approaches full capacity, resulting in decreasing charging power during the
CV phase.

Impact on the Current Model: This simplification primarily affects the temporal
precision of energy transfer near the battery’s upper SOC limit. In our scheduling context,
where the objective is to coordinate numerous EVs over discrete time slots for grid services,
the core decision variables are the aggregate energy amounts to be charged or discharged
within each slot, and the assignment of EVs to chargers. The constant-power assumption
provides a good approximation for the bulk energy transfer (CC phase), which constitutes
the majority of the charging event. The potential overestimation of power during the final
CV phase in our model would have a limited effect on the station’s aggregate load profile
and revenue optimization, as the affected energy quantity per vehicle is relatively small.
Furthermore, the model’s constraints on maximum battery capacity and safe SOC limits
inherently prevent physically infeasible energy allocation.

Future Refinement: A valuable direction for future work is to integrate a more realistic,
non-linear battery charging model into the scheduling framework. This could involve
representing the charging power as a piecewise-linear or SOC-dependent function. The
core fuzzy logic-based allocation mechanism and rolling-horizon architecture proposed
in this paper would remain applicable. The charging potential assessment metrics would
need to be recalculated based on the new power profile, and the optimization model’s
energy balance constraints would require adjustment. Such an enhancement would im-
prove the fine-grained temporal accuracy of the schedule, potentially yielding marginal
improvements in operational efficiency and battery health considerations, especially for
scheduling fast-charging events to a very high SOC.

Linear SOC Evolution Assumption: Closely related is the assumption of linear State
of Charge (SOC) evolution (Assumption 2). Real lithium-ion batteries exhibit non-linear
open-circuit voltage (OCV) characteristics and charging profiles (CC-CV phases). Our
linear model approximates the dominant constant-current (CC) phase but does not capture
the reduced charging efficiency and power tapering in the high-SOC constant-voltage
(CV) phase, or the non-linear discharge voltage curve. The error introduced is primarily
temporal and bounded:

For a charging event from, e.g., 20% to 95% SOC, the linear model may overestimate
the average power during the final 15–20% SOC range. The relative energy transfer error
for this single event is typically less than 5–10% of the total charging energy, depending on
the battery chemistry and the specific SOC operating window.

In our aggregate scheduling context, this error is diluted. The scheduler operates on
15 min slots and coordinates dozens of EVs at different SOC levels. The overestimation for
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one EV ending its charge is often offset by the linear and accurate estimation for others in
their mid-SOC range.

The model’s hard constraints on battery capacity and safe SOC limits prevent the
allocation of physically impossible energy amounts. The economic objective naturally
discourages schedules that would push many EVs into the inefficient high-SOC region
simply because the energy delivered per time slot would be low, even in our linear model.

Therefore, while the linear SOC assumption introduces a small, quantifiable positive
bias in estimating the instantaneous power at high SOC, it does not invalidate the core
comparative findings of this study. The performance superiority of the proposed fuzzy
scheduling over the greedy benchmark, and its ability to enhance renewable consumption
and peak shaving, stems from its strategic decision logic, which is robust to these second-
order physical approximations.

As noted, a valuable future direction is to integrate a non-linear battery model with
piecewise-linear or OCV-SOC-relationship-based efficiency curves. This would allow the
scheduler to make more precise timing decisions, especially for fast-charging applications
and battery health-conscious scheduling.

6. Conclusions
This study addresses the EV bidirectional charging scheduling problem for charging

stations, integrating renewable energy generation and on-site energy storage systems.
Initially, a bidirectional charging scheduling optimization model was constructed based
on complete deterministic information. Building upon this foundation, a multi-stage
bidirectional charging scheduling optimization model was developed to account for the
uncertainties in EV arrivals and renewable energy generation.

To overcome the limitation of traditional multi-stage methods that often pursue locally
optimal solutions at each stage, this paper proposes a fuzzy scheduling method based
on EV bidirectional charging potential assessment. This method comprehensively consid-
ers vehicle maximum discharge capacity, charging flexibility, expected arrival rates, and
renewable energy generation volatility to assign EVs to appropriate charging piles.

In the case study analysis, comparisons were made among the deterministic bidirec-
tional charging scheduling model, the multi-stage scheduling model under uncertainty, and
different solution methods. The results demonstrate that the proposed fuzzy scheduling
method that considers uncertainty exhibits clear advantages in both solution quality and
computational speed.
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