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1 Introduction
Amid escalating global climate change, the “dual carbon” goals of carbon peak and carbon neutrality

have become a focal point of global attention and an important strategy for sustainable development [1].
With the rapid development of renewable energy technologies and the increasing public demand for
environmental protection and low-carbon living, the adoption of new energy vehicles, particularly electric
vehicles (EVs), continues to rise. They have become a key force in energy transition and transportation
transformation [2,3]. According to the International Energy Agency (IEA), EVs accounted for 14% of the
total automotive market in 2022, and this share continues to grow [4]. This indicates that EVs will gradually
shift from an emerging mode of transportation to a mainstream choice within the transportation system,
significantly impacting the global automotive industry structure, energy consumption patterns, and urban
transportation ecology [5,6].

However, as the number of EVs grows, their large-scale integration presents significant challenges to
the power system, charging infrastructure, and transportation network. In the power system, EVs, as a
new type of electrical load, exhibit stochastic and concentrated charging behaviors that may further widen
the peak-valley difference in grid load, threatening stability, security, and economic operation [7]. During
peak electricity consumption periods, simultaneous charging of a large number of EVs can cause local grid
overload and even lead to power grid failures, significantly affecting the reliability of the electricity supply.
Moreover, the uncontrolled growth of EV charging loads can increase grid losses, reduce grid operating
efficiency, and raise the operational costs of the power system.

Therefore, the planning of electric vehicle charging stations (EVCS), including the optimal layout,
quantity, and types of EVCS, to meet the growing charging demands of EVs, has become an urgent issue [8,9].
Given the diverse and uncertain travel patterns and charging behaviors of EV users, the planning of
charging infrastructure must consider various factors, such as urban population distribution, traffic flow,
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and land resource utilization. If the planning of charging infrastructure is not rational, it may lead to
uneven distribution of EVCS, with some areas experiencing over-concentration of EVCS while others remain
underserved. This imbalance can negatively impact the charging convenience for EV users and the further
adoption of EVs.

Based on the above, it can be clearly recognized that the energy exchange and transaction activi-
ties between EVs, EVCS, and the power grid are highly interdependent and closely linked, collectively
constituting an integrated vehicle-charging station-grid (VCG) system. This study identifies three main
challenges in the existing VCG systems: Firstly, dynamic resource allocation and demand response are
key to addressing the impact of large-scale EV integration on the stability of the power grid. Through
dynamic resource allocation and demand response mechanisms, it is possible to adjust the distribution of
electricity in real-time, optimize the performance of the power grid, and reduce operational costs. Secondly,
predictive analytics and adaptive scheduling play a significant role in optimizing power grid scheduling and
improving the utilization rate of renewable energy. By employing predictive analysis and adaptive scheduling
strategies, the operational planning of EVCS can be dynamically adjusted to optimize power grid scheduling
and enhance overall energy efficiency. Lastly, multi-stakeholder coordination is crucial for ensuring the
sustainability of the EV ecosystem. By aligning the interests of multiple parties, the further adoption of
EVs and energy transition can be promoted. Fig. 1 specifically illustrates the interaction and collaborative
optimization among parties within the VCG system.
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Figure 1: Interaction and collaborative optimization of VCG

The logical relationships among these three challenges are closely interconnected. Dynamic resource
allocation and demand response provide the foundation for predictive analytics and adaptive scheduling,
while predictive analytics and adaptive scheduling offer technical support for multi-stakeholder coordina-
tion. Only with a robust mechanism of dynamic resource allocation and demand response can efficient
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prediction and scheduling be achieved; and only with accurate prediction and scheduling can the interests
of multiple parties be better coordinated.

To address these challenges, breakthroughs in artificial intelligence (AI) technologies have provided new
ideas and powerful tools for the collaborative optimization of the VCG system. In recent years, significant
progress has been made in data processing, pattern recognition, and decision optimization through AI
technologies such as deep learning, reinforcement learning, and edge computing, demonstrating their strong
capabilities and advantages [10]. By applying these AI technologies to the VCG system, it is possible to achieve
efficient energy allocation, dynamic load balancing, and intelligent scheduling of infrastructure. This can
effectively solve the problems brought about by the large-scale integration of EVs, facilitate the integration
of renewable energy, and accelerate the transformation to low-carbon transportation.

2 Challenges
In this review, we primarily discuss the challenges in terms of the following three aspects: dynamic

resource allocation and demand response, predictive analytics and adaptive scheduling, and multi-
stakeholder coordination.

2.1 Dynamic Resource Allocation and Demand Response
The stochastic nature of EV users’ charging behaviors brings significant challenges to power grids,

including uneven spatiotemporal distribution of charging demand, increasing grid load pressure, and so
on [11,12]. These make traditional static planning models inadequate for addressing real-time dynamic
demands [13,14]. Therefore, dynamic resource allocation approaches and demand response mechanisms
have emerged as promising solutions to accommodate fluctuating charging demands and enable real-time
adjustment to charging patterns [13,15].

Dynamic resource allocation in power grids involves real-time adjustment of energy distribution and
management in response to fluctuating demand and supply conditions [16]. Demand response is an effective
strategy used to adjust electricity consumption based on variable energy availability, price signals, or grid
stability needs, thereby enhancing energy utilization efficiency [17].

To achieve dynamic resource allocation in power grids, extensive research has been conducted. The
dynamic resource allocation in power grids requires real-time responses to fluctuations in supply and
demand conditions [18], necessitating systems with rapid data processing and decision-making capabilities.
Traditional static planning models cannot meet these real-time requirements as they are typically optimized
based on historical data and fixed parameters. In Ref. [19], a sitting and capacity determination model for
EV charging stations was proposed, with each EVCS considered as a distributed resource within the power
grid. Consequently, the strategic placement of EVCS enables the effective allocation of power resources,
optimizing grid performance and minimizing the total system cost. Moreover, EV charging and discharging
operations contribute to demand response [17]. Additionally, Dynamic resource allocation involves multiple
variables, including the charging demand of EVs, the generation of renewable energy, and the load conditions
of the power grid [20]. The interactions between these variables increase the complexity of the optimization
problem. And power management controllers are also a promising way for power resource allocation.
In Ref. [21], an adaptive power management controller was designed to dynamically adjust grid load
distribution. This controller, based on artificial neural network, simulates real-time interactions among EV
users, EVCS and the power grid, effectively enabling the re-allocation of the power resources to enhance grid
stability and efficiency. The vehicle-to-grid (V2G) technology introduced in Ref. [21] also provides a new
dimension for optimizing the location and capacity configuration of EVCS, thereby offering a new direction
for the dynamic resource allocation and demand response of power grid.
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The aforementioned studies have all utilized AI algorithms to a certain extent to achieve dynamic
resource planning and demand response of the power grid, yet there are still some deficiencies. In terms
of dynamic resource allocation for the power grid, current research mainly focuses on short-term models,
and there is a lack of consideration for constructing long-term dynamic models, as well as for the long-term
trends of various factors such as the increase in the penetration rate of EVs, the development of renewable
energy technology, and the reduction in energy storage system costs. Regarding demand response, there
is a lack of performance evaluation of the controller under different dynamic electricity pricing strategies.
Furthermore, different users’ responsiveness to price signals and incentive measures varies, which may lead
to inconsistent demand response outcomes. The implementation of demand response mechanisms requires
advanced metering infrastructure and communication technologies to achieve real-time monitoring of user
behavior and timely delivery of incentive measures. However, the deployment and maintenance costs of
these technologies are relatively high, potentially limiting their widespread application. Moreover, current
electricity market mechanisms may not fully reflect the value of demand response, leading to insufficient
incentives. Future research can address these shortcomings to better achieve continuous optimization and
adaptive adjustment of dynamic planning and demand response strategies for the power grid.

2.2 Predictive Analytics and Adaptive Scheduling
The challenge discussed in this section relates to the forecasting of EV charging load and its impact

on power system scheduling. With the growing number of EVs and the increasing integration of renewable
energy into power grid, accurately predicting the renewable energy generation and EV charging demand,
as well as coordinating the scheduling of renewable energy sources, has become a critical challenge [22]. To
address these issues, extensive studies have explored predictive analysis and adaptive scheduling strategies.

Predictive analysis of renewable energy generation and EV charging load plays a crucial role in optimiz-
ing power grid scheduling while improving the overall utilization of renewable energy resources [23,24]. On
the other hand, adaptive scheduling can dynamically adjust and optimize the operational planning of EVCS
infrastructure based on forecasted EV charging load demand [25].

Over the past decades, numerous innovative methods have been developed to forecast both EV charging
load and renewables, as well as to optimize adaptive scheduling of EVCS. The prediction of EV charging
loads and renewable energy generation involves multiple variables, including weather conditions, user
behavior, traffic flow, policy changes, etc. The interplay among these variables increases the complexity of
forecasting. Moreover, the distribution of EV charging demand is uneven in terms of time and space, which
necessitates that the forecasting models consider spatiotemporal correlations. To address these challenges,
a spatiotemporal graph convolutional network was proposed in Ref. [26] to forecast the spatiotemporal
distributed photovoltaic systems, which provided a reference for the grid scheduling. Moreover, more
accurate load information can be directly obtained by predicting the utilization of EVCS. In Ref. [27], a
novel hybrid forecasting model combining the sparrow search algorithm with bidirectional long short-term
memory networks was introduced, significantly improving the short-term load forecasting accuracy for
EVCS. In Ref. [28], it is demonstrated that more accurate EV charging demand predictions enable enhanced
performance in self-adaptive power grid scheduling.

The prediction of EV charging loads and their impact on power system scheduling is a key challenge.
Existing methods have utilized AI technology to a certain extent to address these issues, but still have
limitations such as data dependency, neglect of dynamic factors, and insufficient prediction accuracy.
Moreover, existing methods largely rely on data from a single geographic region and fail to incorporate a
comprehensive set of factors, such as policy changes, holidays, and working days [29], leading to significant
limitations and weak generalizability. Recently, with advancements in AI technology, its effectiveness in
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prediction and optimization has been well demonstrated [30]. Therefore, future research should focus
on developing AI-based techniques for predictive analysis and adaptive scheduling, particularly in the
interaction between EVCS and power grids.

2.3 Multi-Stakeholder Coordination
The widespread adoption of EVs has not only increased the complexity of power grids but also

introduced significant challenges in balancing the interests of multiple stakeholders, including governments,
charging station operators, EV users, and new energy vehicle companies [31]. Each stakeholder seeks to
maximize their benefits, often leading to non-cooperative scenarios. While government policies prioritize
public charging station construction to promote EV adoption, charging station operators tend to focus on
high-profit areas, resulting in uneven charging infrastructure distribution. This imbalance can cause severe
issues such as hindering industrial development, delaying infrastructure construction, reducing social equity,
impeding energy transition, and economic restructuring [32,33].

To address these coordination challenges, extensive research has been conducted on stakeholder interest
alignment. Ref. [34] examines the coordination problem from the perspectives of EV aggregators and
electricity price policymakers. However, real-world interactions involve a broader range of stakeholders,
including charging station operators, EV users, and grid operators. Therefore, literature [35] proposes a
more comprehensive three-stage energy trading framework for energy agents (including retailers, EVs, and
EVCS). This framework operates by first collecting energy information from all parties, then conducting
negotiations based on predefined rules, and finally reaching energy trading agreements. This approach can
optimize energy resource allocation while improving the efficiency and fairness of energy trading markets.

Furthermore, V2G technology offers a promising solution for coordinating multiple stakeholders. V2G
enables bidirectional energy flow between EVs and the power grid, helping to mitigate load fluctuations
and improve renewable energy consumption rates [36]. Additionally, it can generate additional economic
benefits for EV users, charging station operators, and grid companies [37]. According to Ref. [38], EV users
can earn an average of $8 per month by participating in V2G programs. Nevertheless, several barriers
hinder the practical implementation of V2G technology. Technically, challenges include battery degradation,
communication protocols, and cybersecurity requirements. Economically, unclear distribution mechanisms
and insufficient incentives pose obstacles. Politically, inadequate policies and regulations fail to account for
the distinctive characteristics of V2G compared to stationary energy storage systems. To overcome these
barriers, proposed measures include establishing reliable V2G operation mechanisms and implementing
time-of-use electricity pricing efficiency and fairness of energy trading markets [39].

Currently, most research focuses on V2G’s impact on power systems, with limited studies examining
its role in charging station capacity configuration [40,41]. This gap may exist because the relationship
between V2G and charging station capacity planning involves complex factors such as user behavior, grid
load characteristics, and V2G operation modes. Future research could employ multi-objective optimization
methods that simultaneously consider the economic benefits for charging station operators and V2G’s grid
support functions.

In summary, existing research still faces challenges in effectively coordinating multiple stakeholders.
Such coordination is crucial as it directly affects the sustainability of EV ecosystem, and the economic
viability of all parties involved. Therefore, future studies should explore integrated charging station capacity
configuration models that incorporate both V2G technology and AI to improve stakeholder coordination.
AI can play a pivotal role in this process-machine learning algorithms could predict EV charging/discharging
behavior for more accurate capacity planning, while reinforcement learning could optimize energy trading
processes among stakeholders to achieve more efficient and equitable coordination. Research objectives may
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include developing AI-based comprehensive coordination models, validating their effectiveness through
simulations and field experiments, and ultimately promoting their application in real-world EV ecosystems.

3 Prospects
Based on the above challenges, this special issue aims to focus on “AI-Driven Interaction and

Collaborative Optimization of Vehicle, Charging Station and Grid”. Topics of interest include, but not
limited to:

• Long-Term Dynamic Modeling and Scenario Analysis: Future research should focus on developing
comprehensive long-term models that account for evolving factors such as EV adoption rates, renewable
energy integration, and declining energy storage costs. These models should incorporate dynamic
feedback mechanisms to simulate how policy changes, technological advancements, and market shifts
interact over time. By integrating scenario analysis, researchers can assess different pathways for grid
optimization and adaptive planning under uncertainty.

• Advanced Demand Response and Smart Control Strategies: To enhance demand response effectiveness,
future work should explore adaptive control strategies that dynamically adjust to real-time electricity
pricing and load conditions. AI-based optimization can improve controller performance, ensuring
stability while maximizing cost efficiency. Additionally, V2G capabilities should be further investigated
to enable bidirectional energy flow, turning EVs into flexible grid assets rather than passive loads.

• Improving the accuracy of EV charging load prediction is crucial for efficient power grid manage-
ment. Future research can fully leverage large AI models to deeply integrate historical data, real-time
monitoring information, and various external factors (such as weather conditions, users’ travel, and
charging behavior habits) to predict the charging load accurately. Based on this, it can achieve real-time
optimization of charging patterns, energy storage dispatch, and renewable energy utilization.

• Multi-Stakeholder Coordination and Incentive Mechanisms: The expansion of EV infrastructure
requires collaboration among governments, utilities, charging operators, and consumers. Future stud-
ies should explore incentive-based policies, dynamic pricing schemes, and regulatory frameworks
that encourage investment in charging networks while ensuring grid reliability. Game-theoretic
approaches can help balance competing interests and optimize resource allocation in a decentralized
energy landscape.
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