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Abstract-- Electric vertical takeoff and landing aircraft 

(eVTOLs) are expected to play an important role in future urban 

air mobility (UAM) and introduce high-power charging loads to 

urban power systems. This paper reviews eVTOL charging load 

modeling and forecasting methods, with particular emphasis on 

distribution network impacts, grid planning, and coordinated 

operation. First, the charging load formation mechanism of a 

single eVTOL is analyzed from the perspectives of flight energy 

consumption and charging strategies, with emphasis on the key 

factors affecting charging demand. Second, the operational 

uncertainty and charging scheduling methods of aggregated 

eVTOL charging loads at vertiports are discussed, followed by an 

analysis of urban-scale spatiotemporal charging load modeling 

and forecasting. Finally, the paper summarizes the impacts of 

high-power eVTOL charging loads on distribution networks, and 

discusses infrastructure planning, network control methods, and 

coordinated flexibility management. This paper summarizes 

current research progress and, by comparing relevant methods 

developed for EV charging, identifies future research directions 

for mission-driven charging load modeling and the coordinated 

operation of power grids and three-dimensional transportation 

systems. 

 
Index Terms-- Electric vertical takeoff and landing (eVTOL) 

aircraft, Energy consumption, Charging demand modeling, Urban 

air mobility (UAM), Charging strategy. 

I.  INTRODUCTION 

S urbanization accelerates, Urban Air Mobility (UAM) has 

emerged as a promising solution to alleviate ground 

transportation congestion in densely populated urban areas. 

Driven by advances in electric propulsion, autonomy, and 

lightweight materials, electric vertical takeoff and landing 

(eVTOL) aircraft overcome the need for long runways and are 

regarded as a key mode of transportation in UAM, offering 

direct point-to-point connectivity. They can provide lower 

noise emissions [1], reduced operational costs, and zero local 

carbon emissions compared with conventional helicopters, 

making them more suitable for large-scale urban deployment. 

Recent policy documents have clearly promoted their pilot 
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deployment and commercial application. For example, China 

supports the development of short-haul transportation and 

eVTOL passenger networks, and aims to foster a trillion-yuan 

low-altitude economy market by 2030 [2]. In the United States, 

the Federal Aviation Administration identifies eVTOL as an 

important component of Advanced Air Mobility (AAM), and 

highlights vertiport charging and electrical infrastructure as key 

issues for AAM deployment [3]. Similarly, the European 

Commission promotes innovative air mobility services, 

including air taxis, and develops regulatory actions for eVTOL 

aircraft [4]. In the United Kingdom, the Department for 

Transport targets initial passenger and cargo operations for 

eVTOL aircraft by 2028 [5]. These official roadmaps provide 

strong policy support for the future large-scale deployment of 

eVTOLs. 

Unlike ground electric vehicles (EVs), the charging 

requirements of eVTOLs are typically characterized by high-

power demands, tightly coupled with flight missions, 

turnaround constraints, and vertiport scheduling [6]. Recent 

studies evaluate the effects of concentrated eVTOL charging on 

distribution networks, highlighting potential voltage violations 

and capacity constraints at vertiports [7]. Moreover, the 

charging demand of an eVTOL is directly influenced by flight 

distance, payload, environmental conditions, and operational 

uncertainties such as hovering, rerouting, and delay, which 

introduce strong temporal variability and uncertainty into the 

charging demand. As a result, accurate modeling is essential. 

EV charging demand is typically driven by ground traffic 

mobility patterns and user behavior, with relatively flexible 

charging windows. The methodologies are generally 

categorized into two types: model-driven and data-driven 

techniques. Model-driven methods usually employ 

mathematical models, such as stochastic charging load models 

[8] and user equilibrium models [9], to characterize EV 

charging behavior. These methods are interpretable and suitable 

for scenarios where historical charging data are limited, but 

their accuracy strongly depends on assumptions regarding 

travel behavior and charging rules. In contrast, data-driven 
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approaches forecast EV charging demand from historical 

charging records and related contextual variables,  

 
Fig. 1. Multi-scale review framework  

 

without explicitly modeling vehicle dynamics or individual 

behavior. Representative studies have applied PSO-SVM [10], 

context-aware temporal transformer models [11], and other 

machine learning (ML) methods [12] to short-term or hourly 

EV charging demand forecasting. These studies demonstrate 

the ability of data-driven methods to capture nonlinear temporal 

patterns and improve forecasting accuracy when sufficient 

historical data are available. However, these methods rely on 

mature EV charging datasets and provide limited representation 

of operational constraints. Therefore, they cannot be directly 

applied to eVTOL charging demand analysis at the early 

development stage, where large-scale real operational data are 

still unavailable. 

In contrast, eVTOL charging demand studies are still mainly 

based on scenario analysis and mechanism modeling. Existing 

studies usually estimate aircraft energy use from mission 

profiles or trajectory information, and then translate it into 

charging demand at charging stations [13]-[16]. However, they 

often focus on individual parts of the modeling chain. The 

formation mechanism of charging loads under fleet-level 

eVTOL operations, especially with heterogeneous aircraft types, 

has not been sufficiently clarified.  

Recent review studies address eVTOL issues from different 

perspectives. Several surveys focus on autonomy and 

navigation, reviewing perception, planning, and control 

architectures and outlining future research through autonomy 

levels and integration challenges [17], [18]. Others focus on 

flight control [19], safety [20], and environmental impact, such 

as noise prediction and mitigation [21]. Other reviews 

concentrate on onboard power systems, including thermal 

management [22], battery degradation [23], and hybrid-electric 

energy management [24], with limited explicit discussion of 

electric charging and power grid integration. In these studies, 

charging demand characterization is not treated as a primary 

review dimension. As shown in Fig. 1, this review follows the 

formation of eVTOL charging loads across multiple levels. It 

starts from individual eVTOL charging demand modeling, then 

moves to vertiport load aggregation and urban load forecasting, 

and finally discusses distribution  

 
Fig. 2. eVTOL Configurations 

 

network impacts and active scheduling for grid integration. It 

provides a systematic review with the following key 

contributions: 

1) Reviews eVTOL charging demand modeling methods 

from the perspectives of flight energy consumption and 

charging strategies. The key factors affecting charging load 

formation under different flight phases and operating conditions 

are analyzed. 

2) Discusses the formation and uncertainty sources of 

charging loads in large-scale eVTOL operations. Vertiport 

charging load management methods and urban-scale charging 

load forecasting methods and challenges are emphasized. 

3) For the coupling problem between future power grids and 

urban three-dimensional transportation networks, this paper 

summarizes planning, active scheduling methods and 

challenges for distribution networks to address high-power 

eVTOL charging loads. 

 

II.  CHARGING DEMAND MODELING FOR AN INDIVIDUAL 

EVTOL 

As eVTOLs operate differently through distinct mission 

phases, their power requirements vary significantly across the 

flight profile, making charging demand highly sensitive to 

multiple factors. These include airframe structure, weight, route 

planning and environmental conditions such as wind, 

temperature, and air density. Rigorous analysis of these 

determinants is essential, and the accuracy of fleet-level load 

forecasting for eVTOL ultimately depends on the fidelity of 

individual aircraft energy models. 

 

A.  eVTOL Design and Configuration 

Configuration is an important factor for analyzing the 

charging load formation of large-scale heterogeneous eVTOL 

fleets. Existing conceptual design and mission analysis studies 

indicate that different eVTOL configurations lead to different 

aerodynamic characteristics, propulsion architectures, and 

power requirements  [25]. The suitable configuration is closely 

related to payload and mission range in a UAM mission [26], 

[27]. According to the website Electric VTOL News [28], 
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published by the Vertical Flight Society, eVTOL aircraft are 

categorized into the following types based on their thrust types: 

wingless (multirotor), lift + cruise, vectored thrust, hover bikes 

& personal flying devices, and electric helicopters. This 

subsection provides a detailed analysis of three main eVTOL 

categories, as depicted in Fig. 2, and their performance during 

various flight mission phases. 

Wingless multirotor eVTOLs rely on multiple distributed 

rotors for vertical lift and propulsion. Their large rotor disk area 

generally leads to lower disk loading and better hover efficiency 

[29], [30], making them suitable for short-range urban missions 

with frequent vertical operations [30], [31], [32].  This 

configuration also has advantages in compactness and structural 

simplicity [29], which are important for early-stage UAM 

deployment. In contrast, lift + cruise eVTOLs separate vertical 

lift and horizontal propulsion by using dedicated lift rotors for 

takeoff and landing and fixed wings for cruise flight. This 

configuration improves cruise efficiency, but the non-operating 

lift rotors and supporting structures may introduce additional 

weight and drag during cruise [30], [32]. Vectored-thrust 

eVTOLs integrate fixed wings with tilting propulsion systems, 

using the same propulsion system for both vertical lift and 

forward thrust. This configuration benefits from higher cruise 

efficiency and is more suitable for longer-range missions [25], 

[30].  

Overall, different eVTOL configurations correspond to 

different application scenarios and charging requirements. This 

means that eVTOL charging demand should not be represented 

by a single typical aircraft. Instead, heterogeneous fleet 

composition and mission assignment should be considered. 

 

B.  Aerodynamic Model 

The flight mission profile for the eVTOL aircraft follows a 

typical UAM mission, comprising several key phases: startup, 

vertical takeoff, transition & hover, climb to cruising altitude, 

cruise flight, descent, hover again, landing, shutdown, and 

finally, recharging and passenger boarding. The total battery 

energy required for a single eVTOL trip can be calculated by 

integrating the specific power required over time for each flight 

phase, as in (1). 

 
,bat i i

i

E P T=   (1) 

where Pbat,i and Ti are the output power and discharge time of 

the battery during the i-th stage respectively, including hover, 

climb, cruise and descent. 

The power required during takeoff and hover is modeled 

using momentum theory, as shown in (2) [33]. 
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where mg is the takeoff weight of the eVTOL. ηh is the hover 

system efficiency, σ is the disk loading and ρ is the air density. 

In climb and descent phases, the required power is modeled 

in (3) [33]. 

 
Fig. 3. eVTOL flight mission profile 
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where ηclimb is the climb system efficiency, Vclimb is the true air 

speed, which is calculated using the flight path angle γ and the 

assumed rate of climb ROC, as in (4). L/Dclimb is the lift-to-drag 

ratio. 

Cruise flight is modeled using a simple force balance and the 

power required is modeled in (5). 
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where ηcruise is the cruise system efficiency, Vcruise is the cruise 

true air speed, L/D is the lift-to-drag ratio. 

This formulation retains the key variables governing mission 

energy use while relying on aggregate aerodynamic parameters 

rather than detailed vehicle geometry. It does not require large 

training datasets. Other energy models, such as trajectory-based 

models, estimate energy consumption through flight path 

simulation and can capture rerouting, additional hovering and 

non-nominal operations [14]. They require detailed scenario 

settings and higher computational effort. Data-driven models 

predict energy use from operational and environmental samples 

[34]. Therefore, the adopted model provides a suitable balance 

between model fidelity and complexity for charging demand 

analysis. 

Moreover, reserve capacity is critical in eVTOL operations 

to ensure safety during unexpected circumstances such as 

weather changes, air traffic diversions, or technical issues. The 

FAA’s IFR fuel reserve requirement  mandates an additional 30 

minutes of flight at normal cruising speed for helicopters [35]. 

Uber suggests a more tailored approach for eVTOLs, proposing 

a reserve capacity that allows for a 6-minute diversion to an 

alternate landing site [36], [37]. Some studies advocate for a 

reserve capacity of approximately 20% of the total battery 

capacity [33], [38]. 

 

C.  Planning for eVTOLs 

Planning methods determine the operational inputs used in 

energy calculation, such as route length and flight speed. They 

are also closely related to charging demand uncertainty, as 
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obstacle avoidance, airspace restrictions, and rerouting may 

change mission energy consumption and the subsequent 

charging requirement. Existing planning methods can be 

generally divided into path planning and trajectory optimization. 

Path planning generates feasible routes in low-altitude 

airspace. Representative methods include graph-search [39], 

[40], sampling-based [41], [42], metaheuristic [43]-[45], and 

hybrid algorithms [46]. For charging demand modeling, path 

planning mainly determines the spatial and temporal features of 

a mission.  

Trajectory optimization further refines the planned route into 

a safe, smooth, and executable flight trajectory [47]. Existing 

methods can be divided into hard-constrained and soft-

constrained formulations. Hard-constrained methods explicitly 

impose safety, collision avoidance, and dynamic feasibility as 

equality or inequality constraints, such as minimum-snap 

trajectory generation [48], safe flight corridors [49], and 

sequential convex programming [50]. Soft-constrained 

methods incorporate performance requirements into the 

objective function through penalty terms, such as CHOMP [51], 

STOMP [52], continuous-time trajectory optimization [53], and 

B-spline-based methods [54]. A planned path mainly describes 

the geometric route between vertiports, including waypoints, 

route distance, detour length, and corridor connectivity. 

Trajectory optimization further adds time and dynamic 

feasibility to the planned route. It determines speed profiles, 

climb and descent rates, turning behavior, transition duration, 

and transient power demand. These outputs affect eVTOL 

energy consumption, arrival state-of-charge (SOC), and the 

charging energy required after landing. 

Overall, planning methods can be coupled with aerodynamic 

energy models to obtain more realistic mission energy estimates. 

High-fidelity trajectory optimization or control simulation can 

further provide detailed thrust and power profiles, but its 

computational cost limits direct use in large-scale charging load 

studies. Future eVTOL charging demand models should 

balance planning fidelity and scalability. 

 

D.  Key Factors Affecting eVTOL Energy Consumption  

Based on the aerodynamic model and planning methods, the 

key variables affecting eVTOL energy consumption can be 

divided into three groups: aircraft parameters, mission variables, 

and external operating conditions. 

Aircraft parameters determine the basic energy requirement 

of a flight. For heterogeneous eVTOL fleets, payload should be 

given particular attention. Passenger transport, cargo delivery, 

and emergency logistics usually correspond to different payload 

levels and mission patterns. These differences lead to variations 

in energy consumption and charging demand. Therefore, 

payload should not be regarded only as a fixed aircraft 

parameter, but should be incorporated as an operational variable 

in charging demand modeling.  

Mission variables mainly include cruise speed and cruise 

altitude. Cruise speed requires a balance between energy 

consumption and flight duration. Xie et al. [55] showed that 

optimizing the velocity profile can significantly reduce energy 

consumption. Kang et al. [56] further provided a minimum-

energy speed profile for tiltrotor eVTOL aircraft under specific 

time constraints. Cruise altitude also affects energy use. 

Existing studies indicate that energy consumption varies with 

altitude because induced drag and parasite drag change under 

different flight conditions [34]. Li et al. [57] observed that 

minimum energy consumption may occur at certain altitudes 

due to this tradeoff. 

External operating conditions mainly include wind, air 

density, and ambient temperature. Wind has a direct effect on 

mission energy consumption because it changes the relationship 

between airspeed and ground speed. Headwinds can greatly 

increase flight time and energy use, and may cause two to three 

times higher energy consumption than tailwinds in short urban 

flights [58]. Air density also affects lift generation. Lower air 

density reduces lift and increases the required thrust, which 

increases energy consumption [34]. This is closely related to 

cruising altitude, as mentioned above. Ambient temperature 

affects both flight energy use and battery behavior. It changes 

battery efficiency in the short term and accelerates battery aging 

in the long term. In extreme urban environments, temperature 

variation and battery degradation may become important 

factors limiting eVTOL performance [59]. Therefore, external 

operating conditions should not be treated only as background 

parameters. They affect the energy that must be replenished 

after each mission, the reserve margin before departure, and the 

feasible charging power under battery thermal limits. 

Overall, these variables may affect recharge energy, feasible 

charging power, and charging duration. Their representation in 

charging demand models should be selected according to the 

research scenario, since a more detailed description can 

improve accuracy but also increase model complexity. 

 

E.  Charging Strategies for Single eVTOL 

Once the recharge energy required by an individual eVTOL 

is determined, an appropriate battery charging strategy is 

needed to translate this requirement into a charging power 

profile. Common charging strategies include constant current-

constant voltage (CC-CV) charging, multi-stage constant 

current-constant voltage (MCC-CV) charging, constant power-

constant voltage (CP-CV) charging, pulse charging (PC), boost 

charging, and variable-current charging (VCC). 

Among these, CC-CV charging is the most widely used 

strategy. A publicly available eVTOL battery dataset adopts 

CC-CV charging as the standard charging process between 

flight missions [60]. Battery health prediction studies based on 

this dataset also treat charging as an important phase in the 

complete eVTOL mission profile [61]. MCC-CV charging uses 

multiple constant-current stages followed by a final constant-

voltage stage [62]. By adjusting the current level and switching 

threshold of each stage, it can improve the tradeoff among 

charging time, energy efficiency, thermal behavior, and battery 

aging. CP-CV is suitable for high-power charging scenarios 

because it limits input power during the early charging stage 

and retains the voltage-limited termination process [63]. For 

vertiports, this feature can help reduce transient grid impacts 
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while maintaining compatibility with battery-side charging 

requirements. Other strategies, such as pulse charging, boost 

charging, and variable-current charging, remain mainly at the 

cell or laboratory level. Their application to certified eVTOL 

operations still requires validation under high-power, thermal, 

and aging constraints. 

Furthermore, in many studies, the charging process is often 

simplified as a prescribed charging profile. This simplification 

may be acceptable when charging power is moderate and the 

battery has sufficient rest time between cycles. However, its 

validity becomes weaker for eVTOL operations. Compared 

with ground EVs, which generally charge less frequently and 

remain parked for longer periods, eVTOLs may require 

multiple high-power charging events within a single operating 

day. Therefore, the charging strategy cannot be decoupled from 

battery thermal management and aging behavior. In single 

eVTOL charging demand modeling, the key issue is not only 

the nominal charging protocol, but also the effective charging 

power allowed under thermal and aging constraints. High-

power charging may require active cooling, current derating, or 

longer turnaround time. Ignoring these effects may 

overestimate feasible fast-charging capability and 

underestimate charging duration and long-term battery cost. 

 

III.  LARGE-SCALE EVTOL CHARGING DEMAND MODELING 

AND FORECASTING 

This section further extends the analysis from single aircraft 

charging behavior to large-scale charging load formation. At 

the vertiport level, aggregated charging demand is affected by 

flight schedules and operational uncertainties. At the urban 

level, service scenarios and spatial demand patterns determine 

where and when charging loads emerge. Therefore, this section 

reviews vertiport charging load aggregation, charging 

scheduling strategies, and urban-scale charging demand 

modeling and forecasting, providing a basis for subsequent 

distribution network impact and scheduling analysis. 

A.  Vertiport Charging Load Aggregation and Uncertainty 

Characterization 

At the vertiport level, fleet charging demand originates from 

the aggregation of individual eVTOL charging events. This 

aggregation determines the potential charging pressure that a 

vertiport must accommodate before detailed charging 

scheduling is performed. The actual load profile delivered to the 

distribution network is also affected by the charging scheduling 

adopted at the vertiport, which is discussed in the next 

subsection. This subsection mainly focuses on the flight and 

operational uncertainties involved in vertiport charging load 

aggregation. 

The uncertainty of vertiport charging demand first arises at 

the level of individual aircraft and mainly includes operational 

disturbances and weather conditions. Operational disturbances 

include temporary rerouting, additional hovering, landing 

queueing, and short-term airspace restrictions. Once 

meteorological data are available, weather conditions, 

especially strong winds, can be analyzed through aerodynamic 

models to determine their effects on the operation of different 

flight phases, as well as on final energy consumption and arrival 

time. Existing flight simulation datasets in the field of 

aeronautical engineering can also be used, together with data-

driven methods, to identify the relationship between different 

weather conditions and aircraft charging demand. This avoids 

the need to consider the details of specific flight control 

processes. Operational disturbances, such as airspace 

restrictions, can be addressed using the planning methods 

discussed earlier to obtain updated flight routes and control 

parameters, which can then be used to calculate the energy 

consumption of the mission. 

For vertiport and grid operation and scheduling, these 

uncertainties can be described through event-triggered 

mechanisms, with corresponding probabilistic models 

established for different events. If sufficient historical 

operational data are available, the occurrence probabilities of 

different events and their impact distributions can be further 

estimated, thereby reducing the errors caused by subjectively 

assumed probability distributions. 

In addition to uncertainties at the individual aircraft level, 

operational processes at the vertiport can introduce additional 

fluctuations. Flight delays may cause aircraft to arrive in 

clusters, while overlapping charging tasks and changes in 

equipment availability may affect the station load level and its 

available flexibility. Updates to charging schedules within the 

vertiport may further alter the actual station load level. Specific 

methods for addressing these uncertainties in vertiport and 

distribution network operation and scheduling are discussed in 

detail later. 

 

B.  Charging Scheduling for Vertiport eVTOLs 

EV charging scheduling generally adjusts charging time and 

power according to grid conditions and electricity price signals. 

The main objectives are to reduce charging costs and peak 

demand. In contrast, eVTOL charging is subject to hard 

constraints, including turnaround deadlines, safety reserves, 

and mission continuity. Its temporal flexibility is therefore more 

limited. The detailed differences between the two are shown in 

Table I. Vertiport scheduling must therefore determine aircraft 

charging plans from their operating states and subsequent 

missions, under given charging infrastructure and connection 

capacity. These decisions directly shape the actual charging 

load of the vertiport. 

Existing eVTOL studies usually embed charging within 

passenger service and fleet operation. Wu and Zhang [64] 

jointly optimized passenger service and eVTOL charging to 

reduce passenger waiting time. This study was among the early 

attempts to include charging decisions in UAM operation. 

Charging was mainly treated as a turnaround  

 

TABLE I 

Comparison between EV Charging and eVTOL Vertiport Charging 
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Dimension EV charging station eVTOL vertiport charging station 

Arrival time Highly stochastic Highly scheduled  

Dwell time Long (30 minutes to several hours) Very short (10–30 minutes turnaround) 

Charging power level 7 -350 kW 30 kW-2 MW 

Consequence of charging failure Delay / Inconvenience Mission cancellation / aviation safety risks 

User behavior Price-sensitive Insensitive to real-time pricing 

Battery modeling Degradation treated as a slow process Degradation tightly coupled with flight safety 

resource for maintaining flight service. Yue et al. [65] further 

examined how energy and charging constraints affect the 

reliability of UAM services. Kleinbekman et al. [66] proposed 

rolling-horizon arrival sequencing under vertiport capacity 

constraints. Although charging power was not directly 

optimized, aircraft arrival order affects subsequent charging 

opportunities. Shon and Lee [67] further incorporated fleet size, 

vertiport capacity, charging speed, and charging infrastructure 

into an integrated UAM operation framework. They also 

examined the effects of random demand and energy 

consumption. Wu et al. [68] further linked fleet operation with 

smart charging. Their method derived charging windows and 

energy requirements from flight schedules and then optimized 

charging plans to assess the value of smart charging for grid 

integration. 

Overall, existing studies mainly determine charging 

opportunities from passenger service and fleet operation. 

Charging is usually treated as a resource constraint in the 

turnaround process. Few studies explicitly optimize eVTOL 

charging. A systematic scheduling framework for eVTOL 

vertiports is therefore still lacking. 

We believe that future research should focus on coordinated 

scheduling in integrated energy hubs. Early vertiports may be 

developed by expanding airports, railway hubs, or existing EV 

charging facilities. Their energy systems may include eVTOL 

and EV charging, local loads, storage, and distributed 

photovoltaic generation. Scheduling models should jointly 

determine eVTOL and EV charging power, storage charging 

and discharging, renewable energy use, and grid power 

exchange. The scheduling problem should balance aviation 

operation, economic performance, and the requirements of the 

power grid. Flight mission completion and safety requirements 

should be treated as primary constraints, while station operating 

costs, peak demand, renewable energy utilization, and vehicle 

charging performance can be optimized within the feasible 

operating range. 

eVTOLs and EVs should not be modeled as homogeneous 

flexible loads, since EVs usually have longer parking durations 

and can provide greater load-shifting flexibility. Vertiport 

scheduling should also be linked to single aircraft charging 

models. Aircraft charging power should vary with SOC, 

temperature, battery health, and thermal management capability.  

The study conducted in [69] has begun to coordinate electric 

aircraft charging with parking EV loads. It converted 

conventional commuter flights into multiple electric aircraft 

missions using actual airport schedules. It reduced 

simultaneous charging peaks by adjusting aircraft arrival times. 

Aircraft charging loads were then generated from predefined 

battery capacities and charging power levels. The study 

considered airport microgrid energy balance and power 

exchange with the main grid. However, it did not further model 

detailed distribution network constraints. 

Building on this work, future models should replace 

predefined aircraft charging profiles with mission-driven 

charging demand and dynamic power limits. They should also 

distinguish the service priority and flexibility of eVTOL and 

EV loads, while incorporating grid capacity, voltage, and 

equipment operating limits.  

 

C.  Urban-Scale Charging Demand Modeling and Forecasting 

Modeling and forecasting eVTOL charging loads at the 

urban level are essential for understanding their temporal and 

spatial distribution and assessing their impacts on urban power 

systems. Such analyses provide critical inputs for vertiport 

infrastructure planning and grid integration studies. 

Existing EV studies are reviewed here mainly as 

methodological references. They can be divided into three 

groups. The first group reconstructs the load formation process 

from vehicle travel activities and charging behavior. Liu et al. 

[70] proposed a data-driven trip-chain modeling framework. It 

includes travel data processing, EV stock forecasting, trip 

synthesis, charging demand simulation, and load profile 

generation. It uses real-world travel data to estimate regional 

charging demand under different charging scenarios. This 

approach is useful for generating medium- and long-term load 

scenarios when complete charging records are unavailable. 

Zhang et al. [71] further incorporated private EV operating data 

in Beijing, the urban road network, and the distribution of 

public charging facilities. Their model jointly simulates vehicle 

trip chains, charger occupancy, and interactions among vehicles. 

It predicts the number of charging vehicles and charging power 

in different urban areas. V2Sim [72] further integrates 

microscopic vehicle mobility and charging simulation with 

distribution network analysis, enabling individual EV behavior 

to be translated into urban charging loads and grid operating 

states. When complete mobility data are unavailable, Qian et al. 

[73] jointly estimated EV origin-destination (OD) demand and 

optimized traffic sensor placement, providing mobility inputs 

for spatial charging demand analysis under limited observations.  

The second group uses traffic assignment models to describe 

the spatial distribution of EVs across roads and charging 

stations. Deterministic user equilibrium assumes that all used 

routes between the same origin and destination have the same 

generalized travel cost. Stochastic user equilibrium further 

considers differences in drivers’ perceptions of travel time, 
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congestion, and charging cost. Huang and Kockelman [74] 

incorporated road congestion, station queues, and charging 

prices into a user equilibrium model. The model determines 

vehicle routes, charging station choices, and the spatial 

distribution of charging demand. The study conducted in [75] 

further combined stochastic user equilibrium with trip chains. 

It used an extended Logit model to represent route choice and 

jointly obtained road traffic states and the spatiotemporal 

distribution of charging loads. Dynamic traffic assignment 

further tracks vehicle movements over time across roads and 

charging stations. Tang et al. [76] integrated trip chains with 

dynamic user equilibrium. Their model captures route choice, 

fast and slow charging behavior, and SOC evolution. It also 

shows how the corresponding charging loads vary over time. 

Liang et al. [77] further used time-expanded user equilibrium to 

model the temporal evolution of travel and charging choices. 

The third group uses historical charging data for short-term 

spatiotemporal forecasting. For example, Wang et al. [78] 

proposed a heterogeneous spatiotemporal graph convolutional 

network to predict EV charging demand at different temporal 

and spatial scales. Kuang et al. [79] developed a physics-

informed graph learning model that combines charging demand 

prediction with dynamic pricing. These methods learn spatial 

correlations among stations and periodic load patterns. They are 

suitable for short-term scheduling when sufficient operational 

data are available. 

These EV methods also differ in whether the charging 

station layout is predefined. Trip-based models can estimate 

regional charging demand without specifying the exact location 

of each station. In contrast, traffic assignment methods usually 

assume a given set of charging stations and estimate how 

vehicles and charging loads are distributed among them. Data-

driven forecasting methods also rely on an established charging 

network and historical observations from individual stations. 

For eVTOLs, these conditions are not yet sufficiently 

established. Vertiport networks have not been widely deployed, 

and flight and charging data remain limited. Existing EV 

methods therefore cannot be directly applied to characterize the 

urban spatiotemporal distribution of eVTOL charging loads. In 

EV systems, drivers can jointly choose travel routes and 

charging stations. Traffic assignment combined with charging 

decisions can therefore determine vehicle arrivals and charging 

demand at individual stations. In contrast, the large-scale 

operating pattern of eVTOLs originates from urban service 

demand but must still be converted into actual aircraft 

movements through operator task scheduling and fleet dispatch. 

These processes ultimately determine the spatial and temporal 

distribution of aircraft and their charging requirements. In 

addition, eVTOL missions are more diverse. They may include 

passenger transport, cargo delivery, medical transport, and 

emergency response, and some missions do not involve 

passenger travel.  

Another key issue is the complex coupling among urban 

mission demand, ground transportation, and charging loads [80]. 

The spatiotemporal distribution of service demand largely 

determines vertiport locations and service coverage, while the 

charging loads created by flight missions further determine 

charger capacity and distribution network expansion 

requirements. In turn, the vertiport layout affects service 

accessibility and mission allocation. Charging capability and 

grid connection capacity may also constrain aircraft turnaround 

and charging scheduling. Through their effects on operating 

cost and service quality, these factors may further influence 

eVTOL demand, operator scheduling, and the resulting 

charging loads. 

Based on these differences, urban-scale eVTOL charging 

load modeling generally requires a predefined or assumed 

vertiport network. Unlike EVs, eVTOL arrivals at vertiports 

cannot be derived from traffic assignment alone. Aviation 

operation models are needed to provide flight schedules and 

aircraft arrival information for each vertiport. At the early stage 

of eVTOL deployment, when large-scale operational data 

remain limited, existing short-haul flight schedules can be used 

to construct representative operating scenarios. The resulting 

flight schedules and aircraft arrivals can be combined with 

single-aircraft energy and charging models and vertiport 

scheduling to generate charging load profiles for each vertiport. 

Aggregating the loads of multiple vertiports across time and 

space yields the urban-scale charging load distribution under a 

given operating scenario. As vertiport charging data accumulate, 

data-driven methods can further learn temporal patterns and 

spatial correlations among vertiports for short-term forecasting. 

 

IV.  DISTRIBUTION NETWORK PLANNING AND COORDINATED 

OPERATION FOR EVTOL INTEGRATION 

The preceding sections mainly introduce the modeling 

mechanism of eVTOL charging loads, large-scale charging 

load forecasting, and vertiport charging strategies. This section 

shifts the focus from the formation of charging load to grid 

integration. It first discusses the impacts of large-scale eVTOL 

charging on distribution networks and then reviews distribution 

network planning and coordinated operation methods. 

 

A.  Distribution Network Impacts  

As discussed in the previous chapter, the charging demand 

of eVTOLs depends on many factors. Current small electric 

aircraft generally require charging power in the range of several 

hundred kilowatts. However, as future demand continues to 

grow, megawatt power levels for charging will eventually 

become necessary [81]. Meanwhile, the high operational 

turnover and punctual departure requirements of eVTOLs can 

lead to multiple aircraft charging within the same time windows, 

which may create significant spikes at the feeder level and cause 

issues such as undervoltage and equipment capacity overload. 

Relevant studies have shown that eVTOL charging 

requirements can cause the peak load at the charging stations to 

increase by six to seven times, while the existing systems can 

only handle two to three times the current demand [7]. 

Additionally, the aggregated power of vertiports is influenced 

by flight missions and schedules, with user demand 

significantly impacting the energy consumption and charging 

requirements of eVTOLs. Distribution networks therefore face 
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a highly concentrated transportation load. 

 

B.  Distribution Network Planning and Coordinated 

Operation with eVTOL Charging 

To address the capacity and operational challenges caused 

by eVTOL charging, both vertiport and distribution network 

measures can be considered. Integrated energy microgrids can 

reduce vertiport dependence on the external grid by 

coordinating local generation, energy storage, and flexible 

loads. This approach has been discussed in Section III-B and is 

not repeated here. This section focuses on distribution network 

responses over different time scales. Long-term measures 

include infrastructure planning and capacity enhancement, 

while short-term operation can use network reconfiguration and 

Volt/VAR Control (VVC). When these measures are 

insufficient, the DSO can further coordinate charging resources 

and other distributed flexibility. 

1) Infrastructure Planning and Capacity Enhancement 

Distribution networks in areas with insufficient capacity will 

require infrastructure expansion and upgrades. Vertiport siting 

and the internal configuration of charging facilities and energy 

storage depend on transportation demand, aviation operations, 

land availability, and investment decisions. These issues are not 

discussed in this subsection. From the grid perspective, the 

main task is to determine the location, capacity, and timing of 

upgrades to feeders, transformers, connection lines, and 

substations. 

Existing UAM studies have examined whether available 

power capacity can support large-scale aviation electrification 

at a broad system level. Thipphavong [82] estimated the 

number of UAM aircraft that could be charged simultaneously 

in different years based on the available capacity of the three 

major U.S. interconnections. The study also considered the 

reduction in remaining capacity caused by the growth of ground 

EVs. It assumed that electricity could be delivered as needed 

within each interconnection. It only provides a capacity 

estimate and does not represent power flow, equipment limits, 

or local constraints in distribution networks. It is also not 

suitable for direct investment decisions. 

Distribution network expansion studies for EV integration 

provide useful methodological references. Wang et al. [83] 

developed a mixed integer nonlinear model for large-scale EV 

integration. The model determines expansion plans under 

network operating constraints and represents additional 

charging demand through multiple demand scenarios. It is 

suitable when load scenarios are largely known, although the 

results still depend on the predefined scenarios. 

When charging demand grows over time, multistage 

planning can update investment decisions across different 

development periods. Tao et al. [84], for example, proposed an 

adaptive joint planning method for electricity networks and fast 

charging stations under EV diffusion. The method can reduce 

the risk of overinvestment caused by one-time expansion. 

However, it requires credible forecasts of future EV diffusion 

and regional charging demand. 

When future loads are uncertain, Bañol Arias et al. [85] 

developed a multistage joint expansion model for distribution 

systems and EV charging facilities. The network decisions 

include the construction or reinforcement of substations and 

lines, together with distributed generation and capacitor 

allocation. Chance constraints are used to control the risk of 

insufficient substation capacity and ensure that demand is met 

at a specified confidence level. A higher confidence level 

improves robustness but usually increases investment cost. 

Xiang et al. [86] further proposed a two-stage distributionally 

robust joint expansion model. Candidate charging system plans 

are generated through a queuing model. Compared with 

conventional worst-case approaches, this method can use 

available data and reduce conservativeness, although it is more 

complex to formulate and solve. 

Ehsan and Yang [87] proposed a multistage planning method 

using representative scenarios for active distribution network 

reinforcement. Their model jointly considers the construction 

or reinforcement of substations and feeders, together with wind, 

photovoltaic, and capacitor investments. Its main value lies in 

comparing traditional network reinforcement with active 

resource investment in terms of long-term cost and supply 

capability, and in assessing whether distributed resources can 

defer network expansion. 

Overall, these studies provide a methodological basis for 

distribution network planning under eVTOL integration. The 

key is to develop vertiport load scenarios, growth paths, and 

uncertainty descriptions that match the planning horizon.  

2) Network Reconfiguration and VVC 

Distribution networks can also use network reconfiguration 

and VVC to improve operating conditions under high-power 

charging loads. Network reconfiguration changes power flow 

paths by adjusting switch states and can relieve local overloads 

by using the spare capacity of neighboring feeders [88]. Its 

effectiveness is limited by network topology, available feeder 

capacity, and switching constraints. It is therefore more suitable 

as a local operational mitigation measure. 

VVC further coordinates EV charging equipment with 

conventional voltage regulation resources. Dutta et al. [89] 

proposed a dual-stage VVC method. Devices with different 

response characteristics are coordinated across multiple time 

scales. Hu et al. [90] used the aggregated reactive power 

capability of EV chargers for real-time voltage regulation. 

Wang et al. [91] further coordinated EV active charging power 

and charger reactive power output. 

These methods are also applicable to eVTOL charging 

integration, but their operating limits need to be reassessed. The 

active power flexibility of eVTOL is generally lower than that 

of EV. Compared with direct active power curtailment, reactive 

power support from charging interfaces may be more suitable 

for eVTOL applications. However, this capability is limited by 

converter ratings, thermal constraints, and charging operating 

conditions. Future research should use vertiport load forecasts 

to evaluate the effectiveness and control limits of these methods 

under high-power eVTOL charging. 

3) Flexibility Coordination 

When network reconfiguration and VVC are insufficient to 

maintain secure distribution network operation, the distribution 

system operator (DSO) can further coordinate flexibility from 
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charging stations and other distributed resources. Unlike 

internal charging scheduling at a vertiport, the focus here is to 

identify the adjustment capability that each station can provide 

and to coordinate this capability across multiple stations and 

other flexible resources. 

An aggregate model of charging resources is first required. 

If the distribution network directly models the behavior of every 

vehicle, the model size and computational burden increase 

rapidly with the number of vehicles. Existing studies therefore 

convert individual vehicle constraints into station or aggregator 

feasible power regions. Jian et al. [92] proposed an analytical 

polytope approximation to characterize the aggregate 

dispatchable region of large-scale EVs under uncertainty. Lu et 

al. [93] further applied polytope-based aggregation to day-

ahead bi-level scheduling of an active distribution network.  

Zhang et al. [94] improved the computational efficiency of this 

approach by developing a fast polytope-based method. Zou et 

al. [95] further incorporated aggregation and disaggregation 

into the same framework, allowing the aggregate region to be 

translated back into individual charging schedules. These 

methods provide compact representations of large vehicle 

populations, but the resulting regions are generally estimated 

before actual operation and may become inaccurate when 

vehicle availability or charging requirements deviate from their 

forecasts. 

Aggregate models not only reduce computational 

complexity but also provide a unified interface between 

charging operators and the DSO. Charging operators do not 

need to disclose the detailed status of every vehicle. They only 

need to submit an aggregate power range that remains internally 

feasible. The DSO can then include this range in power flow, 

equipment capacity, and security constraints without directly 

controlling individual vehicles. However, the flexibility 

calculated by a charging operator does not necessarily represent 

the flexibility that can be safely used by the grid. Wang et al. 

[96] therefore evaluated the operating boundaries of EV 

aggregators together with distribution network constraints 

before the flexibility was provided to the upper-level system. 

Its main limitation is that the internal scheduling and rapidly 

changing operating states of individual stations are represented 

in less detail. Other coordination methods similarly incorporate 

distribution network constraints into the flexibility activation 

process [97]. These studies distinguish the theoretical flexibility 

of charging resources from the flexibility that can be safely 

activated by the grid.  

After aggregate flexibility is identified, the DSO can activate 

it through different mechanisms. The most direct approach is to 

include the aggregate feasible region in distribution network 

optimization and determine power schedules or adjustment 

targets for charging stations. For multiple charging stations 

operated by different entities, distributed coordination can also 

be adopted [98]. Each station retains its internal vehicle 

information and scheduling authority, exchanges only 

aggregate variables with the DSO, and iteratively reaches a 

coordinated solution that satisfies network constraints. While 

[98] focuses on distributed coordination between charging 

stations and the distribution network, [99] further introduces 

peer-to-peer energy trading among charging stations, while 

allocating economic benefits among participants. This allows 

surplus flexibility at one station to support another, but it also 

increases dependence on communication, market rules, and 

accurate flexibility assessment. 

Other flexible resources can be included to reduce the 

adjustment pressure placed on charging loads. Yan and Chen 

[100] coordinated charging stations with shared energy storage 

and used distributed optimization to balance the interests of the 

DSO, charging stations, and the storage operator. Its value 

depends on storage location, capacity, and service cost. This is 

particularly relevant to eVTOL charging. 

Economic signals provide another way to activate flexibility. 

Yang et al. [101] used dynamic incentive prices to encourage 

charging stations to adjust their loads. Qian et al. [102] 

developed a tri-level demand response framework in which the 

distribution network designs incentives and available flexibility 

is enhanced through charging station strategies and EV users’ 

charging choices. Ge et al. [103] used distributed game-

theoretic and pricing mechanisms to coordinate multiple 

participants in coupled energy, transportation, and information 

networks. Price-based and demand response mechanisms 

preserve the autonomy of charging operators and users, but 

their effectiveness depends on participation willingness and 

price responsiveness. 

Flexibility coordination must also account for forecast errors 

in aggregate regions and actual responses. Uncertainty may 

cause the available adjustment range to deviate from its day-

ahead estimate. In addition to the joint chance-constrained 

method in [104], distributionally robust optimization can also 

be used [105]. Chance-constrained methods are suitable when 

reliable probability information is available, whereas 

distributionally robust methods are more appropriate when data 

are limited or the underlying probability distribution is difficult 

to identify. These methods improve the reliability of day-ahead 

coordination, but they cannot fully capture changes that occur 

during operation. To address this problem, Yan et al. [106] used 

real-time feedback to update aggregate flexibility when actual 

charging states deviated from earlier estimates.  Wang et al. 

[107] further linked online flexibility estimation with 

hierarchical coordination. Zhang et al. [108] used a learning 

framework to accelerate flexibility estimation and real-time 

command allocation, although its reliability depends on the 

coverage of the training scenarios. Other learning-based 

methods, such as offline meta-reinforcement learning, can 

improve the adaptation of control policies to different 

regulation tasks [109]. These methods are particularly useful 

when flexibility changes rapidly and repeated model-based 

optimization becomes computationally demanding. 

These studies provide a basis for coordinating vertiport 

flexibility in distribution networks, but the aggregate model 

must be reformulated to reflect aviation operating constraints. 

Aggregating the feasible regions of individual aircraft can form 

a dynamic power region at the vertiport level. Moreover, 

compared with EV charging stations, the aggregate feasible 

region of a vertiport is generally narrower and changes more 

rapidly. Flight delays, cancellations, and unscheduled missions 
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can alter aircraft dwell times and charging requirements. The 

vertiport should therefore update its feasible region using the 

latest operational information, while the DSO should revise its 

power limits and coordination plan accordingly. eVTOL 

integration also changes the priority of flexible resource 

activation. The DSO should generally coordinate energy 

storage, ground EVs, and other flexible resources before 

adjusting eVTOL charging within the vertiport feasible region. 

Price mechanisms can still guide ground EVs and other flexible 

loads. For eVTOL services, pricing may also influence travel 

demand and flight scheduling over longer time scales. However, 

this signal must pass through user choice and airline operating 

decisions before affecting charging demand, making it 

unsuitable for real-time distribution network regulation. 

 

V.  CONCLUSION AND FUTURE RESEARCH DIRECTIONS  

This review considers eVTOL charging loads as a multi-

scale coupling problem between aerial mobility operations and 

distribution networks. It emphasizes the importance of charging 

demand modeling and spatiotemporal forecasting for 

distribution network planning and active response, and 

identifies the main priorities for future research. 

The first priority is to establish reliable mission-driven 

charging load models. We believe that microscopic simulation 

is a feasible approach to this problem. By tracking individual 

aircraft operations and charging events across multiple 

vertiports, it can provide a consistent basis for urban load 

forecasting and grid impact assessment. A coupled simulation 

platform for ground transportation, low-altitude air traffic, and 

distribution networks could further support both interaction 

analysis and the validation of scheduling methods. 

It is also necessary to develop intelligent vertiport charging 

scheduling methods that satisfy both flight mission constraints 

and distribution network security requirements. eVTOLs, 

ground EVs, energy storage systems, distributed generation, 

and local station loads should be coordinated within an 

integrated energy microgrid.  

Finally, a bi-level active scheduling framework should be 

developed for distribution networks with eVTOL integration. 

At the upper level, the distribution system operator determines 

vertiport power limits and adjustment requirements according 

to power flow, equipment capacity, voltage, and other operating 

constraints. At the lower level, each vertiport coordinates its 

internal flexible resources and reports its feasible flexibility to 

the distribution network. Information exchange and rolling 

updates between the two levels can coordinate aviation 

operation requirements with secure distribution network 

operation. 
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