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Abstract: With the continuous opening of low-altitude airspace and the development of aircraft such
as electric vertical takeoff and landing (eVTOL) vehicles, urban air traffic has become a sustainable
and green development direction for future transportation. Air route networks, as a mainstream
design scheme for air traffic, are able to provide prerequisites for eVTOL and other green aircraft to
enter urban airspace for safe operation, among which air route planning is a fundamental component
of air route network design. Currently, most of the research on aircraft path planning is performed in
free airspace, lacking the analysis and processing for the complex operation environment, which has
led to the high risk and large operation cost of path planning results, failing to meet the demand for
safe and efficient development in the future. Aiming at the above problems, eVTOL-oriented air route
planning research was carried out. Firstly, the urban low-altitude airspace structure was planned,
and the operational levels of eVTOL were clarified; this was followed by introducing the urban
dynamic air–ground risk factors and constructing a dynamic risk assessment model containing risk
level information; finally, the improved A* algorithm based on the risk cost was employed to plan the
eVTOL air route network, which finally realized the purpose of short path length and low total risk.
The simulation results showed that the route generated by the improved A* algorithm could reduce
the risk cost by at least 30% with a relatively small path cost, which ensured the operation efficiency
and safety of eVTOLs and laid the foundation for the further sustainable and green development of
urban airspace in the future.

Keywords: eVTOL; urban air traffic; airspace structure; risk assessment; path planning

1. Introduction

Green and sustainable development is the tendency and target of future transporta-
tion development. With the progress of society and the increase in traffic demand, the
growth rate of urban population and vehicular transport rises by year, but urban ground
transportation tends to be saturated, and its gradually difficult to match the planning and
construction rate to the requirement. Meanwhile, the increase in ground transportation
congestion time and rate have easily lead to the obstruction of mobility, which to a large
extent impedes the process of urban development, and as a result, the aspirations of the
people for a safe, efficient, and novel mode of air traffic. Furthermore, social demands for
the utilization and planning of urban low-altitude airspace have made urban air traffic
become an inevitable trend in the future development of transportation [1].

As the technology related to electric vertical takeoff and landing (eVTOL) vehicles
develops rapidly and ripens, eVTOL has become a focus of future urban transportation
initiatives and has gradually entered the field of livelihood. At present, eVTOL products
such as JAS4-2 from Joby Aviation, VoloConnect from Volocopeter, E20 from Timetech,
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and X2 from Xiaopeng have been successfully test-flown and, in addition, institutions
such as MIT, BUAA, NWIT, and Xihua University have all launched eVTOL research and
development programs.

In terms of regulations, many countries have successively issued related regulations,
proposals, or plans on air traffic construction and facilitation of eVTOL operation with a
view of adapting to the development of modern transportation, as shown in Table 1.

Table 1. Regulations related to air traffic construction.

No. Title of Regulations Country Release Date

1 High-level Regulatory Framework for the U-Space Europe March 2020
2 Proposed Means of Compliance with the Special Condition VTOL Europe May 2020
3 Introduction of a Regulatory Framework for the Operation of Drones Europe June 2022
4 Urban Air Mobility (UAM) Concept of Operations 2.0 USA May 2023

5
Advanced Air Mobility (AAM) Implementation Plan: Near-term
(Innovate28) Focus with an Eye on the Future of AAM (Version

1.0/July 2023)
USA July 2023

6 Outline of the Medium- and Long-term Development Plan for Science
and Technology Innovation in Transportation (2021–2035) China March 2022

7 Provisional Regulations on the Administration of Unmanned
Aircraft Flights China April 2023

8 Proposal for ICAO to Lead the Global Coordination eVTOL Aircraft Japan August 2022

9 Need for Guidelines and Regulatory Framework for Development of
Urban Air Mobility/Advanced Air Mobility (UAM/AAM) Brazil August 2022

10 Hydrogen, a Key Solution to Decarbonize Aviation France,
The Netherlands September 2022

11 K-UAM Grand Challenge Progress and Development Plan Republic of Korea September 2022

In particular, EASA published the world’s first draft rules for urban air traffic in March
2020, laying the foundation for the development of the corresponding services; in May
of the same year, EASA published a proposed conformity assessment methodology for
eVTOL airworthiness certification, providing detailed guidance on how to demonstrate the
safety of eVTOLs; in May 2023, the FAA published the “Urban Air Traffic (UAM) Operation
Concept 2.0” to construct a new version of the blueprint for airspace and procedure changes
for future air-taxis and other advanced air traffic (AAM) operations; in July of the same
year, the FAA formally released the “Advanced Air Traffic (AAM) Implementation Program
V1.0”, which plans to achieve large-scale operation of eVTOLs by 2028; China’s Ministry
of Transportation and Ministry of Science and Technology jointly issued an “Outline of
Medium- and Long-Term Development Plan for Science, Technology and Innovation in
the Field of Transportation (2021–2035)”, deploying the research and development of
flying cars; and the State Council of China promulgated the “Interim Regulations on the
Administration of Flight of Unmanned Aerial Vehicles” in April 2023, which pointed out
the direction of the control over aircrafts in the low-altitude airspace. In addition, countries
such as Japan, Korea, Canada, and Singapore have also introduced corresponding laws
and regulations aimed at strengthening the control of urban airspace while regulating
the operation and management of civil UAVs. Thus, it is evident that the focus of urban
transportation planning has gradually shifted to air traffic.

Currently, “air route” is an important operation mode of urban air traffic, which
could improve the safety and efficiency of aircraft as eVTOLs, facilitate the management
of air traffic, and thus guarantee the safe operation of aircraft in the urban airspace. In
recent years, many breakthrough studies have been conducted in fields such as urban
air traffic, risk assessment, and air route planning. In terms of air traffic design, Li [1]
and Quan [2] systematically elaborated the management methods of urban air traffic
from two different aspects, i.e., airspace structure delineation and aerial–ground traffic
integration, respectively. Wang [3] proposed a linear dynamical system (LDS)-based traffic
assignment method to reduce the complexity of air traffic in accordance with the design
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of UAM corridors. Bharadwaj [4] presented a UAM architecture based on vertical hub
hierarchical and decentralized management. Qu [5] constructed a UAM traffic rule system
from the perspectives of single-aircraft eVTOL, specific routes, and critical control areas. In
terms of risk assessment, Goncalves [6] modeled the UAV safety assessment process through
Petri Nets to analyze the failure conditions under which crashes occurred. Stefano [7]
linked spatially discrete factors affecting the flight of UAVs to the cost of risk for risk
quantification. Zhang [8] and Han [9] analyzed the probability of UAV accidents and failure
cause data, respectively, and proposed methods for calculating the crash impact area,
ground impact accident, and intermediate event probabilities under different operating
conditions. Pang [10] and Hu [11] contributed to the quantification of the risk costs
of flight influences that incorporated fatality risk, property damage risk, and noise, as
well as risk categories such as people, vehicles, and manned aircraft. In terms of path
planning, Zhang [12] and Lin [13] analyzed the risk impact caused by UAV flight and
introduced risk factors into the path planning problem to reduce the risk cost. Li [14]
and Wu [15] proposed various improvement methods for eVTOL path planning from the
perspectives of shortening the path length and generating random collision-free paths,
respectively. Wang [16] proposed a desensitized optimal control (DOC) methodology to
improve the robustness of eVTOL flight trajectories based on the thermal effects and battery
inhomogeneity on flight performance. And, to accommodate the development of air traffic
and support dense aerial operation, the research trend is gradually concentrating on the
exploration of route network planning techniques. Hildemann [17] proposed a multi-
criteria optimization method to improve urban routes under multiple conflicting objectives.
He [18] introduced a route (pipeline) planning method for complex urban environments
based on air corridor structure, decoupling the difficult network planning into a single-
path planning problem so as to design a dense and aligned route mesh structure within
the network. Tang [19] presented a low-altitude management system (LAMS), which
automatically generated a route network with obstacle avoidance capability in low-altitude
airspace according to operational requirements such as departure, destination, and flight
time. Shao [20] constructed an integrated model based on path planning and distributed
sequencing to solve the problem of cooperative scheduling of incoming and outgoing flights
by considering dynamics constraints and prioritization. Neto [21] proposed a trajectory-
based urban aerial-maneuvering simulate platform capable of evaluating generated paths
from the perspective of efficiency and safety.

The aforementioned studies have explored the technical direction for the development
of urban air traffic, but there are still some remaining problems. For example, the granularity
of urban airspace structure is too coarse and unfavorable to the management of various
types of aircraft; the risk assessment of urban airspace does not take into account the entire
elements of space and time, which easily leads to imprecise risk cost; and the planning of air
route network is mostly based on free airspace, with the goal of attaining the shortest path,
but the risk factors of the urban airspace are taken into account less, which results in a large
cost of air route at risk, and a poor adaptive ability of the air route network. In the meantime,
due to the fact that the urban low-altitude airspace environment is extremely complex
on both temporal and spatial scales, and given that the requirements for travel efficiency
and safety are highly stringent, which make the planning of the urban air route network
for eVTOL and other aircrafts more difficult, the demand for the ability of the air route
network’s self-adaptation under the complex urban low-altitude airspace environment is
becoming increasingly severe.

To address the problems of a low rate of airspace utilization, weak robustness, and
the adaptive adjustment ability of traditional aircraft path planning under complex urban
low-altitude airspace environment, this research implemented the delineation of eVTOL
operational airspace by studying the mission requirements of various types of urban
aircrafts and constructed a urban dynamic risk assessment model from spatial–temporal
perspectives by introducing dynamical risk factors such as meteorological threats. On
this basis, considering that the A* algorithm features high search efficiency, strong global
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planning ability, and excellent capability in solving the shortest path, it is thus consistent
with the demand for establishing the eVTOL air route network of higher efficiency and
shorter paths as studied. Therefore, the A* algorithm was adopted as the basic planning
algorithm and was improved by incorporating the risk cost and penalty factors, so as to
construct a safe and efficient urban air traffic route network for eVTOLs. The research
framework is shown in Figure 1, and the specific work and conclusions are as follows:

1. To establish an operational airspace structure model for eVTOLs by delineating the
levels of vertical structure of urban low-altitude airspace based on the classification of
aircraft and operational tasks, so as to facilitate the subsequent risk assessment and
analysis of the main operational levels of eVTOLs;

2. To construct a visualized dynamic risk raster map. By rasterizing the delineated
vertical levels and incorporating various types of dynamic and static risk factors and
other airspace situational characteristics, an urban low-altitude risk assessment model
was developed, based on which the risk values of raster cells were calculated, and
thus regional risk level indicators were designated, providing risk evaluation criteria
for the subsequent planning of air route networks;

3. To propose an improved A* algorithm combining risk and cost, which adopts a repeti-
tive path penalty factor strategy to obtain multiple dynamic optimized paths between
the takeoff and landing points to ensure a balance between flight cost and route
similarity, thereby obtaining a set of paths with lower risk and better performance
to satisfy the operational requirements of eVTOLs, which guarantee operational effi-
ciency and safety and lay a foundation for the further effective opening of the urban
airspace in the future.
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Figure 1. Research framework of eVTOL air route network based on improved A* algorithm.

The proposed method for planning eVTOL air route networks in urban airspace based
on the improved A* algorithm innovatively incorporates dynamic risk maps and penalty
factors, considering urban risk variables in path planning and extending the traditional
single-path planning to air route network design. The network planned based on this
basis could rationally deploy resources according to the dynamic variations in airspace
situational characteristics and intelligently plan air routes, ensuring the operation safety
and travel efficiency of air traffic.
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2. Strategies for Delineating the Structure of Urban Low-Altitude Airspace

Urban low-altitude airspace generally refers to the atmospheric space above the
ground and below 1000 m in altitude that can be exploited by aircraft. Currently, problems
exist in such airspace where multiple aircraft missions are performed but the boundaries
of the demanded airspace are not clear, and where the relevant regulations have not
yet made a detailed plan for the airspace. Since the autonomous collision avoidance
capability of aircraft is not enough to support free flight in the airspace at the current stage,
a reasonable delineation could better guide the safe flight of the eVTOL and other vehicles,
reduce the probability of flight conflicts, effectively manage the flight tasks, and improve
flight efficiency.

To achieve the vertical level structure delineation in urban low-altitude airspace, a
strategy based on aircraft types and operational tasks was adopted in conjunction with
the future development needs, and the operational airspace structure model of eVTOL
was established to determine the main operational altitude of eVTOL. During our research,
it was found that the existing airspace management related regulations and studies, all
of which take altitude as the standard for airspace boundary delineation, namely, by
integrating the current aircraft performance, operational safety needs, and airspace capacity
and considering from the perspective of reducing the operational conflicts of various
types of aircraft, use an altitude layered structure with higher benefits in terms of safety,
efficiency, and noise, which was employed for the delineation of the current urban low-
altitude airspace [22].

According to FAA’s “Advanced Air Traffic Implementation Plan V1.0”, the future AAM
is expected to operate at an altitude of 1200 m, and thus the urban low-altitude airspace
below 1000 m was defined in a vertically inverted hierarchical manner. By defining the
airspace structure in levels, restrictions were imposed on the flight altitude, direction, and
speed of various types of aircraft, thereby reducing the complexity of the airspace structure
and improving the utilization rate, capacity, and operational efficiency. To guarantee flight
safety, buffer layers were set up above and below some altitude layers prone to flight
conflicts [23] to reduce the risk as well as to serve as an emergency operation area reserved
for special cases.

The airspace structure model required reference to the local building heights. In
Chengdu, Sichuan Province, China, for example, most of the buildings in the main region
of the city, such as shopping malls, aged communities, and functional buildings, are lower
than 15 floors (about 50 m); most of the high-rise buildings in the central regions of the
city, such as newly developed communities, office towers, and landmarks, are more than
25 floors (about 80 m) [1], of which there are about 30 high-rise buildings over 200 m and
about 5 over 300 m. The specific airspace structure model is shown in Figure 2, and the
specific delineation strategy is as follows:

1. According to the type of aircraft and the property of the mission, 120 m of urban
low-altitude airspace was taken as the demarcation layer, with lower than 120 m for
the operation of light and small-sized aircraft, 120–150 m was set as the buffer layer,
and 150 m or above was for the operation of medium and large-sized aircraft.

2. Below 120 m:

• Below 50 m was the main area for recreational aerial photographic and private
civil UAV flights, except for special declarations, as a way to better ensure safety
and privacy issues;

• 50–60 m was a buffer layer to avoid interference of civil UAVs with those execut-
ing public duties;

• 60–90 m was the level for public duties performed by small UAVs, and according
to the nature of inspection tasks such as ground transportation, bridges, houses,
etc., UAVs could accomplish most of the tasks in such level;

• 90–120 m was the main operation level for logistics UAVs, and due to the high
takeoff and landing frequency of such UAVs, the operation safety and noise
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problems are relatively serious. Considering the heights of urban buildings and
noise impacts, such a level was applicable for logistics UAVs operation;

• Other types of UAVs were flown at the appropriate levels, primarily based on
the mission requirements.

3. From 120 to 150 m as a buffer layer.
4. 150 m or above:

• 150–270 m as main operation level for medium- and large-sized UAVs for map-
ping, firefighting, and rescue, and helicopters for aerial photography and emer-
gency rescue as well. Such a level should be fully considered for the integration
of operation rules of manned and unmanned aircraft;

• 270–300 m as a buffer layer;
• The airspace above 300 m served as the main levels for eVTOL operation, starting

from 300 m and setting one level every 90 m upwards, with a 30 m buffer
layer between every two adjacent levels, and a course angle of 0–45◦ for each
level [24]. In addition, the buffer layers also served as buffer spacing belts,
emergency avoidance layer areas, and also as emergency accesses for special
mission aircraft, etc.
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With the rapid development of municipalities, there are many aerial risk factors (e.g.,
weather, third-party aircraft) and ground risk factors (e.g., aircraft impact threat to crowds)
in the urban low-altitude airspace, which pose potential flight risks to aircraft. How to
assess the impact of risk costs of the above factors on the flight path planning of aircraft
was a key element in the research.

On the basis of delineating low-altitude airspace structure, the urban airspace environ-
ment was rasterized, and the influences of air situations such as meteorological conditions
and ground environments such as crowd density were analyzed in depth to establish a
dynamic risk assessment model and set up risk assessment indexes. The risk level was
classified based on these risk assessment indexes, and thus a real-time risk raster map was
generated in response to the environmental changes in real time.
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The parameters involved in the risk assessment models and corresponding implica-
tions are shown in Table 2.

Table 2. Parameters related to risk assessment models.

Parameter Implication

C Risk cost

R Risk value, R = δ1 × RS + δ2 × RG, where δ1 and δ2 are the
weighting factors for aerial and ground risks, respectively.

RS Aerial risk
RG Ground risk
k Risk cost adjustment factor
q Hazard factor for dense area
R’ Safety level of urban low-altitude eVTOL operations, people/h

RS(t) Value of aerial risk
CA(t) Cost of aerial collision risk
MET Cost of meteorological threats

γ1 Adjust the coefficients, so that they hold MET ∈ (0,1]

Di,j(t)
Distance between eVTOL i and j in the air relative to the sphere at

moment t

∆xi,j(t), ∆yi,j(t), ∆zi,j(t)
Longitudinal, lateral, and vertical intervals between eVTOL i and

j at moment t
a Radius of sphere

VA
i,j (t) Spatial proximity ratio

CA
i,j(t)

Risk relationship between the temporal and spatial proximity of
eVTOL i and j

γ2
Adjustment factor for the spatial proximity of eVTOL i to j, so that

holds CA
i,j(t) ∈ (0,1]

N(t) Total number of eVTOL i plus aerial third parties j in the area at
time t

z Air velocity
ra Intensity of rainfall in 24 h
P Accident rate
S Accident severity
γ3 Adjust the coefficients, so that RG ∈ (0,1] holds
DS eVTOL vehicle crash severity, i.e., fall risk

M Population of eVTOL vehicle crash impacts, i.e., the size of the
crowd in the area

λ eVTOL aircraft crash rate
L Probability of personnel injury or death upon impact
I Degree of injury
f Urban ground shelter factor
α Impact energy required for 50% mortality at f = 0.5
β Impact energy threshold required for death at f → 0
E Kinetic energy of vehicle impact
m eVTOL mass

vx, vy Instantaneous horizontal and vertical velocities at impact
g Gravitational acceleration

V0 Initial speed value
CD Atmospheric drag coefficient
ρA Air density

Ax, Ay Lateral and vertical windward area
t Time of descent
A Ground impact area of eVTOL falls
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Table 2. Cont.

Parameter Implication

ρ Ground population density in the area at moment t
r Radius of the outer circle of eVTOL
rb Buffer distance
rp Average human body radius

d Horizontal distance traveled by eVTOL during glide descent,
d = Hp/tanθ

Hp
Hazardous altitude, i.e., the lowest altitude at which the aircraft

will have an impact on the ground
θ eVTOL slide angle, θ = arctan(vy/vx)

r(Oi,j,k) Total risk cost corresponding to the raster cell with center point
Oi,j,k

h Operating altitude prior to eVTOL crash

2.1. Urban Risk Assessment Model

Airspace risk assessment refers to analyzing and evaluating the various risks that
may arise when aircraft such as eVTOLs operate in urban airspace. Three-dimensional
rasterized modeling was adopted to classify the eVTOL operational levels, and the aerial
and ground risks faced by each raster cell were subsequently investigated. The risk cost of
eVTOL operation in urban airspace was assessed by aerial risk RS [25] and ground risk RG,
and the following risk assessment, i.e., risk cost model, was established as

C =

{
R·k(1+q)

R′ , Densely populated area
R·k
R′ , Genral area

. (1)

The larger the risk cost C is, the more the operation is less safe or more hazardous.
According to the related works [7,26], population density 2 × 104/km2 was taken as the
demarcation line between densely populated area and general area.

2.1.1. Aerial Risk Assessment

The operation of eVTOL in urban airspace is subject to the impacts of conflicting colli-
sions with other aircraft as well as changes in the weather environment. The two impacts
were defined as collision risk and meteorological threats, and an aerial risk assessment
model was established accordingly as follows:

RS(t) = CA(t) + γ1 MET. (2)

1. Collision Risk

According to the Reich collision model and the circular sphere collision template [27–30],
the distance [31,32] between eVTOL i and other flying object j relative to the circular sphere
at moment t was denoted as:

Di,j(t) =

√√√√(∆xi,j(t)
2 + ∆yi,j(t)

2 + ∆zi,j(t)
2

a2

)
, (3)

and when Di,j(t) >
√

3, eVTOL i and object j are conflict-free at moment t. The longer the
distance between the two, the smaller the degree of conflict risk. Therefore, the spatial
proximity rate was obtained as:

VA
i,j (t) =

Di,j(t)− Di,j(t− 1)
Di,j(t− 1)

, (4)
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where Di,j(t − 1) was the distance between eVTOL i at moment t − 1 and flying object j at
moment t relative to the sphere. When VA

i,j (t) was larger than 0, eVTOL i was in a state
of away from object j, and vice versa in a state of approach. Thus, the risk relationship
between the temporal and spatial proximity of eVTOL i and object j was given by [33]

CA
i,j(t) =


(

1
Di,j(t)

)1+γ2VA
i,j (t), Di,j(t) ≥ 1(

1
Di,j(t)

)1−γ2VA
i,j (t), Di,j(t) < 1

. (5)

The total cost of aerial collision risk between eVTOL i and flying object j in the time
period from t − 1 to t was

CA(t) =
∣∣∣∑N(t)−1

i=1 ∑N(t)
j=i CA

i,j(t)
∣∣∣ . (6)

2. Meteorological Threats

The meteorological threats to the operation of eVTOL in low-altitude airspace mainly
originate from winds and rains of a certain intensity. Due to the dynamically changing
nature of meteorological factors, a BP neural network prediction model was developed to
analyze the meteorological threats, predicting the 19th hour of weather data based on the
previous 18 h data of the real-time coordinate o(x,y,z) of the eVTOL. Meanwhile, by using
activation function Relu to process the output of each neuron, as

Relu(z) =
{

z, z ≥ 0
0, z < 0

. (7)

The vertical level of eVTOL at moment t was chosen, and 50 × 50 = 2500 (x = 1, 2, 3,
· · · , 50; y = 1, 2, 3, · · · , 50) grid points were selected for weather prediction in subsequent
simulations, and the rest of the levels were consistent with the prediction method. For
the coordinate (x,y,z) of each point, the corresponding values of wind speed z and rainfall
intensity ra over a 24 h period were calculated, and the meteorological threats model was
thus expressed as follows:

MET = MET1 + MET2. (8)

The correspondence between wind speed, rainfall intensity, and meteorological threats
is shown in Table 3.

Table 3. Correspondence between wind speed, rainfall intensity, and meteorological threats.

Meteorological Element E1 E2 E3

Wind speed z z < 5.4 m/s 5.4 m/s ≤ z < 10.7 m/s z ≥ 10.7 m/s
MET1 0 1 2

Rainfall intensity ra ra < 10 mm 10 mm ≤ ra < 25 mm ra ≥ 25 mm
MET2 0 1 2

2.1.2. Ground Risk Assessment

The urban ground environment, such as the gathering of people in the area, ground
shelter, etc., influences the damage situation and the degree of danger of eVTOL accidents
in the area. For the event of eVTOL endangering the urban ground population, the ground
impact risk RG of the area at a certain moment was denoted as [34]:

RG = P S=γ3 DS M. (9)
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When the eVTOL fell from urban airspace, the fall risk DS was defined as:

DS = λ·L·I. (10)

Considering the ground shelter and the kinetic energy of the eVTOL crash impact [35],
the probability L of casualty of a pedestrian struck by an eVTOL could be expressed
as follows:

L =
1

1 +
√

α
β

(
β
E

) 1
4 f

, (11)

where f was proportional to the cushioning effect [26]; the expression for the kinetic energy
of impact E, was

E =
1
2

m
(

vx
2 + vy

2
)

, (12)

where vx and vy were [36]
vx = 2mv0

CD AxρAv0t+2m

vy =
√

2mg
CD AyρA

tanh
(√

CD AyρAg
2m t

) , (13)

and t was denoted as:

t|y=h =

√
2m

CD AyρAg
ln

(
exp
(

CD AyρAh
2m

)
±

√
exp
(

CD AyρAh
m

)
− 1

)
, t ≥ 0. (14)

The casualty rate of personnel affected by impact is related to the sheltering effect of
the environment. When the vegetation and the low buildings in the area are denser, the
sheltering effect is better, the impact buffer effect is stronger, and therefore the casualty rate
will be lower. The range of values of ground sheltering coefficient f is (0,1] [37], and the
values are shown in Table 4.

Table 4. Configuration of ground sheltering coefficient f.

Shelter f

No Shelter 0.1
Thinly Veiled Tree 0.2

Trees or Low Buildings 0.5
High Building 0.7

Dense Residential or Industrial Areas 1.0

Measuring the severity of personnel injuries corresponding to different injury types
and the required impact energy thresholds [38], the injury level coefficients I for pedestrians
subjected to eVTOL impacts were obtained as shown in Table 5.

Table 5. Correspondence between the degree of injury to pedestrians from eVTOL impacts.

Type of Personal Injury Degree Coefficient Impact Energy Threshold /KJ

Mortality 1 -

Injured
Life Threat 0.4 386.5

Seriously Injured 0.0499 193.2
Minor Injured 0.0489 77.3
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When an urban low-altitude eVTOL crash occurred, define the number of people M in
the area who collided with an eVTOL as

M = A ρ. (15)

The ground impact area A was related to factors such as the geometry of the falling
eVTOL, the sliding angle, and the height of the person on the ground [39].

A = 2 × (r + rb + rp) × d + π (r + rb + rp)2. (16)

Ground-based crowd density possesses both spatial and temporal attributes [40], and
it varies in different raster cells and time periods. Therefore, a crowd density prediction
model CNN-LSTM based on past crowd density data was established by utilizing convolu-
tional neural network (CNN) and long–short-term memory network (LSTM) [41], and the
ground population density ρ in the area at moment t could be obtained by joint training of
the models.

2.2. Establishment of Risk Map

According to the establishment process of the risk assessment model, it is known that
the risk level of eVTOL in the urban low-altitude airspace is mainly related to the flight
speed of eVTOL, the ground shelter coefficient, the population density, the meteorological
threats, and the proximity rate to other flying objects, etc. Therefore, a high risk can be
regarded when a high-speed eVTOL passes through the area with a low shelter coefficient,
a dense population, poor meteorological conditions, and a low proximity rate, whereas a
low risk is recognized when a low-speed eVTOL passes through an area with a high shelter
coefficient, a sparse population, good meteorological conditions, and a high proximity rate.
Therefore, the following judgment indicators were established to classify the risk level as
shown in Table 6.

Table 6. Risk level classification indicators.

Risk Level Description Indicators of Judgement

High risk Flight restricted areas and obstacles to the
normal flight of aircraft Risk costs C ≥ CHigh

Medium risk Potential risk to aircraft flying in the area Other areas not classified as
high or low risk

Low risk Low risk of aircraft flying in the area Risk costs C ≤ CLow

Based on the dynamic risk assessment model, the total risk value (i.e., the sum of
the aerial risk plus ground risk) for each raster cell in the selected level was analyzed and
computed individually to construct a three-dimensional risk assessment matrix of n × m × k,
where the risk matrix Ck for the Kth level was expressed as

Ck =


r(O1,1,k)

r(O1,2,k)
· · · r(O1,m,k)

r(O2,1,k)
r(O2,2,k)

. . . r(O2,m,k)
...

...
. . .

...
r(On,1,k)

r(On,2,k)
· · · r(On,m,k)


n×m

. (17)

3. Improvement of A* Algorithm for eVTOL Air Route Network Planning

Based on the above strategies of urban low-altitude airspace structure designation, the
study focused on how to efficiently establish a safe and reasonable aerial three-dimensional
transportation network suitable for eVTOL operation under the premise of adapting to the
complicated and dynamically changing situations and guaranteeing the utilization rate of
the airspace.



Sustainability 2024, 16, 561 12 of 30

Parameters involved in the eVTOL route network planning and corresponding impli-
cations are shown in Table 7.

Table 7. Parameters involved in the eVTOL route network planning and corresponding implications.

Parameter Implication

hmin,hmax Minimum and maximum flight altitude
Lp Ground sound pressure, in dB
Lm Reference distance sound level, Lm = 100 dB

l Distance to ground, in m
lm Ground reference distance, lm = 1 m

Lmax Maximum range
C(n) Risk cost
H(n) Adjusted path distance cost

g(n)Oi
, h(n)Oi

Path cost of the optimized pathway node Oi

δ penalty factor, δ =
(

1
Smax

)ϕ

ϕ To set a positive coefficient
Smax Desired maximum similarity of two planned paths, 1 < Smax ≤ 1.0

3.1. eVTOL Path Planning Constraints

The route of eVTOL flight in urban airspace should not only avoid urban buildings and
other operating aircraft, but also meet the requirements of relevant laws and regulations
and the limitations of its own performance. The section mainly focused on the analysis of
eVTOL’s flyable altitude and maximum allowable range.

3.1.1. Flight Altitude Constraints

According to Section 1, under the constraint of flight mission, the operational vertical
level of eVTOL was planned at 300–1000 m. Moreover, the actual flight altitude of eVTOL
should fully consider the number of buildings at such a level and the impact of flight noise
on the residents to ensure that the cost of path planning and the influence are minimized. Set
the eVTOL operation level to be [hmin,hmax], and the flight altitude of eVTOL should satisfy

hmin ≤ he ≤ hmax. (18)

1. Number of High-rise Buildings

The high density of modern urban structures and the number of high-rise buildings
can pose a safety threat to the operation of aircraft such as eVTOL, so the impact of urban
building heights needs to be a key consideration in the path planning for eVTOL. For
example, in Chengdu, Sichuan Province, China, there are about 30 high-rise buildings
over 200 m and 5 over 300 m, and according to relevant regulations, the construction of
buildings over 250 m in height is strictly controlled. It can be seen that in the future, the
airspace above 250 m in Chengdu will be less affected by buildings, and the space available
for eVTOL operation is relatively broad.

2. Noise Impact

An eVTOL is supposed to operate in airspace that does not interfere with residential
life [42]. Currently, the noise of eVTOL varies by model, and since the eVTOL manufacturers
do not disclose the situation of noise emission, the Uber Elevate target noise level (i.e., a
maximum noise of 62 dB at an altitude of 160 m above the ground) was adopted for the
analysis, and the noise pressure was specifically taken to be 100 dB at a reference distance
of 1 m. The equation of the sound pressure at ground level was expressed as [17]

Lp = Lm − 20 log10(l/lm). (19)
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To guarantee the living quality of the residents in the newly developed neighborhood
(i.e., building height of about 80 m), the flight altitude of the eVTOL should be higher
than 125 m when satisfying the acceptable noise intensity of 67 db for urban air traffic, as
calculated by the ground sound pressure formula [43].

The planned eVTOL flight level of 300–1000 m in Section 1 was consistent with the
operational requirements described above, and therefore the subsequent path planning
was developed based on the risk maps for such level.

3.1.2. Maximum Range Constraints

Maximum range Lmax is the furthest distance that eVTOL can reach to ensure a safe
landing under full fuel or full power. eVTOL should complete the mission before energy
exhaustion, so the path planning of eVTOL has to complete the search within the maximum
range distance, i.e., the length of the planned path cannot exceed the limit of Lmax. The total
flight length of eVTOL consists of small path segments between each neighboring raster
node of the pathway. Suppose that the length of each small path segment had Euclidean
distances between the two nodes, then the length of the flight path of eVTOL from the
takeoff point A, via node Oi, and finally arriving at the landing point B was

L =
n

∑
i=1

√
(xi − xi−1)

2 + (yi − yi−1)
2, (20)

and the maximum range constraint was denoted as

L ≤ Lmax. (21)

3.2. A* Algorithm and Improvements
3.2.1. Principles of A* Algorithm

The A* algorithm is one of the most widely adopted algorithms for path planning
problems in deterministic environments, with a favorable global path planning effect,
which is simple and direct way to plan a shortest path between the takeoff and landing
points. The A* algorithm was applied by introducing a cost estimation f (n) as a heuristic
function, denoted as

f (n) = g(n) + h(n), (22)

where n indicated a node or state during the process of searching. By comprehensively
evaluating the distance g(n) to the start position and the distance h(n) to the target position
of the nodes to be expanded around the current search node and selecting the search node
with the minimum generation value for expansion until it expanded to the target node or
the search failed, the A* algorithm makes the whole process of expansion more targeted
and purposeful due to the introduction of the heuristic function, which reduces the number
of expanding nodes and improves the efficiency of path planning and has the advantages
of low computational overhead as well [44]. The A* algorithm created two lists, Openlist
and Closelist, during the process of running, where Openlist was used to store the nodes
that have been searched but not expanded, and Closelist was utilized to store the nodes
that have been expanded. The implementation flow of the algorithm is shown in Figure 3.
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3.2.2. Improvements to A* Algorithm

The heuristic function of the conventional A* algorithm only accounts for the distance
cost, while eVTOL, in actual operation, not only needs to consider the distance cost, but
should also consider the risk cost caused by eVTOL to the ground crowd, buildings, etc.
Meanwhile, the traditional A* algorithm can generally only search a single optimized path
in a single time, while the air route network needs to establish multiple paths, which does
not satisfy the demand of multi-flight vehicle missions. To address the above problems,
the traditional A* algorithm was improved through two aspects: (1) the introduction of
the risk cost, which improved the heuristic term; (2) the definition of the penalty factor,
which was applied to updating the flight cost. The introduction of the risk cost enabled the
A* algorithm to combine with the dynamic risk map to adaptively adjust the flight paths
according to the real-time risk changes, so as to obtain flight paths with lower risk cost;
while by defining penalty factors, multiple paths could be planned between the takeoff
and landing points, thereby constructing a route network consisting of multiple optimized
paths with lower cost and lower risk to enhance the robustness of eVTOL operation and
ultimately achieve a safe and reasonable air route network.

1. Introducing Risk Cost

To reduce the risk cost of planning paths, combined with the risk assessment model,
the heuristic function expression was defined as

f (n) = g(n) + h(n) + C(n). (23)
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Suppose the eVTOL flight takeoff point is A(x0,y0), the flight to-be-expanded node is
B(xi,yi), and the flight landing point is C(xj,yj). The distance h(n) from the to-be-expanded
node to the target location was comprehensively evaluated by the Euclidean distance:

f (n) =
√
(xi − xo)

2 + (yi − yo)
2 +

√(
xj − xi

)2
+
(
yj − yi

)2
+ C(n), (24)

where C(n) = r(Oi,j,k), i.e., the risk value of the risk map corresponding to the raster cell
where this node was located, i = 1, 2, 3. . ., j = 1, 2, 3. . ., k = 1, 2, 3, . . ., l.

2. Defining Penalty Factors

After planning an optimized path, a penalty factor was defined to adjust the path
distance cost of the raster cells through which the path traveled, i.e.,

H(n) = δ·
[

g(n)Oi
+ h(n)Oi

]
. (25)

The flight cost and path similarity were controllable by setting the values of Smax and
ϕ. When Smax = 1.0, it was an invalid penalty factor, and the number of optimized paths
planned in such case was 1. When Smax < 1.0, the penalty factor functioned, and multiple
optimized paths could be obtained.

The heuristic function after introducing the penalty factor was denoted as

f (n)x = H(n) + C(n) = δ·
[

g(n)Oxi
+ h(n)Oxi

]
+ C(n), (26)

where f (n)x referred to the heuristic function for the xth flight path planning. The improved
heuristic function aims at “short distance and low risk” and is able to plan multiple flight
paths with similar distance and risk cost for the same set of takeoff and landing points.

3. Implementation Steps for the Improved Algorithm

Define the takeoff and landing points of a mission area as Ac and Bd, respectively,
where c and d is the number of the takeoff and landing points in the area, c = 1, 2, 3, . . .,
d = 1, 2, 3, . . .; i refers to the number of paths expected to be searched for a pair of takeoff
and landing points, and j refers to the number of paths that had been searched for so far; Pn
refers to the nth flight path from the takeoff point Ac to the landing point Bd, and Ln is the
total length of the flight path of Pn; Cmn refers to the degree of overlap between two flight
paths of Pm and Pn, i.e., the total length of the area where two paths repeated, n = m − 1,
m − 2, . . ., 1; and Smn refers to the similarity of the mth optimized flight path to the nth one,
Smn = (Cmn/Lm), 0 < Smn < 1.0. The specific steps of the improved algorithm are as follows:

Step1: Set the values of maximum similarity Smax, positive coefficient ϕ, and expected
number of search paths i according to the requirements, and at such moment the number
of searched paths is j = 0. Input the risk map of the kth level and read the risk cost value,
thus obtaining the information on environmental obstacles and risk cost.

Step2: Search for paths corresponding to takeoff point Ac and landing point Bd. Input
the locations of the takeoff point A1 and landing point B2 and plan a path from A1 to B2
utilizing the improved heuristic function f (n)1 as (23). Once planned, backtrack, output the
flight path notated as P1, and preserve the raster cells the path traveled through and save
the flight cost. The specific flow of such step was:

• Define a raster cell in the selected risk map as a search node. Create two lists, Openlist
and Closelist, where Openlist was used to store the nodes that had been searched but
not expanded, and Closelist was used to store the nodes that had been expanded;

• Search the path from the takeoff point A1 to the landing point B2, and put A1 in
the Openlist;

• Determine whether the takeoff point was the goal point and, if so, end the search;
otherwise, visit the nodes near A1, while putting the non-obstacle points in Openlist,
then calculate the cost valuation by Equation (23), and finally put A1 in Closelist;
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• Select the extension node with the lowest cost valuation, remove it from Openlist and
place it in Closelist, and if it was the specified target point, the path planning was
completed and the algorithm was ended. Otherwise, proceed to the next step;

• Take node Oi as the current node, visit the surrounding nodes of which, and for the
nodes that were not in Closelist, add them to Openlist for cost calculation;

• Return to the selection until the extension reached the target point;
• Save the extended nodes and the f -value of each node, backtrack, and save the path.

Step3: Judge whether the expected number of paths to be searched was reached. j = j +
1, if j ≥ i and the flight path search for the pair of takeoff and landing points terminated,
and so go to Step6; if j < i, the search is to be continued, so go to Step4.

Step4: Input the flight cost of the raster cells traveled by the flight path P1 saved by
Step2, when the raster cell was traversed during the search process, multiply the flight cost
of the cell by the penalty factor δ; according to (26), obtain the adjusted heuristic function as
f (n)2 and plan the flight path. Once planned, backtrack, and output the flight path notated
as P2, preserve the raster cells the path traveled through, and save the flight cost.

Step5: Input the duplicated path length in flight paths P1 and P2, calculate the path
similarity between P1 and P2, and if S21 > Smax, at end of the path search for the pair of
takeoff and landing points, then go to Step6; otherwise, go back to Step3.

Step6: Plan the flight paths between remaining takeoff and landing points. When the
path search of a certain pair of points is finished, search the path of another pair until all
pre-planning of the search completed.

Step7: End of the algorithm, save the map, backtrack the paths, and output the planned
paths with corresponding path costs and risk costs in the risk map.

The specific algorithm flow is shown in Figure 4.
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With the improved A* algorithm, multiple optimized routes can be obtained for the
same set of takeoff and landing points. Then, traversing the loop based on the risk map for
different points, respectively, the set of multi-paths optimized routes for multiple pairs of
takeoff and landing points can be acquired and the air traffic route network can ultimately
be formulated.

4. Simulation and Analysis
4.1. Environment and Parameters of Simulation Experiment

MATLAB was utilized for simulation verification. A flight path was planned for an
eVTOL located in the airspace of an urban area of Chengdu City, Sichuan Province, China,
at 19:00 on a given day. According to the airspace structure model, the true height of 300 m
was taken as the flight level, and a 10 km × 10 km urban area of Chengdu was selected on
the level for simulation. The area was rasterized to 200 m × 200 m to form a 50 × 50 with
2500 total pieces of raster cells. The airspace rasterization modeling is shown in Figure 5.
Within the chosen area, there was a diverse population distribution with high, medium, and
low densities, i.e., high-density population regions, such as commercial avenues and offices,
medium-density population regions, such as residential neighborhoods and community
centers, and low-density population regions, such as suburban districts and agricultural
lands. In addition, a portion of buildings exceeding 300 m in height were present in the area,
as well as partial no-fly zones, such as schools and museums, which were also included.
Furthermore, there were forests and parks in such areas, and therefore it was common
to encounter magpies flying up to 300 m in airspace, which might affect the safety of
eVTOL flights. In terms of weather, extreme conditions with high rainfall were considered,
which could likewise affect the operation of the eVTOLs. To summarize, the diversity
and complexity of the urban environment, including population density, building heights,
no-fly zones, bird activity, and extreme weather, etc., were comprehensively addressed in
the chosen area to assess the sophistication and applicability of the improved A* algorithm.
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Sustainability 2024, 16, 561 18 of 30

LAB ≤ 2
3 Lmax. Take EH216-S from EHang, which obtained the world’s first eVTOL type

certificate, as a reference object, of which detailed parameters are shown in Table 8.

Table 8. Detailed parameters of EH216-S.

Parameter Max Takeoff
Weight m

External
Circle

Radius r

Lateral
Windward

Area Ax

Vertical
windward

Area Ay

Cruise
Speed vx

Altitude h Maximum
Range Lmax

Value 650 kg 3.95 m 10.4 m2 31.7 m2 27.8 m/s 300 m 30 km

The meteorological conditions in the experimental area on such day from 0:00 are
shown in Table 9.

Table 9. Record of meteorological conditions.

00:00 03:00 06:00 09:00 12:00 15:00 18:00

Air Velocity/(m/s) 3.2 3.1 2.9 3.4 3.6 3.3 3.4
Precipitation/(mm) 29.9 30.7 30.9 31.2 31.6 32.5 32.3

The parameters for determining the risk level classification are shown in Table 10.

Table 10. Parameterization of risk level classification.

Risk Level Parameterization

High Risk ρ = 25 × 10−3/m2, f = 0.2, vx = 36 m/s, VA
i,j = 36%, MET = 3

Medium Risk Other areas not classified as high or low risk
Low Risk ρ = 15 × 10−3/m2, f = 0.7, vx = 18 m/s, VA

i,j = 62%, MET = 1

Other relevant parameters as shown in Table 11.

Table 11. Parameterization of risk assessment examples.

Parameter Value Parameter Value

rb/m 2.0 g/(m·s−2) 9.8
rp/m 0.3 β/J 232.0
CD 0.3 α/J 1.0 × 106

ρA/(kg·m−3) 1.225 Hp/m 30.0
q 0.5 k 5.0 × 104

R’/(h−1) 1.0 × 10−6 λ 9.648 × 10−7

ε1 0.4 ε2 0.6

4.2. Improved A* Algorithm Simulation Results and Analysis
4.2.1. Initial Modeling of The Risk Raster cells

Through fieldwork, the area was far away from the airport and without buildings
with a height greater than 300 m, i.e., no obstacle raster cells, but contained no-fly zone
raster cells such as schools and museums. The initial risk raster map of the airspace is
shown in Figure 6, where the white areas are expandable raster cells and the black areas
are non-expandable ones.
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4.2.2. Generation of Risk Maps of Urban Airspace

1. Aerial Risk Analysis

For the aerial risk in the area, the impact brought by flying birds on the operation of
eVTOL is mainly discussed. Birds in the city primarily live within the vegetation cover,
so the degree of greenery in the area was taken as the basis for bird activities, as shown
in Figure 7. The common birds in the area that could reach a flight height of 300 m were
magpies, whose flight speed was 14 m/s, so the probability statistics in the raster cells
were based on this to randomly generate the magpie’s appearance position. When defining
the position, the probabilities of magpies appearing in areas with high, general, and low
degrees of greenery were defined as 70%, 60%, and 30%, respectively.
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The meteorological data in Table 9 were fed into the BP neural network model, and the
number of neurons in the input layer was set to be 18, 15% of the test set, with 17 hidden
layers, and the learning times of the neural network were 500, with the initial weights
and bias terms within twice the standard deviation of the standard normal distribution
and the expected error of 1.1, according to the meteorological threats risk model (8). With
reference to the correspondence between the value of the wind speed, the intensity of the
precipitation and the meteorological threat (Table 3) and the meteorological threat situation
in the airspace at the moment was finally obtained as shown in Table 12.

Table 12. BP neural network model meteorological threats prediction results.

Meteorological Element Meteorological Threat

Wind Speed z 3.4
MET1 0

Precipitation ra 32.7
MET2 2

We classified the aerial risk according to the requirements of risk indicators and
calculated the risk of eVTOL in the area at 19:00 on the same day based on the quantification
Formula (2). The evaluation indicators of aerial collision risk level are shown in Table 13,
and the risk raster map is shown in Figure 8.

Table 13. Indicators for evaluating the air collision risk level.

Aerial Risk Level Aerial Risk Evaluation Indicators

High Risk RS ≥ 0.60
Medium Risk 0.60 > RS > 0.24

Low Risk RS ≤ 0.24
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The population spatial distribution data of the real-time people activity heat map of
the area for 7 consecutive days were taken as the dataset and input into the CNN-LSTM
sub-model for training, defining the number of learning times as 1000 and the learning rate
to be 0.001, to obtain the prediction of the population density of the area at 19:00 on the day
of experimentation, as shown in Figure 9.
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Classify the ground risk level according to the risk indicators and calculate them based
on the quantification Formula (9) to obtain the ground risk of eVTOL in the area at 19:00 on
the same day. The evaluation indicators of ground collision risk level is shown in Table 14,
and the risk raster map is shown in Figure 10.
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Table 14. Indicators for evaluating the risk level of ground collisions.

Ground Risk Level Ground Risk Evaluation Indicators

High Risk RG ≥ 2.14
Medium Risk 2.14 > RG > 0.77

Low Risk RG ≤ 0.77

3. Risk Level Evaluation Indicators

Calculations based on (1) an Tables 6 and 10 were carried out to yield the evaluation
indicators for the risk level of the area at the 300 m level at 19:00 on the day of the experiment
as shown in Table 15.

Table 15. Risk level classification results.

Risk Level Risk Cost

High Risk C ≥ 11.44
Medium Risk 11.44 > C > 2.70

Low Risk C ≤ 2.70

4. Risk Raster Map of Selected Area

Based on the risk matrix model (17), the results of aerial and ground risk calculations
in the selected area were substituted into (1) to obtain the risk cost matrix for the 300 m
level in the area. Finally, based on the risk cost matrix and the evaluation indicators, each
raster cell in the area was classified, and the risk map of the area at 19:00 on the day of the
experiment was generated, as shown in Figure 11.
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As a result, at such a flight altitude where the eVTOL was located, the number of
third-party aircraft was low and the presence of birds was a probabilistic concern, so the
total risk cost was less affected by the aerial risk factors; in addition, it was clear that the
safety of the ground population was the main influence on the total risk cost when the
eVTOL flew in urban environments.
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4.2.3. Path Simulation Results of Improved A* Algorithm

The improved A* algorithm with the introduction of a penalty factor was utilized
to perform multipath simulation in a map containing risk cost information for two sets
of takeoff points (A1, A2) and ending points (B1, B2), yielding the flight paths of eVTOL.
The initial parameters include the maximum similarity of the flight path as Smax = 0.8,
the expected search path as i = 3, and the positive coefficient ϕ = 1.2. The air route
network planning result is shown in Figure 12, with the path parameters listed in Table 16.
The simulation results showed that the improved A* algorithm was capable of planning
multiple paths with low risk cost for multiple sets of takeoff and landing points and
avoiding high-risk-cost areas such as ground crowds, buildings, etc. to the maximum
extent; when high-risk areas could practically not be avoided, the improved A* algorithm
could make the risk cost even smaller.
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Table 16. Parameters of multi-path planning with multiple takeoff and landing points.

Takeoff and Landing Points Path No. Path Cost Risk Cost Path Similarity

A1, B1

1 78.91 176.95 /
2 79.98 174.83 10.31%
3 77.40 187.83 8.82%

A2, B2

4 67.01 154.63 /
5 63.50 157.54 6.68%
6 64.70 155.76 0.00%

The path lengths planned by the improved A* algorithm all satisfied the maximum
range constraint. In the analysis of the individual flight paths in the two sets of takeoff and
landing points, the path cost of flight path 1 (A1, B1) was 78.91, with a risk cost of 176.95;
whereas the path cost of flight path 4 (A2, B2) was 67.01, with a risk cost of 154.63, which
fulfilled the requirements. It was found that the improved A* algorithm with increased risk
cost was feasible and effective.

The three flight paths planned for each pair of takeoff and landing points shared
similar path and risk costs, and the similarity was less than 80%. The similar paths and
risk costs of each flight path indicated that the total path costs were basically the same. At
the same time, the similarity of each flight path complied with the maximum similarity
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requirement, which suggested that multiple flight paths with the same pair of takeoff and
landing points shared a low degree of overlap and therefore were not prone to flight conflict
events. From a different perspective, paths could be rationally selected based on needs
such as flight distance, time, and safety.

On the basis of the aforementioned study, 9 locations were selected as the takeoff and
landing points of eVTOL within the area, and 11 flight paths were planned in between,
thus initially establishing the structure of the air route network, along with the calculation
of the path and risk cost of the network. The result of the flight path network planning is
shown in Figure 13, and the path parameters are shown in Table 17.
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Table 17. Costs of flight paths in air route network.

Takeoff and Landing Points Path No. Path Cost Risk Cost

(1,1) and (13,17) 1 66.88 22.73
(24,1) and (13,17) 2 80.27 25.73
(13,17) and (5,32) 3 31.23 19.14
(13,17) and (35,29) 4 117.20 31.31

(5,32) and (1,50) 5 47.01 22.97
(1,50) and (25,45) 6 57.53 27.49
(5,32) and (25,45) 7 52.28 25.97
(25,45) and (35,29) 8 71.02 23.56
(35,29) and (46,34) 9 58.00 13.90
(46,34) and (50,50) 10 44.88 20.97
(50,50) and (25,45) 11 52.05 28.73

The results indicated that the improved A* algorithm was able to plan flight paths
for multiple takeoff and landing points, ultimately leading to the formation of an air route
network. Each path within the network was able to avoid high-risk areas while ensuring
relatively small cost.

4.2.4. Comparison of Improved Algorithms

By setting up three takeoff points A1(1,1), A2(24,1), A3(25,45) and three landing points
B1(50,50), B2(1,50), B3(47,30), while keeping the simulation environment and parameters
consistent, the traditional A* algorithm, ant colony optimization (ACO) algorithm, and the
improved A* algorithm were, respectively, applied to path planning for a total of 9 pairs
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of takeoff and landing points to conduct a comparative analysis for further verifying the
feasibility and effectiveness of the improved method. Since the traditional A* algorithm and
ACO algorithm only support single path planning, the single path result of the proposed
algorithm was thus selected for comparison. The planning results are shown in Figure 14,
and the path parameters are listed in Table 18, where the risk cost-per-unit path is the
outcome of dividing the risk cost by the path cost.
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Figure 14. Comparison of three algorithms for path planning.

From Figure 14, it is clear that the traditional A* algorithm directly planned a shortest
path between the takeoff and landing points without considering the risk and the ACO
algorithm planned paths with inferior outcomes, whereas the improved A* algorithm
was able to avoid the high-risk areas or select the areas with a smaller risk value for path
planning. As indicated in Table 18, in terms of flight cost, the average path costs of the
improved A* algorithm, the traditional A* algorithm, and the ACO algorithm were 57.81,
46.61, and 50.71, while the average risk costs were 135.02, 214.01, and 212.93, with average
risk cost per unit paths of 2.24, 4.32, and 4.10, respectively. It is evident that the improved
A* algorithm resulted in a small increase in the path cost in comparison, but the risk cost
was substantially reduced, and the risk cost per unit path was also lower, since the risk
cost per unit path of the traditional A* algorithm and the ACO algorithm increased by
92.86% and 83.04% compared to the improved A* algorithm, which demonstrates that
the improved A* algorithm is capable of planning paths with a higher level of safety. In
terms of planning time, the average planning times of the improved A* algorithm, the
traditional A* algorithm, and the ACO algorithm were 8.12 s, 6.90 s and 33.91 s, respectively.
The improved A* algorithm was able to complete the path planning at a relatively high
rate, which increased by an average of only 1.22 s (17.68%) compared to the traditional A*
algorithm, in addition to the fact that the planning time was much smaller than that of
the ACO algorithm. Although the improved A* algorithm increased the complexity of the
algorithm to a certain extent, the search efficiency was remained high and the increased
time was within the acceptable range. Therefore, the improved A* algorithm features high
efficiency and practicality in path planning.
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Table 18. Parameter comparison of paths for multiple algorithms.

Algorithm Takeoff and
Landing Pairs Path Cost Risk Cost Risk Cost per

Unit Path Planning Time/s

Improved A*

A1, B1 78.91 176.95 2.24 10.18
A1, B2 65.67 141.83 2.16 9.57
A1, B3 78.15 178.99 2.29 10.49
A2, B1 69.67 195.48 2.81 9.51
A2, B2 67.01 154.63 2.31 9.16
A2, B3 67.84 201.49 2.97 9.22
A3, B1 29.56 50.95 1.72 5.21
A3, B2 31.04 58.64 1.89 4.87
A3, B3 32.46 56.18 1.73 4.91

Average Value 57.81 135.02 2.24 8.12

Traditional A*

A1, B1 69.30 284.95 4.11 8.39
A1, B2 53.97 234.98 4.35 8.72
A1, B3 58.01 260.01 4.48 8.14
A2, B1 59.77 383.17 6.41 8.31
A2, B2 58.53 208.68 3.57 8.44
A2, B3 38.53 263.78 6.85 5.49
A3, B1 27.07 74.97 2.77 5.16
A3, B2 26.07 97.24 2.13 4.77
A3, B3 28.21 118.31 4.19 4.72

Average Value 46.61 214.01 4.32 6.90

ACO

A1, B1 80.47 295.85 3.68 34.02
A1, B2 58.80 219.38 3.73 35.09
A1, B3 64.15 260.84 4.07 36.77
A2, B1 63.08 374.15 5.93 35.43
A2, B2 62.63 211.32 3.37 37.29
A2, B3 41.46 294.18 7.10 34.45
A3, B1 28.73 52.43 1.82 30.76
A3, B2 26.90 85.46 3.18 31.17
A3, B3 30.21 122.78 4.06 30.23

Average Value 50.71 212.93 4.10 33.91

Among the paths planned by the three algorithms for each pair of takeoff and landing
points, the path cost and risk cost of the improved A* algorithm were, respectively, taken
as bases for the “path-risk” coordinate, while the path cost and risk cost of the other two
algorithms were normalized in Table 18, as shown in Figure 15. The modulus values of
the “path-risk” point from the origin of the traditional A* algorithm and ACO algorithm
were larger than that of the normalized point from the origin of the improved A* algorithm
and, therefore, it is clear that the comprehensive cost of the path planned by the improved
A* algorithm was smaller. In summary, the improved A* algorithm is capable of paying a
smaller path cost and search efficiency in exchange for a path with lower risk cost, which is
conducive to improving the safety of eVTOL operation in complex urban airspace.
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4.2.5. Robustness Test

To validate the robustness of the improved A* algorithm and the planning ability in
different circumstances, a more complicated operating environment was set up, and the
improved algorithm was employed to perform path planning, with specific planning results
shown in Figure 16. Similarly, the results indicated that the paths planned by the improved
A* algorithm under such conditions were still able to avoid high-risk areas, reduce the risk
cost of the flight paths, and ultimately achieved the air route network planning. Hence, the
proposed algorithm features better robustness in adapting to environmental variations.
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5. Conclusions

Urban three-dimensional transportation will be further developed in green and sus-
tainable directions, and as an important operation mode for future air traffic, the air route
network could improve the operation safety of eVTOL and other aircraft to facilitate air
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traffic management. In this study, an air route network planning method based on an
improved A* algorithm was proposed in response to the problems of complexity and
variability in urban low-altitude airspace, the low airspace utilization rate of traditional
path planning methods, and weak robustness and adaptive adjustment ability, etc. By
analyzing the operational airspace of eVTOLs, an urban airspace delineation and risk
assessment model was studied, effectively combining the urban environment with the path
planning technology to establish an urban air traffic route network oriented to eVTOLs.
The simulation results showed that the proposed method could effectively reduce the risk
cost of flight paths and build an air route network system that balanced the path and risk
costs to improve the safety of eVTOL operation in the complex urban airspace in the future.

The proposed method features certain superiority, but its deficiencies should also be
recognized, such as that the risk factors considered are not comprehensive enough and that
the generalizability of the algorithm needs to be further enhanced. In subsequent research,
the current problems or deficiencies can be improved, such as by incorporating more
influential variables, i.e., factors and constraints such as the actual performance of eVTOLs
and time of flight, into the risk assessment process, and conducting further studies on
issues such as the conflict and integration of multi-routes and the convergence nodes of the
route network as well. The proposed method focuses on eVTOLs and may also be extended
to other approaches for the path planning of low-altitude aircraft in urban airspace, which
involves only reasonable adjustment of the corresponding impact factors combined with
the actual situation of the aircraft concerned during the risk assessment phase. In the future,
with the growing intelligence of aircraft, the airspace structure will be more liberalized,
and the air routes will likely evolve in a freer orientation. The proposed air route network
planning idea may also be further combined with aircraft situational awareness technology
to provide multi-path real-time planning capability in free and open airspace to ensure that
the aircraft can fulfill the flight tasks more autonomously and flexibly under the premise of
safe operation, ultimately fueling green and sustainable transportation.
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