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Abstract: Identifying the factors influencing airspace resources, quantifying the availability of airspace
resources, and mastering their spatial distribution characteristics are the cornerstone of scientific
and efficient airspace management. Therefore, this paper investigates the impact of prohibited,
restricted, and dangerous areas (PRDs) on airspace resource availability from a traffic flow perspective,
proposes a multi-layer network model, and establishes a flow-based sector resource availability (FSRA)
calculation model. The FSRA in mainland China is calculated above the standard pressure altitude
of 6000 m. The results show that the FSRA is lower when the sector is determined to have a higher
PRD density, a more complex traffic flow pattern, and a more sophisticated interaction between the
two. China’s mainland airspace is separated into three altitude ranges along the vertical direction
according to the FSRA and sector distribution: 6000-7800 m, 7800-8900 m, and 8900-12,500 m. The
spatial distribution characteristics of the FSRA are addressed using the ArcGIS software. The results
demonstrate that spatial autocorrelation is exhibited for all three altitude ranges. The high-high
cluster pattern mainly occurs in the western part of mainland Chinese airspace, while the low—low
cluster pattern is distributed in the southeast. The three altitude ranges are divided into three groups,
respectively, and suggestions for airspace management are made for each group.

Keywords: airspace resource availability; multi-layer network; GIS; spatial autocorrelation analysis;
spatial clustering analysis

1. Introduction

Airspace resources refer to the airspace elements that are capable of meeting the
current or future needs of mankind, generating use value and affecting labor productivity
in air transportation production [1]. As passengers pursue economic and convenient air
travel, global air transport activities are on the rise, which leads to the further aggravation
of the contradiction between constrained airspace resources and growing air traffic demand,
decreased airspace operation efficiency, increased flight delays, and even crises related
to civil aviation safety [2]. Therefore, there is an urgent need for scientific and effective
airspace management to achieve efficient use of airspace resources, in order to boost
aviation traffic and decrease delays [3].

According to the ICAO, Air Traffic Management (ATM) consists of three components:
Air Traffic Service (ATS), Airspace Management (ASM), and Air Traffic Flow Management
(ATEM). ASM aims to achieve full utilization of airspace in accordance with established
airspace conditions and, to the extent possible, to meet the needs of all parties using the
airspace [4]. The Federal Aviation Administration (FAA) has studied the new concept of
dynamic and flexible airspace management, and noted that in the strategic, pre-tactical,
and tactical three-level airspace coordination mechanism, different airspace management
measures are adopted in stages to alleviate the conflict between air traffic flow demand
and limited airspace resources [5]. Based on ASM, Eurocontrol proposed the airspace
management concept of Flexible Use of Airspace (FUA) to accomplish airspace allocation
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and flexibility through the establishment of flexible airspace structures and procedures,
such as conditional routes, temporary segregated areas, and temporary reserved areas [6].
Then the concept of Advanced Flexible Use of Airspace (AFUA) is studied to improve
airspace support capability by airspace sharing [7].

Itis obvious that scientific ASM technologies can improve airspace resource availability.
However, the relevant factors affecting the airspace resource availability are not yet clear.
Moreover, few studies evaluate the availability of civil airspace resources, and most focus
on terminal areas [8,9], with scant evidence for studies that cover an entire nation or
region. Even more infrequent are the findings from research on the spatial distribution
characteristics of civil airspace resources.

With this in mind, this paper investigates the impact of prohibited, restricted, and
dangerous areas (PRDs) on airspace resource availability from the perspective of traffic
flow, and establishes a more scientific, objective, and systematic method of calculating
the availability of civil airspace resources on this basis. GIS technology is introduced
to innovatively investigate the distribution patterns of airspace resource availability. It
contributes to capturing the impact of PRDs and traffic flow on airspace resources, assists
airspace users in having a more comprehensive and intuitive grasp of the availability and
distribution of civil airspace resources, facilitates the rational planning and the use of civil
airspace resources, and provides new ideas and methods for scientific and efficient ASM.

The rest of this paper is organized as follows. Section 2 summarizes the relevant
literature on the research methods covered in this paper. Section 3 describes the method-
ology of this paper. Section 3.1 introduces the data preprocessing and the establishment
of control sector metadata. Section 3.2 presents the “structure-flow” multi-layer network
model. Section 3.3 proposes a flow-based sector resource availability calculation model.
Sections 3.4 and 3.5 introduce spatial autocorrelation analysis and spatial grouping analysis
methods, respectively. Section 4 carries out a case study of the airspace in mainland China
to quantify the airspace resource availability while fulfilling the resource demands of exist-
ing airspace users, and thoroughly examines the spatial patterns and spatial correlations of
airspace resource availability. Finally, some conclusions and future research directions are
provided in Section 5.

2. Related Work
2.1. Evaluation Method of Airspace Resource Availability

Nowadays, there are relatively few studies quantifying airspace resource availability.
Most of the current research results start with the key index of airspace utilization, that
is, an evaluation model of airspace utilization is constructed from different perspectives,
and the utilization of airspace resources is then recognized. On the basis of the ratio
of the actual arriving and departing flights to the arrival and departure capacity of the
terminal area, MITRE [10] defined the arrival utilization, departure utilization rate, and
the mixed arrival and departure utilization to evaluate the utilization of airport resources.
Wanke et al. [11] evaluated the sector utilization according to the ratio of air traffic flow
within the sector in a 15 min time slice to the Monitor Alert Parameter (MAP) issued by
the FAA. Based on MAP, Michael et al. [12] assessed multi-sector airspace utilization by
counting the number of sector hours exceeding MAP in the multi-sector airspace. In the
design of airspace tube structures, Sheth et al. [13] presented instantaneous occupancy and
volume occupancy to address the spatiotemporal utilization of airspace tube structures.
Following the space-time map in ground transportation, Min [14] analyzed the utilization
of corridors-in-the-sky temporally and spatially. Li et al. [15] developed an evaluation index
system of the utilization rate in the terminal area from multiple dimensions and estimated
the grade of the daily utilization rate in the terminal area by using a comprehensive
evaluation method. In the study of low-altitude airspace resources, Qiu et al. [16] built a low-
altitude airspace resource availability evaluation index system and employed regression
analysis to derive the utilization of low-altitude airspace resources.



Aerospace 2022, 9, 763

30f25

Several research results have completed the metrics of airspace resources by building
mathematical models. With the airport serving as the core and the entrance and exit points
and the key waypoints of the terminal area as its elements, Shi et al. [17] developed a model
to evaluate residual civil aviation airspace resources. Based on this model, the residual
airspace resources were quantified by calculating the traffic at the elements. According to
the BeiDou grid location code technology system, Shu et al. [18] converted the civil aviation
airspace elements into a 3D spatial grid model and developed a calculation method of the
3D spatial grid model to calculate the airspace resources.

In conclusion, the establishment of an airspace utilization evaluation model can be
broadly split into two parts: on the one hand, a model has been constructed according
to the actual operation process from the viewpoints of flow, time, and space, among
others; on the other hand, it is based on an evaluation index system to assess the airspace
utilization. The majority of the airspace resource calculation methods that are in use are
based on the flow of elements through the airspace or on the distribution of airspace
elements. However, the aforementioned assessment methods do not take into account the
relationship between air transport demand and airspace resources, nor do they consider
the impact of the distribution relationship between airspace elements such as sectors and
PRDs on the availability of airspace resources, making it challenging to use for a thorough
evaluation of civil airspace resource availability.

2.2. Trajectory Clustering

Trajectory clustering is the process of dividing the trajectory dataset into several
similar object classes, which ensures that the similarity between trajectories within a class
is maximized and that the similarity between classes is minimized [19]. It is applied to
the field of air traffic to identify the spatial and temporal distribution of air traffic flow
from massive trajectory data. Among them, traditional clustering algorithms such as
K-means, Density-Based Spatial Clustering of Applications with Noise (DBSCAN), and
spectral clustering are widely used in trajectory clustering. Barratt et al. [20] adopted
the K-means algorithm to complete track clustering and identified the center trajectory,
based on which aircraft trajectory prediction was accomplished. Zhong et al. [21] fulfilled
trajectory reconstruction based on a characteristic point of the trajectory and applied K-
means to determine the flight status in the terminal area. Chu et al. [22] employed K-means
as the basis cluster and obtained the clustering results. According to multiple clustering
results, the similarity matrix was constructed, and the hierarchical clustering algorithm was
utilized to achieve trajectory clustering in the terminal area airspace. Wang et al. optimized
DBSCAN by introducing the local outlier factor (LOF), which improved the clustering
effect by eliminating outliers [23]. Corrado et al. [24] established a weighted Euclidean
distance function to measure the similarity between trajectories and then used Hierarchical
DBSCAN (HDBSCAN) to cluster the trajectories in the terminal area. The results showed
that this method could enhance the clustering effect. Spectral clustering originated from
graph theory and was later used in track clustering. Xiao et al. [25] introduced a method
for calculating the distance between trajectories and set up a distance matrix; then, the
spectral clustering algorithm was utilized to cluster the trajectories. In order to cluster the
trajectories more objectively, Sun et al. [26] determined the number of clusters based on
the silhouette coefficient and used the spectral clustering algorithm to cluster the air traffic
trajectories in the terminal area.

With the unceasing development of deep learning technology, some experts and
scholars use deep learning methods for trajectory clustering. Olive et al. [27] implemented
trajectory clustering using deep convolutional embedded clustering (DCEC) and artifact
techniques with autoencoders. Zeng et al. [28] developed a trajectory clustering method
based on a combination of the deep autoencoder (DAE) and Gaussian mixture model
(GMM) to identify the traffic flow patterns in the terminal airspace.

Nowadays, methods related to trajectory clustering have been developed and are more
mature, but different clustering algorithms have their own strengths and shortcomings:
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the traditional clustering algorithm is easy to implement, but the randomness is strong.
Clustering algorithms based on deep learning have higher clustering accuracy with less
memory, but they need to fit a large number of hyperparameters. The choice of clustering
algorithm still depends on specific cases. Most of the existing research results are focused
on the airport terminal area, and there is less research related to clustering flight trajectories
in the control sector and distinguishing the traffic flow patterns.

2.3. GIS-Based Spatial Analysis

Since geospatial issues are involved in the location of airspace sectors, practically
all spatial data are spatially interrelated [29]. As a result, the use of traditional statisti-
cal analysis methods to analyze airspace resource availability cannot characterize this
spatial correlation well. GIS technology not only has robust spatial mapping and spatial
visualization capabilities, which can help us to have a more visual and intuitive under-
standing of the distribution of the object under study, but it also has powerful spatial
analysis and data management functions, which can be employed to examine the spatial
distribution characteristics of the object under study from a variety of angles [30]. GIS
technology is currently being extensively applied in many different fields to mine the spa-
tial distribution features of objects. In terms of the spatial distribution of traffic accidents,
Ulak et al. [31] suggested a GIS-based spatial analysis method to identify high-risk crash
locations based on the clustering of crashes on a roadway network and then compared the
geospatial differences of traffic crashes between aging drivers and crashes involving other
age groups. Lu et al. [32] investigated the peculiarities of the spatial distribution of road
traffic accidents in Shenzhen using density analysis and spatial cluster analysis techniques
in GIS. In the study of Wang et al. [33], the spatial distribution of marine accidents in
terms of accident frequency and severity was examined using density analysis and cluster
analysis. In the spatial distribution of pollution, Khalil et al. [34] examined the spatial
distribution of pollutants in abandoned mine sites and predicted the mine pollution that
had occurred using GIS technology in conjunction with a database. Based on the existing
AirGIS, Jibran et al. [35] developed a new modeling system that is the new AirGIS to
explore the spatial distribution features of ambient air pollution. From the perspective
of the spatial distribution of natural disasters, Jiang et al. [36] conducted a quantitative
study on the relationships between rocky desertification and the spatial patterns of land
use in the Nandong underground river system, a typical karst area, in Southwest China.
Majumder et al. [37] employed Moran’s I to evaluate the spatial autocorrelation of floods
in the Bongaon sadar sub-division and the Getis-OrdGi*(d) to identify regions that can be
considered hotspots and cool spots for floods. With the aid of Google Earth imageries and
field visits, Naseer et al. [38] determined the spatial distribution of landslides in the District
Neelum of Pakistan, then produced distribution maps using the Digital Elevation Model
and ArcGIS and analyzed its feature classes. In the field of disease spatial distribution,
Wang et al. [39] visualized the specifics of COVID-19 in China using the ArcGIS software to
correlate COVID-19 data with a vector map of administrative regions in China and obtained
the spatial distribution characteristics of COVID-19 in China using spatial autocorrelation
analysis and hotspot analysis methods. Cahyadi et al. [40] adopted the weighted mean
center, directional distribution, Getis-Ord Gi *, Moran’s I, and spatially weighted regression
to investigate the spatiotemporal distribution and transmission patterns of COVID-19
in Surabaya.

Some researchers have recently included GIS in their research on airspace. On
the basis of GIS, Scaini et al. [41] analyzed the effects of volcanic ash diffusion on air
traffic parameters (airports, routes, and airspace sectors) following volcanic eruptions.
Oktal et al. [42] examined the volume of traffic in Turkish airspace above FL 245 using GIS.
Li et al. [43] produced a linear density distribution map of regional aircraft flight trajectories
using trajectory data and the density analysis method in GIS technology.

The above-mentioned research findings show that despite the widespread use of GIS
technology in other fields, relatively little research has been carried out on its application to
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research in the airspace, and no pertinent research on the spatial distribution characteristics
of civil airspace resource availability has been conducted.

3. Methodology

In this study, the basic information on airspace structure and aircraft trajectory were
obtained from National Aeronautical Information Publication (NAIP) and ADS-B data,
respectively. Since this study calculated civil resource availability in terms of sectors, it
was necessary to discretize the above data. In order to analyze the impact of PRDs on
airspace resources under traffic flow, a “structure-flow” multi-layer network model was
established from the perspective of “static sector structure-dynamic traffic flow distribu-
tion”. To estimate the civil resource availability of sectors, a flow-based sector resource
availability (FSRA) calculation model was subsequently put forth. Finally, the sectors
of various altitude ranges were created as surface elements with attribute values for the
FSRA and were imported into ArcGIS for spatial analysis: global spatial autocorrelation
was used to represent the spatial characteristics of the FSRA in the airspace of mainland
China, and local spatial autocorrelation was used to identify high-low clustering and
outliers in local airspace, to describe the spatial distribution characteristics of the FSRA
more comprehensively. The airspace was grouped using the spatial grouping analysis
method for several groups, and the associated airspace resource allocation and optimization
methods were then developed. Figure 1 provides an illustration of the structure for the
suggested framework.

Data progressing

“Structure-flow”
multilayer network
model

Flow-based sector
resource availability
calculation model

!

Import surface elements
with FSRA attribute
values into ArcGIS

Spatial autocorrelation | |

analysis of FSRA
T

v v v

FSRA spatial patterns based on FSRA spatial patterns based Spatial grouping analysis of
global spatial autocorrelation on local spatial autocorrelation FSRA

Spatial patterns of
FSRA

A

Figure 1. The structure of the proposed framework.

3.1. Data Processing

This study explored the resource availability of control sectors above the standard
pressure altitude of 6000 m. The airspace structure data were obtained from the 2019 NAIP,
excluding Hong Kong, Taiwan, and Macao, with 223 control sectors, and a total of 268 PRDs.
Figure 2 depicts the distribution of the control sectors and PRDs in the airspace of mainland
China as well as the positional relationship between the control sectors and PRDs. It also
depicts the relationship between China’s national boundaries and the mainland airspace.
The aircraft trajectories were from Chinese flight trajectory data taken in November 2019.
As can be observed, the eastern airspace of China has a small sector size but a high sector
density, several PRDs, and a convoluted distribution and location of airspace features. The
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pattern of airspace resource strain will worsen due to China’s rising demand for air traffic.
In contrast, the western region of China has a sizable airspace area with few PRDs and a
generally straightforward aviation environment.
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Figure 2. Distribution of airspace elements.

The data above need to be discretized because the resource availability in this research
was computed in terms of sectors. The metadata needed for calculating the resource
availability of each sector are displayed in Table 1.

Table 1. Metadata of control sector.

Metadata Property Description

Latitude and longitude coordinates constituting
sector boundaries

The altitude range of the sector, including minimum
and maximum altitude

Latitude and longitude coordinates constituting

Sector boundary points

Sector altitude

PRD boundary points PRD boundaries

PRD altitude The z'iltitude range of PRDs, including minimum and
maximum altitude

Flight trajectories All ADS-B trajectories in the sector

Flow distribution Latitude and longitude coordinates of the flow

Traffic volume Number of aircraft on the flow

Interaction Interaction among flow, PRDs, and sector boundaries

The distribution of PRDs in the sector may differ at various altitude ranges, as may
the distribution of flow. Additionally, there are high and low sector phenomena. As a
result, the relative positional relationship between traffic flow, PRDs, and sector boundaries
is complicated.
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3.2. “Structure-Flow” Multi-Layer Network Model

In the sector-based operation, from a static point of view, the delimitation of the PRDs
and the location relationship between the PRDs and the sector will occupy airspace re-
sources; from the dynamic point of view, the use of airspace resources will be influenced by
the operation of the aircraft and the relationship between their positions, and the non-linear
interaction between the distribution of the airspace elements and the aircraft’s operation in
the sector will also affect airspace resource usage. Therefore, from the standpoint of “static
sector structure-dynamic traffic flow distribution,” a novel analysis framework based on
multi-layer networks was developed. It consists of a Flight Trajectory Network (FITN),
a Traffic Flow Network (TFN), and a Flow-based Sector Resource Availability Network
(FSRAN). Figure 3 depicts these networks, which are further elaborated in the individual
sections below. Among them, the PRDs are illustrated by P1, P2, and P3 in the sector
structure of Figure 3.

Figure 3. “Structure-flow” multi-layer network model.

3.2.1. Flight Trajectory Network (FTN)

The FTN is made up of flight trajectory data obtained following data preprocessing
and using resampling technology, based on the flight trajectories provided by the ADS-B
monitoring equipment. The network provides crucial information for the creation of the
TFN and encapsulates the temporal-spatial distribution of air traffic in the sector unit.

A flight trajectory is a multi-dimensional time series composed of a set of vertices that
are unevenly distributed, and each vertex represents one ADS-B snapshot of a single flight.
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Therefore, the trajectory sample set U, trajectory FP, and vertex p are constructed for each
sector. The datasets are as follows:

U:{Fpl,FP2,~~,FPI-,'“,FPn} 1
FPi={pipir-- Pijr s Pim} @)
Py = {tij Xij, Yij, 2ij, Sij, Vi, 03 } ®3)

where U is the set of all flight trajectories in the sector; n is the total number of flight
trajectories in the sector; and FP; represents the i-th flight trajectory, where i € [1,n]. Each
trajectory includes multiple vertices sorted by a timestamp; m represents the number of
vertices that form the trajectory; and the j-th vertex of i-th flight trajectory is p;j, where
j€[1,m]. p;; comprises seven elements that represent the timestamp, longitude, latitude,
altitude, speed, vertical speed, and heading. It is worth noting that the vertical speed is
almost equal to 0 when the aircraft is flying along a certain flight level.

Owing to the large scale of the flight trajectory data, direct computation will lead
to low computational efficiency, and the number of vertices may not be the same for
various trajectories. In the cruise flight phase, for maximum fuel efficiency, the aircraft
strives to avoid changes in speed and height, so its flight parameters, such as heading
and speed, essentially remain unchanged. As a result, the trajectory data are resampled to
logically reduce the size of the data while preserving the flight characteristics of the aircraft.
The uniform parameterization method is used to resample the trajectory data, and the
trajectory FP; is parameterized to [0, 1] using the cumulative chord length in Equation (4)
as a parameter:

Ui =0

2 2 2
Xij—Xi(i-1)) Wi —Yig-1)) +(zj— 2
iy = ) + n/( i) +(—vig-n) +(z5—Z-1) : 4)

2t (xi=i-1) "+ (i) )+ (2215

where u;; represents the parameter value corresponding to the j-th vertex in the trajec-
tory FP;, uj; = 0, uj; = 1. The initial and last vertices are left intact after parameteriza-
tion, and the parameter node fi_fll(l =1,2,---,9—1) is determined as the resampling
point based on the resampling point number g. The flight track after resampling is:

EP/ = {pi' . ppopis -, piq’}, where p;, = p;y, Piq/ = p;- The flight trajectory
sample set after resampling is U’ = {FP,/,FP,)/,--- ,FP/,---, FP,'}, which constitutes
the FTN.

3.2.2. Traffic Flow Network (TEN)

According to trajectory clustering, the FTN is developed for sector-based operation.
The FTN is utilized to create a similarity matrix based on the weighted Euclidean distance,
and spectral clustering is then used to finish the flight trajectory clustering. Finally, the TEN
is built using the mean value method to determine the traffic flow distribution situation.
Since all of the flight trajectories in the TFN have an identical number of vertices, the inter-
trajectory distance calculation can be completed by a vertex pair for any two trajectories
FP/ and FP;" in U'. The similarity of the trajectories in the TFN is estimated based on the
trajectory variables of longitude, latitude, altitude, speed, vertical speed, and heading using
the Weighted Euclidean distance (WED) approach. The WED can be calculated as follows:

q

WED(FP/,FP/) =) _ (w1dist(uil, wjr) + wapdist(8;, 1) + wadist(sy, sj1) + wadist(vy, vjl)) 5)

=1

where dist(u;, u;;), dist(6;,0;1), dist(s, sj1), and dist(v;;, ;) in Equation (5) stand for the
Euclidean distance of position, heading, speed, and vertical speed between each vertex
pair, respectively, and w; > 0(i = 1,2,3,4) is the corresponding weight for each Euclidean
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distance and i w; = 1. This study takes wy = 0.6, w, = 0.2, w3 = 0.1, and w4 = 0.1. The
i=1

similarity between the two trajectories increases as the WED(FP;/, FP;') becomes smaller.

In order to further reduce errors and to improve the computing efficiency, WED(FP,/, F p/ )

is standardized by Equation (6), where max{A} and min{A} are the maximum WED and

the minimum WED between trajectories, respectively. Finally, the similarity matrix is

obtained as shown in Equation (7):

_ WED(FP/,FP/) —min{A}

= 6
% max{A} —min{A} ©)
[0 ap - Ay e oAy |
R U
A= |~ ' ' s @)
ap  ap o 0 ey
_aﬂl Ao e Ayi . 0 ]

Most clustering algorithms require one or more input parameters, and the clustering
quality is significantly influenced by the input parameters. Spectral clustering has strong
adaptability to the data structure distribution and can guarantee convergence to the global
optimal solution. Spectrum clustering merely requires the parameter of the “clustering
number” to be determined, and the clustering effect is typically better than the other
classic clustering techniques [44]. As a result, spectral clustering is chosen to complete
trajectory clustering.

Following the completion of clustering, the mean value method is used to obtain
the center track for each clustering result. This center track characterizes the traffic flow.
Then, it aggregates all of the traffic flows to create a TFN. The whole process of the TFN
establishment based on spectral clustering is shown in Algorithm 1.

Algorithm 1. TEN based on spectral clustering

Input: Similarity matrix A
Output: TFN

n
1. Build the Degree matrix D which is a diagonal matrix where d;; = }_ a;; (8);
j=1

2. Build the Laplace matrix L of A: L = D™'(D — A)D~! (9);

3. Calculate the eigenvalues of L and sort them from large to small, and then extract the
eigenvectors corresponding to the first k eigenvalues: v1,vy,- - -, v;

4. Build the eigenvector matrix V,,«x = [v1,v2, - - - , U] and normalize it to generate matrix Z;
5. Cluster the Z based on the K-means algorithm, the number of clusters is k;

6. Use the mean value method to extract the center track for each clustering result;

7. The TEN is constructed by assembling all the center tracks;

8. end

3.2.3. Flow-Based Sector Resource Availability Network (FSRAN)

When PRDs are present, aircrafts can still be guided in the portion of the airspace
sector that is not covered by PRDs. Thus, the FSRA is defined as follows: under a certain
traffic flow organization, the ratio of sector capacity in the presence of PRDs (SCp) to that
in the absence of PRDs (SCyp) in the airspace sector, and this ratio can indicate the extent
of sector resource availability, and the FSRA is calculated according to Equation (8). The
FSRAN is thus developed using information about the sector structure and the TFN.

SCp

FSRA =
SCnp

(10)
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(1) Sector model abstraction

The sector is abstracted as a two-dimensional polygonal region, and the traffic flow
and PRDs at various flight levels are taken into account. To facilitate the subsequent
establishment of the sector model, the following simplified assumptions are made:

All aircrafts cannot pass through PRDs.
Aircrafts are not permitted to generate or terminate within the sector, and all aircrafts
must enter or exit from the boundaries of the sector.

e  The research scope is a single flight level, i.e., the aircraft will not change altitude in
the sector, and cannot climb or descend within the sector boundary.
Aircrafts can approach PRDs at will as long as they do not enter them.
When an aircraft enters and exits from two neighboring boundaries, an “L”-shaped
angle constraint with a length of 5 km is set with the safety viewpoint [45]. In Figure 4,
A-D are the pinch angle constraints, and “bottleneck” cells are also depicted when
aircrafts are flying in and out from different directions.

14 t 14
A C
= 4 —
'‘bottleneck” i
- cell | )
+
- )
-
B t D
i
T

Figure 4. “L” shaped angle constraint and “bottleneck” cell.

(2) Construction of FSRAN

The max-flow min-cut theorem is a classical theorem and method in network flow
theory, according to which in a network flow, the capacity of a min-cut is equal to the value
of a max-flow. Thus, the value of the max-flow of a network depends on the bottleneck cell
capacity of the network. Strang [46] extended the max-flow min-cut theorem for discrete
networks to 2D polygonal domains, and Gewali et al. [47] argued that the cut capacity is
proportional to the distance between the polygon boundary and the obstacles.

A polygonal sector is shown in Figure 5, and P1, P2, and P3 represent the PRDs within
the sector. Based on the direction of traffic flow, the polygon sector boundary is divided
into source edge (s), sink edge (t), top edge (T), and bottom edge (B). Among them, the
entry and exit edges of traffic flow are s and ¢, respectively. On the left side of the traffic
flow, all edges other than s and t make up T, while on the right side, all edges other than
s and t make up B. The blue dashed line in Figure 5 indicates the minimum Euclidean
distance between the polygonal sector boundary and the PRDs. Therefore, the min-cut
of the polygon sector under traffic flow can be expressed by the minimum distance from
T to B, and the value of max-flow through the polygon sector is equal to the min-cut capacity.
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Figure 5. A shortest B-T path defines the capacity of the min-cut in the polygonal sector.

The above 2D polygonal sector is abstracted into a network, which is defined as
the FSRAN, as shown in Figure 6. A pair of vertices in the FSRAN are connected by an
edge whose length is equal to the minimum (Euclidean) distance between the PRDs that
correspond to the vertices. Then, the shortest path problem between T and B is resolved
using Dijkstra’s algorithm. The min-cut made in the polygonal sector by the traffic flow
is the length of the shortest path, which represents the sector capacity in the presence of
PRDs, i.e., SCp. The minimum distance between T and B represents the sector capacity in
the absence of PRDs, which is SCyp. The final FSRA is obtained according to Equation (10).

SCnp
_— 8C,

Figure 6. The critical graph of FSRAN.

3.3. Flow-Based Sector Resource Availability Calculation Model

Based on the “structure-flow” multi-layer network model, this study suggests a flow-
based sector resource availability calculation model to quantitatively explain the sector
resource availability. The model takes into account both the static sector structure and the
traffic flow distribution with dynamic characteristics, allowing it to comprehensively and
precisely assess the FSRA.

Since each traffic flow in the TEN is able to enter and exit through different boundaries
of the airspace sector, there are variations in the FSRA that correspond to various traffic
flow distributions. Therefore, this paper innovatively focuses on how the TFN'’s traffic
flow directly affects the FSRA calculation. The traffic flow is weighted according to the
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traffic volume on each traffic flow, and finally, the FSRA of the sector covered by the TFN is
determined. Considering that the PRD distribution and TEN of the same sector may differ
in each altitude range, the FSRA of the sector in each altitude range should be calculated
independently. The whole calculation process of the FSRA is shown in Algorithm 2, and
the relevant parameters are described in Table 2.

Algorithm 2. The whole FSRA calculation process

Input: TEN, Sector Structure, FSRAN
Output: FSRA
l.forf=1,2,---,ndo

2. Xp= {R},Pl,Pz,... ,Ph,RJ‘?}

3_' Yp = d(p’q)(e+2)x(e+2) =

0 d(R},Py) d(R[,P) - d(R}Py) d(RERY)
d(Py,R}) 0 (P, Py) - d(Py,PBy) d(Py,RP)
(P, Rf)  d(Py, Py) 0 o d(Py,Py)  d(Py,RY)

A an
d(Ph/RJTr) d(Py, Pr) d(Py, Pp—1) O d(Ph/R?)
d(R},R})  d(R},Pr) d(R%, P, 1) d(RE,Py) 0

4. Calculate the shortest path SCp ¢ of Yy using the Dijkstra algorith}n which is the min-cut
with PRDs;
5. Calculate shortest path SCyp, ¢ of Yy which is the min-cut without PRDs:

SCnp,s = d(R}, RY) (12)
6. Calculate the FSRA for flow f: FSRAf = g (13)
7. Calculate the weight corresponding to flow f: 77 = )n:QfQ ; (14)
f=1
8. Calculate the FSRA of a sector: FSRA = i NfxFSRAf (15)
9. end for =

Table 2. Parameter symbol description.

Parameter Implication

F Set of all the flows in TEN, F = {1,2,...,n}.

P Set of all the PRDs in sector structure,

P={1,2,...,¢e}.

f Flow index, f € F.

h PRD index, h € P.

x Set of all the elements in FSRAN under flow f,
f feF.

RT Top edge under flow f, f € F.

Ré Bottom edge under flow f, f € F.

SCp s Min-cut with PRDs under flow f, f € F.

SCnp,f Min-cut without PRDs under flow f, f € F.

FSRAf FSRA under flow f, f € F.

Qf The number of aircraft on the flow f, f € F.

0y Weight of flow f, f € F.

d(p,q) Shortest Euclidean distance between p and 4.

3.4. Spatial Autocorrelation Analysis

Based on statistics, spatial autocorrelation analysis is used to examine the potential
dependence of the spatial variables with a certain regularity in space at different spatial
locations [48]. Moran’s I and G index are the primary indices for gauging the severity of
dependence. Meanwhile, the combination of global spatial autocorrelation analysis and



Aerospace 2022, 9, 763

13 of 25

local spatial autocorrelation analysis is heavily applied to various spatial problems [49].
Therefore, this paper selects global spatial autocorrelation and local spatial autocorrela-
tion analysis methods and employs Moran’s [ as the spatial autocorrelation coefficient to
quantify the degree of spatial interdependence of the FSRA.

3.4.1. Global Spatial Autocorrelation Analysis

Global spatial autocorrelation analysis is utilized to identify the spatial pattern of
the region as a whole and to determine whether there is an aggregation of an attribute
feature in the overall spatial scope. The spatial autocorrelation of the FSRA is tested using
Moran'’s I, which is calculated as shown in Equations (16) and (17).

ny LW ij(xi — %) (x; — X)
1= = S (16)
Y (—%)7L LWy
i=1 i=1j=1
X = li X; (17)
I’l

where I is Moran’s I, and 7 is the number of sectors involved in the analysis. x; and x;
denote the FSRA of sector i and sector j, respectively, where i # j. W;; is the spatial
weight matrix, and the inverse distance method is utilized to generate the spatial weight
matrix between sectors, i.e., the closer the distance, the greater the possibility of interaction
between sectors. ¥ represents the mean value of the FSRA.

The values of Moran’s I vacillate from —1 to +1; a positive value for Moran’s I indicates
that a sector with high FSRA values has an adjoining sector with an equally high FSRA
value. An adverse value for Moran’s I indicates that a sector has neighboring sectors
with low FSRA values. Since Moran’s I does not have a significance test function, it
was converted into a normal test statistic Z to test for significance concerning a normal
distribution table, which is calculated as Equation (18).

I—E(I)

2 = Var(1)

(18)

where E(I) and Var(I) are the expected value and variance of Moran’s I, respectively.

3.4.2. Local Spatial Autocorrelation Analysis

Local spatial autocorrelation analysis is employed to determine the correlation degree
of attribute feature values between the reference space unit and its neighboring space unit.
In this study, the Local Indications of Spatial Association (LISA) agglomeration graph was
utilized to identify the high-value and low-value clusters and outliers of the FSRA in the
local spatial sectors. For a specific sector, the LISA equation for Moran’s I is as follows:

I = (19)

The parameters in Equation (19) are the same as in Equations (16) and (17). If the local
spatial autocorrelation is significant, it indicates that there is a certain degree of spatial
correlation or spatial difference between the FSRA of this sector and its surrounding sectors,
and the specific spatial relationship contains four types: clusters of sectors with high FSRA
values (high—high), clusters of sectors with low FSRA values (low-low), outliers in which
sectors with high FSRA values are primarily surrounded by sectors with low FSRA values
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(high-low), and outliers in which sectors with low FSRA values are primarily surrounded
by sectors with high FSRA values (low-high).

3.5. Spatial Grouping Analysis

Spatial cluster analysis is one of the key techniques for identifying geographical
patterns and carrying out spatial mining, and the primary distinction between spatial clus-
tering analysis and traditional clustering analysis is the introduction of spatial relationships.
In addition to taking object attribute values into account, spatial clustering also considers
spatial proximity. This study exploits the grouping analysis tool in ArcGIS10.7 which was
created by the Environmental Systems Research Institute Inc (Esri), founded in 1969 and
headquartered in Redlands, California, USA, to perform spatial clustering analysis by
considering the spatial location proximity of the sector and the FSRA attribute information.

The grouping analysis tool adopts unsupervised machine learning procedures to
determine natural clusters in the data based on the specified number of groups, and it then
provides a solution that makes the elements inside each group as similar as possible while
remaining distinct from one another [50]. CONTIGUITY_EDGES_CORNERS is selected as
the space constraint parameter, which indicates that the topological relationship between
the surface elements (sectors) can be grouped only when the boundary or nodes are shared.
Then, a minimum-span tree that can reflect both the spatial organization of the surface
elements and their attribute values is established. The Spatial “K” Cluster Analysis by the
Tree Edge Removal (SKATER) method is used to iteratively remove the branches of the tree.
Finally, the spatial clustering results of the specified number of groups are generated. The
evaluation parameter of the grouping analysis effect is R?, and a larger R? signifies a better
element differentiation. The equations are as follows.

,  SST —SSE
Re= SST 20)
be bi by N 2
ssT=Y ) ) (vl - VF) (21)
i=1j=1k=1
be bi by JR— 2
ssE=). ). Y- (Vk-VF) 22)
i=1j=1k=1

where b represents the number of elements (i.e., number of sectors); b, represents the
number of classes (number of groups); b; represents the number of elements in group i;
by is the number of variables (only consider the FSRA, b, = 1) used for element grouping;
Vl’]‘ is the k-th variable value of the element j in group i; V* is the average value of variable k;

and VT" is the average value of variable k in group i.

4. Results
4.1. FSRA Calculation of an Example Sector

Taking the control sector ZSSSAR25 as an example, the FSRA of the sector was calcu-
lated. According to the available metadata, the altitude range of ZSSSAR25 is 7800-12,500 m,
but there are variations in the PRDs of this sector at various altitude ranges. Figure 7 depicts
the “structure-flow” multi-layer network model for various altitude ranges based on the
content in Section 3.2.
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Figure 7. “Structure-flow” multi-layer network model of control sector ZSSSAR25.
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To compute the FSRA, the longitude and latitude coordinates corresponding to the
sector boundary points, PRD boundary points, and traffic flow distribution were first
converted to rectangular plane coordinates by the Mercator projection method. Addition-
ally, the FSRA of control sector ZSSSAR25 was determined based on Algorithm 2. The
calculation results are shown in Tables 3 and 4.

Table 3. FSRA calculation results in the altitude range of 7800-8900 m.

Parameter of FSRA Value
Q11 7108

Q12 1792

771/1 0.799

171,2 0201

FSRA1 0.736
FSRA; » 0.939
FSRA; 0.777

Table 4. FSRA calculation results in the altitude range of 8900-12,500 m.

Parameter of FSRA Value
Q23 6668
Qo4 7156
Q25 1768
12,3 0.428
12,4 0.459
12,5 0.113

FSRA; 3 1
FSRA; 4 1
FSRA; 5 0.939
FSRA, 0.993

4.2. FSRA Spatial Patterns in Chinese Airspace

Based on the above research method, the FSRA of the control sectors above the
standard pressure altitude of 6000 m was quantified. Combining the sector distribution,
sector altitude situation, and FSRA value, the airspace of mainland China is divided into
three ranges along the altitude direction: 6000-7800 m, 7800-8900 m and 8900-12,500 m.
Some sector distributions and FSRA values were different at various altitude ranges.
Figure 8 shows the spatial distribution of the FSRA in the airspace of mainland China.
The names of the sectors were recorded from a confidentiality perspective. From an
overall perspective, the FSRA of mainland China’s airspace shows obvious agglomeration
distribution characteristics. The southeasterly airspace is a typical low-value agglomeration
area: political, economic, and cultural development have led to a high volume of air traffic
flow in the eastern airspace, but the eastern airspace has a limited sector size and a high
density of PRDs, which results in a low FSRA. The FSRA of A2, M2, 527, S13, and S32 are
the lowest among them and do not exceed 0.25. When combined with the real scenario, it
is clear that the aforementioned sectors, which have a high density of PRDs, have more
intricate interactions between traffic flow and PRDs, resulting in a reduction in the sector
resource availability. The western airspace belongs to the high-value aggregation area and
has a large sector size, few PRDs, little air traffic, and abundant available resources in the
airspace, and the FSRA is larger than 0.7.
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Figure 8. Spatial distribution of FSRA in Chinese airspace.

4.3. Spatial Autocorrelation Analysis of FSRA

The sectors of various altitude ranges were converted into area features containing the
FSRA attribute values, and the spatial statistics function of ArcGIS10.7 software was used
to conduct the spatial autocorrelation analysis of the FSRA in Chinese airspace.

4.3.1. FSRA Spatial Patterns Based on Global Spatial Autocorrelation

The global Moran’s I statistics were obtained to determine the FSRA area features at
different altitude ranges, and the calculated values are shown in Table 5.

Table 5. Global Moran’s I statistics of FSRA at different altitude ranges.

Altitude Ranges Moran’s I Z Score p Value
6000-7800 m 0.113458 3.293467 0.000990
7800-8900 m 0.089418 2.637853 0.008343

8900-12,500 m 0.087378 2.585902 0.009712

It can be seen from Table 5 that the Z scores for the various altitude ranges are
all greater than the critical value of 2.58 with 1% significance, indicating that the FSRA
distribution is only less than 0.001 likely to be randomly distributed, and the possibility of an
aggregated distribution is significantly higher than the possibility of a random distribution.
Additionally, Moran’s I is positive, suggesting that the spatial distribution of the FSRA
in the airspace of mainland China is aggregated and has a spatially positive correlation
pattern. In other words, sectors with a higher (lower) FSRA are spatially adjacent to one
another. There is an overall spatial dependence, with 6000-7800 m being the strongest,
7800-8900 m being the next strongest, and 8900-12,500 being the weakest.
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4.3.2. FSRA Spatial Patterns Based on Local Spatial Autocorrelation

Global spatial autocorrelation analysis can only reflect the spatial relationship of the
FSRA in the whole airspace but cannot reveal the distribution characteristics of the FSRA
in local airspace. Therefore, this paper employs local spatial autocorrelation for further
analysis, and the LISA agglomeration graph of the FSRA at different altitude ranges is
shown in Figure 9.
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Figure 9. LISA agglomeration graph of FSRA in Chinese airspace.

The outcomes of the local spatial autocorrelation analysis of the FSRA in the three
altitude ranges are comparable from a global perspective. The sectors including W1, W4, L4,
L12, Ul1, U15, and U16 are located in the western part of the airspace of mainland China
and present a high-high cluster pattern in all three altitude ranges, which demonstrates
that the above sectors have a greater degree of civil airspace resource availability. YX1 and
J3 also exhibit a high-high cluster pattern, for they have no PRDs or small PRDs with the
FSRA equal to 1. The low—low clusters are all located in the southeastern part of the China
mainland airspace, and their corresponding areas include cities such as Beijing, Shanghai,
Guangzhou, among others. These cities hold developed economic, political, cultural, and
tourism industries, and have large airports such as Shanghai Pudong International Airport,
Beijing Daxing International Airport, and Beijing Capital International Airport, which
absorb a large amount of air traffic flow. However, for air defense and other needs, a large
quantity of PRDs are set up in the corresponding airspace of the above-mentioned areas, so
the civil airspace resources that are available are scarce.

The low-high outliers are distributed in the southeastern part of the airspace of China.
Their distribution is relatively scattered, and most of them are spread around the low—low
clusters. The FSRA value of these sectors corresponding to the low-high outliers is high
due to the area of the PRDs in the above sectors being smaller, or the interaction between
the PRDs and traffic flow being smaller. The high—low outlier is found in sector U4, which
is adjacent to the sectors with high FSRA values, but there are large areas of PRDs in U4, so
the FSRA value of this sector is lower.

Owing to the distinctions in sector distribution and the values of the FSRA in var-
ious altitude ranges, the results of local spatial autocorrelation analysis in different alti-
tude ranges are not identical. The difference is the greatest in the altitude range from
6000 to 7800 m. The sectors M1, M2, M3, M4, GH1, GH2, GH3, and GH4 are defined in
the southeast of the Chinese airspace at this altitude range, which varies from the sectors
established in the remaining two altitude ranges (see Figure 9). The FSRA values for the
above sectors are small, where the FSRA of the M2 is only 0.17287, so the low-low clusters
in this altitude range are notably different.
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4.4. Spatial Grouping Analysis of FSRA

It is evident from the above analytical results that the FSRA has a regional agglomera-
tion effect in the airspace of mainland China. Based on this, a spatial clustering analysis
of the FSRA for Chinese airspace was performed at various altitude ranges. In this paper,
three groups were created after taking into account the actual situation and the number of
better groups. Table 6 displays the grouping outcomes for various altitude ranges. Table 6
shows that the R? in the altitude range from 6000 to 7800 m reaches 0.7141, indicating that
this altitude range has the best grouping effect. Therefore, the spatial clustering results
are shown in Figure 10 when the number of groups is three and the spatial constraint
relationship is indicated by CONTIGUITY _ EDGES _ CORNERS.

Table 6. Grouping analysis results of FSRA in Chinese airspace.

Altitude Ranges R?
6000-7800 m 0.7141
7800-8900 m 0.6926

8900-12,500 m 0.6679
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Figure 10. Spatial clustering result of FSRA in Chinese airspace.

Figure 10 shows that while the spatial distribution of the clustering results at various
altitude ranges seems similar, the FSRA values in each group at various altitude ranges
are unique. In the altitude range from 6000 to 7800 m, Group1 corresponded to the second
lowest FSRA value, with a mean value of 0.5418. Group2 reflected the lowest FSRA value,
with a mean value of 0.4438, and Group3 represented the highest FSRA value, with a
mean value of 0.8634. However, in the altitude ranges from 7800 to 8900 m and from
8900 to 12,500 m, Group1 responded to the lowest FSRA value with mean values of 0.5606
and 0.4875, respectively; Group2 demonstrated the second lowest FSRA value, with mean
values of 0.5908 and 0.6326, respectively; Group3 had the highest FSRA value with mean
values of 0.8805 and 0.8721, respectively.

The airspace resources corresponding to Groupl and Group?2 are less available, and the
sector cells are narrow. The study above demonstrated that the designation of a significant
number of PRDs accompanied by a large volume of air traffic is the cause of the limited
availability of airspace resources. Recommendations to improve this situation are to modify
the PRD boundaries and the fixed route intersections that were designed by artificial
experience, to achieve the purpose of reorganizing the airspace structure and dispersing the
pressure of route traffic. It can both realize the maximum exploitation of airspace resources
and guarantee the smooth conduct of air traffic activities.

The airspace in Group3 has a high airspace resource availability and is extensive and
continuous, meaning that it can be used in trial runs for FUA. By establishing FUA with
Chinese characteristics, not only can the full utilization of airspace resources be achieved,
but the efficiency of air traffic operations can also be improved.

5. Conclusions

Based on 2019 NAIP data and Chinese flight trajectory data from November 2019, this
paper established a “structure-flow” multi-layer network model from the angle of “static
sector structure-dynamic traffic flow distribution”. A flow-based sector resource availability
calculation model was proposed to quantify the resource availability of the control sectors
above the standard pressure altitude of 6000 m, providing a basis for optimizing airspace
resource allocation. Based on the quantification results, sector distribution, and sector
altitude, the Chinese airspace (excluding Hong Kong, Macao and Taiwan) was divided into
three ranges along the altitude direction: 6000-7800 m, 7800-8900 m and 8900-12,500 m.
Employing spatial autocorrelation analysis and spatial clustering analysis, the spatial
distribution characteristics of the FSRA in Chinese airspace at different altitudes were
analyzed. The main conclusions are as follows:

e  The impact of PRDs and traffic flow on airspace resources. The FSRA is lower when
the sector is determined, the density of PRDs is high, the air traffic volume is heavy
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and the traffic flow pattern is complicated, and the interaction between traffic flow and
PRDs and the relationship between PRDs is more complex. When there are fewer PRDs
in the sector and the traffic flow pattern is simpler, and the distribution relationship
between PRDs and traffic flow is simpler, the FSRA is higher.

e  Spatial agglomeration of airspace resource availability in mainland China. From a
global spatial perspective, all three altitude ranges significantly reject the null hypoth-
esis, with the largest spatial autocorrelation occurring at 6000-7800 m. From a local
spatial perspective, the airspace resource availability of mainland China is split into
two distinct agglomerations: a high-value agglomeration concentrated in the western
part of China’s airspace, and a low-value agglomeration focused in the southeast.
However, there are variances in the distribution of agglomeration areas among the
three altitude ranges.

e  Spatial distribution characteristics of airspace resource availability in mainland China.
The spatial distribution of airspace resource availability in China mainland exhibits
substantial regional differences, i.e., the resource availability is lower in the southeast
of China’s airspace and is higher in the western and northern portions of China’s
airspace. The spatial clustering approach was used, and the three altitude ranges were
divided into three groups separately. The grouping results show that the altitude range
from 6000 to 7800 m has the best performance in terms of grouping differentiation,
with R? reaching 0.7141. Relevant recommendations are made for various groups to
optimize the distribution of airspace resources.

e  This paper is a preliminary investigation into the airspace resource availability of
China. Future research will focus on a sizable area of continuous airspace with
abundant resources to research the FUA with Chinese characteristics by taking into
account the development trends of the airspace structure transitioning from fixed to
dynamic. In the future, the dynamic real-time monitoring of airspace resources can
be carried out based on this method, and research related to dynamic sector division
can also be carried out with the objective of balancing sector airspace resources. It is
clear from this paper that the airspace resource availability is not only dependent on
the size and distribution of the PRDs but is also closely related to traffic flow patterns.
As a result, it is possible to study the designation and distribution of PRDs while
keeping traffic flow patterns unchanged or to reconfigure routes while keeping the
PRDs constant, thereby improving airspace resource availability. This paper proposes
a sector capacity calculation method, which can be optimized in the future to carry
out research related to sector capacity evaluation. All of the above findings provide
new methods and new ideas for ASM.
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