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Abstract

An analysis of air traffic complexity in multi-airport terminal areas can assist air traffic
controllers in accurately assessing the air traffic situation and collaboratively managing
air traffic flows, thereby enhancing the utilization of airspace resources and reducing
flight delays. This paper proposes an air traffic complexity analysis method for multi-
airport terminal areas based on a route segment–flight state interdependent network. The
interdependent network model consists of an upper-layer flight state network, a lower-
layer route segment network, and inter-layer coupling edges. The upper-layer network is
constructed with aircraft as nodes and flight conflicts between aircraft as edges. The lower-
layer network uses route segments as nodes and the connectivity between route segments
as edges. The inter-layer coupling edges are determined by evaluating the relationship
between aircraft and route segments—if an aircraft is on a specific route segment, a coupling
edge exists between the corresponding aircraft node and route segment node. Based
on this model, node-level complexity metrics are established to analyze the importance
and complexity of individual route segments. Additionally, network-level complexity
metrics are introduced to assess the overall air traffic complexity in multi-airport terminal
areas. Finally, the method proposed in this paper is validated using flight scenarios in the
Guangdong–Hong Kong–Macao Greater Bay Area. By comparing and analyzing the results
with the actual situation, it is shown that the proposed method can accurately assess the air
traffic complexity in multi-airport terminal areas.

Keywords: multi-airport terminal area; air traffic complexity; interdependent network
model; network metrics; node-level complexity analysis

1. Introduction
Multi-airport terminal areas refer to designated controlled airspace regions that encom-

pass multiple airports within a certain geographic area. These regions are characterized by
interconnected surrounding airspace and overlapping traffic flows, where flight operations
such as departures, arrivals, and related flight activities are organized and managed. The
complexity of terminal airspace structures involving multiple airports is marked by high
intricacy, large flight volume, and complex conflict situations among aircraft. Analyzing
the air traffic complexity in such areas helps to improve airspace resource utilization and
reduce flight delays, and it provides a scientific basis for airspace resource allocation,
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controller strategy formulation, and safety risk management, thereby ensuring the stable
operation of high-density flight flows. Consequently, the analysis of air traffic complexity
in multi-airport terminal zones has become a key research focus in academia and industry.

Currently, research on air traffic complexity mainly concentrates on three aspects:
(1) complexity analysis based on Air Traffic Control (ATC) cognition, (2) analysis from
the traffic situation perspective, and (3) complexity analysis using complex network the-
ory. In the field of ATC cognitive complexity, Histon et al. [1] pioneered the concept of
cognitive complexity, laying a solid foundation for in-depth structural analysis of control
cognition. Subsequently, Cong et al. [2], from the dimensions of structural and operational
features, established a multi-dimensional indicator system for sector complexity and em-
ployed K-means clustering to analyze the complexity across multiple sectors. However,
cognitive complexity assessments are primarily based on controller workload, making
them susceptible to human factors. To reduce subjective influence, recent studies have
shifted towards analyzing air traffic complexity from the perspective of traffic situation.
Zhang et al. [3] focused on disorder and disturbances within two-dimensional airspace
traffic flows, evaluating inherent traffic flow complexity to accurately depict air traffic
operational conditions. Cao et al. [4] incorporated machine learning models to explore
the intrinsic relationship between operational complexity factors and sector complexity,
training on multi-indicator datasets to evaluate sector complexity levels. Wen et al. [5]
proposed a spatio-temporal hybrid deep learning model that leverages spatial and temporal
features related to complexity data for sector complexity prediction.

With advances in machine learning, there are more options for analyzing air traffic
complexity. However, the selection of complexity indicators remains largely unchanged,
primarily extracting factors from a macroscopic traffic flow perspective. Complex systems,
particularly complex network theories, have been increasingly used to describe air traf-
fic complexity in recent years, offering an effective research approach. Complex network
modeling abstracts nodes and their relationships within complex systems. Wang et al. [6–8]
proposed constructing weighted conflict networks with aircraft as nodes and flight connec-
tions as edges, using network metrics like node degree and connectivity rate to assess local and
overall airspace complexity. Wu et al. [9–11] built flight state networks with aircraft as nodes
and communication relations via airborne collision avoidance systems (ACASs) as edges,
utilizing metrics such as node strength, average clustering coefficient, and betweenness
centrality to describe dynamic traffic conditions, as well as employing principal component
analysis (PCA), factor analysis, and entropy weighting to monitor airspace trends and
identify key nodes—effectively reducing subjective bias and enhancing precision in com-
plexity recognition. Bi et al. [12], building on these studies, optimized flight state networks
using velocity obstacle methods to preempt potential conflicts, aiding controllers in early
detection of conflicts and area complexity.

However, existing complex network models are primarily limited to single-layer topo-
logical analyses and focus on relationships between a single factor. Air traffic complexity
is inherently a multi-factor, cross-system issue. Multi-layer networks can better character-
ize this complexity, and the emergence of interdependent network theory provides new
avenues for research. Buldyrev et al. [13] first introduced interdependent network theory, es-
tablishing a simple interdependent network model to analyze coupled system relationships.
Shao et al. [14] proposed a one-to-many interdependent network model based on inter-layer
coupling. Wang et al. [15–17] constructed static interdependent air traffic networks with
airports, air routes, and control sectors as sub-networks, studying structural vulnerabilities,
failure propagation mechanisms, and relationships between network resilience, topology,
and traffic flow. Li et al. [18,19] developed coupled interdependent models of control
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networks and flight state networks, reflecting interactions between controllers and aircraft,
and systematically analyzed the characteristics and evolution processes of such networks.

This paper aims to solve the problem of identifying and evaluating the complexity of
air traffic in multi-airport terminal areas. To improve the utilization efficiency of airspace
resources and reduce flight delays, this paper constructs a route segment–flight state
interdependent network model and uses the complexity indicators of nodes in this model
to reflect the air traffic situation.

Different from most existing methods based on single-layer network analysis, the
interdependent network model constructed in this paper can simultaneously consider
the mutual influence between aircraft operating states and route structures, effectively
making up for the deficiencies of traditional methods in this regard. Currently, most existing
complex network models conduct complexity analysis based on free flight. However, under
China’s current air traffic control system, aircraft need to fly along established air routes.

In view of this, this paper takes the aircraft and route segments above the multi-airport
terminal area as nodes to construct an interdependent network model that is more suitable
for China’s operating environment, thus enabling a more accurate reflection of the air
traffic situation.

2. Dependence Network Construction
The segment–flight status interdependent network consists of two sub-networks:

the upper-layer flight status network and the lower-layer segment network, as shown
in Figure 1.

Flight state network

Flight segment network

Coupling edge

Internal edge

Figure 1. Dependency Network Diagram.

In this study, the upper layer of the interdependent network is constructed by rep-
resenting aircraft as nodes and conflict relationships between aircraft as edges; the lower
layer is built by taking flight segments as nodes and the connectivity between segments
as edges. Interlayer coupling edges are used to connect aircraft nodes with flight segment
nodes, thereby forming the segment–flight status interdependent network model.
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2.1. Flight Status Network

As an upper-level network model in dependency network structures, the Flight Status
Network is constructed with aircraft operating along flight segments as network nodes and
conflict relationships between aircraft as edges. This network construction method draws
on the flight state network theory proposed by Wu et al. [9–11]. However, in terms of the
conflict determination criteria, the relevant regulations of the Civil Aviation Administration
of China are adopted.

An air traffic conflict refers to a situation in which two or more aircraft are flying
within the same time and spatial range, and the distance between them is less than the
established safety separation. The main causes of air traffic conflicts include limited
airspace resources, complex and variable weather conditions, human operational errors,
and navigation equipment failures, all of which can affect the normal operation of aircraft
and the maintenance of safe separation.

Article 251 of the Civil Aviation Air Traffic Management Rules in the standards of the
Civil Aviation Administration of China (CAAC) stipulates that under procedural control
conditions, the minimum horizontal separation between aircraft should be 20 km. If the
horizontal separation is less than the specified value and the vertical separation is less than
300 m, it is considered that there is a flight conflict between the two aircraft. Therefore,
we believe that if the horizontal distance between two aircraft is less than 20 km and the
vertical separation is less than 300 m, it indicates that there is a potential flight conflict
between them.

In the Flight Status Network, the weight of edges accounts for the urgency of flight
conflicts. The closer the distance between two aircraft, the higher the degree of conflict
and, thus, the greater the edge weight. To prevent excessively large weights, the weight
is normalized within the range [0, 1]. Specifically, as the distance between two aircraft
approaches zero, the weight approaches 1; when the distance approaches 20 km, the weight
approaches 0; and when the distance is greater than or equal to 20 km, the weight is 0.
This weight calculation method refers to the normalization processing method adopted by
Zhang et al. [3] in the evaluation of traffic flow complexity. The formula for calculating the
edge weight is:

wij =

{
1 − e

1 − 20
Dij 0 < Dij < 20

0 Dij ≥ 20
. (1)

where i and j represent aircraft nodes i and j, respectively, and the distance between aircraft
node i and aircraft node j is denoted as Dij.

2.2. Flight Segment Network

As the lower-level network in the dependency network model, the Flight Segment Net-
work is constructed with flight segments as nodes, and the connections between segments
(presence of waypoints between two segments) as edges. Therefore, the Flight Segment
Network is an undirected and unweighted network. The schematic diagram of the Flight
Segment Network is shown in Figure 2.

The left half of the figure is a schematic diagram of the air segments, and the right half
is a schematic diagram of the route network. For example, in the left diagram, Air Segment
1 is connected to Air Segments 2, 3, and 4; consequently, in the right diagram, the route
node 1 is connected to route nodes 2, 3, and 4 via edges.
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flight leg 2

flight leg 4

flight leg node 1

flight leg node 3

flight leg 1

flight leg 3

flight leg node 2

flight leg node 4

Figure 2. Flight Segment Network Diagram.

2.3. Interlayer Coupling Edges

If an aircraft is flying on a certain air segment, there is an edge connecting the aircraft
node and the air segment node; this edge is called an interlayer coupling edge. The concept
of this kind of coupling edge originates from the one-to-many interdependent network
model theory proposed by Shao et al. [14]. Interlayer coupling edges connect air segment
nodes in the route network with aircraft nodes in the flight status network. The schematic
diagram of interlayer coupling edges is shown in Figure 3.

flight leg 4

flight leg 2

flight leg 1

flight leg 3

1

2

3

4

5

6

coupling edge

flight 
leg 2

flight 
leg 4

flight 
leg 3

flight 
leg 1

aircraft 
node 1

 aircraft 
node 2

aircraft 
node 3

aircraft 
node 4

aircraft 
node 6

aircraft 
node 6

Figure 3. Coupled Edge Illustration Diagram.

In Figure 3, aircraft numbered 1 to 3 are on air segment 4, while aircraft numbered
4 to 6 are on air segment 2. From this, it follows that there are edges connecting aircraft
nodes 1–3 to the flight segment node 4, and edges connecting aircraft nodes 4–6 to the flight
segment node 2.

The idea of designing the weight of the coupling edge draws on the relevant methods
for node importance evaluation in the complex network theory of Wu et al. [9–11]. When
setting the weights of the interlayer coupling edges, considerations include the proportion
of the distance the aircraft flies over in the segment relative to the total length of that
segment. The larger this proportion, the more likely the aircraft will exit the segment, which
reduces the aircraft’s influence and importance concerning that segment. Consequently,
the weight value of the aircraft on the segment decreases.
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Based on this reasoning, the calculation formula for the weights of the interlayer
coupling edges is:

wim = (Dm − dim)/Dm. (2)

Let i represent aircraft node i and m represent air segment node m. dim denotes the
flying distance of aircraft i on segment m, and Dm represents the total length of segment m.

Since flight conflicts are critical for air traffic controllers and segment operations, the
consideration of interlayer coupling edge weights should account not only for the aircraft’s
position progress on the segment but also for potential flight conflicts. Let K be the conflict
multiplier (which can be modified based on the scenario). This idea of conflict weighting
is also reflected in the research of Wu et al. [9–11]. If aircraft node i experiences a flight
conflict, then the weight of the edge connecting aircraft node i to segment node m is given
by the formula:

wim = K(Dm − dim)/Dm. (3)

Based on the above analysis, if the aircraft node i flies at segment node m, then there
is an edge between the aircraft node i and the segment node m. This edge is referred to
as an inter-layer coupling edge. The weight calculation formula for the coupling edge is
as follows:

wim =

{
(Dm − dim)/Dm, flying conflict

K(Dm − dim)/Dm, no flying conflict
. (4)

3. Construction of an Interdependent Network of Multi-Airport Terminal
Areas in Guangdong–Hong Kong–Macao

This paper selects the practical scenarios of multiple airport terminal areas in the
Guangdong–Hong Kong–Macao Greater Bay Area to validate and analyze the interdepen-
dent network model. The Guangdong–Hong Kong–Macao Greater Bay Area is composed
of three core airports—Hong Kong, Guangzhou, and Shenzhen—as well as other important
airports such as Macau and Zhuhai. Within the multiple airport terminal areas, flight route
density is high, and complex relationships exist.

On normal operation days (without interference from the pandemic or special control
measures), the total number of inbound and outbound flights at the core airports in the
Guangdong–Hong Kong–Macao Greater Bay Area (Guangzhou Baiyun, Shenzhen Bao’an,
Hong Kong International, Zhuhai Jinwan, and Macao International) is approximately
2500–3000 flights per day. Most of these flights experience route intersections and overlap-
ping arrival and departure paths in the terminal area.

The peak hours for route operations are from 08:00 to 11:00 (morning peak) and from
17:00 to 21:00 (evening peak). During these two periods, the density of aircraft on the
terminal area routes increases significantly, and the risk of conflicts rises. The average
length of the route segments is about 20–40 km, with the shortest being less than 15 km
and the longest about 60 km.

In this paper, a “route segment” refers to the section of the route connecting two
waypoints, similar to the “jet airways” internationally. All the route segments in this paper
are derived from the route charts issued by the Civil Aviation Administration of China
and are part of the fixed route system. All civil aviation flights in this airspace operate in
accordance with Instrument Flight Rules (IFR).

Taking the actual air traffic data of the case in this paper as an example, during peak
hours, the horizontal relative positions of aircraft within the route segments are often
less than 20 km, and the vertical separation of some aircraft is less than 300 m. There
are numerous potential conflict threats, which are exactly the operating states that the
indicators proposed in this paper aim to capture and quantify.
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According to the aeronautical charts published by the Civil Aviation Administration
of China on 1 August 2023, we identified the navigation points and their longitude and
latitude over the airspace of the multiple airport terminal areas in the Greater Bay Area,
along with their connectivity relationships. The resulting airway map over the Greater Bay
Area is shown in Figure 4, which contains a total of 148 segments. The blue dots represent
the navigation points in the airspace of the Greater Bay Area, the black lines denote the
flight segments, and the labels are the names of the navigation points.
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Figure 4. Air Routes Map Over the Guangdong–Hong Kong–Macao Greater Bay Area.

We numbered the flight segments and collected air traffic flow data over the
Guangdong–Hong Kong–Macao Greater Bay Area at 14:20 on 18 June 2024. At this times-
tamp, there is a total of 173 aircraft in the airspace. The traffic situation diagram is shown
in Figure 5, where the red points and numbers represent the aircraft in operation and their
corresponding IDs. Based on the criteria outlined in Section 2.1 for determining aircraft
conflict situations, if two aircraft are found to be in conflict, a green edge is established
between their respective aircraft nodes.

In the interdependent network model, the weighted adjacency matrix of the interde-
pendent network can be used to represent the air traffic conditions over the Guangdong–
Hong Kong–Macao Greater Bay Area. At this moment, there are 173 aircraft in flight, so the
weighted adjacency matrix is a square matrix of size (148 + 173) × (148 + 173). The number
173 represents the total aircraft flying over the airspace of the multiple airport terminal
areas at this time.

The matrix can be divided into four parts: The top-left 173 × 173 submatrix records
the conflict levels between individual aircraft. The bottom-right 148 × 148 submatrix is
an adjacency matrix indicating the connectivity between 148 flight segments; a value of
1 signifies that two segments share a common point, while 0 indicates no shared point. The
bottom-left 148 × 173 matrix and the top-right 173 × 148 matrix are transposes of each
other; they record the weights of inter-layer coupling edges.
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Figure 5. Air Traffic Situation Map of Guangdong–Hong Kong–Macao Terminal Area at 14:20.

Based on the air situation diagram at the current moment, the weighted adjacency
matrix A of the interdependent network model at this moment is calculated, and its
expression is as follows:

A =



0 0 0 6.04 . . . 0 0 0 . . . 3.24
0 0 0 0 . . . 0 0 0.12 . . . 0
0 0 0 0 . . . 0 0.62 0 . . . 0

6.04 0 0 0 . . . 0 0 0 . . . 2.73
...

...
...

...
. . .

...
...

... . . .
...

0 0 0 0 . . . 0 0 0 . . . 0.14
0 0 0.62 0 . . . 0 0 1 . . . 1
0 0.12 0 0 . . . 0 1 0 . . . 1
...

...
...

...
. . .

...
...

...
. . .

...
3.24 0 0 2.73 . . . 0.14 1 1 . . . 0



. (5)

Based on the adjacency matrix, the interdependent network model for the Guangdong–
Hong Kong–Macao Greater Bay Area at 14:20 on 18 June 2024, is depicted in Figure 6. In
the figure, red nodes represent aircraft nodes, black nodes represent flight segment nodes,
green edges denote conflict edges within the flight status network, purple edges indicate
inter-layer coupling edges, and blue edges represent connections between flight segments.

Next, based on the route segment–flight state interdependent network model estab-
lished above, we will establish the complexity indicators for this interdependent network
model, and analyze the complexity of each route segment and the overall air traffic situation.
The end-users of the complexity indicators established in this paper to reflect the air traffic
situation include air traffic controllers, airspace planners, airline operation dispatchers, and
the airspace management department of the Civil Aviation Administration, etc.
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Figure 6. Flight Segment–Flight Status-Dependent Network Model Diagram.

These indicators are mainly used for real-time operation monitoring and short-term
early warning, which are specifically reflected in the following aspects: Firstly, conduct
real-time complexity assessment to help controllers identify the current complexity of the
airspace and potential risk areas. Secondly, assist in traffic management decision-making,
providing a scientific basis for traffic allocation and further optimizing flight schedule
arrangements. Thirdly, serve as an early-warning system. When the complexity index
exceeds the threshold, it can promptly issue warnings for possible congestion or conflicts.
Fourthly, carry out historical trend analysis. By analyzing the complexity change patterns
during specific periods, it can provide references for future planning.

4. Analysis of Flight Segment Complexity
In the flight segment–flight status interdependent network model, the characteristics

of flight segment nodes can reflect the importance and complexity of each segment. Starting
from the degree of flight segment nodes and the node strength, we analyze the complexity
of the flight segments in the airspace of the Guangdong–Hong Kong–Macao multi-airport
terminal area.

4.1. Analysis of Flight Segment Node Degree

In the air route network, the node degree reflects the number of connected neighboring
route nodes for a given route node. It is a key indicator for evaluating route congestion and
network connectivity, and plays an important role in the analysis of air traffic complexity.
To quantify this metric, we use the following formula:

ki = ∑N
j = 1 aij. (6)

Let N denote the total number of nodes and aij indicate whether a link exists between
node i and node j; if so, aij = 1, otherwise aij = 0. In the dependency network, due to the
presence of two distinct types of edges, the node degree is divided into internal degree
and external degree. The degree of a node in the dependency network is defined as the
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sum of its internal and external degrees. In the route-flight state dependency network, two
subnetworks exist; therefore, the degree of a node ki is calculated as:

ki = k1
i + k2

i . (7)

The internal degree of a node, denoted as k1
i , represents the number of internal edges

connected to that node. The external degree, denoted as k2
i , indicates the number of

coupling edges connected to the node.
The internal degree of route nodes reflects the level of connectivity between that route

and other routes. A high internal degree typically signifies that the route node functions as
an important hub within the network, effectively linking multiple routes. This connectivity
not only influences flight flow but may also lead to increased air traffic density, thereby
elevating the potential risk of conflicts. Consequently, the internal degree of a route aids
airlines and air traffic management agencies in optimizing flight scheduling, improving
punctuality and safety. Since the connectivity of air routes over the Guangdong–Hong
Kong–Macao Greater Bay Area remains unchanged, the internal degrees of route nodes in
the lower-layer network are constant, and their statistical distribution is shown in Figure 7.
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Figure 7. Hop count within the flight segment node.

From the figure, it can be seen that route nodes 19, 46, and 89 have the highest internal
degree, each with a value of 12. According to the route map of the Guangdong–Hong
Kong–Macao Greater Bay Area shown in Figure 4, these three route segments are each
connected to 12 other routes. Once these high-internal-degree route nodes encounter issues,
they may trigger chain reactions, leading to widespread flight delays or cancellations,
which can impact the normal operation of the entire air traffic network. Therefore, in the
analysis of air traffic complexity, special attention should be paid to route nodes with higher
internal degrees.

The external degree of a route node indicates the number of aircraft simultaneously
operating on that route, reflecting the traffic volume on the route. A high external degree
typically signifies a higher number of flights utilizing that route. Additionally, analyzing
the external degree assists air traffic management agencies in traffic control, enabling them
to regulate and maintain traffic flow within safe limits, thereby reducing congestion risks.
This contributes to improving the overall efficiency and safety of air transportation. The
distribution of external degrees for route nodes in the dependency network model over the
Guangdong–Hong Kong–Macao Greater Bay Area is shown in Figure 8.
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Figure 8. Degree outside the flight segment node.

According to Figure 9, route nodes 43 and 89 have relatively high external degrees, each
with a value of 8. As shown in the air traffic map of the Guangdong–Hong Kong–Macao
Greater Bay Area in Figure 5, there are 8 aircraft flying on route segment 43 (AVPAM-
GURIN) and route segment 89 (MUBEL-POU). A higher external degree indicates a greater
likelihood of conflicts between aircraft on that route segment. Therefore, air traffic man-
agement authorities should strengthen monitoring and control over these routes to ensure
flight safety. Additionally, some route nodes in Figure 9 have an external degree of 0,
indicating that no aircraft are flying on those routes at the current time.

 

Figure 9. Busy situation of various flight segments in multi-airport terminal areas.
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4.2. Strong Point Analysis of Sector Waypoints

In a weighted network, when analyzing nodes, it is also necessary to consider the
impact of edge weights on the nodes, namely the node strength. The strength of a node
connected to all edges with weights is the sum of the weights of all edges connected to that
node, which can be expressed as follows:

si = ∑N
j = 1 aijwij. (8)

wij represent the weight of the edge between node i and node j.
In this dependency network model, edges with weights represent the internal edges

between aircraft in the flight state network and the coupling edges between network layers.
Since the edges between sector nodes do not have weights, the node strength of a sector
node is equal to the sum of the weights of all coupling edges connected to that sector node.

The sector node strength quantifies the number of aircraft passing through that sector
as well as the distribution of aircraft within the sector. A higher node strength indicates
either a larger number of aircraft concurrently present in the sector or longer aircraft flight
times within the sector, suggesting a higher degree of connectivity with other sectors. This
provides an intuitive reflection of the busyness level of the sector. The weights of the
coupling edges consider the positional information of aircraft within the sector, and the
conflict multipliers account for the conflict situations between aircraft. By integrating these
factors, the node strength can more accurately reflect the actual operational congestion of
the sector.

Based on the node strength values of each sector, we generate a diagram illustrating
the busy conditions of each sector in the multi-airport terminal area of the Guangdong–
Hong Kong–Macao Greater Bay Area, as shown in Figure 9. In the figure, the color and
shading of each sector indicate different levels of busyness, with red, yellow, green, and
blue representing increasing degrees of congestion.

As shown in Figure 9, the nodes of Route 89 and Route 43 are colored blue. The node
of Route 89 has the highest level of busyness. A higher level of busyness of a route node
indicates a larger number of aircraft or more conflicts on that route. According to the air
situation map of the Guangdong–Hong Kong–Macao Greater Bay Area in Figure 5, there
are 8 aircraft on Route 89, and all of them are involved in flight conflicts. Similarly, there are
also 8 aircraft on Route 43, but only 6 of them are involved in flight conflicts. Therefore, the
busyness of the node of Route 89 should be greater than that of Route 43. In contrast, there
are no aircraft flying on Routes 23, 60, 100, 125, etc. The colors representing the busyness of
these routes should be red. This shows that the actual air situation map is consistent with
the results of our node complexity analysis.

5. Overall Complexity Analysis of Air Traffic Based on Dependency Networks
Analysis of Segment Node Complexity can reveal the complexity and significance

of each flight segment. Additionally, the analysis of the overall dependency network’s
complexity provides insights into the air traffic complexity within the entire multi-airport
terminal area.

To accurately evaluate the overall characteristics of the air traffic network, we select
three indicators that reflect the network’s overall performance: the average node infor-
mation entropy, the average node weighted clustering coefficient, and the average node
strength. These metrics are used to analyze the complexity of air traffic in multi-airport
terminal areas. The integration is performed using the Analytic Hierarchy Process (AHP),
ultimately deriving a Flight State Network Complexity Index (P) to represent the overall
complexity of the air traffic system.
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Information entropy measures the diversity and uncertainty of a node’s connection
pattern. In the dependency network model, a higher node information entropy indi-
cates greater uncertainty in the node’s state—such as aircraft flight status and segment
utilization—making the system more complex and variable. For a node i, its information
entropy H(i) can be calculated using the following formula:

H(i) = − ∑j∈N(i) pijlog
(

pij
)
, (9)

where N(i) is the set of neighboring nodes of node i. pij is the connection probability between
node i and its neighbor node j, which can be obtained by normalizing the edge weights:

pij =
wij

∑k∈N(i)wik
, (10)

where wij represents the edge weight between node i and node j.
The average node information entropy is the mean value of the information entropy

across all nodes in the network. It provides an overall measure of the node information
entropy for the entire network. The average node information entropy reflects the overall
uncertainty and complexity of the entire air traffic network. A higher average node
information entropy indicates that the feature distribution of nodes is relatively dispersed,
resulting in a more complex network structure and interaction relationships. Consequently,
the overall operation of air traffic becomes more intricate.

The weighted clustering coefficient is a metric used to assess the local connectivity
density around a node within a complex network. It reflects the tightness of connections
among neighboring nodes and the distribution of edge weights. When multiple aircraft
are flying within a specific area and are relatively close to each other—implying potential
flight conflicts—the connection weights between these nodes and their neighbors tend to
be higher. As a result, the clustering coefficient increases, indicating that the air traffic in
that region is more complex and may carry a higher risk of flight conflicts. For a node i, its
weighted clustering coefficient C(i) can be calculated using the following formula:

Ci =
1

(ki − 1)× si
× ∑m,n

wim + win
2

× aimainamn. (11)

The degree of a node is denoted as ki, and the strength of a node is denoted as si.
The average node weighted clustering coefficient is the mean value of the weighted

clustering coefficients over all nodes in the network. The average node-weighted clustering
coefficient reflects the local clustering characteristics of the entire network. A higher average
weighted clustering coefficient indicates more frequent and tighter interactions among
aircrafts and between flight segments.

Node strength is an index used to measure the connection strength between a node and
its neighbors, which reflects the importance and activity level of the node in the network.
The expression of node strength has been mentioned above.

The average node strength is the mean value of the strengths of all nodes in the
network, reflecting the overall activity level and connection intensity of the entire network.
A higher average node strength indicates that flights between aircraft within the entire
air traffic network tend to have more frequent conflicts and higher conflict intensities,
reflecting a higher level of airspace congestion; conversely, a lower average node strength
suggests relatively smoother air traffic with fewer conflicts and lower conflict intensity.

Because, during our calculation of the average node strength weight using the Analytic
Hierarchy Process (AHP), the difference between the average node strength and the average
node information entropy, as well as the average node weighted clustering coefficient, was
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excessively large, we employed the tanh function to limit the average node strength within
the range (0, 2).

The expressions for the average node information entropy, the average node weighted
clustering coefficient, and the average node strength are as follows:

X =
1
N

N

∑
i=1

X(i), X ∈ {H, C, S}. (12)

The network complexity index (P) is obtained by weighted combination of the three
aforementioned network complexity indicators using the AHP. AHP is a multi-criteria
decision-making method used for decision analysis; it constructs judgment matrices to
compare the importance of different factors and computes their weights. The specific steps
are as follows:

First, construct the judgment matrix W. In this case, it is a 3 × 3 matrix representing
the relative importance among three factors: average node information entropy, average
node weighted clustering coefficient, and average node strength. The element Wij indicates
the importance of factor i relative to factor j.

Second, calculate the factor weights. To do this, we use the geometric mean method:
take the logarithm of each element in each row of the judgment matrix, compute the
average, then exponentiate to obtain the geometric mean for each factor. These geometric
means are normalized so that their sum equals 1, yielding the weights for each factor.

Third, perform a consistency check. This step is crucial in AHP to ensure the log-
ical consistency of the judgment matrix. The consistency index (I) is calculated using
the formula:

I =
λmax − n

n − 1
. (13)

λmax represents the maximum eigenvalue of the judgment matrix. In the Analytic Hierarchy
Process (AHP), the judgment matrix is constructed by pairwise comparison of the relative
importance of various factors. n is the order of the judgment matrix, that is, the number
of rows or columns of the matrix, which represents the number of factors involved in
the comparison.

The calculation formula for the Consistency Ratio (R) is as follows:

R =
I

B(n)
. (14)

B is the Random Index, and its value depends on the order n of the judgment matrix.
If R < 0.1, the judgment matrix is considered to have satisfactory consistency; otherwise,

adjustments to the judgment matrix are necessary. Based on the experimental result, R =
0.0332, which meets the criteria. Finally, the formula for calculating the complexity index is
as follows:

P = W1 × (H̄) + W2 × (C̄) + W3 × (1 + tanh(S̄)). (15)

The variables W1 W2 W3 are the indicator weights obtained through the Analytic
Hierarchy Process. These weights reflect the relative importance of each indicator in the
calculation of the complexity index. According to the experimental results, W1 = 0.6370,
W2 = 0.2583, W3 = 0.1047.

Based on the air situation maps from 14:20 to 15:00 on 18 June 2024, we derived
the dependency network models for this time period. Using these dependency network
models, the variation of the Guangzhou–Hong Kong–Macau multi-airport terminal area
complexity index is shown in Figure 10, with a time step of 2 min.
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Figure 10. Complexity Index Variation Chart.

Based on Figure 10, we can observe that at 14:20 on June 18, 2024, the dependency
network complexity index is at its lowest value of 0.8. The air situation map corresponding
to this time is shown in Figure 5 above. Conversely, at 14:48 on 18 June 2024, the dependency
network complexity index reaches its highest value of 3.0, and the air situation map at this
time is depicted in Figure 11.

Figure 11. The 14:48 Timestamp of the Guangdong–Hong Kong–Macao Terminal Airspace Situation Map.

Based on Figure 5, at 14:20, the number of aircraft flying over the Guangdong–Hong
Kong–Macau terminal area is relatively low, with fewer flight conflicts among the three
major airports: Hong Kong, Guangzhou, and Shenzhen. According to Figure 11, at 14:48,
the number of aircraft operating in the Guangdong–Hong Kong–Macau terminal area in-
creases, and the frequency of flight conflicts among Hong Kong, Guangzhou, and Shenzhen
airports also rises. This indicates that the variation of the dependence network complexity
index is consistent with the actual air traffic situation in the multi-airport terminal area
of Guangdong–Hong Kong–Macau. Therefore, it validates that the segment–flight state
dependence network model can effectively reflect the overall complexity of air traffic. This
research provides a theoretical basis and practical significance for the analysis of air traffic
complexity in multi-airport terminal areas.

6. Conclusions
The analysis of air traffic complexity in multi-airport terminal areas is beneficial for

improving airspace resource utilization and reducing flight delays. This paper proposes
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a method for analyzing the air traffic complexity in multi-airport terminal zones based
on a segment–flight state dependence network. The dependence network is constructed
by coupling an upper-layer aircraft network with a lower-layer segment network via
interlayer connections. In flight scenarios of the Guangdong–Hong Kong–Macao Greater
Bay Area, the method proposed in this paper is verified and compared with the actual
situation. The results show that this method can accurately assess the air traffic complexity
in multi-airport terminal areas.

This thesis provides new ideas for research on air traffic complexity analysis in multi-
airport terminal areas.
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