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Abstract: Complex networks have encouraged scholars to develop an effective method for abstract-
ing and optimizing aviation networks. However, researchers often overlook the aviation network’s
temporal attribute and treat it as a static network. Aviation networks have strong temporal char-
acteristics and the dynamic connection cannot be realistically described by a static network. It is
necessary to more accurately and realistically represent these connections during the operation of
an aviation network. This study explored temporal structures of the Chinese aviation temporal
network (CATN) based on flight schedules and actual operational time data. Temporal networks
based on time windows were represented to analyze the temporal topology features and robustness
of the CATN. The results demonstrated the following: (1) based on the spatial-temporal aviation
network, there is a morning departure peak (7:00–8:00) and an evening arrival peak at the airline
hub (20:00–21:00); (2) examining the centrality of each airport in the CATN at various time intervals
exposed fluctuations in their rankings, which could not be identified by a static network, and (3) the
robustness of the CATN was found to be unaffected by time windows, but it displayed poor resilience
against deliberate attacks, particularly when subjected to betweenness and closeness attacks, which
target the network’s shortest paths. For obtaining a greater understanding of the operating situation
of civil aviation, displaying the topological features and robustness of the temporal network is of
great importance.

Keywords: Chinese aviation temporal network; temporal network; topological structure; complex
networks, robustness

1. Introduction

The aviation network functions as a typical complex system, with its subsystems that
interact to generate functionality rather than being created by a specific subsystem [1–3].
Complex network theory enhances our understanding of the functionality and behavior
of the aviation transportation system. The aviation network consists of nodes and edges,
with nodes that represent airports or cities where airports are located and edges that
represent connections between airports [4]. To model the US aviation network, Li-Ping [5]
utilized a directed weighted network and analyzed its degree distribution and clustering
coefficient. Li and Cai [6] analyzed the Chinese aviation network (CAN) with 128 airport
nodes and 1165 flights, and found that its average shortest path was 2.067 and its clustering
coefficient was 0.733, indicative of a small-world network classification. Barrat [7] examined
the global aviation-weighted network and investigated the correlation between weight
and the underlying topological structures of the network. Gautreau [8] analyzed the
interaction between macroscopic and microscopic airport network characteristics in the
US. Empirical studies demonstrate that both Chinese and global aviation networks have
small-world properties, with short average shortest paths and high clustering coefficients.
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Both networks exhibit a double power-law distribution pattern in their respective degree
distributions [9–12].

The majority of studies on aviation networks have concentrated on examining their
static structures, overlooking the correlations present across various time periods. In static
networks, the relationship between nodes depends only on the existence of a flight route,
which disregards any temporal data such as departure and arrival times or delays. This
oversimplified static abstraction leads to overestimating the connections among nodes and
distorts the understanding of the system’s structure. Temporal networks are characterized
by the connections among nodes which vary over time periods [13]. Integration of the time
dimension into the network model results in more complex interrelationships and presents
novel challenges to static network theory.

Early researchers described temporal networks using weighted networks, with edge
weight signifying the number of incidences over the entire time period. Nevertheless,
this model considers an impractical assumption that the connections between pairs of
nodes are randomly distributed within the time period [14]. To evaluate the presence
of directed edges between nodes and to establish reachability graphs, Moody et al. [15]
introduced the concept of temporal reachability. However, this model is only suitable for
sparse networks. To overcome this drawback, several studies [16,17] discretized aggregated
temporal networks into snapshot sequences using time windows, where the interactions
between nodes within a time window belong to the same time window, and each snapshot
within the time window is independent of the others. By correctly mapping temporal
networks into static networks, the research characterized changes in network features
such as the degree, betweenness, and clustering coefficient. Although these methods
are broadly accepted in temporal network research, the selection of an appropriate time
window size remains a crucial challenge. A small time window setting results in numerous
invalid empty network structures, whereas using the entire observation window as the time
window renders the temporal network static, leading to the loss of temporal information.
Furthermore, these models ignore continuity in time when the interaction between nodes
spans multiple time windows, resulting in inaccurate temporal information.

In recent years, there has been a growing trend among scholars to utilize temporal
networks for the aviation transportation network. Ralvi et al. [18,19] captured the com-
plexity within specific time windows and introduced corresponding complexity metrics to
understand the dynamic evolution of complexity within these windows. Moreover, they
introduced the concept of individual aircraft complexity to assess individual contributions
and proposed a method for defining complex communities that evaluate the impact of vari-
ous decisions on the overall system. To better represent the temporal relationship between
flights, Mikko et al. [20] integrated temporal networks into the event graph framework to
investigate the characteristics of these networks. Humberto and Lilian [21] analyzed the
robustness of temporal networks in light of this framework.

This study aimed to model the CAN as a temporal network and to analyze its temporal
topology to better understand the structural characteristics that determine the network’s
resistance to random and deliberate attacks. The researchers analyzed the robustness of the
Chinese aviation temporal network (CATN) and provided insights into the obtained results.
The remainder of the paper is organized as follows: Section 2 presents the methods used
for building and researching the CATN. In Section 3, the theory of temporal networks was
utilized to conduct an empirical analysis of the CATN. Section 4 further investigates the
robustness of the temporal network model. The conclusions of the research are presented
in Section 5.

2. Modeling and Research Methods

This study employed complex networks as a modeling tool to capture the dynamic
behavior of the CATN and investigated its properties. Robustness measurements were uti-
lized to quantify the network’s structure and its ability to withstand potential disruptions.
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2.1. Modeling the CATN

A temporal network refers to a system in which clear time evolution and temporal
characteristics are evident [22,23]. In this system, nodes may emerge or vanish during
the process of temporal changes, and interactions among nodes may appear or disappear
with the progress of time. This study proposed an aggregated network G = (VG, EG, T) to
represent the temporal network. In this method, VG defines a set of nodes, and EG denotes
a set of edges interacting within a finite time period of [0, T]. Each edge is represented with
a quadruplet e = (i, j, t, ∆t), where i and j serve as node identifiers, t stands for the time of
interaction, and ∆t signifies the duration of connectivity. Although the implementation of
static network visualization for the temporal network may yield improved visualization
results, this approach does not fully incorporate topological and temporal information.

Ferreira [24] suggested the use of time windows to transform interactions that take
place during the same time window into a static graph. A snapshot-based temporal
graph [25] can map dynamic temporal aggregation networks (G) to a time sequence of
static graphs (G1, G2, . . . , Gn). This method assists us in processing temporal information
contained in the network’s quadruplets. By defining time windows symbolized by ω,
a temporal network with N = |VG| nodes and duration T can be efficiently divided into
L = T

ω snapshots. In this scenario, L signifies the number of snapshots obtained after the
division. Each snapshot captures either all the events that occur within a specific time
window or events that occur at a precise moment in time, with the collected information
that characterizes these events.

In the framework of the CATN, a temporal network can be established by utilizing a
triplet e = (i, j, t) based on flight schedules. In this notation, i and j denote the departure
and arrival airports of the flight, respectively, while t indicates its departure time. Figure 1a
shows a snapshot of the aggregation network, which consists of five airports and flights.
Time information indicates that the departure time at t is available on the edges. By utilizing
a time window of ω = 1 or ω = 2, one can generate temporal snapshot sequences (see
Figure 1b,c).

2.2. Temporally Topological Measures

The aggregated temporal network and snapshot-based temporal network are two
methods for mapping dynamic temporal networks into static networks. Scholars have
proposed numerous concepts and models for studying the topological properties of static
networks. These methods can, to some extent, reflect the topological structure of the tem-
poral network and have been extensively employed for various forms of air transportation
networks [26–29]. A novel technique has been introduced for researching the structure of
temporal topology, which is based on a static graph. A network is an undirected weighted
graph G(t) with nodes and edges varying across time periods of t ∈ {1, 2, · · · , t, · · ·}.
V(t) = {v1(t), v2(t), · · · , vn(t)} represents the set of nodes in time period t, and each node
represents an airport, with a total of N = |V(t)|. E(t) = {e1(t), e2(t), · · · , em(t)} represents
the set of routes between airports, and there are M = |E(t)| routes during t. Each edge ei(t)
connects airports a and b. Thus, an N × N adjacency matrix, A(t), is associated with the
undirected weighted graph, in which Aij is equal to 1 when there is a route between nodes
i and j; otherwise, Aij will be equal to 0.

2.2.1. Node Degree and Distribution

The degree of each node v(t) ∈ V(t), denoted as d(t, v), is defined as the number of
edges that connect to it. To calculate the degree of a given node v(t), the adjacency matrix
A(t) can be utilized. If the vth row of A(t) indicates the adjacent nodes to node v, then the
degree of node v can be obtained using the following equation:

d(t, v) =
n

∑
i=1

Avi(t) (1)
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where Avj(t) indicates whether there is at least one flight between nodes v and j at time t,
and is equal to 0 if there are no flights that connect them.

The temporal average degree of a network refers to the average number of edges
connecting each node in the network at a given time t. Higher average degrees in a network
imply that nodes within this network are more likely to be interconnected, resulting in
higher overall network connectivity. A mathematical formula for the temporal average
degree is as follows:

d̄(t) =
1
N

n

∑
i=1

n

∑
j=1

Aij (2)

Figure 1. Different forms of instantaneous undirected networks: (a) an aggregated network, (b) a
snapshot-based temporal network with a time window of 1 based on graph (a), and (c) a snapshot-
based temporal network with a time window of 2 based on graph (a).

2.2.2. Temporal Average Path Length

The temporal average path length L(t) refers to the average number of edges that
connect any two nodes i and j in a network at a given time t. For pairs of nodes with no
connection, their path length is defined as infinity. The following formula can be used to
calculate L(t):

L(t) =
1

N(N − 1) ∑
i 6=j

lij(t) (3)

where lij(t) symbolizes the shortest path length between nodes i and j at time t. In an
airline network, it represents the average number of transfers needed for any node to reach
its final destination.
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2.2.3. Clustering Coefficient

The clustering coefficient measures the possibility of two neighboring nodes being
connected, and it is defined as the ratio of the actual edges between them to the number
of all possible edges. The clustering coefficient quantifies the strength of intra-cluster
connectivity and characterizes the closeness between nodes within a network. In particular,
the clustering coefficient C(t, v) of a given node v(t) is computed using a function of the
number of edges ne among its neighbors and d(t, v), which is the degree of node v(t).
The function is defined as

C(t, v) =


2ne

d(t, v)(d(t, v)− 1)
if d(t, v) > 1

0 otherwise
(4)

Note that, in the above equation, the condition d(t, v) > 1, indicates that the node v(t)

is connected to two or more neighboring nodes, while
d(t, v)(d(t, v)− 1)

2
represents the

number of potential edges in the network. If the node v(t) has less than or equal to one
neighbor, then its clustering coefficient is equal to zero.

The average clustering coefficient C(t) in a network is defined as the mean of all node
clustering coefficients. It can be calculated as follows:

C(t) =
1
N

n

∑
i=1

C(t, i) (5)

The clustering coefficient characterizes the density of a network and the
inter-connection of nodes. A high clustering coefficient indicates a dense network with
closely connected nodes, while a low clustering coefficient implies a sparser network with
less connectivity between nodes.

2.2.4. Strength

During operational processes, aviation network traffic distribution is often non-
uniform. The strength of a node is usually represented by the sum of the routes or
flights. Weighted networks can be implemented to better represent and monitor such
traffic. Temporal networks, likewise, can also be represented as undirected weighted
graphs G(t) = (V(t), E(t), w), where V(t) and E(t) have the same definitions as in undi-
rected unweighted networks previously described. The function w : E(t)→ R maps the
set of edges to the real number set R and denotes the weight of each edge. The adjacency
matrix is defined by the following equation:

Aij(t) =
{

w(i, j) if (i, j) ∈ E(t)
0 otherwise

(6)

2.3. Robustness

The concept of network robustness is measured by the capability of a given network
to continue to be connected, despite the failure or attack of a vertex [30]. Two main
factors contributing to this problem are network attack strategies and the measurement
of robustness.

2.3.1. Attack Strategies

Network attack methods can be categorized as either random failure or deliberate
attack [31,32]. In aviation networks, random destruction resulting from non-subjective
factors, such as the operation status of internal and external infrastructure within the
aviation system and occasional extreme weather conditions, is classified as a random
failure. The Rand function was utilized to generate random numbers, and the authors
then applied the function that removes airport nodes and routes randomly. The network’s
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performance was measured following the attack until the metric was smaller than or equal
to the predetermined threshold. Exploring the effects of random failure and deliberate
attacks is vital in understanding the resilience of a network and can guide the development
of more efficient security mechanisms for network protection.

In addition to objective factors such as weather and equipment, the aviation network
is also vulnerable to various forms of subjective interference, often in the form of biased
attacks where critical nodes with higher importance are prioritized as preferred targets.
The importance of a node depends on the extent of the decline in connectivity of the airline
network following an attack. To assess node importance, centrality is utilized in deliberate
attacks. This study employed four types of centrality, namely degree centrality (the number
of connections between nodes), the nearest neighborhood degree centrality (local clustering
measure), betweenness centrality (the extent of the node used as an intermediary between
other nodes), and closeness centrality (the average distance between a node and all other
nodes in the network). Formulas (7)–(10) show the computational methods for these
centrality types, respectively:

CD(t, v) = d(t, v) (7)

where d(t, v) refers to the degree of node v at time t, i.e., the number of edges connected to
node v at time t.

CDnn(t, v) =
∑i∈Ni

d(t, i)
d(t, v)

(8)

where Ni represents the set of neighboring nodes of node i.

CB(t, v) =
n

∑
i=1
i 6=v

n

∑
j=1
j 6=v

σij(t, v)
σij(t)

(9)

where σij(t) stands for the number of shortest paths from node i to node j at time t, while
σij(t, v) signifies the number of such paths that pass through node v.

CC(t, v) =
N − 1

∑n
i=1
i 6=v

lvi(t)
(10)

where lvi(t) is the length of the shortest path from node i to node v at time t.

2.3.2. Robustness Measurement

Initially, scholars typically used network performance parameters to evaluate net-
work robustness. These parameters included the number of connected components, the
maximum component size, the network diameter, the average shortest path length, the
network efficiency, the clustering coefficient, and numerous centrality indicators. These
indicators provide different perspectives for measuring network robustness and therefore
necessitate tailored measures to be taken based on the specific problems that need to be
addressed. Network efficiency and the maximum connected sub-graph proportion were
used as measures of robustness.

In case a network is subjected to continuous attack, the size of the maximum connected
sub-graph becomes an indispensable measure of network performance. It displays the
maximum connected component that separates from the network after the attack and
reflects the network connectivity. The size of the maximum connected sub-graph relative to
the original network determines the proportion of retained nodes after an attack. A smaller
value indicates more substantial damage to the network. The relative size can be evaluated
using the following relation:

S(t) =
Nlive

N
(11)
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where Nlive(t) stands for the number of nodes preserved in the maximum connected sub-
graph following the network attack at time t, while n symbolizes the total nodes in the
original network at time t.

Latora [33] defined global efficiency, also known as network efficiency in this reference,
as the average value of the reciprocal distances between all node pairs in a network. It
indicates the convenience or difficulty of accessing one node from another, making it a
fundamental measure of network connectivity. The calculation formula for global efficiency
is as follows:

E(t) =
1

N(N − 1) ∑
i 6=j

1
lij(t)

(12)

where n refers to the number of nodes in the network at time t, and lij(t) signifies the
shortest distance between node i and node j at time t.

3. Empirical Analysis
3.1. Flight Data

Our research utilized data on all domestic flights in China for the year 2018, obtained
from VariFlight, the leading aviation data service provider in China. Flights from Hong
Kong, Macau, and Taiwan regions were excluded. These data included the most extensive
information regarding the number of flights and airports in China during that year. The data
consist of 11 valid attributes that are presented in Table 1. The redundancy of some
redundant variables, which were not related to our research objectives, could not be used
in our research and could potentially affect data processing speed. To address this issue,
the researchers removed the delay information.

Table 1. Description of Data.

Variable Type Variable Name

Time Information
Departure time information: Scheduled departure time, Actual departure time

Arrival time information: Scheduled arrival time, Actual arrival time

Delay Information Departure delay in seconds

Airport Information
Landing airport information: Airport IATA code

Take-off airport information: Airport IATA code

Airport location information: Airport Longitude, Airport Latitude, Province, City

During the process of collecting, storing, and retrieving data, missing values, outliers,
or inconsistencies are often encountered. To ensure the accuracy and effectiveness of the
data, it is necessary to analyze the missing values, outliers, and duplicates to determine
the validity of the data. The authors dealt with the data that had undergone attribute
processing. These data contained a total of 4,961,074 data entries, standing for the total
number of flights in 2018. Of the 35,715 records, 0.07% had missing actual take-off and
landing times. The purpose of processing the data was to create a temporal network.
While constructing the network, this study had to consider the following constraints: the
departure time of the flights is after 4:00 a.m. in the morning, and the landing time is before
4:00 a.m. the following day. Only data that met these conditions were defined as valid data.

A considerable amount of data in our available data was either missing, invalid,
or redundant. Therefore, it was vital to conduct data preconditioning before data mining
to improve data quality and satisfy the application requirements. The primary and most
fundamental method to deal with missing data is to eliminate the samples that contain
missed data. The existing data were mostly affected by missing values in actual takeoff and
landing times. Upon comparison with actual operational data, it became evident that the
presence of missing values was often observed in conjunction with distinct situations, such
as diversion or midair returns. As a result, the missing data points were deemed invalid.
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Apart from missing values, data validity needed to be assessed. Hence, to comply with the
aforementioned constraints, the researchers had to remove data collected before 4:00 a.m.
on 1 January 2018, because they are not classified as belonging to 2018. In addition, the data
between 0:00 and 4:00 a.m. on 1 January 2019, were not available, so the researchers
removed data between 4:00 a.m. on 30 December 2018 and 0:00 on 31 December 2018
to ensure data accuracy (Data from the year 2018 are inclusive of 1 January 2018, from 4:00
a.m. to 31 December 2018, until 4:00 a.m.). After the completion of the data preprocessing
phase, a total of 4,915,350 valid data records were obtained. These records represent 99.08%
of the initial dataset.

3.2. Topological Properties of the CATN

The CATN contains all flights that took place within China, excluding Hong Kong,
Macao, and Taiwan, during the year of 2018. Each flight was defined by a quadruplet
(i, j, t, ∆t), where i and j indicate the departure and arrival airports, respectively, t denotes
the departure time, and ∆t stands for the elapsed time from arrival to departure. By aggre-
gating data from all the flights during 2018, the CATN could be expressed as a temporal
network that included 230 airport nodes (i.e., N = 230) and a total of 3880 weighted edges
that had time labels (i.e., |E| = 3880). Figure 2 exhibits an intuitive illustration of the
CATN’s configuration.
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Figure 2. The CATN was constructed solely based on domestic civil aviation transport within
China in 2018. The node’s size and color stand for their respective degree, and the edges provide
temporal information.

The presence of non-numerical time data stored at the edges of a temporal network
makes it unsuitable for static network exploration. To avoid this situation, the authors
used a snapshot-based temporal network model to investigate the topological features of
dynamic networks. Our model partitioned time into hourly intervals, with a window of ω
at one hour, and an overall aggregating time span of T from 1 January 2018 at 4:00 a.m. to
31 December 2018 at 4:00 a.m., which resulted in the generation of 8760 snapshot networks.
Our dynamic network model can thus be regarded as a sequence of static networks,
in which each snapshot is analyzed to explore the topological and temporal characteristics
of the CATN.
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3.2.1. Temporal Attributes of Nodes and Edges

The temporal variation of China’s airline routes throughout 2018 is displayed in
Figure 3. The number of airlines in the Chinese airline network sharply increased at 6:00
and suddenly decreased at 10:00. The primary operational time of the overall network
was from 6:00 to 24:00, such that 99% of flights in 97% of airports occurred during this
time period. Peaks in flights occurred at 07:00 and 10:00, with each displaying an average
number of flights of 510 and 530, respectively. These peaks signify a limitation in the
operational capacity of the overall civil aviation network. The network was weighed
based on the number of flights in each time period to investigate the changes in flight
schedules, resulting in similar findings to those of the unweighted network. Unlike urban
transportation, air transportation experiences long periods of sustained peak traffic [34].

Figure 3. The presented graph depicts the temporal evolution of the number of airports and flight
routes in the CATN. The yellow and green lines correspond to the average number of planned and
actual flight routes per time period, whereas the purple and orange lines indicate the average number
of planned and actual airports. The shaded regions of diverse colors illustrate the fluctuation of daily
actual data around the mean value.

According to regulations of the Civil Aviation Administration, domestic airlines are
advised to reduce the number of “red-eye flights”, which are flights that depart and arrive
after midnight. On average, there are fewer than 10 flights per day (0.1% of the total) that
are scheduled to take off after midnight in the flight schedule, but in actual operations,
an average of 94 flights per day (3% of the total) take off after midnight. To further explore
this phenomenon, the authors analyzed the flight schedule by dividing time into hourly
intervals based on scheduled departure time (Figure 4). The chart clearly shows that almost
no flights are scheduled to take off after midnight in the Civil Aviation Administration’s
flight schedules. The researchers calculated the difference between the scheduled and
actual number of flights for each hour of the year and found that there were discrepancies
between 5:00 and 12:00 and between 15:00 and 16:00. This deviation led to flight delays
and an increase in the number of “red-eye flights” in operation. However, during other
times, the actual number of flights exceeded scheduled estimates, suggesting that airlines
handled abnormal flights during those periods.

This study evaluated representative airports of various types, including domestic
slot-coordinated airports such as Beijing Capital International and Xi’an Xianyang Interna-
tional, gateway airports such as Urumqi Diwopu International and Kunming Changshui



Appl. Sci. 2023, 13, 11627 10 of 20

International, and provincial airports such as Lanzhou Zhongchuan International. Through
examining the number of flights over time (Figure 5), the authors identified significant peak
periods of outbound flights for Beijing, Xi’an, and Kunming, with values that dropped
noticeably after 10:00. This suggested ample capacity at the operations, airspace, runways,
and other support resources that could redistribute flights via ground wait and flow control
after 10:00. However, Urumqi and Lanzhou had stable values, implying that their support
resources such as runways and airspace were nearing saturation.

Figure 4. The presented figure showcases the changes in the hourly counts of airports and flights
in the CATN. Specifically, the green and yellow lines correspond to the actual and planned average
count of flights, respectively, for each time period. Equivalently, the purple and orange lines represent
the actual and planned average count of airports, respectively, for each time period. Various shaded
regions of divergent colors correspond to daily actual data that fluctuate around the mean.

Figure 5. Flight volumes at specific airports over time.
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Overall, the temporal variation of airline routes and flights in China highlights the
challenges in the operational capacity of the CATN, particularly in handling peak traffic.
These limitations lead to flight schedule delays, and airports resort to scheduling “red-eye
flights” to accommodate all daily flights, consequently increasing the risk of aviation opera-
tions. Furthermore, evaluations of various representative airports reveal that they continue
to encounter these constraints, although their operational capacities vary. Therefore, when
developing flight optimization plans, it is crucial to optimize them based on the distinct
operational capacities of different airports.

3.2.2. Temporal Property of Node Degree

Node degree changes over time partially reflect the temporal characteristics of airport
operation. Based on the CTAN constructed on 1 October 2018, the spatiotemporal charac-
teristics of the air transportation network were illustrated at 6:00, 12:00, 18:00, and 24:00 by
integrating the spatial information of airports’ locations. The results revealed that, from
6:00 to 7:00 in the morning, routes were sparse with a small number of travelers, and most
departures were from economically developed cities (Figure 6). After 8:00, a significant
number of small and medium-sized airports joined the network and aggregated around
the nearest hub airports with a central radiation structure. This gave rise to a rapid increase
in the degree of hub nodes, and the entire civil aviation network entered its peak operation
period. At noon, routes became denser, and there was a wider node distribution with the
highest node degree value compared to other time periods. Although the air transportation
network at 18:00 still contained some high-degree nodes, the number of such nodes gradu-
ally decreased due to the absence of takeoffs or landings at some small airports, leading to
the disconnection of those airports from hub airports. At 24:00, the node distribution of
the network was sparse with a small number of travelers, and most departures were from
economically developed areas.

The six airports with the highest average node degree value in the air transportation
network were Xi’an Xianyang, Beijing Capital, Chengdu Shuangliu, Chongqing Jiangbei,
Shanghai Pudong, and Guangzhou Baiyun Airport, with values of 166, 165, 158, 154, 150,
and 149, respectively. The high node degree of these airports indicated that they were the
most closely connected airports in the air transportation network.

3.2.3. Temporal Property of Average Shortest Path

The average path length of the aviation network can serve as a measure of the conve-
nience of air travel for passengers. From a passenger’s viewpoint, it is often impractical
to take two flights within an hour. To evaluate this feature, the authors set the temporal
window ω as one year. In the CATN network with a time window of one year, the shortest
flight paths are summarized in Table 2. In summary, the average path length in the CATN
is 1.97, suggesting that the majority of cities were accessible by changing two or fewer
flights. The analysis revealed that 89.75% of city pairs could be reached either through
direct flights or with just one flight change.

3.2.4. Temporal Property of Clustering Coefficient

The clustering coefficient is a feature that can be applied to connected graphs. However,
when time slicing was applied to the CATN, some graphs in certain time periods became
disconnected, which largely consisted of a connected sub-graph and one to three small
connected sub-graphs with no more than three airports, which were all branch airports.
Hence, the small connected sub-graphs were ignored when calculating the clustering
coefficient, and only the maximum connected sub-graph was taken into consideration.

The average clustering coefficient (C) of the network can reflect the overall network
characteristics. Figure 7 exhibits that this topological feature demonstrates substantial
fluctuations from 6:00 to 9:00 and after 22:00, signifying considerable alterations in the
network structure during these periods. The clustering coefficient remained at a high
and stable value from 9:00 to 21:00. When combined with the average shortest path, the
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CATN demonstrated significant small-world characteristics with high clustering and short
distances. The network structure in the early morning consisted of scattered flight routes
that did not create a significantly connected sub-graph. As additional airport nodes and
flight routes joined the network over time, its structure became increasingly complicated,
which resulted in a rapid rise in the clustering coefficient between 5:00 and 7:00, and a
subsequent sharp decrease from 7:00 to 9:00. This phenomenon can be attributed to a
temporal asymmetry in the rate of growth between routes and airports within the network
during distinct time intervals. Specifically, during the period from 5:00 to 7:00, the rate
at which routes become part of the network surpasses the rate at which airports are
incorporated. In contrast, between 7:00 and 9:00, the rate at which routes integrate into the
network lags behind the rate at which airports join.

(a) 6:00
(b) 12:00

(c) 18:00 (d) 00:00

Normalized degree value

Figure 6. Spatiotemporal features of the aviation network at four specific time intervals. In the
provided graph, the size of the nodes corresponds to the degree of those nodes. The color bar in the
legend represents different value of normorlized degree. Each color corresponds to a specific range
of values.

Table 2. Distribution of air routes based on the number of flights.

Shortest Path Number of Flights
Needed to Change

Number
of Paths

Percentage of
Air Routes

1 0 7156 13.59%
2 1 40,118 76.17%
3 2 5396 10.24%
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Figure 7. Clustering coefficient in 2018.

The findings of this study revealed the dynamic nature of the network through the
examination of the degree and clustering coefficient. The analysis of the temporal and spa-
tial variations in node degree illustrates the dynamic nature of airport operations and the
fluctuating distribution of air traffic throughout the day. The fluctuation of the clustering
coefficient reflects the changing patterns of connectivity and the growth of the network
scale. This provides important data support for airport management and operational
optimization, as well as information for the decision-making process of expanding routes
and allocating airport resources to ensure effective connectivity and overall transporta-
tion performance.

4. Robustness of the CATN

This study investigated four distinct time-stamped versions of the CATN, correspond-
ing to 6:00, 12:00, 18:00, and 24:00. In order to examine the centrality and robustness of the
aviation network during these specific time intervals, all flight information from these four
time periods in 2018 was combined.

4.1. Estimation of Attack Strategies

Figure 8–11 illustrate the node centrality. The bar chart displays the centrality value
of each airport, with the top 15 airports highlighted in blue. Degree centrality distribu-
tion was constant over time (Figure 8), which highlighted highly central airports located
in hub airports such as Beijing and Shanghai. Airports with a higher nearest neighbor
degree centrality are typically regional hub airports, such as provincial capital city air-
ports or economically developed airports. This includes some hub airports with higher
degree values, but the nearest neighbor degree of hub airports is generally smaller than
that of regional hub airports. Furthermore, the overall nearest neighbor degree exhibits
higher values compared to the node degree, implying a dense interconnection among
airports and a preference for connecting with hub airports characterized by higher nearest
neighbor degrees.

In contrast, the majority of the airports showed low betweenness centrality, with only
a few displaying high centrality. These airports likely did not have high degrees, but their
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betweenness centrality played a significant role in maintaining network connectivity. Close-
ness centrality displayed a similar pattern to betweenness centrality, such that the top
15 airports with high betweenness centrality and closeness centrality displayed signifi-
cant variations over time. In terms of time, the distribution of the CATN appeared to
be unbalanced.

Figure 8. Temporal changes in degree centrality. The blue represent the top 15 airports with high
degree centrality. The remaining airports are depicted in black.

Figure 9. Temporal changes in nearest neighbor degree centrality. The blue represent the top
15 airports with high nearest neighbor degree centrality, while the remaining airports are depicted
in black.
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Figure 10. Temporal changes in betweenness centrality. The blue represent the top 15 airports with
high nearest neighbor degree centrality, while the remaining airports are depicted in black.

Figure 11. Temporal changes in closeness centrality. The blue represent the top 15 airports with high
closeness centrality, while the remaining airports are depicted in black.

4.2. Influence of Structure on CTAN Robustness

This study performed attack experiments on four network snapshots employing
centrality metrics as outlined in Section 2. In each experiment, only a single node was
targeted, allowing us to investigate the alterations in the maximum connected component
when employing both centrality-based and random attack strategies. As the number of
deleted nodes increased, the proportion of nodes in the maximum connected component
exhibited a significant downward trend (Figure 12). Random attacks were not effective
in disrupting the connectivity of the aviation network in all four time intervals. On the
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contrary, targeted attacks substantially decreased the connectivity. For instance, when
around 10% of the airports were removed, the size of the giant connected component shrunk
by 30%, and the network gradually broke down after 20% of the airports were removed.

In comparison to the other four deliberate attack methods, degree-based attacks and
nearest neighbor degree attacks had less impact on the robustness of the aviation network.
Based on the results of the nearest neighbor degree attacks, an initial sharp decline was
observed, indicating the ability of the nearest neighbor degree to rapidly identify crucial
nodes in the aviation network, specifically hub airports. However, the subsequent attack
effects were not significant and were comparable to random attacks. Referring to the find-
ings in Figure 9, it can be inferred that the nearest neighbor degree attack primarily targets
regional hub airports. Although these attacks do not result in a widespread paralysis of
the aviation network, the transportation capacity of the network will diminish rapidly.
Betweenness and closeness centrality-based attacks were more vulnerable. The uneven
temporal distribution of the CATN led to frequent changes in the shortest paths. As both
betweenness and closeness centrality indicators were related to the shortest path, safeguard-
ing the hub airports located on the shortest path was necessary to ensure the connectivity
of the aviation network.

(a) (b)

(c) (d)

Figure 12. Temporal changes in the size of the maximum connected component in four specific time
intervals: (a) the relationship between the relative size of the maximum connected component and
the proportion of deleted nodes at 6:00, (b) the relationship between the relative size of the maximum
connected component and the proportion of deleted nodes at 12:00, (c) the relationship between the
relative size of the maximum connected component and the proportion of deleted nodes at 18:00,
and (d) the relationship between the relative size of the maximum connected component and the
proportion of deleted nodes at 24:00.

Network efficiency, represented by E, was another indicator for evaluating the robust-
ness of the network under attack. Similar to the analysis conducted on giant components,
attacks were carried out by targeting only one node at a time. Specifically, centrality and
random attacks were performed on the CATN, and the alterations in CATN efficiency were
observed across four time intervals. The attack results are exhibited in Figure 13. Random
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attacks were ineffective, so the efficiency did not decrease. Degree-based attacks and nearest
neighbor degree attacks produced similar results with the size of the maximum connected
component. Betweenness and closeness attacks, however, caused considerable damage
to the aviation network. After removing 10% of the airports, the efficiency decreases by
nearly 20% of the initial value, and the network gradually collapsed.

(a) (b)

(c) (d)

Figure 13. Temporal changes in network efficiency of four specific time intervals: (a) the relationship
between weighted network efficiency and the proportion of node removal at 6:00, (b) the relationship
between weighted network efficiency and the proportion of node removal at 12:00, (c) the relationship
between weighted network efficiency and the proportion of node removal at 18:00, and (d) the
relationship between weighted network efficiency and the proportion of node removal at 24:00.

By using the same attack strategy, it was observed that network efficiency was more
substantially affected than the maximum connected component. This suggested that,
although the aviation network could remain connected with a good network topology after
an attack, its efficiency was greatly reduced. As a result, while the aviation network was
possibly accessible topologically, it remained disconnected in a temporal sense.

In the aforementioned experiment, the authors employed a single-node attack ap-
proach. In order to investigate the network’s robustness following attacks on multiple
airports, the attack parameters were adjusted to target multiple nodes simultaneously.
Specifically, the authors examined the effects of attacking 5 and 10 nodes at once, evalu-
ating their performance based on the proportion of the maximum connected subgraph
and network efficiency. The experimental findings, depicted in Figure 14, reveal that,
when multiple airports are targeted, the CATN demonstrates substantial resilience against
random attacks but exhibits weaker resistance against betweenness and closeness attacks.
Consequently, the network’s robustness against attack strategies remains comparable to
that observed when targeting a single node. Nevertheless, it is notable that both network
connectivity and efficiency deteriorate more rapidly.
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(a)

(b)

Figure 14. Temporal changes in the size of the maximum connected component and network
efficiency of four specific time intervals: (a) attacking 5 nodes at once at 6:00, 12:00, 18:00, and 24:00;
(b) attacking 10 nodes at once at 6:00, 12:00, 18:00, and 24:00.

5. Conclusions and Discussion

Complex network and temporal network theories were employed to explore the tem-
poral and topological characteristics of the CATN. The network was defined as a dynamic
temporal network and was mapped into a static network using time windows. The results
indicated that the aviation network primarily operated from 6:00 to 24:00, with peak hours
at 7:00 and 10:00. During these hours, the network exhibited an obvious scale-free char-
acteristic and a small-world phenomenon, with the degree distribution rising rapidly in
the initial stages before gradually stabilizing and finally rapidly dropping after the peak
hours. Before final stabilization, the distribution of clustering coefficients initially increased
and then decreased. The average shortest path showed that 80% of paths passed through
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hub airports, with an obvious central radiation structure. Furthermore, the robustness of
the CATN at different times against random and deliberate attacks was explored using
the proportion of maximum connected sub-graph nodes and network efficiency as robust-
ness measures. The network was weak under deliberate attacks, particularly when using
betweenness centrality and closeness centrality strategies. Further, it was observed that
the CATN exhibited temporal unevenness in centrality, often leading to changes in the
shortest path.

As a preliminary study, the feasibility of temporal network theory in CATN research
was verified, and the law of robustness variation in the CATN was discussed. In our
future research, an in-depth exploration will be conducted from two perspectives. First,
the theory of temporal networks will be employed to investigate the intricate dynamics
of networks in the CATN, aiming to provide practical solutions for optimizing flight
schedules. This involves addressing cascading failures triggered by nodes or links within
the network, as well as the dispersion and propagation of delays. Second, an exploration of
more advanced techniques for temporal network modeling will be undertaken, aiming to
accurately capture the dynamic structure of the CATN. Event-based temporal networks or
dynamic graph neural networks can be utilized for this purpose.
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