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Abstract: The complex layout of the airport surface, coupled with interrelated vehicle behaviors
and densely mixed traffic flows, frequently leads to operational conflict risks. To address this issue,
research was conducted on the recognition of characteristics and risk assessment for airport surface
operations in mixed traffic flows. Firstly, a surface topological network model was established based
on the analysis of the physical structure features of the airport surface. Based on the Monte Carlo
simulation method, the simulation framework for airport surface traffic operations was proposed,
enabling the simulation of mixed traffic flows involving aircraft and vehicles. Secondly, from
various perspectives, including topological structural characteristics, network vulnerabilities, and
traffic complexity, a comprehensive system for feature indices and their measurement methods was
developed to identify risk hotspots in mixed traffic flows on the airport surface, which facilitated
the extraction of comprehensive risk elements for any node’s operation. Finally, a weighting rule
for risk hotspot feature indices based on the CRITIC-entropy method was designed, and a risk
assessment method for surface operations based on TOPSIS-gray relational analysis was proposed.
This method accurately measured risk indices for airport surface operations hotspots. Simulations
conducted at Shenzhen Bao’an International Airport demonstrate that the proposed methods achieve
high simulation accuracy. The identified surface risk hotspots closely matched actual conflict areas,
resulting in a 20% improvement in the accuracy of direct risk hotspot identification compared to
simulation experiments. Additionally, 10.9% of nodes in the airport surface network were identified
as risk hotspots, including 3 nodes with potential conflicts between aircraft and ground vehicles and
21 nodes with potential conflicts between aircraft. The proposed methods can effectively provide
guidance for identifying potential “aircraft-vehicle” conflicts in complex airport surface layouts and
scientifically support informed decisions in airport surface operation safety management.

Keywords: airport surface; mixed traffic flows; operational conflict risk; Monte Carlo simulation;
complex network

1. Introduction

The global air transportation industry is enjoying sustained and rapid development
and witnessing continuous advancement in the construction of world-class airport clusters.
Under such circumstances, China’s large busy airports are growing rapidly regarding
passenger and cargo transportation volume and flight flow. The scale, layout, and operation
rules of runways, taxiways, parking spaces, and other airport surface operational resources
are becoming more and more complex, and the mixed and intertwined operations of
aircraft, support vehicles, and other activity targets lead to dynamic and changeable airport
surface operation environments. The frequent occurrence of unsafe incidents such as
the risk of airport surface operation conflicts has put airports under greater operational
security pressure. In order to accurately identify the risk hotspots of airport surface,

Aerospace 2024, 11, 254. https:/ /doi.org/10.3390/aerospace11040254

https://www.mdpi.com/journal/aerospace


https://doi.org/10.3390/aerospace11040254
https://doi.org/10.3390/aerospace11040254
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/aerospace
https://www.mdpi.com
https://orcid.org/0000-0002-1469-8759
https://orcid.org/0009-0005-8258-6854
https://doi.org/10.3390/aerospace11040254
https://www.mdpi.com/journal/aerospace
https://www.mdpi.com/article/10.3390/aerospace11040254?type=check_update&version=1

Aerospace 2024, 11, 254

20f21

scientifically grasp the potential types of airport surface conflicts, and effectively support
the airport surface safety operation decision making, it is urgent to carry out research on
the identification of the airport surface operation characteristics and risk evaluation of
airports oriented to the mixed traffic flows.

At present, domestic and international research in the field of airport surface conflict
identification and risk management mainly focuses on trajectory-based conflict prediction,
airport surface operation conflict network construction, and complex network-based field
conflict characterization. In the area of trajectory-based conflict prediction, mainly focusing on
micro-conflicts between aircraft, the improved evidence-based practice methods [1], complex
network models [2,3], deep learning models [4,5], aircraft trajectory temporal-spatial overlap
identification algorithms [6], improved end-to-end convolutional neural networks [7],
Gaussian spatial-temporal prediction [8] and other theoretical methods are used to analyze
and identify spatial-temporal overlapping characteristics of aircraft taxiing trajectories.
And constructing an airport hotspot risk assessment model [9] or a temporal-spatial
real-scene model based on statistical learning of actual trajectory data [10], excavated
hotspot areas where aircraft operation conflicts may occur, and classified the coefficients
of aircraft conflicts and risk levels, and risk level for hierarchical division. In the airport
surface operation conflict network construction, take the taxiing aircraft as nodes, use the
betweenness and degree entropy method [11], and the analytic hierarchy process—entropy
weight method [12] and other methods to evaluate the risk index of the activity target
network nodes, construct the aircraft operation conflict network on the basis of identifying
the key conflict points of the network, and apply the methods of long and short-term
memory neural network [13] to predict potential conflicts between airport surface activity
targets, which only considered the activity target of aircraft. In terms of airport surface
conflict characterization, mainly for historical unsafe event data, theoretical methods
such as Delphi method [14], matrix method [15], fuzzy cluster analysis [16], and FaCT++
inference machine [17] were used to quickly identify airport hotspot areas and their spatial
and temporal characteristics, and optimize aircraft taxiing paths based on risky hotspot
area characteristics [18-20].

It can be seen that most of the current studies take aircraft as the main object, analyze
and predict the microscopic collision conflicts between aircraft based on the safety interval
standard, and consider less the impact of support vehicles as the target of activity on aircraft
airport surface operation. Moreover, these studies have not yet explored the problem of
airport surface operation conflicts from the perspective of the coordinated operations of the
“aircraft-vehicle” mixed traffic flows. In addition, the identification of the key conflict points
of airport surface operations is mainly based on the number of conflicts, conflict duration,
conflict probability, and other indicators, and considers less the inherent complex network
characteristics of the airport surface taxiing system and its impact on the potential conflicts
of traffic operations. In view of this, oriented to the actual operations of large busy airports
and comprehensively taking into consideration the operational resources such as runways,
taxiways, parking spaces, etc., as well as the activity targets such as aircraft and support
vehicles, this paper designed the framework of airport surface network topology modeling
and mixed traffic simulation, constructed the system of hotspot characteristic indicators of
airport surface mixed traffic flows risk and its metrics which cover the topological structure
characteristics, network vulnerability, and traffic complexity. Based on the CRITIC-entropy
weighting method and the TOPSIS-gray correlation analysis method [21], the airport
surface operation risk index empowerment and comprehensive evaluation method were
put forward, which realized the extraction of airport surface operation risk characteristic
elements and risk index metrics, and selected Shenzhen Bao’an International Airport to
carry out a comprehensive validation analysis of the proposed method. The results of
this research can provide modeling and methodological support to guarantee the safety of
mega-airport surface operations and to improve the risk perception of the aircraft-vehicle
mixing traffic conflict.
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2. Airport Surface Network Topology Modeling and Hybrid Traffic Simulation
2.1. Characterization of the Physical Structure of the Airport Surface and Network Topology Modeling

The mega-airport surface structure is intricate and complex, and there are many
straight sections, turning sections, and hundreds or even thousands of crossing nodes in
the taxiway system. In order to facilitate the modeling of the issue, the physical structure of
the airport surface is simplified through feature extraction and abstraction. By simplifying
the intersection areas of runways, taxiways, and service lanes as “nodes”, and taking the
taxiways, liaison lanes, and service lanes corresponding to the connecting lines between
the nodes as “edges”, the physical structure of the airport surface is abstracted into a
topological network model G = (V, E, W) consisting of N nodes and M edges. Where V
represents the set of nodes of a topological network model, E represents the set of edges
of a topological network model, and W represents the weights of a topological network
model. The adjacency matrix A(a;;) represents the adjacency relationships between the
nodes in the topological network model of the airport surface. If the node i and the node
j have connected edges and the weight size is a;;, a;; # 0; otherwise, a;; = 0. Taking the
partial airport surface structure shown in Figure 1a as an example, the structure can be
simplified to a network topology containing 9 nodes and 10 edges as shown in Figure 1b,
and further calculations lead to the corresponding adjacency matrix in Figure 1c.
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Figure 1. The process of modeling the physical structure and topology of the scene.

2.2. Simulation of Airport Surface Traffic Operations Based on Monte Carlo Method

Based on the constructed topological network model of the airport surface, in this
section, for the two types of activity targets, aircraft, and vehicles, the Monte Carlo method
is used to simulate the operation characteristics of different activity targets and establish the
simulation environment for heterogeneous traffic flow on the airport surface. Taking Shen-
zhen Bao’an International Airport as an example, the single-sample K-S test method [22]
is used to statistically analyze the historical operation data of approaching and depart-
ing aircraft. It is found that the approaching traffic flow obeys the Poisson distribution
approximately. Based on the above assumptions, firstly, for the “individualized” traffic
subject, each approaching aircraft, each departing aircraft, and each service vehicle that is
compatible with the flight transit process are randomly generated; then, for the generated
traffic “individual”, comprehensively consider various airport surface operation rules, and
further generate “hybridized” airport surface “aircraft-vehicle” heterogeneous traffic flow.
The specific traffic flow generation rules are as follows:

(1) Randomized generation of “traffic individuals” for airport surfaces based on statisti-
cal properties

It is assumed that the number of approaching aircraft obeys a Poisson distribution
with parameter A. Further, 1/A denotes the number of approaching aircraft per unit time,
which reflects the intensity of aircraft arrival. Then, the probability that the number of
approaching aircraft per unit time k is

k
%e_)‘(t), k=0,1,2... (1)

where X(t) denotes the total number of aircraft approaching at time .

P(X(t) = k) =
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Assuming that Y (t) is the number of support vehicles, then:
Y(t) = X(#) 2

For departing aircraft, they are randomly generated from slots where the transit
process has been completed and the support vehicles have completed their services. Then,
the probability that the number of departing aircraft per unit time g is

Pizt)=q9)=1,49=01,...,n(0<n<Y) 3)

where Z(t) denotes the number of departing aircraft at time ¢, n denotes the number of
aircraft that have completed the support service process in the parking spots.

(2) Hybrid simulation of airport surface heterogeneous “traffic flow” based on
rule constraints

For the generated airport surface traffic individuals, tail flow interval, airport surface
operation interval, shortest path, and first-come-first-served rule constraints are used to
further generate the airport surface traffic group in line with the actual operations of the
airport surface.

@® “Tail flow interval” rule: mainly for runway takeoff and landing aircraft. Between
approaching aircraft, departing aircraft, and between approaching and departing
aircraft, the tail flow interval w is maintained according to the front and rear aircraft
types. In this paper, the interval is set to 5 min.

@ “Airport surface taxiing interval” rule: mainly for the aircraft that has entered the
taxiing process. For between approaching aircraft, between departing aircraft, and
between approaching and departing aircraft, the corresponding airport surface taxiing
interval T is maintained according to the front and rear aircraft types. In this paper,
the interval is set to 40 s.

(® “Shortest Path” Rule: mainly for the aircraft before entering the taxiway. For the
approaching aircraft arriving at the runway entrance and the randomly generated de-
parting aircraft, the shortest approaching and departing taxi paths are configured for
them. The shortest path between two points is calculated using Dijkstra’s algorithm.
For support vehicles, the shortest paths are also followed to enter and exit specific
areas of the airport surface.

®  The “first-come-first-served” rule: mainly for the following two types of situations.
The first one is the case of not meeting the runway wake interval if the time slot
assigned to the former aircraft i is S; = Q, and when the wake interval between the
former aircraft and the latter aircraft cannot be met, the time slot assigned to the
latter aircraft jis S; = Q + 1, as shown in Figure 2. The second is the case of not
meeting the crossing interval, if two or more aircraft or support vehicles arriving at
a taxiway node do not meet the safety interval, the subsequent aircraft or support
vehicles need to bypass the node and re-plan the shortest path to continue to complete
the movement process.

According to the above rule restrictions, the hybrid simulation process of heteroge-
neous “traffic flow” on the airport surface shown in Figure 3 is established, and the basic
steps are as follows:
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(a) wake separation (b) taxiing separation

Figure 2. Scene traffic flow conflict allocation rules based on first-come—first-served principle.

Set parameters such as time window and wake turbulence
separation and generate traffic flow sequence

Whether Assignable
approaching aircraft exists

Selecting approaching aircraft on a first-come, first-served
basis, assigning them a parking space and shortest route and
adding them to the current traffic flow sequence

No +
Match the support vehicles for the currently arriving entry

aircrafts and specify the shortest paths for aircrafts and
vehicles

Determine if there are flights tha
have arrived at the parking space and completed the
support service process

No

Randomly generate departure aircrafts from the aircrafts
that have arrived at the parking stands and completed the
support service process and assign the shortest path

Whether assignable
departing aircraft exists

Selecting departing aircraft, assigning them shortest departing
route and adding them to the current traffic flow sequence

v

Deleting the aircraft that has reached its destination and
support vehicles from the current traffic flow sequence

Figure 3. Overall process of airport surface traffic operation simulation.

Step 1: Set the parameters of the time window, wake interval, taxiing speed of aircraft,
traveling speed of vehicles, etc., and generate a sequence of approaching aircraft that
conforms to the Poisson distribution of the parameter A;

Step 2: If the approaching aircraft sequence is non-empty and has not reached the
last time slot, select the approaching aircraft to arrive at the runway entrance according
to the first-come-first-served rule, and select the parking space for the currently arriving
approaching aircraft and calculate the shortest path and add it to the current traffic flow
sequence; otherwise, go to Step 4;
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Step 3: Match the protection vehicle for the current approaching aircraft, calculate the
shortest path from the vehicle to the corresponding parking space of the aircraft, and add
the vehicle to the current traffic flow sequence;

Step 4: Record the dynamic time slot occupancy of the approaching aircraft and the
supporting vehicle, and if there exists an approaching aircraft that has arrived at the parking
space and completed the supporting service process, randomly generate the departing
aircraft from the corresponding parking space and add it to the sequence of departing
aircraft; otherwise, go to Step 5;

Step 5: Determine whether the sequence of departing aircraft is empty; if not, select the
departing aircraft in accordance with the first-come—first-served rule, specify the shortest
path of the departing taxiing process, and add the departing aircraft to the current traffic
flow sequence; otherwise, go to Step 6;

Step 6: Record whether all aircraft and support vehicles in the current network reach
the endpoint, and remove the aircraft or vehicles that reach the end point from the current
traffic flow sequence;

Step 7: Judge whether the current traffic flow sequence is empty; if not, go to Step 2;
otherwise, the hybrid traffic flow simulation ends.

3. Multidimensional Feature Classification and Identification of Mixed Traffic Flows on
Airport Surfaces

Aiming at the problem that there are more intersecting nodes in the complex air-
port surface traffic network. It is difficult for a single conflict indicator to scientifically
differentiate and accurately measure the conflict characteristics of different nodes. This
section is based on the simulation model of airport surface traffic operation constructed in
Section 1, which conducts a hybrid simulation of the airport surface operation process for
both aircraft and vehicles, and constructs the risk of the hybrid traffic flows on the airport
surface by orienting to the multi-dimensional perspectives of the topological structure
characteristics, the vulnerability of the network, and the complexity of the traffic. The
hotspot characterization index system and its measurement method are constructed to
provide an evaluation basis for accurately identifying the hotspot areas of operation risk
between different traffic subjects such as aircraft-aircraft, aircraft-security vehicle, security
vehicle-security vehicle, and so on. The hotspot characteristic index system of mixed traffic
flow risk on the airport surface is shown in Figure 4.

The evaluation indicators system of key conflict
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Figure 4. Airport mixed traffic flow risk hotspot characteristics indicator system.
3.1. Topology Characterization Identification
(1) Degree centrality index

The degree centrality index is an important index for portraying the centrality of
nodes in network analysis. The greater the degree of a node, the higher the value of degree
centrality, implying that the operating environment around the node is more complex.
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The degree of a node is normalized by the total number of nodes in the network and is
calculated as

D;
N-1
where DC; is the degree centrality of the node i, N is the number of nodes, D; is the degree
value of the node i, which denotes the number of edges directly connected to the node i.

DC; = )

(2) Betweenness centrality index

The betweenness centrality index of a node is used to reflect the importance of the
node’s position in the network, and the more shortest paths through the node, the larger
the betweenness of the node, which is normalized by the total number of shortest paths,

calculated as ()
x (i
BC,‘ _ Z ]I;(
ik Ik
where BC; is the betweenness centrality of the node 7, (i) is the number of shortest paths

from the node j to the node k through the node 7, [ is the number of all shortest paths from
the node j to the node k.

(5)

(38) Closeness centrality index

The proximity centrality index of a node is used to represent the inverse of the av-
erage shortest distance from that node to all other nodes, which is used to reflect the
proximity between a node and other nodes in a network. The proximity centrality index is
calculated as N1

CC; = N (6)
L d(ij)
j#1
where CC; is the closeness centrality of the node i, d(i, j) is the shortest distance from the
node i to the node j.

(4) Eigenvector centrality index

The eigenvector centrality index is used to reflect the influence of the importance of
neighboring nodes on this node, which is the eigenvector corresponding to the largest
eigenvalue of the network adjacency matrix. The eigenvector centrality emphasizes that
the node importance is linearly related to the importance of neighboring nodes. The
eigenvector centrality index is calculated as

1 N
ECZ' = X; = HZ Al]x] (7)
j=1

where EC; is the eigenvector centrality of the node i, N is the number of nodes, A 4 is the
maximum eigenvalue of the network adjacency matrix A, and its corresponding maximum
eigenvector is x = [x1,xp,- - -, xn]".

3.2. Network Vulnerability Identification

(1) Network efficiency loss index

Network efficiency refers to the average efficiency of all pairs of nodes in the network.
The efficiency of pairs of nodes is expressed as the reciprocal of the shortest distance
between the nodes, which reflects the ease of connectivity between nodes in the network.

Its calculation formula is as follows:
1 1

E:N(N—1)§jd7j ®)

where E is the network efficiency, d;; is the distance from the node i to the node j.
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The network efficiency loss of a node is defined as the rate of change of the network
efficiency before and after removing the node, and a larger rate of change means that the
node is more important. The calculation formula for network efficiency loss is as follows:

E—E;
ELj = = ©)

where EL; is the network efficiency loss of the node i, and the new network efficiency E;
after deleting the node i and its connected edges.

(2) Maximum subgraph loss index

The maximum subgraph loss of a node is defined as the degree of change in the
number of nodes contained in the maximal connected subgraph of the network before and
after removing the node. The calculation formula for maximum subgraph loss is as follows:
N —N;

N
where SL; is the maximum subgraph loss of the node i, N is the number of nodes in the
maximal connected subgraph of the original network, and N; is the number of nodes in the
maximal connected subgraph after removing the node i.

SL; = (10)

3.3. Traffic Complexity Identification

Based on the Section 2.2 simulation of airport surface traffic operation, the dynamic
time slot occupancy of all aircraft and support vehicles. The taxi paths of aircraft and vehicle
travel paths, as well as the occupancy frequency of the network nodes, are recorded, and
the number of traffic individuals passing through each node and resulting in deployment
due to conflicts is counted. Based on the simulation statistics, the airport surface traffic
complexity index is calculated.

(1) Conflict number ratio index

The conflict number ratio index is the ratio between the number of abnormal activity
targets (i.e., traffic individuals deployed as a result of node conflicts) passed by a node in a
given time period and the total number of activity targets in the airport surface topology
network in that time period. The conflict number ratio is calculated using the formula:

=3 (11)

where 7; is the conflict count ratio of the node i, C; is the total number of aircraft and support
vehicles passing through the node i, and N is the sum of the total number of aircraft takeoffs
and landings and the total number of support vehicles during the specified time.

(2) Peak hour flow index
The peak hour flow of a node reflects the maximum level of traffic flow that the node
can carry in the network. Its calculation formula is as follows:

PF; = max(f!) (12)

where PF; is the peak hour flow of the node i, f} is the traffic flow of the node i at the time ¢.
(3) Peak hour duration index

When the traffic flow of some nodes in the airport surface network always remains
at a high level, the likelihood at that node increases, so the peak hourly duration can also
reflect the importance of the node. Peak hour duration is defined as the length of time
when the hourly traffic f; of node i is greater than its threshold Fnax, which is calculated by
the formula:

PT; =Y 6 (13)
t

Fmax =V EPFi (14)
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t > \/F.PF:
o= i = VEPE (15)
O’fi < v/ F;PF;

where PT; is the peak hour duration of the node i, F; is the average hourly flow of the node
i, 0t is a 0-1 variable used to determine whether the node’s flow is in peak flow status at
each moment, if ﬁ > \/ F;PF;, then 0; = 1, which indicates that node i is in peak flow state
at moment ¢, otherwise, 8; = 0, which indicates that node i has not reached peak flow state
at moment ¢t.

4. Comprehensive Evaluation of Operational Risk of Mixed Traffic Flows on
Airport Surfaces

According to the multidimensional characteristic index system of the airport sur-
face mixed traffic flow constructed in Section 2, this section adopts the CRITIC-entropy
weighting method to assign weights to each index, which establishes the operation risk
evaluation method based on TOPSIS-gray correlation analysis on this basis to realize the
comprehensive evaluation of the operation risk of the airport surface mixed traffic flows
and the risk hotspots.

4.1. Assignment of Feature Indicators Based on CRITIC-Entropy Weight Method

The combination of the CRITIC method and entropy weighting method [23] is used
to assign weights to each evaluation index, which can avoid subjective arbitrariness and
reduce the resulting bias caused by the single assignment method compared with the
subjective assignment method, so as to obtain more accurate weights. Assuming that the
weights of the i-th indicator obtained by the CRITIC method and entropy weight method
are x; and y;, respectively, and the proportion of weights are 2; and a,, respectively, then
the combination weight w; of the i-th indicator is

w; = a1x; + azy; (16)

Combinatorial assignment can be transformed into an assignment optimization prob-
lem with the following assignment optimization model:

maxF(ay,a2) = ¥ (L (a1x; + azy;))

L

a1+a, =1 17)
ai, a2 >0
The solution is based on the Lagrangian extreme value condition:
Z):Xisﬁj
I i
al - ol \2 71\2
\/(szzsij) +(Zzyi5i]')
i i
rros) (18)
I i
ay = 2 7 \2
\/(szzsij) +(ZZ%S,‘J‘)
i i
This, in turn, leads to a normalized solution:
o = 1,
AT (19)
— 2
2= T

where i denotes a network node, Si]- denotes the value of the i-th metric of the j-th node, S; .

]
S,‘]‘

=
2
igl SU

denotes the normalized metric value, and ng =
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4.2. Operational Risk Evaluation Based on TOPSIS—-Gray Correlation Analysis

The TOPSIS-gray correlation analysis method [24] was used to calculate the risk index
of each node in the airport surface network, and the nodes of the surface network were
ranked according to the size of the risk index to obtain the risk hotspots.

(1) Indicator pre-processing
Assuming that there are n nodes in the constructed airport surface network with m
risk evaluation indicators, sl-j(i =1,2,3,---,n;,j=1,2,3,--- ,m) denotes the initial value

of the n-th node under the m-th risk evaluation indicator, and construct the initial matrix
S as:

511 S12 °° Sim
521 S22t Som

S=|. . . . (20)
Snl Sn2 " Snm

At the same time, in order to avoid the calculation error caused by the different
dimension index values of the nodes, it is necessary to standardize the initial matrix S to
obtain the standardized decision matrix Z = (z;)

nxm’
S;; — min S;;
Toaci<n y
zZjj = - A=12,...,mj=12,---,m (21)
maXx Sl']' — min S,']'
1<i<n 1<i<n

(2) Calculate the weighting matrix

According to Section 3.1 combination of the weighting method to obtain the weights
of the indicators for aj, aj meet Za]- = 1, combined with the standardized decision ma-

]
trix obtained Z = (z;;) . of the standardized indicator values to obtain the weighting

matrix X:

nx

X= (i) = (@i 0) s (22)
(3) Calculate the ideal solution

Based on the resulting weighting matrix, calculate its positive ideal solution X and
negative ideal solution X ™.

X* = maxcry = (e (1), (25 (3) - x* () @)
X = max xij = [x~(1),x7(2),x (3),---x~ (m)] (24)

(4) Calculate the comprehensive proximity

Combining the relative entropy and gray correlation between each node and the
positive and negative ideal solutions, the proximity N;" and N, of each node to the
positive and negative ideal solutions is calculated, and, finally, the comprehensive risk

index of the node is obtained C;.
Nt
C: = i 25
"N +N; )
The process of airport surface network node risk index calculation and hotspot identi-
fication is shown in Figure 5. The specific steps are as follows:
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Selecting indicators to build an evaluation
index System

v

Build the initial decision matrix

v

Obtain a weighted decision matrix by
combination weighting method

v

Determine the positive and negative ideal
solutions

; ' :

Calculate the KL distance Calculate the gray correlation
between each node and the between each node and the
positive / negative ideal solution positive / negative ideal solution

[ * |

Calculate the proximity of each node to the
positive and negative ideal solution

v

Calculate the conflict index of nodes

v

Sort to get key conflict hotspots

End

Figure 5. Comprehensive evaluation process of node conflict index.

The steps of comprehensive evaluation are as follows:

Step 1: Determine evaluation indicators. From the three dimensions of topological
structure characteristics, network vulnerability, and traffic complexity. The characteristic
index system (Equations (4)—(15)) is extracted as the evaluation index of the operational
risk of mixed traffic flows on the airport surface.

Step 2: Node risk indicator assignment. Using the indicators extracted in Step 1,
the airport surface risk evaluation indicators are assigned according to the Section 3.1
Combined Assignment Method;

Step 3: Calculate the risk index of the node. Calculate the risk index of the nodes of
the airport surface network according to the Section 3.2 risk evaluation method for airport
surface operation;

Step 4: Sorting the risk index of nodes. Comprehensively evaluate the risk index of
the nodes of the airport surface network, so as to obtain the risk index ranking results of
the nodes of the surface network, which select the nodes with larger risk indexes as the risk
hotspots of the airport surface network.

5. Case Study
5.1. Simulation Environment Setting

Shenzhen Bao’an International Airport is selected as the research object to carry out
a comprehensive validation analysis of the method proposed in this paper. The physical
layout plan of the airport is shown in Figure 6. Aircraft taxiing in the apron should
follow the principle of downward circulation, relatively fixed, flexible deployment, vertical
taxiway S, T4 taxiing direction from west to east, R, T3 taxiing direction from east to west,
parallel taxiway C, G taxiing direction from south to north, D, E taxiing direction from
north to south. Topological abstraction and simplification of the physical structure of the
airport surface are processed to obtain the topological model of the airport surface network
shown in Figure 7, which contains 229 nodes and 362 edges.
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Figure 7. Shenzhen Airport scene network topology model.

A single-sample K-S test was used to analyze the characteristics of the approaching
traffic flow distribution at the airport by selecting the operational data on a normal day.
Using the flight schedule data of 10 January 2022 as a sample with a single time slice length
of 15 min, this paper statistically analyzes the approaching traffic flows at Shenzhen Bao’an
Airport. Count the number of flight arrivals in each time period, calculate the scheduled
arrival frequency of flights in each time period, and use the average of the scheduled arrival
frequency of flights as the parameter A of the Poisson distribution. The K-S test statistic is
constructed as

Z = \/mmax|S(x;) — F(x;)| (26)

where 77 is the sample size, S(x) is the cumulative probability of the actual distribution,
F(x) is the cumulative probability of the theoretical distribution.

The detection probability of the K-S test is 0.557, which is greater than the significance
level of 0.05, and thus it can be assumed that the approaching traffic flows obey a Poisson
distribution approximately. By using the K-S test, the cumulative distribution function
of the actual observed data and the cumulative distribution function of the theoretical
distribution are compared as shown in Figure 8.

Based on the field network model of Shenzhen Bao’an Airport, combined with the
actual operation of the Bao’an Airport surface, the simulation parameters of the mixed traffic
operation of the airport surface based on the Monte Carlo method were set, mainly including:

- Generating 500 approaching aircraft, and the approaching time obeys Poisson distribution;

- Setting the aircraft wake interval as 5 min and the airport surface taxi interval as 40 s;

- Setting three approaching aircraft intervals, i.e., 1.5 min, 2 min, and 3 min, respectively;

- Set three runway operation modes, i.e., segregated parallel operation mode, correlated
approach/independent departure mode, and independent approach/independent
departure mode.

Setting the average taxiing speed of aircraft at 50 km/h and the support vehicle
traveling speed at 30 km/h.
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Figure 8. Comparison chart of arrival traffic flow cumulative distribution functions.

5.2. Identification of Risk Hotspots for Mixed Traffic Flow on Airport Surfaces

The occupancy frequency of each node in the network structure model of the air-

port surface under three runway operation modes and different approaching intensities
is obtained by counting the average values of 10 simulation experiments, as shown in
Figures 9-11. Among them, the blue, yellow, and orange curves represent the occupancy
frequency of each node when the approaching aircraft interval is 1.5 min, 2 min, and 3 min,
respectively. It can be seen that

®

Occupancy Frequency

500
400 f
300

200

Under any runway operation mode, the distribution of occupancy frequency cor-
responding to each node is approximately the same for different arrival strengths,
indicating that the arrival strength of traffic flow has no significant effect on the occu-
pancy frequency of nodes, which shows that the results of the simulation experiments
are reliable.

The occupancy frequencies of the nodes differ in different runway operation modes.
The peak occupancy frequencies of nodes in the related /independent parallel ap-
proach mode and independent parallel departure mode are significantly higher com-
pared with the isolated parallel operation mode, indicating that there are relatively
more conflict-prone nodes in these two operation modes, which is in line with the
actual situation.

Under different runway operating modes, there is overlap in nodes with higher occu-
pancy frequencies, indicating that certain potential risk hotspot areas are consistent in
different operation modes, which verifies the applicability of the simulation experiment.

T
0 50 100 150 200 250

Figure 9. Node occupancy frequency in segregated parallel operation mode.
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Figure 11. Distribution of node occupancy frequency in independent parallel departure mode.

The conflict number ratio of each node of the airport surface network is calculated
according to Equation (11), as shown in Figure 12. The 25 nodes numbered 19, 20, 27, 39,
40, 59, 61, 64, 65, 68, 69, 70, 78, 99, 102, 108, 109, 110, 111, 124, 141, 142, 143, etc., have
higher values of the conflict number ratio index, and the occupancy frequency of these
nodes is also higher as shown in Figures 9-11, and such nodes have a higher probability
of conflict, so they can be recognized as risky hotspot areas, the distribution of which
is shown in Figure 13. Among them, the four nodes of 124, 141, 142, and 143 are the
intersections of taxiways and service lanes, which are prone to conflicts between aircraft
and protection vehicles. Figure 14 shows the comparison between the actual risk hotspot
map and the hotspot identified by simulation at Shenzhen Airport, in which the red circles
indicate hotspot areas that overlap with the actual hotspot map of the airport. The graph
shows that 11 risk hotspot areas identified based on Monte Carlo simulation experiments
are completely consistent with the actual conflict areas, accounting for 73%, while the
simulation experiments also identify other potential risk hotspots. In summary, the airport
surface operation simulation and feature identification method based on the Monte Carlo
method proposed in this paper can effectively identify the risk hotspot areas of the surface,
which is in line with the actual situation of airport surface operation in Shenzhen Airport.

204 = Segregated Parallel Operation Mode
x Related Approach/Independent Departure Mode
° #  Independent Approach/Independent Departure Mode
B 1.54
o
£
=
S 1.04 M
o
- L3
2
= X
£ 0.5 £ s ;E P
o X O K ® ®
e 5 X3
0.0 ol PP
T T T T T
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Figure 12. Distribution of node conflict quantity ratios in different operational modes of the scene
topological network.
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Figure 14. Identification of risk hotspot areas in scene operations based on simulation models.

5.3. Operational Risk Evaluation of Mixed Traffic Flows on Airport Surfaces

The traffic complexity indexes, i.e., conflict number ratio, peak hour, and peak hourly

flow rate, are calculated for each node under the three-runway operation modes with an
approaching aircraft interval of 2 min, and the results are shown in Table 1 and Figures 15-17.
It can be seen that

®

The conflict number ratios and peak hourly flow rates of the nodes in the correlated
approach/separated departure mode are higher relative to the peak of the other two
modes of operation, indicating an increase in the number of critical nodes with a
higher likelihood of conflict in this mode of operation.

Under the isolated parallel operation mode, some nodes have relatively higher values
of peak hourly flow and are more likely to have conflicts; under the other two opera-
tion modes, the distribution of peak hourly flow at nodes is relatively stable, with no
obvious peaks and valleys.

Since the traffic complexity index takes into account the overall operation of the
airport surface under the mixed operation of aircraft and support vehicles, it can
reflect the traffic operation pressure on the airport surface to a certain extent. There
are obvious peaks and valleys in the conflict number ratio and peak hourly flow
distribution, which indicates that some nodes in the network have higher traffic
pressure, and it can provide a decision-making basis for airport surface operation and
safety management.

Table 2 shows the topology of each node of Shenzhen Bao’an Airport, network vulner-

ability index value calculation results, and the corresponding distribution of index value is
shown in Figures 18 and 19. It can be seen that

®

In terms of nodes’ topological structure indexes, betweenness centrality BC; and
eigenvector centrality EC; have more peaks and valleys characteristics compared to
the other two indexes, which indicates that there is a part of nodes in the network
with higher importance, which are more affected by other nodes, and also indicates
the necessity of analyzing the structural characteristics of the airport surface network.
In terms of the network vulnerability index of nodes, the distribution of network effi-
ciency loss degree EL; is relatively chaotic, with more peaks. This indicates that there
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are some nodes in the network that have a greater impact on the overall operational
efficiency of the airport surface, with poorer network robustness, and that we need to
pay attention to these types of nodes in the actual operation of the airport surface.

Table 1. Traffic complexity metrics for partial nodes in different operating modes.
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Figure 15. Conflict quantity ratios for each node in three operating modes.
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Figure 17. Peak hour traffic flow for each node in three operating modes.
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Table 2. Node topological structure and network vulnerability indicator values.
Node DC,' BC,' CCi ECi EL,' SL,'
1 0.0088 0.0041 0.1062 0.0062 0.0071 0.0044
2 0.0132 0.0310 0.1186 0.0154 0.0118 0.0044
3 0.0175 0.0842 0.1311 0.0358 0.0188 0.0044
4 0.0175 0.1103 0.1391 0.0534 0.0220 0.0044
5 0.0175 0.1377 0.1455 0.0719 0.0253 0.0044
225 0.0088 0.0014 0.1031 0.0038 0.0075 0.0044
226 0.0088 0.0040 0.1059 0.0069 0.0081 0.0044
227 0.0132 0.0202 0.1197 0.0183 0.0115 0.0044
228 0.0088 0.0055 0.1179 0.0126 0.0091 0.0044
229 0.0088 0.0028 0.1135 0.0098 0.0083 0.0044
0.30 B Degree centrality

I Betweenness centrality
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I Eigenvector centrality
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Figure 18. Distribution of topological structure characteristic indicators for various nodes at Shenzhen
Bao’an Airport.
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Figure 19. Distribution of vulnerability indicators for various nodes at Shenzhen Bao’an Airport.

The risk index of each node is comprehensively evaluated based on the above index
data, in which the traffic complexity index adopts the average value of the simulation
data without using the runway operation mode and with different approaching aircraft
intervals. The CRITIC—entropy weight method is used to combine and assign the risk
hotspot evaluation indexes of key nodes to obtain the index weights shown in Figure 20.
As can be seen from the figure, conflict number ratio, peak hour duration, eigenvector
centrality, and betweenness centrality have higher weights relative to the other indicators
and contribute more to the risk index.

On this basis, the risk index of each node is calculated based on the TOPSIS—gray
correlation analysis method. Since the assessment results of the TOPSIS method are
objective and better reflect the overall situation of the evaluation object, and the gray
correlation analysis method can reflect the similarity of the geometric shape of the data
curves, this paper combines the advantages of the TOPSIS method and the gray correlation
analysis method, takes into account the trend of the indicator distance and the shape of
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the curves, and uses the comprehensive evaluation method based on the TOPSIS-gray
correlation analysis to conduct a comprehensive evaluation of the risk index of the node, so
as to identify the risk hotspots. According to the weights of all the indexes obtained by the
combination assignment method, the evaluation indexes of each node of the airport surface
network of Shenzhen Bao’an Airport were weighted and calculated, and the risk index
of each node of the airport surface network was obtained based on the comprehensive
evaluation method of TOPSIS—gray correlation analysis (Figure 21).

Weight

Peak hour duration I (2451
Peak hour flow IS 0.1009
Conflict number ratio I (2742
Maximum subgraph loss Hl 0.0127
Network efficiency loss HEEEE 0.0317
Eigenvector centrality | IEEE——— (.]1647
Closeness centrality HEE 0.0251
Betweenness centrality IEEE————— 0.]13
Degree centrality HEE 0.0246

0 0.05 0.1 0.15 0.2 0.25 0.3

Figure 20. Weighting of risk assessment indicators for mixed traffic flow operations in the scene.
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Figure 21. Risk index for nodes in Bao’an Airport’s scene network.

To obtain the most sensitive indexes to the risk index of the nodes on the airport
surface, sensitivity analysis of the multidimensional characteristic indexes of the mixed
traffic flows on the airport surface is carried out. Take node 20 as an example to carry out
the sensitivity analysis of the feature index data, the result of which is shown in Table 3.
From the table, it can be seen that the traffic complexity index is the most sensitive to the
node risk index, and the eigenvector centrality of the topological structure index is more
sensitive to the node risk index.

In the airport surface network, 10.9% of the nodes were identified as risk hotspots,
of which

@® Blue nodes (numbered 1-10, 89-96, 155-178) are runway and parking nodes. Since
such nodes are bound to be occupied by aircraft or supporting vehicles, their risk index
values obtained after comprehensive evaluation are higher. Since the determination
of risk hotspots mainly focuses on taxiway nodes, such nodes are excluded.

@ Red nodes are risk hotspots. The 25 nodes with higher risk indexes are classified as
risk hotspots, and the specific distribution is shown in Figure 22. Among them, the
three nodes numbered 124, 135, and 143 are taxiway and service lane intersections,
which indicate a higher risk of conflict between aircraft and support vehicles; node
194 is a service lane node, which indicates a higher risk of conflict between support
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vehicles; nodes numbered 20, 23, 27, 40, 43, 58-59, 61-65, 69-70, 72, 78, 98, 106, 108-109,
and 111 are 21 nodes are taxiway nodes, indicating a high risk of taxiing conflicts
between aircraft.

® The gray nodes are general nodes. They account for the majority of the airport surface
network structure and their risk index is relatively low.

Table 3. Sensitivity analysis of indicators for the evaluation of the nodal risk index.

Amplitude of Change in Risk Index/%

Index Decrease by 10% Decrease by 20%  Increase by 10%  Increase by 20%
DC; 0 0 0 0
BC; 0 0 0 0
cc; 0 0 0 0
EC; 0 —0.02 0 0.02
EL; 0 0 0 0
SL; 0 0 0 0

i —0.12 —0.23 0.12 0.23
PT; —-0.17 —0.33 0.17 0.33
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Figure 22. Distribution of risk hotspots in airport scenes.

Figure 23 shows the comparison between the actual risk hotspot map and the risk
hotspots in Shenzhen Bao’an Airport. It can be seen that there are 14 risk hotspots that are
exactly the same as the actual conflict areas, accounting for 93%, which verifies the validity
and accuracy of the method proposed in this paper, and, at the same time, other potential
risk hotspots are also identified, and the relevant results can provide a scientific reference
for airport surface safety management.
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Figure 23. Identification of risk hotspot areas in scene operations based on simulation models and

risk assessment.

Comparing Figure 14 directly identifying risk hotspots based on airport surface mixed
traffic flows simulation and Figure 23 identifying risk hotspots based on simulation model
and risk evaluation, it can be seen that 73% of risk hotspot areas identified based on Monte
Carlo simulation experiments are consistent with the actual conflict hotspot areas, whereas
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93% of risk hotspot areas identified based on simulation model and risk evaluation are
consistent with the actual conflict hotspot areas, which is 20% more accurate compared to
the direct identification of risk hotspots by the simulation experiments. The accuracy of the
risk hotspots is increased by 20% compared with the direct identification of risk hotspots
by simulation experiment. Therefore, the proposed simulation and risk evaluation model
for airport surface traffic operation has high identification accuracy, and the identified risk
hotspots on the airport surface are in good agreement with the actual conflict areas.

6. Conclusions

(1) Aiming at the problem that the current research mainly focuses on aircraft micro-
collision conflicts, but less on aircraft-vehicle cooperative operation conflicts, the
Monte Carlo simulation method was used to construct the cooperative operation
environment of “aircraft-vehicle” mixed traffic flows on the airport surface, compre-
hensively considering the operational resources such as runways, taxiways, parking
spaces, and the activity targets of aircraft and support vehicles, which realized the
operation simulation of the mixed traffic flows formed by aircraft and vehicles on
the airport surface. The proposed method has high simulation accuracy, and 73%
of the identified risk hotspots on the airport surface are consistent with the actual
risk hotspots, which can provide the basic environment for accurately analyzing the
risk of conflict between aircraft, between aircraft and support vehicles, and between
support vehicles and support vehicles in the airport surface system.

(2) Aiming at the current research on the number of conflicts, conflict duration, conflict
probability, and other indicators of the airport surface operation, but less considera-
tion of the complex network characteristics inherent in the airport surface skidding
system and its impact on the potential conflicts of the traffic operation, facing the
multi-dimensional perspectives of the topology structure characteristics, network
vulnerability, and traffic complexity, systematically and comprehensively constructed
the risk hotspot characteristic index system and its measurement of mixed traffic
flows on airport surface, and adopted the combination weighting method and the
improved TOPSIS method to comprehensively evaluate the risk index of any node in
the topological network of airport surface. The result shows that 93% of the identified
risk hotspots are consistent with the actual hotspot areas, which improves the accuracy
rate of directly identifying the risk hotspots by 20% compared with that of the simu-
lation experiments. Therefore, the proposed method can provide a decision-making
basis for accurately identifying the risk hotspots of airport surface operation, reducing
the potential conflicts of airport surface operation, and improving the safety level of
airport surface operation.

(3)  The research results of this paper have certain guiding significance for enhancing the
cooperative operational safety capability of heterogeneous activity targets in complex
airport surface, and future research work will further focus on the temporal and spatial
evolution characteristics of the operational risk hotspots in airport surface, as well as
the mechanism of the role of the evolution of the conflict risk on the effectiveness of
the operational management of airport surface.
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