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Abstract: With the rapid development of aviation industry， the density of terminal-airspace traffic has increased 
significantly， resulting in higher potential conflict among aircraft. To address this issue， this study proposes a potential 
conflict identification method for terminal airspace based on three-dimensional （3D） trajectory tube structures. The 
approach first clusters arrival trajectories to identify major traffic flows and constructs corresponding 3D trajectory 
tubes. It then introduces traffic-flow parameters into a probabilistic model， which is combined with three-dimensional 
airspace gridding to identify and locate potential conflict regions. The results demonstrate that the proposed method 
can effectively detect potential conflict areas within a 15 min time window and analyze the interactions among traffic 
flows within these regions. This research provides a valuable framework for improving the safety and efficiency of 
terminal airspace operations， offering both theoretical and practical significance for airspace optimization and decision-

support enhancement.
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0 Introduction 

As the critical hub of air traffic operations， the 
terminal airspace faces core challenges in managing 
the dynamic characteristics of traffic flow and ensur⁃
ing operational safety， both of which are essential 
for improving the efficiency of airport cluster sys⁃
tems and the performance of air traffic management. 
As air transport demand continues to grow， termi⁃
nal airspace has become increasingly congested， 
characterized by frequent trajectory intersections and 
convergences. This has intensified potential conflict 
risks and created an urgent need for precise and effi⁃
cient conflict detection and early-warning technolo⁃
gies. Against this backdrop， an in-depth investiga⁃
tion into the structure of terminal air traffic flows 
and the underlying mechanisms of conflict is of great 

theoretical and practical significance for achieving 
system-level airspace optimization and enhancing de⁃
cision-support capabilities in air traffic control.

Conflict detection is classified into short-term， 
medium-term， and long-term types， depending on 
the time scale and application purpose. Short-term 
conflict detection （typically within 5 min） focuses 
on real-time alerting and resolution， primarily rely⁃
ing on traffic alert and collision avoidance system 
（TCAS） or high-precision trajectory prediction al⁃
gorithms to mitigate immediate collision risks. Medi⁃
um-term conflict detection （typically for 10—
20 min） serves as the bridge between tactical warn⁃
ing and strategic management. Its core lies in sup⁃
porting controllers， flow coordination and collabora⁃
tive decision-making through traffic flow modeling 
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and airspace complexity assessment. Long-term con⁃
flict detection （beyond 30 min） belongs to the stra⁃
tegic level and focuses on sector workload estima⁃
tion， traffic demand forecasting， and flight slot allo⁃
cation.

Conflict detection has long been a key research 
topic in air traffic management， and a variety of 
methodological approaches have been developed 
over the years. Early studies primarily relied on de⁃
terministic separation criteria， such as protection-

zone models， minimum-separation thresholds， and 
rule-based systems， to identify short-term aircraft-
to-aircraft conflicts for immediate alerting and reso⁃
lution［1-4］. With the advancement of data-driven tech⁃
niques， some works have incorporated deep learn⁃
ing and reinforcement learning frameworks to en⁃
hance short-horizon trajectory prediction， thereby 
improving tactical conflict alerting performance［5-6］. 
These methods have significantly contributed to im ⁃
proving the accuracy of short-term conflict detection.

At broader temporal scales， several studies 
have examined conflict characteristics from structur⁃
al and complexity-based perspectives. Representa⁃
tive research includes analyzing the conflict risks of 
weaving routes using trajectory-tube structures， 
identifying critical conflict-prone grid regions 
through complex-network methods， and evaluating 
terminal-area operational orderliness through dynam ⁃
ic-density and distributed three-dimensional （3D） 
complexity［7-12］. Complex-network-based analyses 
have also been used to assess sector-level safety per⁃
formance and identify potential conflict nodes at the 
network level［13］. In addition， the influence of inter⁃
secting route structures on potential conflicts has at⁃
tracted attention， with studies investigating how 
route geometry， speed differentials， and sequencing 
patterns affect conflict occurrence near route inter⁃
sections［14］. These works reveal conflict formation 
mechanisms from different viewpoints and provide 
important foundations for understanding instability 
in terminal-area operations.

In addressing operational uncertainty， research⁃
ers have increasingly shifted from deterministic judg⁃
ment toward probabilistic risk modeling. Monte Car⁃
lo simulation， extreme-value theory， stochastic dif⁃

ferential equations， and Bayesian spatiotemporal 
prediction have been widely used to characterize tra⁃
jectory uncertainty and estimate conflict probabili⁃
ties［15-18］. Some studies have further integrated con⁃
flict probability into trajectory-planning frameworks 
to support strategic， risk-aware decision-making［19］. 
To provide spatial representations of conflict risk， 
grid-based airspace discretization methods have also 
been proposed， transforming continuous airspace in⁃
to computationally tractable grid structures that facil⁃
itate regional conflict-risk analysis and hotspot iden⁃
tification［20-22］. These methods demonstrate the val⁃
ue of combining probabilistic modeling with spatial 
discretization for refined conflict-risk assessment.

Recent studies on conflict detection have 
shown a clear shift from deterministic judgment to⁃
ward probabilistic assessment， and from continuous 
spatial analysis toward discretized grid-based pro⁃
cessing. Probabilistic approaches， such as Monte 
Carlo simulation and extreme value theory， enhance 
the robustness of conflict detection by quantifying 
risks under uncertainty. Meanwhile， airspace grid⁃
ding methods transform the complex continuous air⁃
space into computationally manageable spatial 
units， providing a unified framework for both macro⁃
scopic complexity evaluation and microscopic con⁃
flict localization.

However， existing studies still exhibit certain 
limitations. Most works either focus on short-term， 
microscopic aircraft-to-aircraft conflict detection or 
on long-term， macroscopic airspace complexity 
measurement. Research that effectively couples the 
dynamic characteristics of traffic flows with probabi⁃
listic grid-based models， concentrates on the medi⁃
um-term tactical warning level， and is capable of an⁃
alyzing the causes of conflicts， namely flow-to-flow 
interactions， remains relatively scarce.

For clarity， the two key terms are defined as 
follows. “Causes of conflict” refer to the specific 
traffic flows whose mutual interactions engender 
conflict risks within potential conflict zones in the 
terminal area. “Flow-to-flow interactions” denote 
the mechanism by which different traffic flows influ⁃
ence one another as they intersect， converge， or ap⁃
proach each other in space. These interactions con⁃
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stitute the fundamental cause of conflict risk forma⁃
tion.

Therefore， this study proposes a data-driven 
3D traffic flow generation method based on terminal-
area automatic dependent surveillance-broadcast 
（ADS-B） arrival trajectory data. Building upon this 
framework， a probabilistic model is integrated to 
achieve the identification and characterization of po⁃
tential conflict regions within the 3D terminal air⁃
space. The proposed method can effectively detect 
potential conflict risk areas among different traffic 
flows within each 15 min time window. The overall 
process is as follows. First， terminal-area arrival tra⁃
jectories are clustered to identify traffic flows and 
construct their corresponding 3D trajectory tubes. 
Second， traffic flow parameters are analyzed and 
characterized using kernel density estimation 
（KDE）. Third， these parameters are incorporated 
into the potential conflict identification model. Final⁃
ly， potential conflict hotspot regions within the grid⁃
ded terminal airspace are identified. The study deep⁃
ens the understanding of terminal air traffic flow 
structures and also provides valuable decision sup⁃
port for flow management， controller decision-mak⁃
ing， and airspace design and analysis in complex ter⁃
minal environments.

1 Construction of 3D Trajectory 
Tube Structure

1. 1 Data preprocessing and normalization　

In this study， ADS-B operational data from the 
terminal area of Beijing Daxing International Air⁃
port are used as the case dataset. The data cover a 
seven-day period from March 25 to March 31， 
2024. After removing abnormal trajectory points 
and applying normalization and resampling proce⁃
dures， a total of 2 485 valid arrival trajectories are 
obtained for subsequent analysis.

The raw data are preprocessed through the fol⁃
lowing procedures.

（1） Spatial and altitude filtering： Based on the 
terminal area boundary and altitude range （300—
6 000 m）， flight data corresponding to the approach 
phase is extracted， while data from ground opera⁃

tions and the final approach segment is excluded.
（2） Outlier removal： Under the assumption of 

flight continuity， any trajectory point pair with an al⁃
titude difference greater than 100 m between consec⁃
utive samples is considered abnormal and removed.

（3） Data smoothing： A moving average filter 
is applied to the latitude， longitude， and altitude co⁃
ordinates to suppress signal noise and random fluctu⁃
ations.

（4） Trajectory resampling： To ensure consis⁃
tency for subsequent clustering analysis， each trajec⁃
tory is resampled to generate a standardized se⁃
quence consisting of 50 evenly distributed points.

（5） Coordinate projection and normalization： 
The latitude and longitude data are transformed into 
a planar Cartesian coordinate system （x， y） cen⁃
tered on the airport using the Lambert conformal 
conic （LCC） projection. The projected coordinates 
are then normalized to eliminate dimensional effects 
and ensure consistency across different spatial scales.

1. 2 Construction of 3D trajectory tube model

In this study， the density-based spatial cluster⁃
ing of applications with noise （DBSCAN） algo⁃
rithm is employed to cluster arrival flight trajecto⁃
ries. The effectiveness of this algorithm has been 
validated from multiple perspectives and is well suit⁃
ed to the clustering analysis of terminal-area arrival 
trajectories. The key parameters of the algorithm 
are set as a neighborhood radius of ε=0.060 0 and a 
minimum number of core points of MinPts=6. 
These parameters are determined through multiple 
iterative experiments and optimization， enabling the 
algorithm to accurately capture the spatial distribu⁃
tion characteristics of arrival trajectories in the termi⁃
nal area while effectively avoiding both over-cluster⁃
ing and under-clustering problems.

To quantitatively evaluate the clustering perfor⁃
mance， the silhouette coefficient is adopted as the 
evaluation metric. The resulting silhouette coeffi⁃
cient reached 0.833 5， which falls within the excel⁃
lent range of 0.7—1.0， indicating strong intra-clus⁃
ter compactness and high inter-cluster separability.

In addition， as a density-based clustering meth⁃
od， DBSCAN does not require the number of clus⁃
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ters to be specified in advance. It can effectively 
identify and remove noise points in trajectory data， 
thereby reducing the influence of abnormal trajecto⁃
ries on the overall traffic flow pattern. Moreover， 
DBSCAN can adapt well to the non-uniform density 
distribution characteristics of terminal-area arrival 
trajectories. Compared with algorithms， like K-

means， which require a predefined number of clus⁃
ters， and hierarchical clustering methods that are 
sensitive to noise， DBSCAN is more suitable for 
clustering terminal-area arrival trajectories.

The clustering results obtained by the DB⁃
SCAN algorithm are highly consistent with the actu⁃
al approach route layout of the studied terminal area. 
Therefore， they can realistically reflect the spatial 
structure of arrival traffic flows in the terminal area 
and provide reliable foundational data for the subse⁃
quent construction of 3D trajectory tube structures.

Given that some traffic flows in terminal air⁃
space may extend over tens of kilometers， the alti⁃
tude dimension is incorporated into the two-dimen⁃
sional trajectory clustering results. The concepts of 
trajectory tube and trajectory tube window are intro⁃
duced to construct a 3D traffic flow model. Each 
cluster corresponds to one trajectory tube， which 
contains an equal number of trajectory tube win⁃
dows. The orientation of each window follows the 
flow direction of the clustered central trajectory， 
while the window size is determined by the extreme 
projection distances of all trajectory points along 
each spatial dimension. Fig.1 illustrates the cluster⁃
ing results of the arrival trajectories.

The generation process of the trajectory tube is 
as follows.

（1） All trajectory points are grouped according 
to the clustering results， where each cluster corre⁃
sponds to one trajectory tube.

（2） For each cluster， trajectory points are di⁃
vided into multiple sequential windows based on 
time， with each window containing a fixed number 
of trajectory points.

（3） For each window， the centroid of all trajec⁃
tory points within the window is calculated to repre⁃
sent its central position.

（4） For each window， a local coordinate sys⁃
tem is constructed. The c axis is aligned with the 
global vertical direction. The b axis follows the di⁃
rection of the central trajectory， pointing toward the 
centroid of the next window， representing the longi⁃
tudinal direction of the trajectory. The a axis is or⁃
thogonal to both the b and c axes， representing the 
lateral direction of the trajectory.

（5） The width and the height of each window 
are determined by calculating the extreme projection 
distances of all trajectory points within the window 
along the lateral （a axis） and vertical （c axis） direc⁃
tions， respectively. Based on the centroid， the 
width， and the height， the boundary points of each 
trajectory tube window are generated.

（6） Each bounding box is defined as the con⁃
vex hull formed between two consecutive windows 
within the same traffic flow.

（7） By connecting the bounding boxes of con⁃
secutive windows in each cluster， the complete tra⁃
jectory tube corresponding to that traffic flow is con⁃
structed.

Fig. 2 illustrates the generation process of the 
trajectory tube. For each window， all trajectory 
points are orthogonally projected onto the local coor⁃
dinate axes corresponding to the lateral and vertical 
directions of the window. Statistical analysis is then 
performed on the projected values to obtain the prob⁃
ability density functions （PDFs） of the lateral and 
vertical projections， referred to as the lateral and 
vertical PDFs， respectively. Fig.3 shows the trajec⁃
tory tube and its structural representation.Fig.1　Arrival trajectory clustering results
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Based on the DBSCAN clustering results， a 
3D trajectory tube structure is constructed in this 
study to achieve a structured 3D representation of ar⁃
rival traffic flows in the terminal area. This approach 
overcomes the limitations of traditional two-dimen⁃
sional trajectory analysis and microscopic single-air⁃
craft analysis. The structural advantages and analyti⁃
cal value of the proposed trajectory tube model are 
reflected in two aspects.

First， by leveraging the clustering results， the 
collective characteristics of traffic flows can be effec⁃
tively captured. Discrete individual arrival trajecto⁃
ries are integrated into flow structures with clearly 
defined spatial boundaries， enabling an intuitive rep⁃
resentation of the spatial distribution patterns and in⁃
teraction relationships among different traffic flows. 
This provides a foundation for flow-to-flow level 
analysis.

Second， a local coordinate system is estab⁃
lished for each trajectory tube， consisting of three 
orthogonal directions： The longitudinal direction is 
aligned with the extended central flight trajectory； 
the vertical direction conforms to the global vertical 
axis； and the lateral direction is perpendicular to 

both the longitudinal and vertical axes. This coordi⁃
nate system ensures that the spatial morphology of 
the trajectory tube is consistent with the actual mo⁃
tion trend of aircraft during the approach phase. As a 
result， the spatial distribution ranges and probability 
density characteristics of each traffic flow can be 
quantitatively described along the three directions. 
Statistical analysis further verifies that the lateral 
and vertical distributions are approximately indepen⁃
dent， allowing joint analysis of traffic flow character⁃
istics， such as speed distribution and arrival rate， to⁃
gether with the 3D spatial structure.

The proposed trajectory tube structure there⁃
fore provides a probabilistic analytical framework 
for medium- and short-term conflict identification at 
the flow-to-flow level. It enables a transition in con⁃
flict detection from microscopic individual-aircraft 
analysis to mesoscopic traffic-flow analysis， and 
from deterministic judgment to probabilistic assess⁃
ment. Moreover， it establishes a solid structural and 
spatial foundation for the subsequent identification 
of conflict hotspots through 3D grid-based discretiza⁃
tion of the terminal airspace.

In the trajectory tube generation model， it is as⁃
sumed that the lateral and the vertical distributions 
are independent of each other. To validate this as⁃
sumption， the correlation between the lateral and 
the vertical components of all trajectory tube win⁃
dows is analyzed. The results show that the abso⁃
lute values of 90% of the correlation coefficients are 
less than 0.16， indicating that most windows exhibit 
very weak correlations （| r | < 0.3 represents weak 

Fig.2　Trajectory tube generation steps

Fig.3　Trajectory tube and its structure
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or no correlation）. Therefore， it can be concluded 
that the lateral and the vertical distributions are sta⁃
tistically independent. Fig.4 presents the distribu⁃
tion of correlation coefficients between the lateral 
and the vertical components.

2 3D Traffic Flow Characteristics 

To provide a more intuitive and accurate repre⁃
sentation of 3D traffic flows， this study transforms 
the clustering results of flight trajectories into geo⁃
metric representations by constructing trajectory 
tubes. This approach enables a clearer visualization 
of the dynamic characteristics of air traffic and the in⁃
teractions among aircraft. The traffic flow character⁃
istics considered in this study include speed distribu⁃
tion， arrival rate， and distance distribution， where 
the latter encompasses both inter-aircraft distance 
distribution and remaining distance distribution.

2. 1 Speed distribution　

During flight， aircraft speed exhibits variability 
influenced by multiple factors. Even within the same 
trajectory tube， flight speeds may differ due to vari⁃
ous elements such as aircraft type， weather condi⁃
tions， and air traffic control （ATC） instructions. In 
the terminal area in particular， controllers often ad⁃
just aircraft speeds to ensure flight safety， resulting 
in complex and dynamic patterns of speed distribu⁃
tion.

To accurately characterize the actual distribu⁃
tion of aircraft speed in the terminal area， this study 
applies the KDE method to analyze the speed data 
of each trajectory cluster. Unlike traditional ap⁃
proaches that rely on predefined distributional as⁃

sumptions， KDE is a non-parametric density estima⁃
tion technique. In this research， the Gaussian kernel 
function， widely used for modeling continuous vari⁃
ables， is adopted due to its ability to generate 
smooth probability density curves that align well 
with the continuous nature of speed data.

By constructing the speed distribution directly 
from empirical data without assuming any prior dis⁃
tribution， this method effectively captures complex 
or unknown statistical patterns， providing a more re⁃
alistic representation of speed variations in terminal 
airspace operations. The Gaussian kernel density 
function is expressed as

f ( x )= 1
nh ∑

i = 1

n

K ( )v - vi

h
(1)

where n is the sample size of speed observations； h 
the smoothing bandwidth controlling kernel influ⁃
ence range； and K（u） the Gaussian kernel function， 
and is expressed as

K ( u )= 1
2π

e- 1
2 u2

(2)

The Gaussian kernel density distribution of the 
speed for each flow， including the extrema within 
the distribution， is stored for subsequent calcula⁃
tions.

2. 2 Traffic flow arrival rate　

Since this study focuses on the analysis of po⁃
tential conflicts during aircraft arrivals in the termi⁃
nal area， the time at which each aircraft reaches the 
terminal area boundary is defined as its arrival time. 
Since the number of aircraft within each clustering 
result （i. e.， each traffic flow） varies， and some 
flows contain only a small number of aircraft， it is 
difficult to analyze the arrival process of each cluster 
individually. Therefore， the entire terminal airspace 
is treated as a single system for analysis， and the re⁃
sults are subsequently allocated to each traffic flow 
according to the proportional number of aircraft 
within that flow.

The arrival interval is calculated based on the 
difference in arrival times between successive air⁃
craft. The entire day is divided into fixed 15 min 
time windows. According to probability theory， 
when the inter-arrival times of events are indepen⁃

Fig.4　Distribution of lateral-vertical correlations
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dent and identically distributed following an expo⁃
nential distribution， the number of events occurring 
within a unit time follows a Poisson distribution. 
Hence， it is assumed that the aircraft arrival process 
within each time window is stationary and satisfies 
the exponential inter-arrival time distribution.

A unified analysis is conducted for all 15 min 
time windows throughout the day. The mean inter-

arrival time t within each window is calculated using 
the method of moments to estimate the rate parame⁃
ter λ of the exponential distribution

λ = 1
t

(3)

The results show that in more than 80% of the 
15 min time windows throughout the day， the chi-
square test fails to reject the exponential distribution 
hypothesis， indicating that the arrival process during 
most time periods conforms to the exponential distri⁃
bution property. During the period with the highest 
arrival rate， the exponential PDF is fitted， yielding 
a p-value of 0.475 5， which further verifies that the 
inter-arrival times follow an exponential distribu⁃
tion. This assumption forms the theoretical basis for 
the subsequent derivation of inter-aircraft distance 
distributions.

Meanwhile， the number of aircraft arrivals 
within each 15 min time window is calculated， and 
the mean number of arrivals per window is used to 
estimate the Poisson distribution parameter λj. The 
Poisson distribution is then fitted to the arrival count 
data within each time window. The results indicate 
that over 80% of the time windows pass the chi-
square test for the Poisson distribution， demonstrat⁃
ing that the arrival process during most periods fol⁃
lows Poisson distribution characteristics. In the time 
window with the highest number of arrivals， the fit⁃
ted p-value is 0.832 8， confirming that the arrival 
process during this period conforms to the Poisson 
distribution.

Since the number of aircraft arrivals within 
each cluster is relatively small in a 15 min interval， 
it is not feasible to establish an equivalent statistical 
model for each cluster individually. Therefore， it is 
assumed that all air routes are mutually independent 
and that their corresponding arrival processes are al⁃

so independent. The overall aircraft arrival process 
in the terminal area is thus modeled as a non-homo⁃
geneous Poisson process， with the global arrival 
rate for each 15 min interval j denoted as Λj ， de⁃
fined as

Λj =
N j

15 × 60 (4)

where N j denotes the total number of aircraft within 
the entire time interval j. The inter-arrival times fol⁃
low an exponential distribution. For each trajectory 
tube i within the 15 min interval j， the arrival rate λj

i 
is derived by proportionally allocating the global ar⁃
rival rate according to the traffic volume of each 
flow， as expressed by

λj
i = π j

i ⋅ Λj (5)
where π j

i  represents the proportion of traffic volume 
for trajectory tube i within time interval j， defined 
as the ratio of the number of aircraft in trajectory 
tube i to the total number of aircraft across all trajec⁃
tory tubes within the same interval j. Based on this， 
the arrival rate for each traffic flow in each time peri⁃
od is determined.

As the fact that the aircraft inter-arrival times 
within each 15 min interval follow an exponential 
distribution is verified and the arrival rate for each 
cluster is calculated， the average time interval of 
each trajectory tube is expressed as

Δti = 1
λi

(6)

Its PDF is given by
f ( Δti )= λi ⋅ eλi Δti (7)

2. 3 Distance distribution　

2. 3. 1 Inter‑aircraft distance distribution　

The longitudinal distance between two consec⁃
utive aircraft is defined as the inter-aircraft distance， 
measured as the projection along the central trajecto⁃
ry. To capture the empirical characteristics of 
speed， the speed distribution is learned from data 
via KDE and combined with exponentially distribut⁃
ed inter-arrival times. Monte Carlo sampling is then 
used to generate inter-aircraft distance samples， de⁃
noted by

Δdi,k = vi,k ⋅ ti,k (8)
where vi，k denotes the kth speed value sampled from 
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the ith KDE model， and ti，k the kth inter-arrival time 
is sampled from the exponential distribution， both 
corresponding to the ith trajectory tube.

Given the independence between speed and in⁃
ter-arrival time， the PDF of the inter-aircraft dis⁃
tance is obtained via the convolution of their respec⁃
tive densities and yields

fΔDi ( Δdi )= λi∫
0

∞ 1
t

fV i( )d
t

e-λi t dt (9)

fΔDi ( Δdi )=∫
vmin

vmax λi

vi
e

-λi
Δdi

vi fV i
( vi ) dvi (10)

where fV i
 is the speed PDF of the ith traffic flow； 

and fΔDi the PDF of the inter-aircraft distance in the 
ith traffic flow.

Fig. 5 illustrates the conceptual diagram of the 
inter-aircraft distance.

2. 3. 2 Remaining distance distribution　

Traditional conflict risk assessments are typi⁃
cally based on static measures such as trajectory 
spacing or temporal separation. Although these met⁃
rics can reflect instantaneous states， they fail to cap⁃
ture the dynamic evolution characteristics of traffic 
flows. Trajectory spacing represents a static spatial 
snapshot that cannot describe the relative motion 
tendencies between aircraft， while temporal separa⁃
tion incorporates speed information but relies on spe⁃
cific assumptions （e.g.， constant velocity） and lacks 
spatial intuitiveness in applications such as airspace 
planning and grid-based modeling.

To address these limitations， the concept of 
“remaining distance” is introduced. This concept 

originates from the idea of residual life in reliability 
engineering and renewal process theory， which de⁃
scribes the time interval from a random observation 
moment to the occurrence of the next event. Here， 
this time-domain concept is innovatively extended to 
the spatial domain to quantify， within the terminal 
area traffic flow， the spatial distance from any point 

in the airspace to the next aircraft arriving at that 
point.

Based on the inter-aircraft distance， the con⁃
cept of remaining distance is defined as follows. For 
any aircraft Aq in the same flow， which represents 
the qth aircraft passing through a reference point P0， 
its remaining distance is the distance between the 
projection of its current position onto the central tra⁃
jectory and the reference point P0. The remaining 
distance of the first aircraft is referred to as the first 
remaining distance. The PDF f q

Ri ( r q
i ) of the remain⁃

ing distance r q
i  for the qth aircraft can be derived 

from the PDF of the inter-aircraft distance 
fΔDi ( Δdi ). For the first aircraft （q=1）， the remain⁃
ing distance r 1

i  is identical to the inter-aircraft dis⁃
tance d 1

i ， so the PDF can be expressed as

f 1
Ri ( r 1

i )= 1
- -----Δdi

[ 1 - FΔDi ( Δd 1
i ) ] (11)

where f 1
Ri ( r 1

i ) denotes the PDF r 1
i  of the remaining 

distance for the first aircraft approaching the refer⁃
ence point P in flow i. The function FΔDi represents 
the cumulative distribution function （CDF） of the 
inter-aircraft distance fΔDi， obtained through numeri⁃
cal integration of the KDE results of the spacing dis⁃
tribution. The survival function 1 - FΔDi ( Δd 1

i ) 
quantifies the probability that the spacing exceeds 
the remaining distance， while - -----Δdi is the mean inter⁃
aircraft distance in flow i， computed from Monte 
Carlo⁃sampled distance data. This mean is used for 
normalization， ensuring the PDF satisfies 

∫
0

∞

f 1
Ri ( r ) dr = 1 .

When the number of aircraft is greater than 
two， the corresponding expression is given as

f q
Ri = f q - 1

Ri ∗fΔDi      q ≥ 2 (12)
where f q

Ri denotes the probability of the remaining 
distance for the qth aircraft in flow i； and ∗ the con⁃
volution operator， indicating the superposition ef⁃
fect.

To further illustrate the concept of “remaining 
distance”， a linear traffic flow Fi is considered in 
which all aircraft are assumed to maintain the same 
constant speed， and estimated by the maximum val⁃
ue of the speed distribution. Under the assumption 

Fig.5　Inter-Aircraft distance
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that the arrival time distribution f ( Δti ) follows an 
exponential distribution characterized by an arrival 
rate λi， the corresponding PDF fΔDi ( Δdi ) is also ex⁃
ponential， characterized by the mean inter-aircraft 
distance - -----Δdi.

fΔDi ( Δdi )=
ì

í

î

ïïïï

ïïïï

1
- -----Δdi

e
- 1
- -----Δdi

Δdi

Δdi ≥ 0

0 Δdi ≤ 0
(13)

From Eq.（11）， the probability function of the 
remaining distance for the first aircraft can be ex⁃
pressed as

f 1
Ri ( r 1

i )=
ì

í

î

ïïïï

ïïïï

1
- -----Δdi

e
- 1
- -----Δdi

r 1
i

r 1
i ≥ 0

0 r 1
i ≤ 0

(14)

Fig. 6 illustrates the conceptual diagram of the 
inter-aircraft remaining distance.

3 Potential Conflict Identification 

Based on the structural characteristics of the 
terminal airspace， a 3D gridding approach is used to 
discretize the terminal area. By computing the inter⁃
section volume between each trajectory tube bound⁃
ing box and the axis-aligned bounding box （AABB） 
centered at point P， together with PDFs of the traf⁃
fic flow characteristics， the probability associated 
with each grid cell is obtained. These probabilities 
are then used to calculate the presence probability 
and potential conflict probability of each grid cell.

3. 1 Gridding of terminal airspace　

In terminal area operations， the standard hori⁃
zontal separation is typically 6 km， and the vertical 
separation is 300 m. Therefore， the entire terminal 
airspace is discretized into a set of scatter points P 
arranged in a grid with dimensions of 6 000 m×
6 000 m×300 m. Each point P serves as the center 
of a bounding box， which has the same dimensions 
of 6 000 m×6 000 m×300 m. For any grid point 
P， the nearest trajectory tube bounding box is deter⁃

mined using a nearest-neighbor search， and the local 
coordinate system of that bounding box is then used 
to generate the bounding box corresponding to point 
P. The global coordinates of point P are first trans⁃
formed into the local coordinate system of the trajec⁃
tory tube bounding box according to Eq.（15）

P local = ( P global - CB ) ⋅RT      R=[ a,b,c ] (15)
where P local denotes the coordinates of point P in the 
local coordinate system； CB the center of the box， 
and R is the rotation matrix of the local coordinate 
system. R= [ a，b，c ] is the matrix composed of the 
axial vectors of the local coordinate system and used 
to describe its orientation and related directional in⁃
formation. Subsequently， an AABB centered at 
point P with dimensions of 6 000 m×6 000 m×
300 m is generated.

To ensure that the geometric configuration of 
this bounding box aligns with the actual distribution 
of the traffic flow， rotation and translation opera⁃
tions are applied so that its orientation remains con⁃
sistent with the flow direction of the trajectory tube. 
Specifically， using the rotation matrix R formed by 
the local coordinate axes and the center coordinate 
CB of the trajectory tube bounding box， the vertices 
of the bounding box in the local coordinate system 
are inversely transformed into the global coordinate 
system. In this way， a bounding box aligned with 
the trajectory tube’s flow direction is obtained. This 
bounding box is subsequently used to calculate the 
intersection volume between itself and the trajectory 
tube bounding box.

3. 2 Intersection volume between trajectory 
tube and AABB　

The intersection volume between the AABB 
centered at point P and all trajectory tube bounding 
boxes is computed using the AABB algorithm. 
Based on the separating axis theorem （SAT）， the 
algorithm is optimized for AABBs by analyzing the 
projection intervals of the two boxes along the three 
coordinate axes to determine whether an intersec⁃
tion exists.

As illustrated in Fig. 7， the overlapping region 
between the two cuboids represents the intersection 

Fig.6　Inter-aircraft remaining distance
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volume of the trajectory tube bounding box and the 
AABB centered at point P. Each box is projected 
onto the three coordinate axes of the global coordi⁃
nate system to obtain their respective projection in⁃
tervals. The maximum and minimum coordinates of 
both boxes are then calculated in the global coordi⁃
nate frame to determine the overlapping range. 
Based on this range， the intersection volume be⁃
tween the trajectory tube bounding box and the 
AABB is computed.

After determining the intersection volume， 
points P with non-zero intersection volumes are se⁃
lected. These points are subsequently used to calcu⁃
late the presence probability and potential conflict 
probability in the vicinity of point P.

3. 3 Presence probability　

The presence probability map is constructed 
based on 15 min time windows and reflects the prob⁃
ability that at least one aircraft is present in the vicin⁃
ity of point P， i. e.， within the bounding box cen⁃
tered at P， during a given time interval. In other 
words， it represents the probability that an aircraft 
exists near point P.

For any point P， a single trajectory tube bound⁃
ing box Bk

i  is considered， where Bk
i  corresponds to 

the kth box of flow i. Let P 1 ( P，Bk
i ) denote the prob⁃

ability that an aircraft exists near point P （within the 
range of box Bk

i）， that is， the probability that at 
least one aircraft is located inside the bounding box 
of point P. Since the aircraft distributions in the lat⁃
eral， the longitudinal， and the vertical directions are 
mutually independent， the presence probability can 
be expressed as

P 1 ( P,Bk
i )= P ( ∃A Ci ∈ P k

i ( P ) )=
P ( ∃A Ci ∈ [ -A,-A ] ) ⋅ P ( ∃A Ci ∈ [ -B,-B ] ) ⋅
P ( ∃A Ci ∈ [ -C,-C ] ) (16)

where P ( ∃A Ci ∈ P k
i ( P ) ) denotes the probability 

that an aircraft A Ci is located within the bounding 
box P k

i ( P ) centered at point P. The term 
P ( ∃A Ci ∈[-A，-A ] ) represents the probability that 

an aircraft exists within the interval [-A，-A ] along 
the A-direction of the A C i

 coordinate system， that 
is， along the lateral axis； P ( ∃A Ci ∈[-B，-B ] ) the 
probability of aircraft presence within the longitudi⁃
nal interval [-B，-B ]； and P ( ∃A Ci ∈[-C，-C ] ) the 
probability of aircraft presence within the vertical in⁃
terval [-C，-C ].

Based on the results of the intersection volume 
calculation， the intersection boundaries between 
each point P and the trajectory tube bounding boxes 
are determined. For each box Bk

i  of flow Fi， the lo⁃
cal intersection boundary with point P is obtained， 
which defines the effective presence region of air⁃
craft in the lateral， the longitudinal， and the vertical 
directions.

Subsequently， the probabilities along the three 
directions are determined respectively.

P ( ∃A Ci ∈[-A,-A ] )=∫
-A

-
A

f k
ai /-A ( x ) dx (17)

P ( ∃A Ci ∈[-B,-B ] )=∫
0

-B
-
B

f 1
Ri ( y ) dy (18)

P ( ∃A Ci ∈[-C,-C ] )=∫
-C

-
C

f k
ci /-C ( z ) dz (19)

The upper and the lower bounds in the lateral 
and the vertical directions are determined by the in⁃
tersection range in the local coordinate system， and 
their integrands are computed using CDF of the nor⁃
mal distribution. In the longitudinal direction， the 
lower bound is set to zero， while the upper bound 
corresponds to the maximum intersection range 
along that direction in the local coordinate system. 
The integrand in this case is obtained through the an⁃
alytical integration of the remaining distance PDF.

Subsequently， the probability is extended to 
the entire trajectory tube， representing the probabili⁃
ty that at least one bounding box within a single 

Fig.7　Definition of the intersection volume
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flow Fi contains an aircraft. This probability is calcu⁃
lated using the complementary probability method 
and expressed as

PFi
= 1 - ∏

K = 1

K

( 1 - P 1 ( P,Bk
i ) ) (20)

Finally， the probability is extended to all trajec⁃
tory tubes， representing the probability that at least 
one aircraft exists in the vicinity of point P， which 
can be expressed as

P 1 ( P )= 1 - ∏
i = 1

N

( 1 - PFi
) (21)

3. 4 Potential conflict probability　

The potential conflict probability map is con⁃
structed based on 15 min time windows to represent 
the probability that at least two aircraft from differ⁃
ent traffic flows are simultaneously present in the vi⁃
cinity of point P， i.e.， within the bounding box cen⁃
tered at P， during a given time interval.

The potential conflict probability at point P is 
expressed as

P 2 ( P )= P 1 ( P )- ∑
i = 1

N

P 1 ( P,Fi ) ∏
j = 1,j ≠ i

N

( 1 -

P 1 ( P,Fj ) ) (22)

where P 1 ( P，Fi ) ∏
j= 1，j≠ i

N

( 1 - P 1 ( P，Fj ) ) represents 

the probability that only flow Fi exists at point P， 
while all other flows do not exist. P 1 ( P，Fi ) repre⁃
sents the probability that at least one aircraft in 

flow Fi is near point P. ∏
j = 1，j ≠ i

N

( 1 - P 1 ( P，Fj ) ) rep⁃

resents the probability that no aircraft exists in any 
flow other than flow Fi. The single flow is extend⁃
ed to all flows within the terminal area， 

∑
i = 1

N

P 1 ( P，Fi ) ∏
j = 1，j ≠ i

N

( 1 - P 1 ( P，Fj ) ) is the total 

probability that exactly one flow has an aircraft near 
point P， the sum of the probabilities that only the i-
th flow exists while all other flows do not exist， and 
the final P 2 ( P ) is the probability that at least two 
flows exist near point P.

4 Case Analysis 

In this study， 3D presence probability maps 
and potential conflict probability maps are construct⁃

ed to achieve a visualized representation of terminal 
airspace situations. Points P at the same altitude are 
extracted to generate two-dimensional hotspot maps 
for different flight levels， enabling the identification 
of potential conflict regions and the corresponding 
interacting traffic flows responsible for these con⁃
flicts.

4. 1 Presence probability map　

Following the point selection method described 
in Section 3， scatter points P are distributed 
throughout the entire terminal airspace at intervals 
of 6 000 m×6 000 m×300 m， and a bounding box 
centered at each point P is generated. Fig. 8 shows 
the 3D presence probability map for regions with 
probabilities greater than zero. As shown in Fig. 8， 
the 3D trajectories of aircraft belonging to different 
traffic flows can be clearly observed， extending 
from the terminal entry points to the landing phase. 
Fig.9 illustrates the presence probability maps at dif⁃
ferent flight levels. In Figs. 9（a— i）， the sequential 
progression of aircraft during the approach phase， 
from the terminal entry points to the final approach 
and landing， can be clearly observed.

4. 2 Potential conflict probability map　

Fig.10 shows the 3D potential conflict probabil⁃
ity map formed by points with probabilities greater 
than zero. Fig.11 depicts the potential conflict proba⁃
bility maps at different flight levels. Based on the lat⁃
itude and the longitude data， the regions where po⁃
tential conflicts are most likely to occur at each 
flight level can be identified.

Fig.8　3D presence probability map
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Fig. 12 illustrates the traffic flows that contrib⁃
ute to potential conflicts at different flight levels. 
The numbers within each grid cell represent the 
identifiers of traffic flows involved in potential con⁃

flicts， revealing the interaction mechanisms of con⁃
flicting flows across various flight levels. The analyt⁃
ical results show a high degree of consistency with 
actual terminal-area air traffic control operations， 
thereby verifying the effectiveness of the proposed 
method.

Specifically， when aircraft come from the same 
terminal entry point， the potential conflict probabili⁃
ty is significantly reduced at lower flight levels. This 
reduction occurs because controllers typically com ⁃
plete sequencing and spacing adjustments during the 
approach phase. For example， traffic flows 4 and 5， 
which originate from the same entry point， exhibit 
potential conflicts primarily concentrated between 
3 600 m and 2 400 m. Within this flight level range， 
an average of approximately six conflict points are 
observed per level， while no conflicts are detected 

Fig.9　Presence probability maps at different flight levels

Fig.10　3D potential conflict probability map
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below 2 100 m， indicating that low flight level con⁃
flict risks have been effectively mitigated.

In contrast， for traffic flows coming from differ⁃
ent terminal entry points， such as flows 1 and 3， the 
initial trajectories intersect at large angles， and the 
coordination process involves multiple control sec⁃
tors and complex procedures. Consequently， no sig⁃
nificant conflicts are observed at higher flight levels 
（3 600—2 700 m）， while conflict points are mainly 
concentrated below 1 800 m. Notably， at 900 m， 
the number of conflict points reaches 20， while at 
1 200 m and 600 m， the counts reach 15 and 13， re⁃
spectively. This distribution indicates a significant 
increase in conflict risk during the final approach and 
landing phases. The observed pattern aligns well 
with the actual operational characteristics of termi⁃
nal airspace： Aircraft from different entry points 

generally maintain independent operation at higher 
flight levels， whereas at lower flight levels where 
flight paths converge and airspace resources become 
constrained the risk of conflict increases markedly， 
requiring controllers to resolve potential conflicts dy⁃
namically through real-time instructions.

These quantitative findings not only confirm 
the capability of the proposed method to identify 
mid-term potential conflict risks within the terminal 
area but also clearly reveal the evolutionary pattern 
of risk hotspots through the spatial density of con⁃
flict points. The results provide practical decision-

support value for air traffic controllers. For in⁃
stance， at low flight level regions where flows from 
different entry points converge， optimized approach 
route designs or traffic flow management strategies 
can be developed in advance based on the number of 

Fig.11　Potential conflict probability maps at different flight levels
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detected conflict points， thereby enhancing both the 
safety and operational efficiency of terminal airspace 
management.

4. 3 Results analysis　

To validate the feasibility of the constructed po⁃
tential conflict identification method in actual opera⁃
tional environments， this paper introduces a practi⁃
cal verification approach independent of the poten⁃
tial conflict identification model based on flight tra⁃
jectory data. Using whether aircraft experienced 
safety separation violations during real operations as 
the criterion， the method directly analyzes instanta⁃
neous flight trajectory data to identify aircraft pairs 
potentially facing actual conflict risks. It then com⁃
pares the consistency between the model’s identifi⁃
cation results and actual operational characteristics. 
First， the horizontal separation， the vertical separa⁃
tion， and the duration of separation between aircraft 
pairs within the same time interval are calculated to 
screen out pairs exhibiting insufficient separation 
during operations. When two aircraft have a horizon⁃
tal separation less than 6 km， a vertical separation 
less than 300 m， and the separation remains inade⁃
quate for 10 s， they are classified as a potential con⁃
flict pair. Subsequently， the identified potential con⁃

flict pairs are compared with the potential conflict 
zones detected by the model. This dual verification 
approach examines whether the aircraft pair spatially 
overlaps with the conflict zone identified by the mod⁃
el and analyzes whether their associated traffic flow 
combination aligns with the high-risk traffic flow in⁃
terweaving patterns detected by the model. This 
method enables systematic validation of potential 
conflict identification results from both spatial posi⁃
tioning and traffic flow structure perspectives.

One potential conflict aircraft pair identified by 
this method is shown in Fig.13， depicting its termi⁃
nal approach trajectory， while Fig. 14 illustrates the 
altitude changes of both aircraft. Figs.13， 14 reveal 
the latitude， the longitude， and the altitude where 
the potential conflict occurs. CZ3165 （3.25） be⁃
longs to traffic flow 3， while JD5252 （3.25） be⁃
longs to traffic flow 4. The altitude chart indicates 
that JD5252 （3.25） performs a go-around maneuver.

Analysis of the altitude chart indicates that the 
primary potential conflict zone is concentrated be⁃
tween 300 m and 600 m. Therefore， the two-dimen⁃
sional flight trajectories of the potential conflict air⁃
craft pairs are compared with the potential conflict 
probability map identified in this chapter to analyze 
whether they occur in the same zone and whether 

Fig.12　Potential conflicting traffic flows at different flight levels

627



Vol. 43 Transactions of Nanjing University of Aeronautics and Astronautics

the traffic flows match. Figs.15， 16 show the com⁃
parison maps for the 600 m and 300 m flight levels， 
respectively.

Figs.15， 16 show that the potential conflict air⁃
craft perfectly align with the corresponding potential 
conflict zones identified by the model. Both aircraft 
belong to traffic flows 3 and 4， corresponding to the 
300 m and 600 m potential conflict zones. The traf⁃

fic flows generating potential conflicts in this area 
are 0， 1， 3， 4， and 6， including flows 3 and 4. This 
validates the effectiveness and accuracy of the meth⁃
od.

5 Conclusions 

This study proposes a data-driven method for 
3D traffic flow generation. Based on this method， a 
probabilistic modeling framework is used to identify 
and characterize potential conflict regions within ter⁃
minal airspace. Using a representative terminal area 
as a case study， the approach effectively identifies 
potential arrival conflict regions. The main conclu⁃
sions are drawn as follows.

（1） A 3D trajectory tube model is developed 
on the basis of two-dimensional clustering， enabling 
the construction of a 3D traffic flow model that effec⁃
tively captures the spatial distribution characteristics 
of flight trajectories and provides a solid 3D data 
foundation for conflict identification.

（2） The concept of remaining distance is intro⁃
duced to characterize aircraft-following behavior. By 
analyzing the distribution of remaining distance， po⁃
tential chase or convergence situations between air⁃
craft can be identified. The potential conflict region 
identification model detects potential conflict zones 
across different flight levels within the same time 
window， quantifies the probability of potential con⁃
flicts， and determines the interacting traffic flows re⁃
sponsible for these conflicts， thereby revealing the 
inter-flow influence relationships.

Fig.13　Latitude-longitude trajectories of potential conflict 
aircraft pairs

Fig.16　300 m flight level comparison chart

Fig.15　600 m flight level comparison chart

Fig.14　Altitude profiles of potential conflict aircraft pairs
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（3） The terminal airspace is discretized 
through a 3D gridding process， enabling spatial par⁃
titioning and precise localization of potential conflict 
hotspots. This approach narrows the spatial scope of 
conflict identification from the macroscopic airspace 
level to specific grid cells， significantly enhancing 
spatial resolution and providing a more accurate spa⁃
tial reference for conflict warning and regulation.

（4） The effectiveness of the proposed method 
is validated. By identifying potential conflict regions 
and analyzing the interactions among traffic flows， 
the method provides valuable decision-support capa⁃
bility for traffic flow planning in flow management， 
controller decision assistance， and airspace design 
and analysis， ultimately contributing to improved 
safety and operational efficiency in terminal area 
management.

Future work will focus on incorporating dynam ⁃
ic meteorological factors， such as wind fields， turbu⁃
lence， and visibility constraints， into the probabilis⁃
tic conflict identification framework. By integrating 
real-time weather data into the trajectory tube mod⁃
el， the influence of environmental uncertainties on 
aircraft position and speed distributions can be quan⁃
tified， further enhancing the method’s adaptability 
and robustness in complex terminal operations.
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基于三维轨迹管的终端区交通流潜在冲突识别

李 楠 1， 刘昕瑞 1， 彭佳懿 2， 朱 棪 3， 王红勇 1

（1.中国民航大学空中交通管理学院，天津  300300，中国； 2.中国民用航空空中交通管理局空域中心，

北京  101300，中国； 3.中国民用航空新疆空中交通管理局，乌鲁木齐  519015，中国）

摘要：针对终端空域交通运行密度大幅提升、航空器间潜在冲突加剧的问题，本文提出一种基于三维（Three⁃di⁃
mensional， 3D）航迹管结构的终端空域潜在冲突识别方法，旨在为终端空域运行安全与效率提升提供完善的理

论分析框架。该方法首先对进场航迹开展聚类分析，提取主流交通流并构建对应的三维轨迹管；随后将交通流

特征参数引入概率模型，并结合三维空域网格分析，实现潜在冲突区域的识别与定位。实验结果表明，所提方法

能够在 15 min 时间窗口内有效识别潜在冲突区域，并可量化分析区域内各交通流之间的相互干扰关系。本研究

构建的理论分析框架对空域优化设计、辅助管制决策兼具理论价值与工程实用意义，可为提升终端空域运行安

全与运行效率提供参考。

关键词：终端区；交通流；潜在冲突识别；核密度估计；轨迹管

研究亮点：

1. 构建三维轨迹管表征方法，实现终端区进场交通流的结构化三维建模，突破传统二维航迹分析的维度局限，可

量化描述交通流的三维空间分布与概率密度特征。

2. 构建三维网格化概率冲突识别模型，可精准定位空域冲突热点区域及对应交通流组合，实现由微观单机冲突

检测向宏观交通流冲突分析转变。
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