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Abstract 

The Point Merge System (PMS) has been widely adopted at major airports to streamline arrival management. 
However, in PMS operations at Haneda Airport, no procedural speed and altitude restriction are specified for a 
portion of the segment after the sequencing leg, which may cause trajectory variability and fluctuating arrival 
separation. This study analyzes actual operational data from consecutive landing pairs to evaluate the relationship 
between trajectory variability and arrival-separation variability while reducing the influence of wind conditions by 
focusing on consecutive landing pairs. Functional Principal Component Analysis (FPCA) and Ward’s hierarchical 
clustering are applied to altitude and calibrated airspeed (CAS) profiles in the segment without procedural speed 
and altitude restriction. The analysis identifies low-variability clusters in which arrival-separation variability is 
reduced and the rate of insufficient separation under RECAT is approximately halved compared with the overall 
dataset. This reduction in variability suggests the potential to reduce arrival-separation while maintaining the same 
level of safety, or alternatively, to reduce the probability of insufficient separation under the current spacing 
operation. Furthermore, the analysis of time-interval variance shows that spacing adjustment on the sequencing 
leg is the main factor reducing arrival-separation variability, while the effect of speed adjustment after leaving the 
sequencing leg is relatively limited.  
Keywords: Air Traffic Management, Trajectory Data Analysis, Point Merge System 

1. Introduction 
Although global air travel demand temporarily declined following the worldwide outbreak of COVID-19, 
air traffic demand has since recovered substantially. In Japan, domestic passenger traffic had already 
exceeded the pre-pandemic level by FY2023 [1]. In addition, the number of arriving aircraft at Tokyo 
International Airport, hereafter referred to as Haneda Airport, the largest airport in Japan, exceeded 650 
per day in FY2024 [2]. According to the Civil Aviation Bureau, runway capacity at the airports in the 
Tokyo metropolitan area, namely Haneda and Narita Airports, is expected to become increasingly 
constrained in the future. Therefore, the medium- and long-term enhancement of airport functions in 
the Tokyo metropolitan area has been identified as a key policy priority. In Japan, Collaborative Actions 
for Renovation of Air Traffic Systems 2040 (CARATS 2040) has been formulated as a long-term vision 
for the future air traffic system. This vision sets out six goals for achieving a convenient and sustainable 
air traffic system, with safety as the highest priority [3]. Against this background, the Point Merge System 
(PMS) [4], shown in Figure 1, was introduced into the terminal airspace of Haneda Airport as a 
systemized method for sequencing arrival flows and mitigating arrival congestion [5]. The PMS is a 
systemized method developed by EUROCONTROL for sequencing arrival flows toward the runway. It 
is expected to improve arrival management efficiency and reduce controller workload. As shown in 
Figure 1, the PMS consists of arc-shaped sequencing leg, hereafter referred to as Leg, and a Merge 
Point (MP), where arrival flows converge. When the separation from a preceding aircraft at the MP is 
expected to become insufficient, the following aircraft can be kept on the Leg to extend its path and 
increase the separation. In Japan, PMS is used to adjust the spacing of arrival traffic at Haneda Airport, 
the country’s busiest airport by passenger volume, as well as at Narita, Fukuoka, and Kansai 
International Airports. 
A previous study [6] reported that, in PMS operations at Haneda Airport, aircraft exhibit variations in 
altitude and calibrated airspeed (CAS). Since these variations affect flight-time variability and, 
consequently, arrival-separation variability, reducing trajectory variability is expected to contribute to 
landing capacity enhancement. In the PMS, procedural speed and altitude restriction are specified on 
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the Leg and at points 5 NM and 10 NM from the runway threshold. However, no procedural speed and 
altitude restriction are specified between the Leg and APOLO. The authors’ previous study [7] focused 
on the section after APOLO, where procedural speeds are specified, and showed that reducing speed 
variability may contribute to landing capacity enhancement. In contrast, the present study focuses on 
the altitude and CAS profiles from the Leg exit to APOLO, where no procedural speed and altitude 
restriction are specified. Through this analysis, the study evaluates the potential reduction in arrival-
separation variability and the feasibility of landing capacity enhancement through the introduction of 
procedural speed and altitude restriction between the Leg and APOLO. 
For the analysis of flight trajectories, clustering-based approaches have been widely used as data-
driven methods for aircraft trajectory data. Representative studies include the detection of anomalous 
trajectories based on spatial and energy-based indicators [8], the identification of trajectory patterns in 
complex terminal airspace and their application to arrival-time prediction using features such as time, 
position, altitude, heading, horizontal speed, and vertical speed [9], and an airspace monitoring method 
based on principal component analysis of trajectories [10]. In the present study, clustering is also used 
to extract representative trajectory patterns. Specifically, actual operational data from aircraft operating 
under PMS procedures at Haneda Airport are analyzed, with a focus on consecutive arriving aircraft 
pairs to reduce the influence of wind on flight time. Clustering is then applied to extract representative 
trajectory patterns with small altitude and CAS variability from the Leg exit to APOLO. This enables an 
evaluation of whether such trajectories can contribute to reducing arrival-separation variability and 
potentially reducing arrival separation while maintaining the same level of safety. Furthermore, by 
focusing on changes in the time-interval variance between preceding and following aircraft in each 
cluster, this study quantitatively analyzes which segments within the PMS contribute to the reduction of 
spacing variability. 
 

 

Figure 1 – Overview of the Point Merge System arrival route. 
 

 

2. Data Used in This Study 

2.1 Flight Data 

Operational flight data provided by the OpenSky Network [11] were used in this study. These data 

consist of Automatic Dependent Surveillance–Broadcast (ADS-B) and Mode S signals transmitted from 

aircraft, and include state information such as latitude, longitude, altitude, ground speed, and aircraft 

type at 1-second intervals. The analysis used OpenSky Network data collected from January 1, 2022, 

to December 31, 2025. To satisfy the objective of this study, flights operating in PMS arrivals at Haneda 

Airport were extracted from the dataset. Among these flights, pairs of consecutive aircraft landing on 

RW34L were extracted, and each pair was defined as a preceding aircraft and its following aircraft. 
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Since CAS is not directly included in the OpenSky Network data, it was calculated using aircraft state 

information and meteorological data obtained from the MSM dataset [12]. Meteorological data 

corresponding to the aircraft position and time were first obtained from the MSM dataset. The TAS 

vector was then obtained by subtracting the wind vector from the ground-speed vector, and TAS was 

calculated as its magnitude. Subsequently, TAS was converted into CAS using the atmospheric density 

estimated from the pressure altitude of each aircraft and the outside air temperature obtained from the 

MSM data. 

 

2.2 Meteorological Data 

Meteorological fields were taken from the Meso Scale Model (MSM) dataset [12] provided by the Japan 

Meteorological Agency. In this study, the most recent MSM forecast available prior to each aircraft 

record time was used, and meteorological variables at the aircraft position were estimated by linear 

interpolation in time, longitude, latitude, and pressure level. The pressure level was calculated from the 

pressure altitude of each aircraft. The MSM dataset covers the region surrounding Japan, spanning 

from 20°N to 48°N latitude and from 120°E to 150°E longitude. The data are provided on a grid with a 

temporal resolution of 3 hours, a latitudinal resolution of 0.1°, and a longitudinal resolution of 0.125°. 

 

2.3 RECAT 

RECAT (Recategorization of Wake Turbulence Separation Minima) was used as the evaluation metric 

for arrival spacing. RECAT is a wake turbulence separation standard established to optimize the 

management of wake turbulence effects during takeoff and landing operations by categorizing aircraft 

based on wake turbulence characteristics [13]. As shown in Table 1, aircraft are classified into seven 

categories, and the required separation distance is determined according to the combination of 

preceding and following aircraft categories. Compared with conventional wake turbulence separation 

standards, RECAT provides more finely categorized separation criteria, enabling more flexible and 

efficient arrival operations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  Unit: [NM] Following aircraft 

 A B C D E F G 

P
re

c
e
d

in
g
 a

ir
c
ra

ft
 

A  4 5 5 6 6 8 
B  3 4 4 5 5 7 
C    3 3.5 3.5 6 
D       4 
E       4 
F        
G        

Group Maximum Take-Off Weight [kg]  Wingspan [m] 

A 

136,000 ≤ M 

74.68 < 𝑠 ≤ 80 

B 53.34 < 𝑠 ≤ 74.68 

C 38.1 < 𝑠 ≤ 53.34 

D  32 < 𝑠 

E 186,000 ≤ M < 136,000 27.43 < 𝑠 ≤ 32 

F  𝑠 ≤ 27.43 

G M ≤ 186,000 - 

Table 1 – RECAT. 
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2.4 Aeronautical Information Publication (AIP) 

The Aeronautical Information Publication (AIP) published by the Japan Civil Aviation Bureau provides 

operational information such as arrival routes, altitude restrictions, and procedural speed. In this study, 

the prescribed PMS trajectories implemented at Haneda Airport were defined based on the AIP [14]. 

Figure 2 shows the Standard Terminal Arrival Route (STAR) at Haneda Airport corresponding to the 

PMS, which include arc-shaped arrival paths. 

 

 

Figure 2 – STAR corresponding to the PMS at Haneda Airport [14]. 

 

3. PMS Arrival Operations 
In PMS operations, aircraft arriving at RW34L at Haneda Airport fly in accordance with Standard 
Terminal Arrival Routes (STARs) [14]. In this study, flights following the OSHIMA 1A ARRIVAL STAR, 
which was the most frequently observed PMS arrival route for RW34L in the dataset, were selected as 
the analysis target. Among these flights, aircraft that proceeded directly from the Leg to ARLON, the 
Merge Point (MP), were extracted for analysis. Figure 1 shows the horizontal tracks of the extracted 
flights operating on the target route. According to the Aeronautical Information Publication (AIP), an 
altitude constraint of 13,000 ft and a procedural speed of 230 kt are specified for the section from TT450 
to WANDA, which corresponds to the Sequencing Leg (Leg) of the OSHIMA 1A ARRIVAL. After passing 
APOLO, procedural speeds of 180 kt and 160 kt are specified at points 10 NM and 5 NM from the 
runway threshold, respectively [14]. Table 2 presents an excerpt from the AIP showing the altitude and 
calibrated airspeed (CAS) constraints for the OSHIMA 1A ARRIVAL. 
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Table 2 – Procedure-specified altitude and speed constraints 

 

 

 

 

 

 

 

 

 

 

Figures 3(a) and 3(b) show the corresponding altitude profiles and calibrated airspeed (CAS) profiles, 
respectively. Figures 3(c) and 3(d) show the corresponding altitude-difference and CAS-difference 
profiles between preceding and following aircraft, respectively. The black lines in the figures indicate 
the 5th and 95th percentiles, and approximately 90% of the data lie within this range. The 38 NM point 
shown in the figures was selected because all aircraft included in the analysis had exited the Leg before 
reaching this point. Therefore, the 38 NM point and TT450 were defined as the endpoints of the section 
for each flight Accordingly, in this section, the horizontal axis is normalized so that the profile shapes of 
different flights can be compared. In contrast, for the section closer to the runway than 38 NM, each 
profile is shown based on the distance from the runway threshold. These figures show that large 
variations exist in both altitude and CAS profiles in the section from 38 NM to APOLO, where no 
published altitude or speed restrictions are specified. 

 

(a)   (b)   

(c)  (d)  

Figure 3 – Trajectory profiles of aircraft operating under PMS procedures: 
(a) altitude profiles, (b) CAS profiles, (c) altitude-difference profiles, and (d) CAS-difference profiles. 

 

Waypoint/Distance from Threshold Altitude (FT) Speed (KCAS) 

ANZAC 13000 230 

TT450 - - 

TT451 - - 

TT452 - - 

TT453 - - 

WANDA 13000 230 

10 NM  Not specified 180 

5 NM Not specified 160 
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4. Analysis of Operational Data 
4.1 Analysis Methodology 
Currently, no explicit altitude or calibrated airspeed (CAS) profiles are prescribed for the segment 
between the sequencing leg (Leg) and the APOLO in PMS operations at Haneda Airport. In this study, 
representative altitude and CAS profiles commonly observed among flights are extracted from 
operational trajectory data. If the variability of these representative operational profiles is smaller than 
that observed across the overall flight population, establishing such profiles as reference operational 
profiles may contribute to reducing trajectory variability in actual operations. Functional Principal 
Component Analysis (FPCA) [15] was applied in this study. FPCA is a dimensionality reduction method 
that extracts the dominant modes of variation shared among flight trajectories. The application of FPCA 
enables efficient analysis focusing on the principal characteristics of flight trajectories. Subsequently, 
clustering analysis based on a Ward’s method [16] was performed using the principal component scores 
obtained from FPCA as feature vectors. Through this process, groups of flights exhibiting similar 
operational profiles were extracted. 

 

4.2 Analysis of Flight Trajectory Data 
4.2.1 Consecutive Arrival Pairs 
In this study, 1582 consecutive arrival pairs with a RECAT separation minimum of 3 NM were analyzed. 
These pairs were identified by matching the ICAO24 codes and callsigns of flights operating within the 
PMS with those of all arrivals to Runway 34L and confirming that the aircraft landed consecutively. The 
analysis focuses on consecutive arrival pairs in order to reduce the influence of wind conditions. Each 
pair consists of a preceding aircraft and a following aircraft that landed consecutively on RW34L. Since 
consecutive arrival aircraft are expected to operate under nearly identical wind conditions, the influence 
of wind variability can be substantially reduced. In addition, PMS operations are commonly used during 
peak traffic periods, enabling a large number of consecutive arrival pairs to be obtained. Figure 4 shows 
the distribution of arrival separation margins, defined as the actual arrival spacing minus the RECAT 
minimum separation of 3 NM, at 2 NM from the runway threshold for all analyzed aircraft pairs. 
 

 

Figure 4 – Distribution of arrival separation margins and fitted gamma PDF for the overall dataset. 

 

Based on the observed distribution, the arrival separation margins were modeled using a three-
parameter gamma distribution, defined as follows: where 𝑘, 𝜃, and 𝑐 represent the shape, scale, and 
location parameters, respectively.  

𝑓(𝑥; 𝑘, θ, 𝑐) =
(𝑥 − 𝑐)𝑘−1 ⋅ 𝑒−(𝑥−𝑐)/θ

Γ(𝑘) ⋅ θ𝑘
(1) 

The parameters were estimated using maximum likelihood estimation. Subsequently, goodness-of-fit 
was assessed using a bootstrap-corrected Kolmogorov–Smirnov test. The results summarized in Table 
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3 indicate that the analyzed reasonably represented by a gamma distribution. Gamma distributions 
have also been applied in previous studies to model arrival spacing distributions under congested traffic 
conditions [17]–[19]. 
 

Table 3 – Gamma distribution fitting results for arrival-separation margins. 

 

 

 

4.2.2 Functional Principal Component Analysis 
In this study, Functional Principal Component Analysis (FPCA) was applied to altitude and calibrated 
airspeed (CAS) profiles. First, the trajectory data were smoothed and represented as continuous 
functions using B-spline basis functions. Principal component analysis was then applied to the resulting 
functional data. FPCA is a dimensionality reduction method that extracts the dominant modes of 
variation shared among functional trajectory datasets and has also been applied to aircraft trajectory 
analysis in previous studies [20][21]. Each trajectory was represented as a function of the distance from 
the runway threshold 𝑑 . Altitude 𝑎𝑙𝑡(𝑑)and calibrated airspeed 𝑐𝑎𝑠(𝑑) profiles were then used to 
construct feature functions describing the characteristics of consecutive arrival pairs. 

 

4.2.3 Ward’s method  
In this study, hierarchical clustering using Ward’s method was applied to identify clusters with low 
trajectory variability that could serve as operationally feasible reference profiles for procedural speed 
and altitude restriction. Specifically, the analysis focused on trajectory data with small variations in 
altitude and CAS profiles. Ward’s method is an agglomerative hierarchical clustering method in which 
each data point is initially treated as a separate cluster, and clusters are successively merged to 
minimize the increase in the within-cluster sum of squares. Since this method does not require a specific 
probabilistic distribution model to be assumed in advance, it is suitable for clustering the trajectory data 
considered in this study. In addition, because Ward’s method merges clusters by minimizing the 
increase in the within-cluster sum of squares, it tends to form clusters with similar features and small 
within-cluster variability in the feature space. Ward’s method has also been widely used in the analysis 
of aircraft trajectory data [22][23]. 
In this study, clustering was performed by treating two consecutive arriving aircraft as one pair. 
Therefore, to extract groups of trajectory data with common dominant variations, it is desirable to form 
clusters consisting of pairs in which the two aircraft have similar trajectory profile. For this reason, the 
differences and summed characteristics of the trajectories of two consecutive arriving aircraft were 
considered. FPCA was then applied to the following four feature functions, and the PCA scores from 
the first to fourth principal components were used as clustering features. 

 
𝑦1(𝑑) = 𝑎𝑙𝑡1(𝑑) + 𝑎𝑙𝑡2(𝑑) (2) 

𝑦2(𝑑) = |𝑎𝑙𝑡1(𝑑) − 𝑎𝑙𝑡2(𝑑)| (3) 

𝑦3(𝑑) = 𝑐𝑎𝑠1(𝑑) + 𝑐𝑎𝑠2(𝑑) (4) 

𝑦4(𝑑) = |𝑐𝑎𝑠1(𝑑) − 𝑐𝑎𝑠2(𝑑)| (5) 

This approach aims to form clusters of aircraft pairs with similar trajectories in terms of both the 
differences and sums of the speed profiles of the preceding and following aircraft. Among these clusters, 
it is expected that some clusters will consist of a large number of aircraft pairs in which the preceding 
and following aircraft exhibit nearly identical histories and similar altitude and speed profiles. The 
distance range (𝑑) used for feature extraction was defined as the section from 14.9 NM to 38 NM from 
the runway threshold. This range was determined since APOLO is located 14.9 NM from the runway 
threshold and that all aircraft had exited the Leg by 38 NM from the runway threshold. Figure 5 shows 
the feature extraction range. 
The appropriate number of clusters was determined based on the Calinski–Harabasz index (CH index) 

pairs 𝑘 𝜃 𝑐 𝐷 

1582 14.0 0.18 -1.1 0.019 
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[24]. The CH index is an internal clustering validation metric defined as the ratio of between-cluster 
variance to within-cluster variance, adjusted by the corresponding degrees of freedom. A larger CH 
index indicates better separation between clusters and smaller within-cluster variability. In this study, 
the hierarchical structure obtained using Ward’s method was cut at each candidate number of clusters, 
and the CH index was calculated for each resulting partition. The number of clusters that maximized 
the CH index was then selected. 

 

 
Figure 5 – Feature extraction range used for clustering (orange region). 

 
 

4.2.4 Evaluation of Potential Arrival-Separation Reduction 
Reducing trajectory variability may reduce arrival spacing variability, thereby enabling shorter arrival 
spacing while maintaining the current level of operational safety. To assess the feasibility of reducing 
arrival spacing, the arrival separation margins of each cluster were modeled using the previously 
described three-parameter gamma distribution. Goodness-of-fit was assessed using a bootstrap-
corrected Kolmogorov–Smirnov test. The arrival separation margin 𝑋was defined as the difference 
between the actual arrival spacing measured at 2 NM from the runway threshold and the RECAT 
minimum separation of 3 NM. Let 𝑆2NMdenote the actual arrival spacing between the preceding and 
following aircraft at 2 NM from the runway threshold: 

𝑋 = 𝑆2𝑁𝑀 − 3 NM (6) 

The probability of insufficient arrival spacing for the overall dataset was then calculated using the 
following equation and used as the allowable safety criterion 𝑃ins: 

𝑃𝑖𝑛𝑠,𝑗 = 𝑃(𝑋 ≤ 0) = ∫ 𝑓(𝑥; 𝑘j, 𝜃j, 𝑐j)𝑑𝑥
0

𝑐all

(7) 

A three-parameter gamma distribution was then fitted to the arrival separation margin data for each 
cluster, yielding the cluster-specific parameters 𝑘𝑗 , 𝜃𝑗 , and 𝑐𝑗 . The quantile corresponding to the 

prescribed safety criterion 𝑃inswas then obtained from the inverse cumulative distribution function of the 
fitted distribution, as follows: 

𝑥target,j = 𝐹−1(𝑃𝑖𝑛𝑠; 𝑘j, 𝜃j, 𝑐j) (8) 

The value of 𝑥target, j represents the lower-tail quantile of the arrival separation margin distribution 

corresponding to the prescribed safety criterion for each cluster. The difference between the current 
mean separation margin and this quantile was then used to determine the allowable reduction in the 
mean separation margin. Letting the current mean separation margin be denoted by 𝜇current, j, the target 

mean separation margin 𝜇target, jis defined as follows: 

𝜇target, j = 𝜇current,j − 𝑥target,j (9) 
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In this study, the potential improvement in runway throughput was estimated by comparing the target 
mean separation margin 𝜇target, j with the overall mean separation margin observed under current 

operations. 
Trajectory variability within each cluster was quantified using the root-mean-square deviation from the 
corresponding cluster mean trajectory. Let 𝑞𝑖(𝑥)denote either the altitude trajectory ℎ𝑖(𝑥)or the CAS 
trajectory 𝑣𝑖(𝑥)of the 𝑖-th aircraft and let 𝑞𝑚𝑒𝑎𝑛,𝑗(𝑥)denote the corresponding cluster mean trajectory. 

When the feature extraction interval is defined as [𝑎, 𝑏]and the number of aircraft in the cluster is 𝑁𝑗, 

the variability metric is defined as follows: 

𝑆𝑗(𝑞) = √
1

𝑁𝑗
∑ (

1

𝑏 − 𝑎
∫ (𝑞𝑖(𝑥) − 𝑞𝑚𝑒𝑎𝑛,𝑗(𝑥))

2
𝑑𝑥

𝑏

𝑎

)

𝑁𝑗

𝑖=1

(10) 

This metric was computed separately for altitude and CAS trajectories to obtain 𝑆(Alt)and 𝑆(CAS), 
respectively. In addition, the difference between preceding and following aircraft trajectories within each 
cluster was quantified using the root-mean-square difference over the feature extraction interval. Let 
𝑞1,𝑘(𝑥)and 𝑞2,𝑘(𝑥)denote the trajectories of the preceding and following aircraft in pair 𝑘, respectively, 

where 𝑞 represents either altitude ℎ or CAS 𝑣 . When the feature extraction interval is defined as 

[𝑎, 𝑏]and the number of flight pairs in the cluster is 𝑀𝑗, the trajectory difference metric is defined as 

follows: 

𝛥𝑞𝑗 = √
1

𝑀𝑗
∑ (

1

𝑏 − 𝑎
∫ (𝑞1,𝑘(𝑥) − 𝑞2,𝑘(𝑥))

2
𝑑𝑥

𝑏

𝑎

)

𝑀𝑗

𝑘=1

(11) 

By setting 𝑞 = ℎand 𝑞 = 𝑣, the metrics ΔAltand ΔCASwere obtained, respectively. Smaller values of 
these metrics indicate greater similarity between the preceding and following aircraft trajectories within 
the cluster. 
 

 

5. Results  
5.1 Results of Clustering  
The results of the analysis are shown in Table 4. The RECAT insufficient rate for the overall dataset 
was 𝑃ins = 0.54%, and this value was used as the safety criterion. For the arrival-separation distribution 
of each cluster, the corresponding quantile, 𝑥target,𝑗    was calculated using the inverse cumulative 

distribution function of the gamma distribution, and the target mean separation margin, 𝜇target, j, was 

then derived. Here, the variations in altitude and CAS within the feature extraction interval between 
APOLO and the 38 NM point from the runway threshold are denoted by 𝑆(𝐴𝑙𝑡) and 𝑆(𝐶𝐴𝑆), respectively. 
The mean altitude difference and CAS difference between preceding and following aircraft are denoted 
by 𝛥𝐴𝑙𝑡 and 𝛥𝐶𝐴𝑆, respectively. In addition, 𝑃𝑖𝑛𝑠 represents the RECAT insufficient rate when the mean 
separation margin of the overall dataset is adjusted to match that of each cluster, and 𝜇target represents 

the target mean separation margin. 
The analysis of consecutive arriving aircraft pairs showed that some clusters exhibited large differences 
in altitude and CAS profiles between preceding and following aircraft and high trajectory variability, 
whereas others exhibited similar trajectories and low trajectory variability. Cluster 1, which exhibited 
small variations in altitude and CAS, had a RECAT insufficient rate of 𝑃𝑖𝑛𝑠 = 0.28 % and a target mean 
separation margin of 𝜇target = 1.29 𝑁𝑀. Both values were smaller than the corresponding values for the 

overall dataset, for which 𝑃𝑖𝑛𝑠 = 0.54% and 𝜇target = 1.37 𝑁𝑀. This indicates that, in clusters where the 

altitude and CAS profiles of preceding and following aircraft are similar, the variability of the arrival 
separation margin is reduced, allowing the mean separation margin to be reduced while satisfying the 
safety criterion. In contrast, Cluster 4 had the largest values, with 𝑃𝑖𝑛𝑠 = 1.26 % and 𝜇target = 1.52 NM . 

This suggests that clusters with large variations in altitude and CAS profiles tend to have greater 
variability in the arrival separation margin. 
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Table 4 – Cluster-wise trajectory analysis results. 

 
 

(a)   (b)   

 

(c)   (d)   

Figure 6 – Cluster-wise trajectory profiles: (a) altitude profiles,  

(b) CAS profiles, (c) altitude-difference profiles, and (d) CAS-difference profiles. 

 
Figures 6(a) and 6(b) show the distributions of the corresponding altitude profiles and calibrated 
airspeed (CAS) profiles, respectively. Figures 6(c) and 6(d) show the distributions of the altitude-
difference and CAS-difference profiles between preceding and following aircraft, respectively. As in 
Figure 3, the curves in the figures indicate the 5th and 95th percentiles of the actual trajectories, and 
approximately 90% of the data lie within this range. As shown in Figures 6(a), the altitude profiles of the 
preceding and following aircraft in Cluster 1 are relatively similar. This is consistent with Cluster 1 having 
the smallest values of 𝑆(𝐴𝑙𝑡) and 𝛥𝐴𝑙𝑡, as shown in Table 4. In contrast, in Cluster 4, the altitude 
difference between the preceding and following aircraft increases markedly from TT450 to around the 
38 NM point. Figure 6(c) also shows that the altitude difference reaches approximately 3000 ft or more. 
Figures 6(b) and 6(d) show that the CAS histories also have different characteristics among the clusters. 
In Clusters 1 and 2, the CAS differences between preceding and following aircraft are relatively small.  
In particular, Cluster 2 shows the smallest value of 𝛥𝐶𝐴𝑆, at 9.41 kt. In contrast, Cluster 3 shows a large 

CAS difference near ARLON, with the largest 𝛥𝐶𝐴𝑆 value of 13.69 kt. This indicates that Cluster 3 is 
characterized by relatively small altitude differences but large differences in CAS profiles. 
Figures 7(a) and 7(b) show the altitude and calibrated airspeed (CAS) profiles for each cluster, 
respectively. Figures 7(c) and 7(d) show the altitude-difference and CAS-difference profiles between 

𝑗 pairs 𝑆(𝐴𝑙𝑡)[ft] 𝑆(𝐶𝐴𝑆)[kt] 𝛥𝐴𝑙𝑡 [ft] 𝛥𝐶𝐴𝑆 [kt] 𝑃𝑖𝑛𝑠 [%] 𝜇target [NM] 

All 1582 889.10 13.19 776.51 10.84 0.54 1.37 

1 562 567.00 10.97 598.62 10.10 0.28 1.29 
2 430 757.02 11.58 627.33 9.47 0.42 1.34 
3 316 668.01 11.85 622.56 13.70 0.79 1.42 
4 274 1071.13 13.13 1553.24 11.21 1.26 1.52 
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preceding and following aircraft, respectively. In addition, Fig. 7(e) shows the distribution of the arrival 
separation margin for each cluster. As shown in Figures 7(a) and 7(b), the preceding and following 
aircraft in Cluster 1 have relatively similar altitude and CAS profiles. This tendency is also observed in 
the difference profiles shown in Figures 7(c) and 7(d), where the variability of the altitude difference is 
smaller than that in the other clusters. Similarly, the distribution of the arrival separation margin shown 
in Figures 7(e) indicates that Cluster 1 exhibits limited variability, as reflected by its small standard 
deviation. In contrast, Cluster 4, which exhibits large variations in altitude and CAS profiles, and Cluster 
3, which shows large CAS differences between preceding and following aircraft, exhibit greater 
variability in the arrival separation margin than the other clusters. 
 
 

Figure 7 – Cluster-wise trajectory profiles and arrival separation margins:  
(a) altitude profiles, (b) CAS profiles, (c) altitude-difference profiles, 

(d) CAS-difference profiles, and (e) arrival separation margin distributions. 

5.2 Cluster-wise Analysis of Time-Interval Variance Reduction 
Figure 8 shows the time-interval distributions between preceding and following aircraft at TT450, 38 

NM, APOLO, and 2 NM for each cluster. In the legend, 𝜇 and 𝜎2represent the mean and variance of 
the time interval at each point, respectively. Figure 9 shows the variation of the time-interval variance 
between preceding and following aircraft with distance from the runway threshold for each cluster. In 
addition, Table 5 summarizes the variance at each point and the section-wise changes in variance for 
each cluster. These results show that the time-interval variance is large near TT450 in all clusters, 
whereas it decreases markedly from TT450 to 38 NM. These results indicate that the variability in the 

(a) 

(b) 

(c) 

(d) 

(e) 
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time interval between preceding and following aircraft is substantially reduced on the Sequencing Leg. 

For Clusters 1, 2, and 4, the reductions in time-interval variance from TT450 to 38 NM were 935.5 s2, 

967.2 s2, and 1256.9 s2, respectively. These reductions were larger than those observed from 38 NM to 
APOLO. This indicates that, in these clusters, the variability in the time interval between preceding and 
following aircraft was mainly reduced by path-length adjustment on the Sequencing Leg. In addition, 
the time-interval variance at TT450 was largest in Cluster 4, followed by Clusters 2 and 1, and this order 
remained unchanged until landing. This suggests that the variability in the time interval at the PMS entry 
point may affect the subsequent variability in arrival separation. In contrast, although Cluster 3 had the 

smallest variance at TT450, 982.7 s2, its variance at 38 NM remained the largest among all clusters, at 

322.0 s2. The reduction in variance from TT450 to 38 NM was660.7 s2, which was smaller than the 
reductions observed in the other clusters. In addition, the reduction in variance from 38 NM to APOLO 

was 125.3 s2, which was the largest among all clusters. This suggests that, in Cluster 3, the effect of 
path-length adjustment on the Sequencing Leg was relatively small, whereas speed adjustment or other 
control actions after 38 NM may have contributed to the reduction in time-interval variance. However, 
the reduction in variance from 38 NM to APOLO was smaller than that from TT450 to 38 NM. Therefore, 
path-length adjustment on the Sequencing Leg is considered to have made a larger contribution to the 
reduction in time-interval variance. 

Figure 8 – Cluster-wise time-interval distributions at TT450, 38 NM, APOLO, and 2 NM. 

 
Figure 9 – Cluster-wise time-interval variance as a function of distance to threshold. 
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Table 5 – Cluster-wise variance reduction rates of time-interval distributions. 

 

 

6. Conclusion and Future Work 
In this study, the feasibility of reducing arrival-separation variability for aircraft arriving at a congested 
airport via the Point Merge System (PMS) was examined, and the potential to reduce arrival separation 
while maintaining the current safety level was evaluated. To reduce the influence of differing wind 
conditions on flight time, clustering based on altitude and CAS profiles was performed for pairs of 
consecutive arriving aircraft during congested periods. Clusters with low variability in altitude and CAS 
profiles were identified in the section where no procedural speed or altitude restrictions are specified. 
The results suggest that lower variations in altitude and CAS profiles are associated with lower arrival-
separation variability, indicating the potential for arrival-separation reduction. Under the current traffic 
condition, the rate of insufficient separation under RECAT may be reduced from approximately 0.54% 
for the overall dataset to 0.28%. The cluster-wise analysis of time-interval variance also suggested that 
speed adjustment after leaving the Sequencing Leg may have contributed to reducing time-interval 
variance in some clusters. However, a quantitative comparison showed that path-length adjustment on 
the Sequencing Leg contributed more to reducing time-interval variance, and consequently arrival-
separation variability, than speed adjustment after leaving the Leg, whose contribution was relatively 
limited. The differences in time-interval variance at TT450 among clusters further suggest that spacing 
variability before PMS entry, namely the spacing accuracy established before PMS entry, also 
influences the stability of final arrival separation.  
As future work, it will be necessary to clarify how trajectory variability before PMS entry affects aircraft 
spacing variability at PMS entry. Another important task is to quantify the variability that would arise 
when aircraft fly along standardized trajectory profiles under procedural speed and altitude restrictions 
in PMS operations. This would help further develop the findings of this study toward practical operational 
implementation. 
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𝑗 𝜎𝑇𝑇450
2  [𝑠2] 𝜎38𝑁𝑀

2  [𝑠2] 𝜎𝐴𝑃𝑂𝐿𝑂
2  [𝑠2] 𝜎2𝑁𝑀

2  [𝑠2] 𝜎38𝑁𝑀
2 − 𝜎𝑇𝑇450

2 [𝑠2] 𝜎𝐴𝑃𝑂𝐿𝑂
2 −  𝜎38𝑁𝑀

2  [𝑠2] 𝜎2𝑁𝑀
2 − 𝜎𝐴𝑃𝑂𝐿𝑂

2  [𝑠2] 

all 1160.6 216.0 163.9 192.2 -944.6 -52.1 +28.3 

1 1092.2 156.7 115.7 148.3 -935.5 -41.0 +32.6 
2 1183.3 216.1 154.1 185.0 -967.2 -62.0 +30.9 
3 982.7 322.0 196.7 220.9 -660.7 -125.3 +24.2 
4 1489.4 232.5 205.4 222.8 -1256.9 -27.1 +17.4 
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