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Accurate identification of aircraft noise abatement procedures (NAPs) is essential for
reliable environmental impact assessment and noise modelling. However, current analyses
of the implementation of noise abatement procedures are mainly based on interviews with
airlines. Previous studies establish methods to model NADP procedures and estimate flap
settings. However, only limited studies have proposed methods for classifying noise abatement
procedures. This study presents a data-driven approach for the classification of Noise Abatement
Departure Procedure (NADP), Continuous Descent Approaches (CDA) and Reduced Flap Setting
Approach using flight trajectory data. The framework integrates energy-based performance,
flight performance indicators and machine learning techniques to classify flight trajectories into
specific noise abatement procedures. The methodology is applied to operations at Amsterdam
Airport Schiphol, evaluated on a dataset comprising over 19,000 inbound and over 19,000
outbound flight data in May 2025, alongside a machine learning training dataset of over 7,000
inbound flights. The results indicate that the developed framework is capable of classifying
flight trajectories from enhanced mode-S and radar data to specific noise abatement procedures.
However, the developed framework is constrained mainly by data resolution and feature
sensitivity. Future work should focus on improving temporal resolution, expanding the dataset

and incorporating event-based validation for enhancing model reliability.

L. Introduction
Since the decline of air traffic due to COVID-19, air
traffic at Amsterdam Airport Schiphol has been gradu-
ally recovering towards pre-pandemic levels. Air traffic
has shown a steady annual increase; in 2024, total traffic
movements rose by 7.2% [1]. Despite the increase in
traffic, Amsterdam Airport Schiphol operates under strict

environmental constraints in terms of aircraft noise emis-

sions under the Nieuwe Normen-en Handhanvingsstelsel
(NNHS) framework. Within this framework, noise impact
is mitigated through the use of a preferential runway sys-
tem, in which aircraft are directed to specific runways that
minimises noise exposure over densely populated areas.
In addition, several noise constraints are imposed. The
Maximum Amount of Noise (MHG), representing the upper

bound on total annual noise production is limited to 62.8



dB(A) in 2025 [2]. Moreover, daytime exposure is limited
to a maximum of 12,000 residential compounds above
58 dB(A) and 186,000 people above 48 dB(A). Whereas
during nighttime, stricter limits apply with a maximum of
12,800 residential compounds above 48 dB(A) and 50,000
people above 40 dB(A) [2].

Therefore, the growth in total traffic movement fur-
ther increases the importance of accurate classification
of operational procedures, particularly Noise Abatement
Procedures (NAPs), which are designed to minimise noise
impact on the surrounding communities.

Annually, the Royal Schiphol Group is required to pub-
lish documents outlining Amsterdam Airport Schiphol’s
usage forecast for the upcoming year ("Gebruiksprognose
Schiphol" in Dutch) [2] and an evaluation of the usage fore-
cast. Within these documents, three main NAPs are defined,
notably Noise Abatement Departure Procedure (NADP),
Continuous Descent Approach (CDA), and Reduced-Flap
Setting Approach. The usage forecast mentions the percent-
ages of aircraft operating under each NAP. The percentages
are used to simulate the expected impact of Schiphol oper-
ations on noise. However, these percentages are based on
interviews with airlines and the application of the Pareto
principle, which may lead to an over or underestimation of
noise impact.

For the noise simulation, a set of fixed-point profiles
(FPPs) for various aircraft operations, including NAPs
are generated by the Royal Netherlands Aerospace Centre
(NLR) [3]. A fixed-point profile is a representation of an
aircraft trajectory using a sequence of predefined discrete
points along a flight path. Each point specifies parameters
such as altitude, distance, true airspeed (TAS) and esti-

mated power setting. These profiles enable noise modelling

based on aircraft type and operational procedures using
European Civil Aviation Conference’s (ECAC) Document
29 noise modelling framework [4], particularly when de-
tailed aerodynamic and flight performance parameters are
unavailable.

The origin of these fixed point profiles lies in the ECAC
document 29 performance modelling framework, where
aircraft trajectories are first constructed using the Aircraft
Noise and Performance database. This database provides
generic performance data and trajectories are generated
by modelling aircraft motion along procedural segments
such as climb and acceleration. These model trajectories
are subsequently calibrated using radar observations, such
that the resulting FPPs match the median behaviour of
observed flights at Amsterdam Airport Schiphol [5]. As a
result, the generated fixed-point profiles represent typical
operational behaviour. However, using these fixed-point
profiles limits the ability to model and classify individual
flights according to their actual NAP operation.

While the Aviation Environmental Design Tool (AEDT)
is widely used by American airports to model and eval-
uate noise-abatement procedures, it allows for more cus-
tomisation and variability in modelling various NAPs [6].
However, the AEDT is primarily designed for the Federal
Aviation Administration (FAA) regulatory requirements.
This limits its applicability to non-FAA regulatory context,
including European airports such as Amsterdam Airport
Schiphol.

This research aims to develop a data-driven method to
estimate Noise Abatement Procedures (NAPs) usage at Am-
sterdam Airport Schiphol. By moving beyond interview-
based assessments that apply the Pareto principle, this

approach could provide a more accurate estimation of



Amsterdam Airport Schiphol’s NAPs usage.

The structure of this work is as follows. Firstly, sec-
tion II presents related background information on NAPs
and existing modelling and classification methods for air
traffic trajectories and NAPs. In section III, the data source
and obtainable data are illustrated. Section IV presents the
proposed model for this study. Section V, outlines the hy-
pothesis and experimental setup. The results are presented
in section VI, and subsequently discussed in relation to the
hypothesis in section VII. Finally, section VIII provides

the conclusions of the study.

I1. Background
This section provides background information on rel-
evant research for the proposed methodology. Specific
information on NAPs, Dutch regulations on NAPs, NADP
modelling, classification and aircraft configuration estima-

tion.

A. Noise Abatement Procedure (NAPs)

NAPs are operational measures defined by the Interna-
tional Civil Aviation Organisation (ICAO) to reduce aircraft
noise exposure in the vicinity of aerodromes. Among these,
ICAO distinguishes NADPs and CDOs [7].

NADPs are further categorised into two principal types:
NADP1 and NADP2, which differ primarily in their noise-
mitigation objectives. NADPI is designed to minimise
noise impact in areas close to the departure runway by
prioritising a steeper initial climb before thrust reduction.
In contrast, NADP2 aims to reduce noise exposure at greater
distances by allowing earlier acceleration and configuration
changes [7]. In addition, NADP2 generally results in lower

fuel consumption compared to NADP1 [6].

Based on airline interviews and flight-track modelling,
ICAO identified a range of operational variations for these
procedures, resulting in six NADP1 and eight NADP2
profiles [8]. Each variation differs based on the thrust
cutback altitude, acceleration altitude and flap retraction
timing. For example, two profiles can have identical thrust
cutback and acceleration altitude but the flap retraction
timing differs, leading to operationally different NADP pro-
files. This variability highlights the operational flexibility
inherent in NADPs and motivates further analysis of their
performance and noise implications. Examples of NADP1

and NADP?2 profiles are shown in Figure 1 and Figure 2

respectively.

Altitude

Continue to
enroute climb speed,
retract flap and slats

3000 ft

Maintain reduce thrust,
maintain flap and slats at
take — off configuration

,,,,,,, <«—— Initiate thrust reduction

800 ft

Take — off thrust
with V,

Distance

Fig. 1 Example of NADP1 procedures Adapted from
ICAO[7]

Altitude

Continue to
enroute climb speed

3000 ft

Reduce thrust while ensuring
satisfactory climb performance

Maintain positive rate of climb, reduce body angle,
acceleartate to Vzp,
retract flap and slats on speed schedule

800 ft

Take — off thrust
with V,

Distance

Fig.2 Example of NADP2 procedures Adapted from
ICAOI7]

For noise abatement during descent and approach,

ICAO primarily provides the framework of Continuous



Descent Operations (CDO). CDO refers to arrival opera-
tions in which aircraft descend continuously with minimal
engine thrust and low aerodynamic drag, ideally initiated
from the top of descent and maintained until the final
approach phase [9]. By avoiding level segments, CDOs
reduce thrust variations and associated noise emissions.
CDA are subsets of CDO, which focus on maintaining a
continuous descent during the approach phase.

In addition to descent profile management, reduced-
flap setting approaches are employed as a complementary
measure to mitigate noise. Although ICAO does not provide
a strict definition for such approaches, it recommends
delaying the deployment of the full landing configuration
until close to the runway threshold to limit aerodynamic
drag and engine thrust during earlier approach segments

[7, 10].

B. Dutch Regulations on NAPs

The Dutch government has particular environmental
regulations for Amsterdam Airport Schiphol operations,
which are depicted in the Schiphol Airport Environmen-
tal Information Regulations (in Dutch: Regeling milieu-
informatie luchthaven Schiphol (RMI)) [11]. Within the
RMLI, additional operational classifications are specified
for the assessment and reporting of Schiphol Airport oper-
ations.

For NADP procedures, NLR defined 4 different NADP
procedures that occur at Amsterdam Airport Schiphol,
consisting of one NADP1 profile and three NADP2 variants
[3, 5]. For the NADP1 profile, the thrust cut-back altitude
is assumed to be at 1500 ft, while the acceleration altitude
is set at 3000 ft. In contrast, for the three NADP2 profiles,

the acceleration altitude and the thrust cut-back altitude

assume to occur simultaneously at the altitudes of 800 ft,
1000 ft and 1500 ft.

For descent operations, flights are compliant with a
CDA under the RMI definition when all conditions are
satisfied. Firstly, the aircraft maintains a continuous descent
profile with no level segments below 3500 ft. Secondly,
the descent profile is above an arbitrary 2.5 ° glideslope
datum line [11].

Flights are compliant with a reduced-flap setting ap-
proach when an aircraft performs the final approach without

deploying the full landing flap configuration.

C. Noise Abatement Departure Procedure Modelling
and Classification

As of the current state of practice, accurate classifi-
cation of NADP profiles is highly reliant on high-fidelity
environmental simulation tools such as AEDT. These tools
enable the generation of multiple trajectory variations for a
single NADP profile by varying key parameters, including
take-off weight, thrust reduction level, and energy share
percentage [12]. While this allows for trajectory similarity
comparisons, it also highlights one of the core challenges,
the same procedural definition can result in a wide range
of trajectory shapes.

This variability, combined with the limited availability
of reference trajectories in the Schiphol case study, makes
it difficult to robustly classify observed flight paths based
solely on similarity metrics. Furthermore, such simulation-
based approaches are not easily accessible and require
significant computational and modelling effort. As a result,
trajectory similarity scoring alone becomes insufficient
for reliable NADP classification, unless complemented

by more interpretable approaches such as event-based



detection and explicit NADP modelling.

To allow the classification of flight trajectories to NADP
profiles with relation to the FPP obtained from NLR [3],
further modelling and classification techniques would be
required for robust NADP detection and classification.
Several studies have specifically addressed methods for
modelling and classification of NADPs. Lim [6], Behere
[12, 13] and Bhanpato [14] each developed approaches to
modelling and classification of NADP profiles.

Lim [6] investigated approaches to improve the mod-
elling of NADP profiles to allow better representation
to real world operations in the AEDT. Lim proposed an
energy-based modelling metric to reduce the variability of
aircraft weight, thrust and atmospheric conditions.

Building on this work, Behere et al. applied consen-
sus clustering techniques to cluster flights into similar
operational characteristics to allow identification of rep-
resentative profiles [13]. Their method employs feeding
flight trajectories to the AEDT to simulate noise, fuel burn
and emissions.

Bhanpato further developed the NADP classification
model by combining trajectory similarity classification
with a layer of trajectory clustering [14]. The trajectory
clustering incorporates distance, altitude, and rate of climb
to cluster similar trajectories together. With the combina-
tion of both metrics, a consensus NADP classification is
obtained by mapping the trajectory to the closest median
reference trajectory.

Further extending on this approach, Behere et al. pro-
posed a method to map time-series take-off trajectories to a
parametric representation, allowing flight profile classifica-
tion and inversely map events such as acceleration altitude

[12].

Together, these studies highlight the potential of trajectory-
based modelling and classification methods to characterise

NADP behaviour beyond nominal procedural definitions.

D. Aircraft Configuration Estimation

In addition to the classification and modelling of NADP
profiles, another main uncertainty in the classification of
NAPs is the configuration of aircraft for the reduced-flap
setting approach classification. The estimated configura-
tion of the aircraft allows a binary classification between
reduced-flap and full-flap approach. Nichols [15], Jarry
[16] and Bhanpato [17] have each investigated different
data-driven approaches to estimate aircraft state using
machine learning algorithms.

Each algorithm employs the use of Flight Operations
Quality Assurance (FOQA) data to train the various su-
pervised learning models. Nichols investigated linear
regression, random forest regression and random forest
classification for flap setting estimation [15]. Both Jarry
and Bhanpato developed models using the Long-Short
Term Memory (LSTM) neural network algorithm [16].
However, Bhanpato further compared the use of a stochas-
tic model, the Hidden Markov Model (HMM) to compare

the performance of flap configuration estimation [17].

I11. Data Sources
This research utilises surveillance data collected from
radar tracks and Enhanced Mode-S (EHS) transponders
from VEMMIS. VEMMIS is a database that stores all flight
information obtained from the Netherlands’ air navigation
service provider Luchtverkeersleiding Nederland (LVNL).
The radar tracks provide from VEMMIS includes posi-

tional and ground-based kinematic information about the



aircraft, such as latitude, longitude, ground speed (GS) and
barometric altitude derived from secondary surveillance
radar. EHS data provides specific aircraft states that are
sent from the aircraft transponder. Retrieved aircraft states
include True Airspeed (TAS), Indicated Airspeed (IAS),
pressure altitude and rate of climb (RoC). Details of the
data structure of the coupled radar track and EHS data are

shown in Table 1.

Table 1 Data Structure of the Coupled Radar and
EHS Data

Aircraft State Type Unit
Flight ID integer -
Callsign string -
Aircraft Type string -
Departure string -
Arrival string -
Time timestamp -
Latitude float °
Longitude float °
Barometric Altitude float ft
Ground Speed float kts
True Airspeed float kts
Indicated Airspeed float kts
Rate of Climb float ft/min

For the training and validation of flap configuration
estimation, Aircraft Condition and Monitoring System
(ACMYS) data is collected. The ACMS data is obtained
from an airline in which only descent operation is provided.
ACMS data is representative of FOQA data described
in section II, in which the data provides specific aircraft
states obtained from onboard aircraft sensors. In addition
to aircraft states, flap setting, and landing gear state are
provided. Details of the data structure of the ACMS data

are shown in Table 2.

Table 2 Data Structure of the ACMS Data

Aircraft State Type Unit
Flight ID string -
Aircraft Type string -
Time timestamp -
Latitude float °
Longitude float °
Barometric Altitude float ft
Ground Speed float kts
True Airspeed float kts
Indicated Airspeed float kts
Flap Setting integer -

The obtained flap setting values in the provided ACMS
differ depending on the aircraft manufacturing company.
For Airbus and Embraer aircraft, flap settings are given
in discrete flap classes (e.g. 0, 1, 2, etc.). In contrast to
that, for Boeing aircraft, flap settings are specified in flap

deflection angles such as 0°, 5 °, 10 °, 15 ° etc.

IV. Methodology
This study develops a trajectory-based classification
framework that maps aircraft trajectories to noise abate-
ment procedures. The framework consists of three main
components:

1) Data Processing: Cleaning, filtering and standard-
ising trajectory data.

2) Outbound Classifier: Classification of NADP pro-
cedures during outbound flights.

3) Inbound Classifier: Classification of CDA com-
pliance and reduced-flap setting approaches during
inbound flights.

The outbound and inbound classifiers are designed as inde-
pendent components within the framework. While they rely

on different modelling approaches, both components follow



a similar structure by extracting trajectory features, detect-
ing operational events and combining multiple indicators
to perform a classification.

The outputs of these classifiers are integrated at the
final stage, where the two components jointly serve as
inputs to the annual noise load estimation and realisation
at Amsterdam Airport Schiphol.

The overall framework and the interaction between
the components and the sub-components is illustrated in
Figure 3. Each component is described in detail in the
following subsections.
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A. Data Processing

The data processing stage prepares the trajectory data
for subsequent classification ensuring consistency and
comparability across all data sources. This stage is applied
uniformly to both outbound and inbound trajectories.

Radar track, enhanced Mode-S data from VEMMIS,
and ACMS data from an airline are first filtered to include
only altitude points below FL100, then pre-filtering of
the radar and enhanced Mode-S data is performed. This
pre-filtering is required to resample all measurements to
uniform timestamps of 4.8 seconds, accounting for the
radar sampling time.

Additionally, anomalous flights are filtered out, such as

flights that diverted back to Amsterdam Airport Schiphol

and aircraft that declared emergency events during flight.
For ACMS data, flight trajectories with erroneous flap
settings and erroneous latitude and longitude are filtered
out.

Furthermore, all data types and variables are smoothed
using the SciPy Savitzky-Golay function, with the use of a
filter window of five and fitting to a quadratic polynomial
[18]. This is commonly used to filter and smooth ADS-B

and radar track data [19].

B. Outbound Classifier: NADP Classification

The outbound classifier identifies noise abatement de-
parture procedures by analysing aircraft climb trajectories.
Since different NADP procedures are characterised by
thrust cut-back altitudes, flap retraction altitude and accel-
eration timing, the classification relies on capturing these
operational differences from trajectory data.

Due to variability in operational execution, NADP
procedures cannot be uniquely identified using a single
indicator. Instead, the proposed method combines multiple
metrics to form a robust classification.

The NADP classification consists of three main steps:

1) Evaluation of performance metrics.

2) Identification of similar operational behaviour through

clustering

3) Fusion of multiple indicators into a final probabilis-

tic classification

The overall framework and the interaction between the

steps is illustrated in Figure 4.
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1. Clustering and Classification

Since individual performance indicators capture dif-
ferent aspects of departure behaviour, they may produce
inconsistent or conflicting detections. To address this, tra-
jectories are grouped based on overall similarity in their
operational characteristics.

Each flight trajectory is represented by a set of confi-
dence scores associated with different NADP profiles. For
each performance metric, confidence scores are computed
for the different NADP profiles, capturing both global
trajectory behaviour and discrete operational events.

To identify similar patterns across flights and combine
information from multiple performance metrics, a similarity
matrix is constructed using cosine similarity between the
confidence score vectors. This representation captures
the relative similarity between trajectories independent of

absolute magnitude differences.

Clustering A spectral clustering algorithm is applied to
partition the data into 4 distinct clusters, each representing
a group of flights with similar operational behaviour. The
cluster labels are assigned using the k-means algorithm
[20]. This clustering step enables grouping of trajectories

based on overall behavioural similarity, independent of any

single performance metric.

Cluster-based Probability Estimation For each cluster
label, a probability distribution over NADP profiles is esti-
mated. This is achieved by analysing statistical properties
of the metric-derived confidence scores within the cluster.

For each performance metric, the mean () and standard
deviation (o) of each corresponding metric’s values are
computed within the cluster. A normalised score (sg) is
derived by Equation 1, providing a measure of the signal
strength relative to variability.

=t ()
a

These scores are normalised to form a probabilistic dis-
tribution for each NADP class. The contributions from all

performance metrics are aggregated using equal weighting.

Final Classification The final NADP classification is
obtained by combining two sources of information, the
metric-derived confidence scores and cluster-derived prob-
ability distribution. All derived confidences are assigned
equal weight, and the final score is computed as a weighted
sum across all metrics. The resulting vector is then nor-
malised to ensure that it forms a valid probability distribu-
tion. The final NADP profile classification is obtained by
selecting the NADP profile that corresponds to the highest

probability distribution.

2. Performance Metrics

To generate the confidence scores used in the clustering
and classification process, the model employs three separate
performance metrics:

* Energy-Based Trajectory Similarity Metric



* Energy-Based Flight Performance Metric

* Airspeed-Based Metric
Each metric captures different aspects of the departure
behaviour and contributes to distinguishing between NADP
profiles. Together, these metrics provide complementary
information enabling a more robust distinction between
NADP profiles.This corresponds to the first layer of the

outbound classifier block diagram as shown in Figure 4.

Energy-Based Trajectory Similarity Metric This met-
ric evaluates how closely the flight trajectory follows the
predefined NADP reference profiles. By comparing the
total specific energy between the trajectory and the refer-
ence NADP profile, the metric captures overall similarity
in climb behaviour.

The total specific energy is defined as the sum of the
specific kinetic energy (SKE) and specific potential energy

(SPE), given by Equation 2 and Equation 3, respectively.

1
SKE = Evz )

SPE = gh ?3)

As shown in Equation 2 and Equation 3, mass is independent
of energy. Additionally, for all energy-based performance
metrics the velocity variable is related to true airspeed
(TAS).

Based on the definition of total specific energy (TSE),
the trajectory similarity metric compares the flight trajec-
tory to the NADP reference profiles from the FPP. The
similarity scores are computed using the root mean square
error (RMSE) between the total specific energy (TSE) of

the trajectory and that of the fixed-point NADP profile per

100 ft, as shown in Equation 4.

“

Score = \/Zn(TSETrajectory - TSENADP)2
n

Within the fuzzy logic framework [21], the subsequent
similarity score of each NADP profile is expressed as a
confidence score using the inverse logistic function, as

shown in Equation 5.

1

score; 2
SCOrémedian

(&)

confidence; =
1+

This metric therefore provides a global measure of
trajectory similarity for each NADP profile, which is used
as an input to the subsequent clustering and classification

framework.

Energy-Based Flight Performance Metric This metric
identifies operational events during the departure phase
by analysing changes in the aircraft’s energy state. Based
on the total energy model (TEM), it captures variations in
climb dynamics, enabling the detection of thrust cutback
and flap/slat retraction. These events provide important
information about the aircraft state and configuration, which
describes the differences between different NADP profiles.

The energy-based flight performance metric employs
the concept of energy equilibrium and the distribution of
energy change, as described by the total energy model in

Equation 6 [22].

RoC
TAS

TEM =

(6

T-D d(TAS)
= + 8o
m

dt

For each flight, only data above 650 ft AGL are included,

since thrust reduction and flap/slat retraction are typically



completed at a prescribed minimum altitude of 800 ft [7].
The changes in RoC, acceleration and TEM are used to
identify the altitudes at which thrust cutback and flap/slat
retraction occur.

For thrust cutback, the incremental change in TEM
relative to the previous measurement becomes negative,
indicating a reduction in net energy rate. For the aircraft
to maintain velocity and to compensate for the reduction
in energy rate, the change in RoC relative to the previous
measurement also becomes negative.

To represent this behaviour within a fuzzy logic frame-
work, linear left-hand-side (LHS) membership functions
are used, modelling conditions where lower input values
corresponds to higher confidence. Here, "left-hand-side"
refers to the lower range of input domain, where the mem-
bership value is maximal and decreases linearly as the input
increases. The corresponding left-hand-side membership

function is defined in Equation 7.

1, x<b

pas(x) =447 p v <y 7
a—-b
0, xX>a

Linear left-hand-side membership function is used for
analysing both incremental changes in TEM and RoC. The
corresponding bounds for each state variable are provided
in Table 3.

Whereas during flap/slat retraction, thrust remains
unchanged, and the increase in TEM is primarily driven by
a reduction of drag. Consequently, a positive incremental
change in TEM occurs, in combination with a decreasing
RoC due to a decrease in the maximum lift coefficient and

an increase in acceleration.

To capture this behaviour, linear right-hand-side (RHS)
membership functions are employed. In contrast, the "right-
hand-side" membership function refers to the upper range
of the input domain, where the membership value increases
linearly with the input variable. The RHS membership

function is defined in Equation 8.

0, x<a

prus() =922 Lo x < 3
b-a
1, x>b

For flap/slat retraction behaviour, a combination of lin-
ear right-hand-side membership functions for incremental
change in TEM and acceleration, together with a left-hand-
side membership function for incremental change in RoC
is employed. The corresponding bounds for each state

variable are provided in Table 3.

Table 3 Linear membership function State Variable
Bounds for Event Detection

Event Variable Type Bounds
Thrust cutback dTEM LHS (-0.05, -0.00)
dRoC LHS (=100, -0)
Flap/slat retraction dTEM RHS (0,0.05)
dRoC LHS (-100,0)
acceleration RHS (0.2,2)
Acceleration Altitude IAS; RHS (IAS;_1,1AS;-1 +2)
IAS;41 RHS (IAS;_1,IASi_i +5)
IAS; RHS V2, Vo +5)

The membership function values are combined using
the product t-norm fuzzy logic for each event detection.
An event is considered detected when the resulting product
t-norm fuzzy logic confidence exceeds 30%. This relatively

low threshold is selected to compensate for the conservative

10



nature of the product t-norm aggregation and the strict
bounds imposed on the event detection criteria.

The first instance of the event detection is used as
the corresponding thrust cutback altitude and flap/slat
retraction altitude. To aggregate the two event detections
and express them as a confidence score for each NADP
profile, the thrust cutback altitude is evaluated using the
triangular membership function, whereas the flap/ slats
retraction altitude is evaluated using the linear membership
function. The resulting confidence score is obtained as
the product t-norm of the two membership products. The
corresponding bounds for each NADP profile are shown in
Table 4.

Table 4 Fuzzy Logic Framework for TEM NADP
Profiles

Profile Variable Function Altitude Bounds
NADP1 Rihrust Triangular (650, 1500, 3000)
hftap RHS (2500, 3500)
NADP2 800 ft hiruse  Triangular (650, 800, 1250)
hftap LHS (3000, 1500)
NADP2 1000 ft Nihrust Triangular (800, 1000, 1750)
hftap LHS (3000, 1500)
NADP2 1500 ft Pihrust Triangular (1000, 1500, 3000)
hftap LHS (3000, 1500)

This metric therefore provides event-based indicators
of aircraft performance, specifically the altitudes of thrust
cutback and flap/slat retraction. The derived confidences
are used as inputs to the subsequent clustering and classi-
fication framework, enabling the differentiation between

global measure and event-based operational behaviour.
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Airspeed-Based Metric This metric identifies opera-
tional events during the departure phase by analysing
changes in the aircraft’s indicated airspeed. Based on the
incremental changes in indicated airspeed, the transition be-
tween take-off speed and initial acceleration climb regime
could be captured. This transition behaviour is a key dis-
tinguishing feature between different NADP procedures,
particularly sub-variants of NADP2 profiles.

The airspeed-based metric analyses the altitude range
over which the initial acceleration occurs. For this metric,
indicated airspeed (IAS) and altitude are the only input
variables considered. This ensures that the analysis fo-
cuses on the climb segment where acceleration reflects the
transition from take-off speed to climb speed.

Acceleration altitude is identified based on changes in
indicated airspeed (IAS) for altitudes above 650 ft AGL.
During the acceleration phase, the aircraft transitions from
a quasi-constant IAS climb to a regime where IAS increases
more rapidly. Three separate incremental IAS conditions
characterise this behaviour. First, a positive incremental
change relative to the current IAS. Secondly, a continuous
positive incremental change relative to the subsequent IAS.
Lastly, the positive incremental change relative to the V,
speed. The V; speed is computed as the minimum speed
between 100 ft and 650 ft AGL. The exact bounds for each
condition are provided in Table 3. The membership func-
tions are combined using the product t-norm fuzzy logic,
and the event is considered detected when the confidence
exceeds 30%. The first instance of the event detection is
used as the corresponding acceleration altitude.

To evaluate the detected acceleration altitude with re-
spect to different NADP profiles, triangular membership

functions are used. This function assigns the highest confi-



dence to altitudes near the nominal NADP reference and
gradually reduce confidence. The triangular membership

function is defined in Equation 9.

0, x<a
x—a
b , a<x<b
:utriangular(x) = C:)? ©)
, b<x<c
c—b
0, x>c

The bounds (a, b,c) define the altitude range over
which each NADP profile is most representative. The
corresponding bounds for each profile are provided in

Table 5.

Table 5 Fuzzy Logic Framework for Acceleration
Altitude NADP Profiles

Profile Variable  Function  Altitude Bounds

NADPI1 Nacceleration  Lriangular (2500, 3000, 6000)
NADP2 800 ft  hycceleration ~ Triangular (650, 800, 1250)
NADP2 1000 ft  hycceleration  Triangular (850, 1000, 1750)
NADP2 1500 ft  hucceleration  Lriangular (1000, 1500, 3000)

This metric therefore provides an estimate of the accel-
eration altitude, which is used as input to the subsequent
clustering and classification framework. In combination
with the other two performance metrics, it contributes to a
comprehensive representation of NADP profile character-

istics.

3. NADP Modelling and Refinement

To improve classification robustness, the NADP ref-
erence profiles are extended to account for operational
variability. Instead of relying on a single reference trajec-

tory per NADP profile, multiple representative trajectories
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are generated based on energy share distributions. These
distributions are modelled using gamma functions across
altitude segments.

By sampling multiple percentiles of the energy share
distribution, a set of reference trajectories is constructed
for each NADP profile. This allows the energy-based
similarity metric to better capture variability in observed
flight behaviour. This corresponds to the feedback loop of
energy share segmentation analysis and NADP modelling
shown in Figure 4. This refinement step reduces sensitivity
to variation in aircraft performance and improves robustness
of the classification.

The refined reference set is then used to update the
energy-based similarity metric, improving the consistency
of both clustering and classification.

To achieve this, the gamma distribution of the energy
share associated with each NADP profile is analysed at
multiple altitude segments for each aircraft type. The
altitude segments are 0—800ft, 800 — 1000ft, 1000 — 15001t
and 1500 — 3000ft and 3000 — 5000ft. These altitude
segments are defined based on the NADP profile definitions
discussed in section II.

For NADP modelling, the prescribed FPP from NLR
is used as a baseline. Based on the FPP, the aircraft is
assumed to encounter a constant 8 kts headwind. Hence,
based on this assumption, the ground speed, mean ground
speed, and time between each segment are derived. To
follow finer segmentations, all segments are resampled to
be 4.8 seconds for consistency with the radar sampling
time.

Furthermore, to construct NADP profile envelopes, a
set of percentiles [0.2, 0.3, 0.4, 0.5] is used to generate

multiple reference trajectories. The corresponding adjusted



energy share value is obtained by evaluating the inverse
cumulative distribution function of the gamma distribution
at the selected percentile.

The new reference trajectories are then computed by
keeping the altitude of each node constant while adjusting
the travelled distance and TAS according to the energy

share formula shown in Equation 10.

AKinetic Energy

E Share % =
nergy Share 7 AKinetic Energy + APotential Energy

(10
Lastly, the travelled distance for each segment is ad-

justed using kinematic relationships based on the derived

true airspeed, as shown in Equation 11

ds = GS; +GSi

dt
2

)

With the generation of multiple reference trajectories, the
energy-based trajectory similarity metrics are recomputed.
This leads to an updated similarity matrix, which is subse-
quently used to refine both the NADP consensus clustering

and the NADP profile classification.

C. Inbound Classifier: Continuous Descent Approach
and Reduced-Flap Setting Approach

The inbound classifier identifies continuous descent ap-
proaches and reduced-flap setting approaches by analysing
aircraft approach trajectories. These two noise abatement
procedures capture different operational characteristics,
therefore modelled independently. However, the combi-
nation of the two classifiers provides a complementary
description of the overall arrival behaviour.

The overall framework and the interaction between the

two aspects of inbound classifier is illustrated in Figure 5.
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1. Continuous Descent Approach Classification

The CDA classifier determines whether an aircraft
follows a continuous descent profile or exhibits level-flight
segments during approach. This is achieved by analysing
flight phases through changes in altitude and flight path
angles. The CDA classification process is further analysed
in three main steps:

1) Flight phase detection

2) Level flight analysis based on ICAO and RMI crite-

ria

3) CDA flight analysis based on ICAO and RMI criteria
These three main steps are also depicted on the left-hand-
side of the inbound classifier block diagram as shown in

Figure 5.

Flight Phase Detection For the classification of CDA,
flight trajectories are segmented into flight phases of climb,
level, and descent, based on changes in altitude and the

calculated flight path angle (y), as shown in Equation 12.

RoC
y = arcsin (TZS) (12)

For flight phase detection, the climb phase is identified
when the current altitude exceeds the previous altitude
by over 25 ft, and the corresponding flight path angle y

is higher than 0.75° and sustained over two consecutive



trajectory points.

The level flight phase is detected when the absolute
change in altitude between consecutive points (both pre-
vious—current and current—next) is below 25 ft, and the
absolute flight path angle vy is less than 0.75°. Additionally,
the identified level segment must have a minimum ground
travel distance exceeding 500 m. All remaining trajectory
segments are classified as the descent phase until final
touchdown.

For noise modelling purposes and Dutch regulation
compliance, two complementary definitions are used to
evaluate CDA compliance, reflecting both operational be-
haviour and regulatory compliance: ICAO framework and
RMI compliance.

For ICAO framework, flights that exhibit level seg-
ments or climb segments are classified as non-CDA flights.
Furthermore, the detected level altitudes are mapped to the
closest standard level altitudes defined in the FPP, which are
4000 ft, 3000 ft and 2000 ft. Similarly, the corresponding
level segment lengths are mapped to the closest standard
distances of 5 km, 10 km, 20 km and 40 km.

For ICAO compliance CDA flights, the average flight
path angle y is evaluated below 6000 ft and before a distance
of 12 km from the runway threshold [5]. Furthermore, the
calculated average vy is mapped to the closest standard CDA
v defined in the FPP, which are 2°, 2.25°, 2.5°, 3° and 3.5°.
These analyses subsequently lead to the formulation of the
FPP profile identifiers.

For RMI compliance, a flight trajectory is classified as
a CDA if no climb or level segments occur below 3500 ft,
and the flight trajectory remains above a 2.5° datum-line
[11] as shown in Figure 6.

Flights that do not satisfy the above conditions are
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Fig. 6 RMI Continuous Descent Approach Classifica-
tion Definition Adapted from the RMI [11]

classified as level segment flights. Based on the first
instance of RMI CDA violation, these flights are mapped

to either a 3000 ft or 2000 ft level flight [11].

2. Reduced-Flaps Setting Approach Classification

This component classifies whether an aircraft performs
a reduced-flap or full-flap landing configuration during
approach. This distinction between the two configurations
influences the noise generation. Since flap configuration
cannot be directly observed from surveillance data, it must
be inferred from trajectory behaviour using a data-driven
model.

For the reduced-flaps setting approach classification,
an LSTM neural network is employed. The model uses
kinematic, positional, and energy-based inputs, namely:
ground speed (GS), calibrated airspeed (CAS), true airspeed
(TAS), barometric altitude, latitude, longitude, runway
identifier, distance to landing, specific kinetic energy (SKE),

and specific potential energy (SPE).

Data Preparation The flight trajectories are split into
windows with a sequence length of 30, in which the stride
between each window is tuned to 10. Furthermore, the

ACMS dataset per aircraft type is split into training, vali-



dation and testing data with the ratio of 70/15/15. For the
training and validation dataset, the batch size is chosen to
be 32. Whereas for the testing dataset, all flight trajectories
are considered in one batch, which ensures the whole flight
trajectory is not split into separate batches.

To prevent the model from learning a particular order,
the training set is shuffled by the dataloader. Whereas
for the validation and testing dataset, shuffle is disabled
from the dataloader to ensure consistency between flight

trajectory sequences [17].

Model Architecture and Training For the LSTM train-
ing model, the model undergoes batch normalisation, and
then the input variables are fed to the LSTM layer. The
LSTM layer is tuned with 16, 32 and 64 hidden neurons,
also tuned with 1, 2 and 3 LSTM layers.

To prevent data over-fitting, an output dropout rate of
0.3 is used. This means that after each training step, 30%
are randomly removed before passing to the next training
step [23]. As this LSTM model outputs a classifier, cross-
entropy loss is used for training and validation, and the
Adam optimiser is used for training.

To further prevent data over-fitting, weight decay is
employed in the Adam optimiser [23], with a value of 0.001.
Learning rate decay is also incorporated with a decay rate
of 0.9, patience of 40 epochs. These parameters are tuned
to avoid premature depreciation of the learning rate.

The training process also incorporates an early stopping
mechanism that balances training and validation loss by
assigning weights of 35% and 65% respectively. If after 80
epochs, the weighted score loss does not further decrease,

the observed best model would be retained.
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Operation-Informed Training Constraints To enforce
operational realistic behaviour, additional penalty terms
are introduced during training.

To prevent flaps from retraction during descent opera-
tions, a penalty function is included in the LSTM training
model. In the event of such behaviour, the penalty function
is defined by Equation 13.

N

1

N Z:max(—diff,-,O)2 (13)
i=1

Furthermore, to prevent the extension or retraction
of flaps below the minimum required stabilised approach
altitude of 500 ft [24], an additional penalty function is
introduced in the LSTM training model. This penalty is
applied when such behaviour occurs below 500 ft and is

defined by Equation 14.

0.05

N (14)

N
)

Z diffg 1050010

i=1

Classification Output Lastly, the classification of reduced-
flap or full-flap approach is formulated as a binary classifica-
tion. Since flap configurations are not directly comparable
across aircraft types due to number of available flap set-
tings and their definition. The analysis is performed per
aircraft type and interpreted relative to its configuration
envelope. The final classification is obtained by comparing
the predicted final flap setting with the maximum available
flap setting for each aircraft type. This allows a consistent
distinction between reduced-flap and full-flap operations
without explicit normalisation. The available flap settings

per aircraft type is shown in Table 6.



Table 6 Available Flap Settings per Aircraft Type

ICAO Aircraft Code Available Flap Settings
A21IN 0,1,2,3,4
B737 0,1,2,5,10, 15, 25, 30, 40
B738 0,1,2,5,10, 15, 25, 30, 40
B739 0,1,2,5,10, 15, 25, 30, 40
B772 0,1,5, 15,20, 25, 30
B77W 0,1,5, 15,20, 25, 30
B789 0,1, 5,10, 15, 20, 25, 30
B78X 0,1,5, 10, 15, 20, 25, 30
E190 0,1,2,3,4,5,6
E295 0,1,2,3,5,6
E75L 0,1,2,3,5,6

V. Hypothesis

Based on the existing literature and theoretical frame-
works on noise abatement procedures. The following
hypotheses are proposed:

* H1: Accounting for variation in the energy share
factor using default fixed-point profiles improves
the accuracy of classifying aircraft trajectories into
NADP profiles.

* H2: The energy-based trajectory similarity metric
is the strongest predictor for classifying trajectories
into NADP profiles.

* H3: Combining the continuous descent approach
CDA definitions from the RMI and ICAO improves

the robustness of CDA classification.

* H4: Including landing runway length in approach tra-

jectory data improves the classification performance
of reduced-flap setting approaches when using a
sequential neural network algorithm.
The independent and dependent variables corresponding
to each hypothesis is summarised in Table 7 and Table 8

respectively.

Table 7 Summary of Hypothesis Independent Vari-
ables

Hypothesis Independent Variable
HI Energy share variation
H2 Performance metric type
H3 CDA definition (ICAO + RMI)
H4 Runway length input

Table 8§ Summary of Hypothesis Dependent Variables

Hypothesis Dependent Variable
H1 NADP classification accuracy
H2 NADP classification accuracy
H3 CDA classification robustness
H4 Reduced-Flap classification accuracy

VI. Results
The results of the three different noise abatement pro-
cedures will be discussed separately. However, for precise
FPP profile identification in noise modelling, the CDA
classifier and the reduced-flap setting approach classifier

are combined.

A. NADP Classifier

The results of the NADP classifier indicate that depar-
ture operations are predominantly classified as NADP2-
type procedures, with NADP2 1000 ft emerging as the

dominant profile.
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Final Classification The final classification results show
that the majority of flights are assigned to the NADP2 1000
ft profile, followed by the NADP2 1500 ft and NADP2 800
ft, with NADP1 being the minority operation.

To obtain the final classification, a fusion approach
is applied that combines the cluster-level probability dis-
tributions with the metric-level confidence scores. This
weighted fusion integrates both the similarity-based struc-
ture identified by clustering and the metric-level informa-
tion, providing a unified classification for each trajectory.

The resulting NADP classification percentages are
shown in Table 9 and compared to realisation results. The
realisation results are based on interviews with airlines
operating at Amsterdam Airport Schiphol. In cases where
no specific NADP procedure is defined, flights are default

classified as following an NADP1 profile.

Table9 Final Fusion NADP Classification Percentages

NADP Profile  Percentage Realisation Percentage Difference
NADP1 5.6% 15.8% -10.2%
NADP2 800 ft 13.0% 65.9% -52.9%
NADP2 1000 ft 61.2% 16.2% +45.0%
NADP2 1500 ft 20.2% 0.3% +19.9%
Unknown - 1.8% -

As presented in Table 9, the largest discrepancy between
classification results and realisation data occurs for the
NADP2 800 ft and NADP2 1000 ft procedures. However,
when combining the classification percentages of NADP2
800 ft and NADP2 1000 ft, the discrepancy compared to
the realisation reduces to 7.2%. This discrepancy suggests
that NADP2 800 ft and NADP2 1000 ft are difficult to

distinguish.

Clustering Results To understand the structure under-

lying the final classification, the clustering results are

analysed. Spectral clustering groups trajectories based on
similarity in their combined metric representation.

Each cluster (1-4) represents a group of trajectories
with similar operational behaviour, rather than predefined
NADP categories. The cluster confidence values indicate
the relative likelihood of each NADP profile within a given
cluster, derived from the aggregated performance metric
scores. The resulting cluster-level confidence distribution
are shown in Table 10.

Table 10 Spectral Cluster NADP Profile Confidence
and Profile Percentage

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Profile

NADP Profile  Confidence Confid Confid Confid Per 2
NADP1 0.084 0.081 0.078 0.357 10.6%
NADP2 800 ft 0.139 0.281 0.372 0.154 25.2%
NADP2 1000 ft 0.331 0.400 0.351 0.255 44.1%
NADP2 1500 ft 0.446 0.236 0.198 0.234 20.1%

In a perfect scenario, Table 10 should look like an
identity matrix, with each NADP procedure corresponding
to a cluster with 100% confidence. However, this is not the
case as shown on Table 10. Each cluster is associated with
a specific NADP profile by identifying the profile with the
highest confidence value. In particular, for clusters 1, 2,
and 4, the maximum confidence exceeds the second-highest
value by at least 10%. This suggests that these clusters
exhibit a clear separation in the confidence values.

In contrast, cluster 3 exhibits a less pronounced distinc-
tion between the confidence values, with a relatively small
difference of only 2% between the highest and second high-
est confidence. Specifically, the clusters show comparable
confidence levels for NADP2 800 ft and NADP2 1000 ft,
indicating that the underlying characteristics captured by
the metrics are not sufficiently distinct to fully separate
these profiles within this cluster. Hence, the combined

use of cluster-level confidence and metric-level confidence
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provides a more reliable basis for distinguishing between

closely related NADP profiles.

Performance Metric Results The individual perfor-
mance metrics produce different classification distribu-
tions, indicating that each metric captures a distinct aspect

of NADP procedures. The resulting distribution obtained

from individual performance metrics are shown in Table 11.

Table 11 Trajectory Similarity and Flight Perfor-
mance Metrics per NADP Profile

Trajectory Based Energy-Based Flight Airspeed Based
NADP Profile  Similarity Metric Performance Metric Metric
NADP1 7.8% 5.7% 1.5%
NADP2 800 ft 54.0% 14.4% 11.8%
NADP2 1000 ft 8.4% 66.5% 49.7%
NADP2 1500 ft 29.8% 29.8% 37.0%
Unknown NADP 0.0% 1.3% 0.0%

As shown in Table 11, the trajectory similarity metric
indicates a strong operational dominance for NADP2 800
ft profile, with 54.0% of trajectories classified under this
category.

In contrast, the energy-based flight performance and
airspeed-based metrics predominantly classify trajectories
as NADP2 1000 ft (66.5% and 49.7%, respectively). These
metrics rely on event-based and transition-based charac-
teristics, such as thrust cutback, flap/slats retraction and
acceleration altitude.

The trajectory similarity results presented above corre-
spond to the refined version of the metric, in which NADP
modelling and variation in energy share are incorporated
to construct profile envelopes. To assess the impact of
this refinement, a comparison with the original trajectory

similarity metric—based solely on the fixed-point profile

18

(FPP) reference trajectory is presented in Table 12.

Table 12 Comparison of Preliminary and Refined
Trajectory Similarity Metrics for NADP Profile Classi-
fication

NADP Profile Only FPP Reference Trajectory Incorporation of Profile Envelope
NADP1 9.9% 7.8%

NADP2 800 ft 23.7% 54.0%

NADP2 1000 ft 18.5% 8.4%

NADP2 1500 ft 47.9% 29.8%

Unknown NADP 0.0% 0.0%

As shown from Table 12, incorporating profile envelope
refinement leads to substantial redistribution of classifica-
tions. The proportion of NADP1 decreased from 9.9% to
7.8%. Furthermore, the dominant NADP profile shifted
from NADP2 1500 ft to NADP2 800 ft, moving closer
to the operational benchmark based on interviews with
airlines.

Additionally, when selecting energy shares using per-
centiles above 0.5 of the inverse cumulative distribution
function, the proportion of trajectories classified as NADP1
increased to approximately 20% and higher. This highlights
the sensitivity of the method to energy-share assumptions.

The discrepancy between the trajectory similarity met-
ric and the event-based metrics highlights that different
aspects of departure behaviour are being captured. While
the trajectory similarity metric reflects the overall energy
distribution along the trajectory, the flight performance and
airspeed metrics focus on discrete operational transitions.
This divergence motivates the need for a clustering-based

integration of the metrics.

Sensitivity Analysis To evaluate the relative contribution
of each performance metric to the final classification, the

agreement between individual metrics and the final NADP



classification is computed.

Agreement represents how often an individual perfor-
mance metric assigns the same NADP profile as the final
classification across all trajectories. This percentage pro-
vides insight into which performance metric is the strongest
predictor. The agreement between individual metrics and
the final NADP classification is summarised in Table 13.

Table 13 Agreement of Individual Metrics with Final
NADP Classification

Metrics Agreement
Energy-Based Trajectory Similarity 29.3%
Energy-Based Flight Performance 59.2%
Airspeed Based 72.2%

The result from Table 13 indicates that the airspeed-
based performance metric exhibits the highest agreement
(72.2%), while the energy-based trajectory similarity metric
has the lowest agreement (29.3%).

This indicates that event-based features have greater
influence on the final classification, while the energy-based
trajectory similarity plays a complementary role.

To assess the robustness of the obtained classification
results, a sensitivity analysis is performed. The analysis
considers variation in the weighting of each performance
metric and cluster contribution in the final fusion process.

The weights of the trajectory similarity, energy-based
flight performance, and airspeed metrics, as well as the
clustering contribution are varied over the range [0, 1] in in-
crements of 0.05. All weight combinations are constrained
to be strictly positive and normalised such that their sum
equals one. This results in a total of 969 valid weight
combinations.

For each combination, the final NADP classification

is recomputed. The resulting minimum and maximum
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classification percentages are summarised in Table 14 and

the distribution of outcome is shown in Figure 7.

Table 14  Sensitivity Analysis of NADP Classification

NADP Profile = Minimum Maximum Range
NADP1 0.7% 10.6% 9.9%
NADP2 800 ft 7.3% 34.8%  27.5%
NADP2 1000 ft 33.5% 62.0% 28.5%
NADP2 1500 ft 12.5% 33.8% 21.2%
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Fig. 7 NADP Classification Sensitivity Distribution

The result indicates that the largest variability is ob-
served for NADP?2 800 ft and NADP2 1000 ft profiles. This
variability can be attributed to the small differences in the
operational altitudes, which makes the two procedures diffi-
cult to distinguish. In contrast, the NADP1 profile exhibits
a smaller range, indicating relatively stable classification
across all weight combinations.

The distribution of classification outcomes in Figure 7
further illustrates these trends. The NADP2 800 ft pro-
file exhibits a relatively narrow interquartile range but
includes a large number of outliers, indicating that while
typical classifications remain concentrated, certain weight
combinations lead to substantial deviations.

In contrast, the NADP2 1000 ft profile shows a slightly



wider interquartile range, but its outliers are all located
on the lower end. Furthermore, approximately 99% of all
evaluated weight configurations identified NADP2 1000 ft
as the dominant operation, indicating a strong robustness
of this classification.

Finally, the NADP1 and NADP2 1500 ft profiles exhibit
relatively stable behaviour, with limited dispersion and no
significant outliers observed.

Opverall, the results demonstrate that while individual
performance metrics capture different aspects of departure
behaviour, their integration through clustering, fusion,
and sensitivity analysis enables a robust identification of
dominant NADP procedures, with remaining uncertainty
primarily occurring between closely related NADP2 sub-

profiles.

B. Continuous Descent Approach Classifier

For the classification of CDA flights, a comparison is
made between compliance with the ICAO framework and
RMI definition. The resulting classifications for CDA and

level flight operations are presented in Table 15.

Table 15 Comparison of CDA Classification Methods

RMI Classification
38.5%

ICAO Classification  Realisation
32.4% 38.8%

Flight Operations
CDA Flights

2000 ft Level Flights 46.7% 47.5% 45.2%
3000 ft Level Flights 14.8% 9.9% 16.0%
4000 ft Level Flights 10.2%

The classification of CDA flights is relatively consistent
across both classification methods and aligns closely with
the realisation data.

In contrast, the classification of level flight operations
shows greater deviation between the two methods and
realisation, particularly for 3000 ft level flight operations.

When both classification methods are combined, only

flights that satisfy both definitions are identified as CDA.
This results in a reduction of classified CDA flights to 28%,
with underlying inconsistencies between the two classifi-
cations shown in Figure 8. The confusion matrix shows
that 78.3% of the flights are classified consistently between
the two methods. However, disagreements between the
two methods consist of up to 21.7% of the flights, where
approximately 60% of the disagreements correspond to
flights classified as CDA under the RMI definition but not

under the ICAO framework.
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Fig. 8 Confusion Matrix of Different CDA Classifica-
tion

C. Reduced-Flap Setting Approach Classifier

The classification performance of the reduced-flap
setting approach classifier is evaluated using accuracy,
defined as the percentage of trajectories for which the
predicted final flap configuration either reduced-flap or
full-flap matches the reference configuration obtained from
the ACMS dataset. The corresponding LSTM architecture
for each evaluated aircraft type is presented in Table 16.

The majority of the LSTM models achieve a classifica-

tion accuracy above 80% for the prediction of the maximum
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Table 16 LSTM Model Performance per Aircraft Type

Table 17 Impact of Runway Information on Model
Performance and Architecture

Aircraft Layers Hidden Accuracy Over Number of Number of
Type Layers Neurons Predicti Samyp ble Flaps
A2IN 2 16 92.9% 100.0% 278 5
B737 2 32 92.9% 0.0% 463 9
B738 2 32 86.5% 0.0% 1885 9
B739 2 64 89.5% 0.0% 255 9
B772 2 32 69.6% 95.6% 304 7
B77TW 1 64 73.0% 90.0% 247 7
B789 2 32 76.7% 85.7% 201 8
B78X 2 64 63.2% 92.8% 257 8
E190 1 32 99.2% 0.0% 1677 7
E295 1 32 100.0% 0.0% 945 6
E75L 1 16 100.0% 0.0% 1265 6

deployed flap setting. In contrast, lower accuracy levels
are observed for wide-body jet types, namely the B772,
B77W, B789 and B78X, with the lowest accuracy recorded
at 63.2%.

In addition to that, the over-prediction rates are generally
higher for lower accuracy LSTM models. This indicates the
model predicts the flight to be flown under full-flap instead
of reduced-flap, allowing a more conservative estimation
for noise modelling.

To assess the contribution of runway length to LSTM
classifier performance, an additional LSTM model was
trained without including the runway identifier as an input
feature. In addition to that, the number of hidden neurons
per layer is kept constant. The resulting performance and
model configurations are summarised in Table 17.

The results show that the exclusion of runway infor-
mation leads to only marginal changes in classification
accuracy across all aircraft types. In most cases, compara-
ble model performance is achieved with a simpler LSTM
architectural structure.

However, when enforcing the same architecture as the
runway-informed models, the performance of the models
without runway information often degrades significantly,
in some cases resulting in extremely low classification

accuracy, such as 0%.
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Aircraft With Runway Without Runway
Layers Accuracy Layers Accuracy
A2IN 2 92.9% 2 85.7%
B737 2 92.9% 1 92.9%
B738 2 86.5% 2 86.5%
B739 2 89.5% 1 89.5%
B772 2 69.6% 1 69.6%
B77TW 1 73.0% 1 73.0%
B789 2 76.7% 1 70%
B78X 2 63.2% 1 57.9%
E190 1 99.2% 1 99.2%
E295 1 100% 1 100%
E75L 1 100% 1 98.9%

VILI. Discussion
The results of the three noise abatement procedure
classifiers highlight both the potential and limitations of

data-driven classification of operational procedures.

A. NADP Classification

The NADP classification results demonstrate a clear
divergence between energy-based trajectory similarity met-
rics, energy-based performance metric, the airspeed-based
metric and the final fusion classification.

Refining the trajectory similarity metrics improves the
classification of NADP1 operations, bringing the estimated
proportion closer to the expected operational benchmark.
Furthermore, the refined results suggest that the majority of
flights operate under the NADP2 800 ft procedure, consis-
tent with insights from airline interviews. These findings
support hypothesis H1, demonstrating that incorporating
variation in the energy share factor to the FPP enhances
the accuracy in using the trajectory similarity metric to
classify NADP profiles.

However, a key limitation emerges from the sensitivity



of the method, particularly in the use of energy share
values. When higher energy share values are selected,
specifically using percentiles above 0.5 of the inverse
cumulative distribution function, the portion of trajectories
classified as NADP1 increases significantly.

This behaviour can be explained by the effect of ap-
plying a higher energy share on the resulting trajectory
characteristics. Increasing the energy share implies that
a larger portion of the available energy is allocated to ac-
celeration performance, which alters the trajectory shape.
As a result, the constant energy share feature of NADP1
profiles diminishes and overlaps with the distinguishing
thrust cut-back features of NADP2 profiles. This leads
to increased overlaps between the operational regimes of
NADPI1 and NADP2 procedures, reducing their separabil-
ity and causing a systematic shift of classifications toward
NADPI.

The discrepancy between trajectory similarity and flight
performance-related metrics highlights the difficulty in
distinguishing between NADP2 procedures. While the
trajectory similarity metrics analyse the geometric and
energy-based characteristics of the flight path, the energy-
based performance metric and airspeed metrics aim to
capture operational events such as thrust cutback, flap/slats
retraction and acceleration altitude. However, these event-
based detection metrics are sensitive to temporal resolution
from enhanced mode-S data and sampling frequency from
the radar. In addition to sampling frequency and temporal
resolution, system delay could also affect the event-based
detection by shifting the detection to a later trajectory node
than the actual event instance.

The use of spectral clustering serves as a unifying

framework to integrate the information obtained from

the various metrics by grouping flights based on similarity.
Confidence values are subsequently assigned to each cluster
as shown in Table 10, enabling the interpretation of the
dominant NADP profile. While most clusters exhibit a
clear dominance of a single NADP profile, cluster 3 still
shows ambiguity between the NADP2 800 ft and NADP2
1000 ft.

By comparing the highest and the second-highest confi-
dence values, the clusters also reveal transitional behaviour
between closely related NADP procedures. For example,
cluster 1 is predominantly associated with the NADP2 1500
ft profile. However, the relatively high secondary confi-
dence for NADP2 1000 ft indicates a gradual transition
between these two operational regimes. This behaviour
is also observed in clusters 2 and 3, which suggests that
the clustering process captures not only distinct procedural
categories but also intermediate behaviours that lie between
distinct procedural categories.

The final fusion classification results in the majority of
the operations classified to NADP2 1000 ft, which shows
a large discrepancy between the classification and the re-
alisation from interviews with airlines. However, when
combining the percentages of classified NADP2 800 ft
and NADP2 1000 ft, the discrepancy between the reali-
sations is minimised. This further supports the observed
phenomenon that operational NADP behaviour exists on a
continuum rather than in strictly discrete categories.

Furthermore, the shift from NADP2 800 ft to NADP2
1000 ft may also be attributed to the reliance of several
metrics on event detection. Given the previously mentioned
sensitivities in sampling frequency, temporal resolution
and system delay, the identification of the precise timing of

the event detection poses difficulty. Since the distinction
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between NADP2 800 ft and NADP2 1000 ft is primarily
defined by the event transition, such uncertainties could
potentially lead to classification bias towards the next
discrete category in the continuum spectrum.

The sensitivity analysis in Table 14 demonstrates that
while the dominant classification of NADP2 1000 ft re-
mains robust across 99% of weighting configurations, sig-
nificant variability exists in the classification of secondary
profiles. This indicates that the classification framework
remains sensitive to the parameter selection and weighting
assumption.

However, across the majority of weighting configura-
tions, NADP1 consistently remains the least represented
profile. This observation aligns with the expected opera-
tional benchmark, suggesting that despite the classification
framework remaining sensitive to parameter selection and
weighting assumptions, it retains a reasonable level of
identifying relatively low frequency procedures.

Finally, the agreement analysis shown in Table 13 indi-
cates that airspeed-based metrics contribute most strongly

to the final classification, thereby rejecting hypothesis H2

B. CDA Classification

The CDA classification results exhibit a relatively strong
agreement between the RMI regulations and the ICAO
framework, particularly in CDA classification. However,
discrepancies arise during the level flight operation classifi-
cation, which is due to the underlying differences between
the two frameworks.

When combining the two frameworks, as shown in
Figure 8, 78.3% of the CDA classifications are consis-
tent. However, 15.6% of the flights are classified as CDA-

compliant under the RMI definition but not under the
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ICAO framework. This discrepancy aligns with the ob-
served 10.2% 4000ft level flight operations presented in
Table 15. The primary cause of this discrepancy lies in
the RMI regulations, which restrict level flight classifica-
tions to only 2000 ft and 3000 ft, while other level flight
segments above these thresholds, such as level flight above
3500ft are still considered CDA-compliant. In contrast,
the ICAO framework explicitly accounts for such higher
altitude level segments, leading to their classifications as
non-CDA operations.

Conversely, 6.1% of the flights are identified as CDA-
compliant under the ICAO framework but not under the
RMI definition. This misalignment can be attributed to
the geometric constraint imposed by the RMI definition,
which requires the descent trajectory to be above a 2.5°
datum reference line. As a result, flights classified as
CDA-compliant under the ICAO framework with shallower
flight path angle, such as y with 2° or 2.25°, fail to meet
RMI CDA criteria.

These differences in geometric constraints further con-
tribute to the discrepancy observed in the level flight clas-
sification between the two frameworks. RMI regulations
define level flight based on the altitude at which it is no
longer compliant with the CDA criteria. This classification
essentially assigns the transition point from continuous
descent to level flight. In contrast, the ICAO’s framework,
with references also to the FPP[5], allows for multiple-level
segments within a descent profile.

Consequently, the methodological difference leads to
systematic differences in the classification outcomes. In
particular, it explains the higher portion of 2000ft level
flight operations identified under the ICAO framework

compared to the RMI classification.



All in all, these findings support hypothesis H3, as the
combined use of RMI and ICAO definition provides a more
robust framework for CDA classification. The combina-
tion of frameworks captures both geometric constraints
and operational descent characteristics. This enables the
classification to reflect both regulatory compliance and

variability observed in real-world operations.

C. Reduced-Flap Setting Approach Classification

The reduced-flap setting approach classification result
exhibits that LSTM-based sequence modelling is generally
effective in identifying flap deployment behaviour from
trajectory data. For most narrow-body aircraft types, clas-
sification accuracy above 85% are achieved. However,
generically, the LSTM models tend to under-predict the
flap deployment behaviour.

As a result, when coupled with noise modelling, this
may lead to underestimation of the noise emissions, as
reduced-flap configurations are associated with lower aero-
dynamic drag and subsequently lower noise levels com-
pared to full-flap operations.

In contrast, for wide-body aircraft, classification ac-
curacy is averaged around 70%. This reduction could be
attributed to having a limited sample size available for these
aircraft types, which restricts the LSTM model’s ability to
learn a representative pattern.

Furthermore, in contrast to narrow-body jets, the LSTM
models for wide-body jets tend to over-predict flap deploy-
ment behaviour. Therefore, the classification for wide-body
jets results in a conservative manner.

Lastly, when comparing the inclusion of the runway
identifier as an input to the LSTM model Table 17, only

minimal changes in model performance are observed. Al-

though most models require a reduction in architectural
complexity from two layers to one layer. This reduction of
model complexity can be attributed to the increase in input
dimensionality introduced by the runway identifier, where
each runway is represented as a binary-encoded feature.
Finally, the limited impact of the runway identifier may
be explained by the structure of the dataset, in which cu-
mulative distance implicitly captures aspects of the runway
length through the inclusion of landing distance. As a

result, this finding does not support hypothesis H4.

VIII. Conclusion

This study developed and evaluated a data-driven ap-
proach for the classification of noise abatement procedures,
including NADP, CDA and reduced-flap setting approaches.

For NADP classification, the results demonstrate that in-
corporating variability in the energy share factor within the
FPP improves the accuracy of the energy-based trajectory
similarity classification, supporting hypothesis H1.

However, substantial discrepancies remain between
classification outputs and airline realisations, particularly
for distinguishing between different NADP2 sub-variants.
These differences highlight that operational behaviour does
not follow strictly discrete categories, but rather exists
along a continuum. While the fusion approach provides
robust dominant classifications, the strong influence of
airspeed-based metrics leads to the rejection of hypothesis
H2.

For CDA classification, relatively strong agreements
are observed between RMI regulation and the ICAO frame-
work in identifying CDA operations, while discrepancies
between operational reality and regulatory definitions are

observed. The combined use of both frameworks enhances
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the classification robustness of CDA operations, supporting
hypothesis H3.

For the reduced-flap setting approach classification, the
LSTM models demonstrate high performance for narrow-
body jets, indicating the method is suitable for classifying
reduced-flap setting approach operations. However, a
decrease in accuracy is observed for wide-body jet due to
the limited availability of training data. Additionally, the
minimal impact of runway identifier as an input suggests
that trajectory derived features are sufficient, provided that
trajectory data includes ground segments during landing,
consequently leading to rejection of hypothesis H4.

Overall, this research demonstrates that through data-
driven approaches it is possible to capture key patterns and
operational events to classify flight trajectory to the corre-
sponding noise abatement procedure flown. Future work
should focus on improving temporal resolution, expanding
the dataset and developing event-based validation set to

enable more direct comparison with airline realisations.
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Literature Review

2.1. Noise Abatement Procedures

Noise Abatement Procedures (NAPs) are operational procedures established by the International Civil
Aviation Organisation (ICAO), aiming to provide a global framework to minimise aircraft noise exposure
around the aerodrome. The detailed operational guidance for different NAPs is provided in [1]. ICAO
defines two aeroplane operating procedures, namely the Noise Abatement Departure Procedures (NADPs)
and Continuous Descent Operations (CDO).

2.1.1. Noise Abatement Departure Procedures (NADP)

Within the category of Noise Abatement Departure Procedure, NADPs are further refined into two main
types: NADP1 and NADP2. NADP1 aims to reduce the noise impact in close proximity to the end of
the departure runway. In this procedure, the initial climb speed before reaching 800 ft above aerodrome
elevation should not be less than 10 kts above V5. Furthermore, a power or thrust cutback is performed
between 800 ft and 3000 ft above aerodrome elevation. Within the 800 to 3000 ft range, the climb speed of
the aircraft maintains between 10 and 20 kts above V5. Lastly, the flaps and or slats retraction is delayed
until the aircraft reaches 3000 ft above aerodrome elevation and the aircraft climb profile transitions to
normal en-route climb speed [1].

NADP2 is designed to reduce noise impact in areas further away from the end of the departure
runway. In this procedure, the initial climb speed before reaching 800 ft above aerodrome elevation should
be between 10 to 20 kts above V5. The flaps and or slats retraction is initiated between 800 ft and 3000 ft
above aerodrome elevation. Within this altitude range, the power or thrust cutback is also performed, while
ensuring satisfactory acceleration performance. Lastly, once the aircraft reaches 3000 ft above aerodrome
elevation, the aircraft’s climb profile transitions to normal en-route climb speed [1]. An example of NADP1
and NADP2 is shown in Figure 2.1 and Figure 2.2 respectively [1].

Altitude
Continue to
enroute climb speed,
retract flap and slats
3007t I
Maintain reduce thrust,
maintain flap and slats at
take — off configuration
800 ft -------- <+—— Initiate thrust reduction
Take — off thrust
with V,

Distance

Figure 2.1: Example of NADP1 Procedure Adapted from ICAO [1]
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Altitude
Continue to
enroute climb speed
3007t
Reduce thrust while ensuring
satisfactory climb performance
Maintain positive rate of climb, reduce body angle,
acceleartate to Vyzp,
retract flap and slats on speed schedule
800ft | ---ff--- i P
Take — off thrust
with V,

Distance

Figure 2.2: Example of NADP2 Procedures Adapted from ICAO [1]

The major difference between NADP1 and NADP2 is that flap/ slats are retracted at a later stage of
the climb, resulting in a later initial acceleration altitude. Additionally, in 2007, ICAO established 14
different NADP profiles based on interviews with airlines and modelling of flight trajectories, resulting in
six NADP1 profiles and eight NADP2 profiles [2]. These 14 different NADP profiles are based on different
initial acceleration altitudes, thrust cut back altitudes and flap/ slats retraction altitudes.

The Dutch government has particular environmental regulations for Amsterdam Airport Schiphol operations,
which are depicted in the Schiphol Airport Environmental Information Regulations (in Dutch: Regeling
milieu-informatie luchthaven Schiphol (RMI)) [3]. The RMI defines the environmental and operational
data that the airport operator and air navigation service provider must record and report to regulatory
authorities, including noise levels, aircraft movements, and emissions. To ensure standardised and consistent
reporting, the RMI references the technical data provided by Royal Netherlands Aerospace Centre (NLR)
in [4]. The technical data in [4] includes a set of fixed-point profiles (FPPs) for various aircraft operations
including NAPs. Within each fixed-point profile, the aircraft type, operation type, distance from the
runway, stage length, altitude, true airspeed (TAS) and thrust setting are provided. The generated FPPs
are derived from the median flight trajectories observed from flight trajectory data [5]. However, using
these representative profiles limits the ability to model and classify individual flights according to their
actual NAP operations.

For Amsterdam Airport Schiphol operations, further distinct subcategories of the NADP2 type are
defined by the NLR, which are the sub-variants of 800 ft, 1000 ft and 1500 ft. These sub-variants describe
the initial acceleration altitude to be at 800 ft, 1000 ft and 1500 ft. However, in the FPPs, these 800 ft,
1000 ft, and 1500 ft sub-variants assume the thrust cutback and flaps/ slats retraction occur simultaneously
at the prescribed altitude. Furthermore, comparing the FPP to the ICAO definitions, both NADP1 and
NADP2 profiles do not exhibit an increase in speed from V5 to 800 ft, the speed is assumed to be constant.
Based on the Aeronautical Information Publication (AIP) from Luchtverkeersleiding Nederland (LVNL),
the default departure operation is to perform an NADP2 operation, unless specified otherwise [6]. However,
as of the status quo, there are no accurate measures to monitor compliance and distinguish which flight
trajectory is operating under NADP1, NADP2 800 ft, NADP2 1000 ft and NADP2 1500 ft.

2.1.2. Noise Abatement Descent Procedures

For NAPs relating to descent, ICAO mainly specifies and provides a framework for the concept of CDO.
ICAO describes CDO as an operation that enables arriving aircraft to descend continuously by employing
idle thrust in a low drag configuration before the final approach fix (FAF) [7]. ICAO also describes the
optimum scenario as initiating a CDO at the top of descent. In the RMI, a particular subset of CDO is
considered, which is the Continuous Descent Approach (CDA). Based on the RMI, a flight is compliant
with CDA operations as long as, from below 3500 ft and above 1500 ft, the aircraft has no level segments.
In addition to that, from the runway threshold, the aircraft should always be above an arbitrarily drawn
2.5° glideslope line.
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Despite the lack of an exact definition of the reduced-flap setting approach from ICAO, ICAO [1]
stated that the full landing configuration should not be deployed until less than 5 nm from the threshold of
the intended landing runway [1]. This approach aims to minimise aerodynamic drag and, consequently,
reduce engine thrust and associated noise during the earlier segments of the approach. Based on the
RMI and the supporting technical documentation provided by NLR [3, 4], a more specific definition is
provided for Amsterdam Airport Schiphol operations. As stated in the RMI, the reduced-flap setting
approach is defined as when an aircraft performs the final approach without deploying the full landing flap
configuration. When comparing the full flap setting approach to the reduced-flap setting approach in the
FPPs, the only difference is in the minimum TAS. However, purely based on the modelled minimum TAS
does not allow accurate classification, as flight conditions vary leading to varying minimum TAS.

2.2. NADP Profile Modelling and Clustering

Within the FPP generated by the NLR, for each aircraft type, and depending on the stage length,
the distance from departure to arrival, there is one modelled NADP1, NADP2 800 ft, NADP2 1000 ft
and NADP2 1500 ft flight trajectory. Hence, to further improve the potential to model various trajec-
tories for each sub-variant of NADP operation. NADP modelling and classification techniques are researched.

Several studies have specifically focused on the modelling and classification of NADPs. Lim [8] in-
vestigated methods to improve the modelling of NADP profiles for environmental impact assessment.
Building on this work, Behere et al. and Bhanpato et al. extended the research by developing and applying
clustering and classification algorithms for the analysis of NADP [9, 10, 11].

Building upon the established NADP framework defined by ICAO, Lim [8] focused specifically on
enhancing the definition and representation of NADP profiles. In the study, Lim noted that all airlines were
using procedures that were combinations of a set of discrete NADP profiles, and that all airline departure
procedures could be classified as either NADP1 or NADP2. To further model new departure profiles in
addition to the 20 NADP profiles described in [2], the proposed method models the profiles based on the
final speed schedule at FL.100, the flap schedule, and the energy share percentage. This approach minimises
variations due to aircraft weight, atmospheric conditions, and thrust settings. In the paper, Lim described
the energy share percentage as shown in Equation 2.1.

A Kinetic Energy
A Kinetic Energy + A Potential Energy

Energy Share % = (2.1)
With the insight from Lim [8], Behere developed a consensus clustering model to cluster NADP profiles [9].
The consensus clustering model allows multiple individual metric-based clustering algorithms to combine
into a single clustering solution. This enables multiple perspectives of the data to be incorporated into the
algorithm, providing greater dimensionality and insight into the NADP profiles. The model employs three
main categories of similarity metrics, namely performance-based, emission-based, and noise-based. The
different categories allow the clustering process to consider not only the flight trajectory characteristics but
also their environmental and operational implications. The schematic of the methodology developed by
Behere for the consensus clustering model is shown in Figure 2.3.

Individual Metric

Clustering
Profiles Individual Metric Consensus Final
Information Clustering Clustering Clusters

Individual Metric
Clustering

Figure 2.3: Consensus Clustering Schematic developed by Behere [9]
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Bhanpato further developed the NADP classification model. Bhanpato combined trajectory similarity
classification with a layer of trajectory clustering [10]. The trajectory clustering incorporates distance,
altitude and rate of climb to cluster similar trajectories together. With the combination of both metrics,
a consensus NADP classification is obtained by mapping the trajectory to the closest median reference
trajectory.

Behere further developed another model using take-off time-series trajectory data to classify the NADP
profiles flown [11]. Firstly, Behere resamples time-series trajectory data into a common basis based on
cumulative ground track distance in nautical miles. Furthermore, based on the pre-computed NADP
trajectories, each flight trajectory is assigned a similarity score based on the altitude root mean square
error (RMSE) between the NADP profile and the flight trajectory per cumulative ground track for every
NADP profile. Based on the minimum RMSE, the flight trajectory will be classified as an NADP profile.
The schematic of the classification model developed by Behere is shown in Figure 2.4.

Procurement of real-world dataset for modeling,

Obtain real-world data and pre- . . y
A ) cleaning and processing of data to remove outliers
B and formatting the data so it can be input to the method
s N
Model the determined parameters and combination of
Generate a pre-computed ] ) .
B . . 5 parameter values to obtain a design of experiments. For
library of trajectories P -
L ) each combination, store the trajectory and performance
s N

Sample each real-world operation and pre-computed flight
C Compute the similarity metric onto a common sampling basis. Compute the differences
in the trajectories and aggregate into a similarity metric

( T\ Assign each real-world operation to its most similar
Map real-world operation to pre-computed trajectory. The combination of parameter
D B ; ) )
parameter values values which led to this pre-computed trajectory is the
|\ v, parametric representation of the real-world operation.
( Compute the error associated with the parametric
E Calculate error associated with Representation. The method guaranteed a representation
parametric representation for each flight, but the most-similar flight may still be too
L& different from the real-world data

Figure 2.4: Trajectory Classification Schematic developed by Behere [11]

While all four studies [8, 9, 11, 10] present insights into the modelling and classification of NADP profiles,
the modelling of NADP profiles remains dependent on the use of the Federal Aviation Administration
(FAA) developed support tool, the Aviation Environmental Design Tool (AEDT). In addition, the proposed
classification methods [11, 10] employ trajectory similarity and do not investigate the detection of key
NADP events such as flap retraction, thrust reduction and acceleration.

2.3. Configuration Estimation

In the previous sections, different classification and modelling methods are aimed towards NADP profiles.
To identify reduced-flap setting approaches, the detection of flap setting is a necessity. Nichols, Jarry, and
Bhanpato each established a data-driven model to estimate aircraft configuration using various machine
learning algorithms [12, 13, 14].

Nichols proposed a different supervised learning method to estimate aircraft state using surveillance
data [12]. The supervised learning models were trained from data obtained from the FAA level-D
qualified full-motion flight simulator, with inputs that are obtainable from ADS-B data. Within the
research, supervised learning models such as linear regression, random forest regression and random forest
classification are explored. In addition to the different supervised learning models, Nichols also investigated
the incorporation of the Dynamic Principal Component Analysis (DPCA) technique on the dataset to allow
inclusion of the time feature. In conclusion, from the results, the incorporation of DPCA does not lead to
higher accuracy in flap estimation, and the best supervised model learning is the random forest classification.

Jarry further developed the concept of using flight data records to estimate aircraft state [13]. Jarry
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developed the model based on the Long Short-Term Memory (LSTM) neural network algorithm. The
advantage of using the LSTM algorithm compared to the Recurrent Neural Network (RNN) is that the
LSTM neural network algorithm performs better for time-series datasets. This is due to the algorithm
allowing the neural network model to learn long-term dependencies and not be limited to short-term
dependencies. The research of Jarry relies on the model input of radar available data, such as ground speed,
vertical speed and altitude. In addition to that, derivable inputs such as specific kinetic energy, specific
potential energy and specific total energy. The LSTM model is run on two different types of aircraft for
two different airports; both accuracies are relatively similar, hence confirming the model is suitable for
different aircraft and airport approaches.

Bhanpato further developed the research on comparing the LSTM neural network algorithm to the
Hidden Markov Model (HMM) model [14] for configuration estimation. Hidden Markov model uses the
Markov process to infer hidden states from observations. Bhanpato also compared how the difference
between input features affects the model configuration estimation. From the research, it is concluded that
the LSTM algorithm outperforms the HMM model.

While all three research [12, 13, 14] present different algorithms for aircraft configuration estimation.
However, all three research focuses on the arrival procedure, and does not discuss aircraft configuration
estimation for departure procedures.



Research Activity

In this chapter, the research objective of the project is presented and research questions are formulated to
bridge the knowledge gap between the research objective and the literature review shown in Chapter 2.

3.1. Research Question
Research Objective I

The primary objective of this research is to develop a model for classifying flight track data into
specific noise abatement procedures at Amsterdam Airport Schiphol, to support noise impact
assessment and operational compliance monitoring.

This research objective aims to provide an analytical approach towards NAP compliance analysis in
comparison to the current interview-based analysis.

Research Question 1 |

To what extent can Noise Abatement Departure Procedures (NADPSs) be accurately classified
using fixed-point profiles (FPPs) derived by NLR?

Research Question 1 addresses the applicability of classifying flight trajectories to particular NADP profiles
based on the limited trajectories provided in the FPP. In addition, the research question also aims to explore
the current dependency on the FAA’s AEDT tool for modelling NADP profiles and explore alternative
modelling approaches, as motivated by the limitations and gaps identified in [8, 9, 11]. Stemming from
research question 1, this leads to multiple sub-questions as shown below:

1. How can the use of NLR’s FPP be incorporated to model NADP profile envelopes?
2. How well do the NADP profiles specified in the RMI align with the ICAO NADP profile definitions?

3. How does the analysis of historical flight paths enable more realistic modelling of NADP profile
envelopes?

4. To what extent does the incorporation of enhanced Mode-S data improve the NADP profile classifica-
tion in comparison to radar track data?

5. To what extent does analysing specific energy allow more robust NADP profile modelling?

6. Which performance metrics will aid in improving the NADP profile classification when combined in
the consensus clustering?

Research Question 2 |

To what extent can the combination of RMI regulations and ICAO framework increase robustness
in classifying flight trajectories as Continuous Descent Approaches?
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Research Question 2 compares the classification fidelity between using ICAO and RMI definition and
further compares the combination of the two frameworks together. Stemming from research question 2,
this leads to multiple sub-questions as shown below:

1. To what extent is applying only RMI regulations sufficient for CDA analysis?

2. Is purely using the RMI regulation sufficient for noise modelling purposes?

Research Question 3 I

How does estimating aircraft configuration allow for reduced-flap setting approach classification?

As of the status quo, there are limited literature studies on the reduced-flap setting approach. Research
Question 3, aims to combine the knowledge of configuration estimation and further expand on this knowledge
to bridge the gap of reduced-flap setting approach detection. Stemming from research question 3, this leads
to sub-questions as shown below:

1. How does including a runway identifier improve accuracy of configuration estimation?
2. How can the use of a single airline dataset be generalised for all airline operations?

3. To what extent is training a machine learning model to purely predict final flap configuration sufficient
for reduced-flap setting approach classification?

3.2. Evaluation of Research Question

Research Question 1 is addressed by demonstrating that flight trajectories can be effectively classified into
NADP profiles despite the limitations associated with the minimal reference trajectories provided in the
FPP. This is achieved through the incorporation of an energy-based trajectory similarity metric as one
of the primary performance indicators. Furthermore, NADP profile envelopes can be integrated into the
FPP-based representations using an initial fusion classification derived from historical flight trajectory
data, thereby enhancing the representativeness of the reference profiles.

The developed methodology relies on the inclusion of enhanced Mode-S data across all performance
metrics. While the proposed methods were also evaluated using datasets containing only radar track
data, the resulting classification performance was found to be insufficient. Finally, the combination of
multiple performance metrics within a consensus clustering and weighted fusion framework improves overall
classification, while also revealing sensitivity to weight selection between metrics.

Research Question 2 is addressed by evaluating the underlying differences between the RMI regulations
and ICAO framework. This is achieved through the development of two separate CDA classifications
approaches, followed by their combined application. This result demonstrates that the combined framework
yields a more robust classification, where shallow descent paths below 2.5° are no longer classified as CDA,
and level segments below 6000 ft are explicitly excluded from CDA classification.

The findings indicate that the application of the RMI regulation alone is sufficient for regulatory compliance
analysis. However, for noise modelling purposes, the combined framework or the ICAO framework
independently provides a better representation of operational behaviour, hence improving the accuracy of
noise modelling outcomes.

Research Question 3 is addressed by demonstrating flap deployment estimation models can be effectively
utilised for reduced-flap setting approach classification. This is achieved through the development of an
LSTM neural network model for estimating flap deployment, followed by a comparison between the predicted
final flap setting and the maximum allowed flap setting. The result demonstrates high classification accuracy
for narrow-body jets, indicating trajectory information is sufficient to capture flap deployment behaviour.
However, for wide-body jets the accuracy decreases significantly, which is likely caused by the limited
data size. The findings also indicate that runway identifier does not improve accuracy of configuration
estimation, provided that trajectory data includes ground segments during landing.

Lastly, training machine learning model directly from trajectory data to binary reduced flap classification
was found to be insufficient. The model tends to learn highly specific flight behaviours, leading to over-fitting
and poor generalisation. Furthermore, such an approach requires the full trajectory to be processed in
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a single sequence rather than in segmented batches, resulting in heavy computational complexity and
training time.
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Sensitivity Analysis of NADP Classification

This appendix contains more information on the sensitivity analysis of the NADP classification, in
particularly the correlation between each metrics weight and influence on profile classification.

Further sensitivity analysis was conducted to evaluate the influence of weight assignment on the final fusion
classifier used for NADP profile classification. A total of 969 different weight combinations were explored,
where each weight was varied in increments and decrements of 0.05. The correlation between each weight
and NADP profile is shown through a heat map in Figure A.1.
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Figure A.1: Weight Influence on NADP Classification

The resulting heat map indicates that the classification outcome is distinctly sensitive to both the airspeed-
based metric and the energy-based performance metric. In particular, the airspeed metric exhibits a
strong positive influence (0.80) on the NADP2 1500 ft classification, while demonstrating a strong negative
influence (—0.80) on the NADP1 classification. This behavior is expected, as the airspeed metric achieves
the highest classification rate for the NADP2 1500 ft profile and the lowest classification rate for NADP1.

Similarly, the energy-based performance metrics shows a relatively strong negative influence (-0.73) on
NADP2 1500ft classification. While NADP1 and NADP2 1000ft classification depicts moderate positive
influence.

Overall, these results highlights that the classification framework can be governed by a trade-off between
airspeed based metric and energy-based performance metric, where increasing emphasis or confidence in
one metric systematically shifts the classifier between the high-altitude NADP2 classifcation and NADP1.
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NADP Trajectory Classification

This appendix presents trajectory visualisations for outbound flights. For each NADP profile, a representa-
tive trajectory plot is provided based on flights classified under the corresponding profile. Each trajectory
is shown as a function of distance and includes key operational markers: the acceleration altitude, thrust
cutback altitude, and flap retraction altitude.
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Figure B.1: Sample NADP 1 Flight
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CDA Classification Comparison

This appendix provides visualisation of the differences between the RMI regulation and the ICAO framework
for CDA classification through trajectory plots, as shown in Figure C.1 and Figure C.2
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Figure C.1: Cases for Both ICAO and RMI Agreement
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Figure C.2: Cases for ICAO and RMI Disagreement

As shown in figure C.2a, the flight trajectory is compliant with the RMI regulation, as all trajectory points

42



43

below 35001t is above a 2.5° datum line. However, it is not ICAO framework compliant due to the presence
of level segment at 4000ft and 3000ft. In contrast, in figure C.2b, the trajectory is compliant with the
ICAO framework. Nevertheless, around 3000ft the trajectory falls below the constant 2.5° datum line and
therefore it is classified as level flight under RMI regulations.



LSTM Model Training

This appendix provides an overview of the training of LSTM models of each aircraft type. The accompanying
plots serves as a verification function to confirm that the model performance does not deteriorate as a
result of over-fitting.

Over-fitting behaviour is evaluated based on the trend of validation loss over the course of training
epochs. A consistent increase in validation loss indicates a presence of over-fitting. In contrast, if the
validation loss stabilises or further decreases after an increase, the model is not considered to exhibit
sustained over-fitting behaviour.

The training loss, validation loss and combined training score per aircraft type model is shown be-
low. The presented training curves shows no consistent increase in validation loss behaviour, indicating
that no sustained over-fitting behaviour occurs during training.

Furthermore, for most aircraft types, training loss continues to decrease even when validation loss
stabilises. This behaviour highlights the need to balance both training and validation loss when applying
the early stopping mechanism.
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