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1
General Introduction

Air traffic in Europe continues to grow while airport and airspace capacity remain constrained, placing

increasing pressure on the efficiency and predictability of air traffic operations. At major hub airports

such as Schiphol, a central task is to keep the expected traffic demand compatible with the available

capacity, a process known as Demand Capacity Balancing (DCB). This balance is strongly determined by

runway capacity, since both inbound and outbound flows depend on the take-off and landing capacity of

the active runway configuration. Luchtverkeersleiding Nederland (LVNL) supports this process through a

Decision Support Tool (DST) that provides supervisors and flow controllers with a view of the expected

future demand and the available capacity. The value of this tool depends directly on how accurately future

traffic demand is predicted, particularly three to four hours ahead of operation, when there is still time to

prepare regulations and plan runway use for upcoming inbound and outbound peaks.

A major source of uncertainty in this demand prediction is knock-on delay, also referred to as reactionary

delay, which occurs when a delay on one flight propagates to later flights. Because an aircraft must first

complete one flight leg before it can operate the next, disruptions accumulate over the course of the day,

and delayed flights can arrive in concentrated waves that were not visible in the original schedule. These

waves create demand spikes that are difficult to anticipate, yet the current DST does not explicitly model

how delay propagates through aircraft rotations, which limits its ability to foresee them.

Delay propagation has been studied extensively, but existing approaches generally model delay at the

level of complete flights, aircraft rotations, or airport networks, treating each flight as a single unit that

departs late and arrives late. This conceals where delay is actually generated, absorbed, or preserved

within a rotation, because the operational phases that connect two flight legs, namely the turnaround,

taxi-out, airborne, and taxi-in phases, behave very differently from one another. Modelling these phases

as a single aggregated quantity therefore provides limited insight into how knock-on delay evolves, and

how it ultimately affects the traffic demand at Schiphol.

This study develops a phase-decomposed model of knock-on delay that represents how delay evolves

through the successive operational phases and flight legs of an aircraft rotation, and evaluates its contribu-

tion to Schiphol demand prediction. Each rotation is represented as a sequence of turnaround, taxi-out,

airborne, and taxi-in phases, and the predicted aircraft state is propagated from one phase to the next

so that rotational delay can be traced as it is transferred, preserved, or partly absorbed before affecting

subsequent flights. The framework is applied to operations at Schiphol, and its milestone predictions are

aggregated to assess whether modelling knock-on delay leads to more accurate rolling Schiphol demand

predictions.

The thesis is structured in two parts. Part A contains the scientific article, which forms the final research

contribution and presents the methodology, results, and conclusions of the study. Part B contains the

literature review and research definition from the initial phase of the thesis. It provides the operational,

technical, and methodological background on which the article is based, and documents the original

research questions and project plan.

1
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Phase-Decomposed Modelling of Knock-On Delay
for Schiphol Demand Prediction

A. Nari
Supervised by: Dr.ir. J. Ellerbroek, Delft University of Technology,

Dhr. F. Dijkstra, Knowledge & Development Centre Mainport Schiphol

Control & Operations, Faculty of Aerospace Engineering
Delft University of Technology, Delft, the Netherlands

Abstract—Knock-on delay is an important source of uncer-
tainty in air traffic demand prediction. A delay on one flight
can propagate to subsequent flights operated by the same
aircraft, shifting the timing of later departures and arrivals.
This paper develops a phase-decomposed propagation model to
predict how knock-on delay evolves through aircraft rotations
and how this affects the demand profile for Schiphol traffic.
The model represents each aircraft rotation as a sequence of
turnaround, taxi-out, airborne, and taxi-in phases. Off-block
time and landing time are predicted using LightGBM models,
while taxi times are estimated using lookup tables. Predicted
milestones are passed from one phase to the next, so that the
predicted state of the aircraft remains consistent throughout the
remainder of the rotation. The model is trained on July 2025 data
and evaluated on August 2025 for KLM, KLM Cityhopper, and
Transavia flights. The results show that the proposed framework
improves Schiphol take-off time prediction across all evaluated
horizons. At the 180–240 minute horizon, the take-off time Mean
Absolute Error (MAE) decreases from 16.16 to 13.62 minutes
and the Root Mean Squared Error (RMSE) from 23.95 to 21.22
minutes, corresponding to relative reductions of approximately
16% and 11%, respectively. Schiphol landing time prediction
also improves, with a lower MAE across all evaluated horizons
and improvements in all error metrics from the 15–30 minute
horizon onwards. At the 180–240 minute horizon, the landing
time MAE decreases from 13.92 to 11.33 minutes and the RMSE
from 21.69 to 18.60 minutes, corresponding to relative reductions
of approximately 19% and 14%, respectively. These milestone
improvements translate into more accurate Schiphol demand
prediction across all evaluated horizons. At the 180–240 minute
horizon, the rolling demand MAE decreases from 2.97 to 2.53
aircraft and the RMSE from 3.93 to 3.34 aircraft, corresponding
to relative reductions of approximately 15% in both metrics.
Overall, the results show that modelling rotational knock-on
delay improves the prediction of future take-off and landing
events and leads to more accurate rolling Schiphol demand
prediction.

Index Terms—Knock-on delay, Reactionary delay, Demand
prediction, Schiphol Airport

I. INTRODUCTION

Air traffic operations in Europe continue to face increasing
pressure as traffic demand grows while both airport and
airspace capacity remain constrained [1]. Flight delays reduce
the predictability of traffic demand, making it more difficult to
anticipate capacity needs and thereby increasing the likelihood
of demand–capacity imbalances [1]. Although primary delays
originate from factors such as adverse weather, Air Traffic

Flow and Capacity Management (ATFCM) regulations, or
airport capacity constraints, the dominant source of disruption
in the European network is knock-on delay, also referred to as
reactionary delay [2]. Knock-on delay occurs when a delay on
one flight propagates to subsequent flights through operational
dependencies, such as aircraft rotations, crew connections, or
passenger transfers. This paper focuses on rotational knock-
on delay, where the same aircraft must complete one flight
leg before it can operate the next. According to the EURO-
CONTROL Central Office for Delay Analysis (CODA) [2],
reactionary delay accounted for 46% of all delay minutes in
Europe in 2024, translating to 8.0 minutes per flight, making
it the largest delay source.

Luchtverkeersleiding Nederland (LVNL), responsible for
Air Traffic Control in the Dutch Flight Information Region
(FIR), operates the Decision Support Tool (DST) that provides
Area Control Center supervisors and Flow Management Po-
sition Controllers (FMPCs) with insight into expected traffic
demand and available capacity in Dutch airspace. The DST
uses simulation and a machine learning method to balance
capacity and demand. However, the system does not model
knock-on delay. This limits the ability of controllers to an-
ticipate demand spikes that emerge when clusters of delayed
flights enter the FIR simultaneously.

A substantial body of research has examined how delay
propagates through aircraft rotations using analytical models
that identify the mechanisms behind delay propagation [3],
[4]. While these models provide valuable insight into the
underlying propagation mechanisms, they are not designed to
predict future delay evolution. Machine learning models have
therefore been developed to fill this gap [5], [6]. However,
existing work does not analyse how delay evolves through each
individual phase of a rotation, namely the turnaround, taxi-out,
airborne, and taxi-in. As a result, it provides limited insight
into where delay is generated, absorbed, or preserved within
an aircraft rotation, making it more difficult to understand and
predict how knock-on delay propagates over time.

The main contribution of this paper is a phase-decomposed
knock-on delay model for aircraft rotations at Schiphol Air-
port, applied to operations of KLM, KLM Cityhopper, and
Transavia. The initial filed flight plan serves as the schedule
reference for all delay calculations. The model combines



trained prediction models with lookup-table estimates to rep-
resent the operational phases of an aircraft rotation. The off-
block and landing time models use feature sets that reflect
the dynamics of the turnaround and airborne phases, while
the taxi-out and taxi-in phases are estimated using lookup
tables. The feature design also accounts for the different
availability of Airport Collaborative Decision Making (A-
CDM) milestone data at Schiphol and at outstations. For each
observation time, the predicted take-off and landing times
across all active rotations are aggregated to estimate Schiphol
arrival and departure demand for LVNL’s demand–capacity
balancing process.

This paper is structured as follows. Section II provides the
background on delay propagation and phase-level modelling.
The phase-decomposed methodology is then introduced in
Section III, after which Section IV describes the experimental
setup. Section V presents the results, which are discussed
further in Section VI. Finally, Section VII concludes the paper.

II. BACKGROUND

This section provides the technical and operational back-
ground required to understand the phase-decomposed prop-
agation model proposed in this paper. It first introduces the
operational context of demand prediction in the Dutch Flight
Information Region (FIR). It then describes Airport Collabora-
tive Decision Making and the milestone data used to define the
operational phases. Finally, it reviews the literature on delay
propagation through aircraft rotations and the state of the art
in phase-level delay prediction.

A. Operational Context

Luchtverkeersleiding Nederland (LVNL) is the Air Nav-
igation Service Provider (ANSP) responsible for air traffic
control in the Dutch FIR. A central task within this oper-
ational environment is Demand Capacity Balancing (DCB),
which aims to ensure that expected traffic demand remains
compatible with the available airspace and airport capacity.
In the Schiphol context, this balance is strongly determined
by runway capacity, since both inbound and outbound flows
depend on the landing and take-off capacity available for the
active runway configuration [7].

Within the European Air Traffic Flow and Capacity Man-
agement (ATFCM) network, Air Navigation Service Provider
(ANSPs) monitor expected traffic demand and available ca-
pacity within their areas of responsibility. When a demand-
capacity imbalance is expected in the Dutch FIR, LVNL
determines whether an Air Traffic Flow Management (ATFM)
regulation is required and coordinates the measure with the
Network Manager Operations Centre (NMOC). The NMOC
assesses the network-wide impact and implements the regula-
tion in the Network Manager system. Based on the regulation,
the Network Manager assigns individual Calculated Take-
Off Times (CTOTs) to the affected flights. These flights are
required to depart within a tolerance window of five minutes
before to ten minutes after the assigned CTOT.

LVNL’s Decision Support Tool (DST) supports DCB by
providing Flow Management Position Controllers (FMPCs)
with insight into future traffic demand and available capacity.
In this operational context, traffic demand is evaluated in five-
minute time bins using a rolling 20-minute window. For each
time bin, the demand represents the number of flights expected
within the 20-minute window starting at the beginning of
that bin, as illustrated in Figure 1. This gives FMPCs a
time-dependent demand profile rather than a set of isolated
flight times, making it easier to assess whether the expected
traffic load remains compatible with the available capacity.
The quality of DCB therefore depends directly on the accuracy
of the predicted take-off and landing times from which these
demand profiles are constructed. This is especially important
three to four hours ahead of operation, because this planning
window still leaves time to prepare regulations and plan
runway use for upcoming inbound and outbound peaks.

Fig. 1. Illustration of the rolling 20-minute demand aggregation. For the
current bin from 12:00 to 12:05, demand is calculated over the 20-minute
window from 12:00 to 12:20. Flights inside the window are counted fully,
while flights crossing the window boundaries are counted fractionally. In this
example, the resulting demand for the current bin is 6.8 aircraft.

If predicted take-off or landing times are shifted by oper-
ational delays, the expected demand profile changes. This is
particularly relevant for knock-on delay, also referred to as
reactionary delay, where a delay on one flight propagates to
later flights operated by the same aircraft [2]. When multiple
aircraft rotations are affected by earlier disruptions, flights
may arrive in the Amsterdam FIR in concentrated waves that
were not visible in the original schedule. Although the current
DST supports DCB using predicted traffic demand, it does not
explicitly model this delay propagation mechanism. This mo-
tivates the phase-decomposed propagation model developed in
this paper. By representing the operational phases separately,
the model can explicitly propagate the predicted aircraft state
from one phase to the next. This makes it possible to identify
where knock-on delay is absorbed or preserved before it affects
subsequent flights and the resulting traffic demand.
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B. Airport Collaborative Decision Making

Airport Collaborative Decision Making (A-CDM) has been
developed to address challenges that arise from ineffective data
and information exchange between different stakeholders at
the airport. The aim is to increase the efficiency of airport op-
erations and improve the performance of the overall Air Traffic
Management (ATM) network by reducing delays, improving
predictability, and optimising the use of resources. A-CDM
addresses this by establishing a common milestone process
that tracks every flight through its turnaround using a shared
set of timestamps, as shown in Figure 2 [8], [9].

Fig. 2. A-CDM Milestones [10]

It defines sixteen standardised timestamps that describe
the progress of an aircraft from scheduled arrival to actual
departure. These milestones define the boundaries of the
four operational phases considered in this study. Taxi-in is
defined from Actual Landing Time (ALDT) to Actual In-Block
Time (AIBT), turnaround from AIBT to Actual Off-Block
Time (AOBT), taxi-out from AOBT to Actual Take-Off Time
(ATOT), and the airborne phase from ATOT to the subsequent
ALDT.

The availability of these detailed milestone timestamps
provides data for modelling delay propagation at the phase
level. Okwir et al. [11] analysed the operational A-CDM
data from Madrid Airport and found that A-CDM milestone
variables substantially improve the prediction accuracy of the
turnaround delay models compared to the models trained
without A-CDM data. The SHapley Additive exPlanations
(SHAP) analysis, which explains machine learning predictions
by measuring the contribution of each input feature to the final
prediction, identified the difference between the Actual Start-
up Readiness Time (ASRT) and the assigned Target Start-Up
Approval Time (TSAT) slot as the most important predictor in
nearly all tested models. This mainly concerns short horizon
prediction, because TSAT is a tactical A-CDM variable that is
typically calculated shortly before off-block time. For longer
horizons, such as three to four hours before departure, TSAT
is often not yet available. Nevertheless, this finding is relevant
for this study, because the phase-decomposed propagation

model uses a sequential prediction procedure. Short horizon
predictions can become inputs for later phases and flight legs,
so accurate milestone prediction close to departure can still
improve the aircraft state that is propagated through the rest of
the rotation. This sequential logic is described in more detail in
Section III-D. More generally, the result shows that structured
A-CDM information contains useful operational data that are
not available in the same standardised form at non A-CDM
airports [8], [9].

C. Delay Propagation Modelling

The literature on flight delay propagation modelling can
be organised into two perspectives. The first is the flight
chain-based perspective, which models how delay propagates
sequentially through the legs of a single aircraft rotation,
treating each flight and its connecting turnaround as a link in
a chain. The second is the airport network-based perspective,
which models how delay spreads across airports through the
connectivity of routes, treating airports as nodes and delays as
signals that propagate through the network [12]. These two
perspectives address different levels of the problem: flight
chain models capture the operator mechanisms driven by
aircraft rotation, crew scheduling, and schedule buffers, while
airport network models capture the inter-airport dynamics
driven by traffic flow and capacity constraints [6]. This paper
adopts the flight chain perspective, as the goal is to trace
how an initial delay on a specific aircraft evolves through
each successive phase and flight leg of its rotation, ultimately
affecting the time at which that aircraft takes off from or lands
at Schiphol.

Within the flight chain perspective, one of the earliest
approaches was proposed by Beatty et al. [3], who introduced
the delay multiplier concept to quantify how an initial disrup-
tion propagates through a schedule. AhmadBeygi et al. [13]
extended this work using propagation trees on two US carriers,
showing that schedules optimised for high resource utilisation
leave little slack to absorb disruptions. Kafle and Zou [4]
further advanced this line of research by analytically separating
propagated delay from newly formed delay within a daily rota-
tion using a Heckman two-step econometric model. Brueckner
et al. [14] demonstrated, through a two-flight model, that only
the ground buffer of the outbound flight determines whether
delay propagates, while the flight buffer of the preceding flight
is inconsequential.

These analytical approaches establish the mechanisms
through which delay propagates through a flight chain, but
they do not provide predictive models of delay propagation.
In recent years, machine learning methods have increasingly
been applied to fill this gap, demonstrating strong predictive
performance because of their ability to capture non-linear
relationships and process large operational datasets [6], [12].
Within the flight chain perspective, Dalmau et al. [15] trained
a gradient boosted decision tree on EUROCONTROL En-
hanced tactical flow management system (ETFMS) data to
predict individual take-off time deviations, finding that the
Available Turnaround Time (ATT) is the dominant factor.
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Building directly on this finding, Dalmau [5] subsequently
extended the approach into a probabilistic CatBoost model for
rotational reactionary delay, treating the entire rotation as a
single prediction unit rather than predicting individual flights
in isolation.

Beyond the flight chain perspective, network-level models
have been developed to capture how delay spreads across
airports. Long Short-Term Memory (LSTM) models exploit
temporal dependencies in airport delay sequences, while spa-
tiotemporal graph neural networks represent airports as nodes
and routes as edges to model network-wide propagation [12].
Although architectures such as Directed Graph Long Short-
Term Memory (DGLSTM) and AG2S-Net have demonstrated
strong performance at this scale, they are not designed to
trace the mechanisms within an aircraft rotation that drive
reactionary delay at the level of an individual flight. This paper
therefore focuses on the flight chain perspective.

Across both perspectives, Li et al. [12] identify airport
characteristics, temporal features, and weather conditions as
the three most frequently used feature categories. Temporal
features include the month, day of the week, and time of
day. Together, these categories appear in nearly 70% of the
reviewed papers and directly inform the feature design adopted
in this study. A further methodological consideration specific
to flight chain modelling concerns the choice of schedule
reference. When a flight is significantly delayed, operators
routinely update the filed departure time in the flight plan.
If this updated plan is used as the reference, the measured
departure delay is reduced and the available turnaround time
appears artificially long, because both quantities are computed
relative to a reference that has already absorbed the disruption
[5]. As illustrated in Figure 3, if an inbound flight arrives 45
minutes late and the operator revises the outbound departure
from 10:00 to 10:45, computing against the updated plan
yields an available turnaround time of 60 minutes and a
departure delay of zero, whereas computing against the initial
plan correctly yields 15 minutes and 45 minutes respectively
[5]. This research therefore adopts the initial flight plan as the
schedule reference.

Fig. 3. Effect of schedule reference choice on available turnaround time and
departure delay [5].

D. Phase Level Prediction

The following subsections review the state of the art in
predicting the duration of each of the four operational phases

that form an aircraft rotation.
1) Turnaround: The turnaround is the central mechanism

through which delay propagates within an aircraft rotation
[4], [14]. It covers all ground handling operations between
an aircraft arriving at the gate and pushing back for the next
departure, including passenger de-boarding and boarding, bag-
gage handling, cabin cleaning, catering, fuelling, and technical
checks [5], [16]. Early work using stochastic modelling of
the turnaround process showed that appropriate ground buffer
selection can absorb arrival delays while maintaining efficient
fleet utilisation [16]. Analysis using field data from German
airlines further confirmed that the turnaround follows a critical
path structure in which a delay to any single sub-process can
extend the total ground time [17].

A key property of the turnaround phase is that its dynamics
change depending on whether the inbound flight arrives on
time or is delayed. When a delay is present, the Available
Turnaround Time (ATT), defined as the difference between
the Scheduled Off-Block Time (SOBT) and the Actual In-
Block Time (AIBT), shrinks or may even turn negative, reduc-
ing the window for ground handling. Knock-on delay arises
when this available turnaround time falls below the Minimum
Turnaround Time (MTT), that is the shortest feasible ground
time for a given aircraft type, airline, and airport [5]. This
behaviour motivates treating inbound delay as an explicit input
to the turnaround model.

Machine learning models have proven well suited to cap-
turing non-linear relationships without requiring data on in-
dividual sub-processes such as catering or boarding. Proba-
bilistic XGBoost models trained to predict turnaround time
and Target Off-Block Time (TOBT) at four European Airport
Collaborative Decision Making (A-CDM) airports achieved
mean absolute errors of four to six minutes in the tactical
phase and seven to nine minutes in the pre-tactical phase,
representing improvements of 44% to 56% over a scheduled
turnaround baseline [18]. The SHapley Additive exPlanations
(SHAP) analysis identified available turnaround time as the
dominant predictor, followed by Scheduled Turnaround Time
(STT), origin distance, aircraft weight, and airline operator,
while weather and passenger count contributed negligibly.
Notably, these models were trained on nominal operations
and explicitly excluded flights with large inbound delays,
leaving the behaviour of the turnaround phase under disrupted
conditions unaddressed [18]. A subsequent network-wide anal-
ysis confirmed that ATT is equally the dominant predictor of
departure delay across all operational conditions, and showed
that gradient boosted tree models learn the non-linear threshold
behaviour around the MTT without being explicitly trained
on it [5]. These studies show that machine learning models,
in particular gradient boosted tree models, are well suited
for modelling turnaround dynamics. Within this context, the
turnaround can be interpreted as a mapping from inbound
delay to outbound delay, capturing the mechanism through
which knock-on delay is generated. This mapping forms a
key component of the phase-decomposed model proposed in
this paper.
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2) Taxi-Out and Taxi-In: The taxi-out phase begins at
pushback and ends at takeoff, while the taxi-in phase begins at
touchdown and ends at gate arrival. Both phases consist of two
structural components, an unimpeded component reflecting the
minimum time to traverse the route between stand and runway,
and a variable component reflecting surface congestion at
the time of operation [19]. An empirical analysis at two
Korean airports confirmed that both taxi phases are sensitive
to weather conditions, with wind speed and direction, take-
off and landing direction, and terminal location identified as
significant predictors alongside traffic volume [20]. The active
runway configuration in particular has a large effect on taxi
time. At Schiphol, for example, a flight assigned to runway
18R will have a considerably longer taxi time than a flight
assigned to a runway closer to the terminal [21]. This means
that even a delayed flight may see part of its delay absorbed
if it is assigned to a nearby runway, or accumulate additional
time if routed to a distant one. Across both phases, the stand,
active runway configuration, time of day, and a measure of
surface congestion emerge as the dominant features [19], [20],
[22].

Unlike the turnaround phase, there is no evidence in the
literature that airlines schedule explicit buffers in either taxi
phase to absorb rotational delay. Taxi duration is primarily
governed by airport surface conditions at the time of operation.
At Schiphol specifically, replacing the current static look-up
table with a data-driven predictor increased the fraction of
flights predicted within a two-minute error margin from 64%
to 68%, a small improvement that suggests the look-up table
already captures most of the variation in taxi times [21]. This
study therefore adopts a look-up table approach for both taxi
phases.

3) Airborne: The airborne phase spans from takeoff to
touchdown. Operators incorporate a flight buffer in the sched-
uled block time, defined as the amount by which scheduled
flight time exceeds the minimum feasible flight duration, to
provide capacity for delay recovery [14]. Flight buffers are
smaller and less variable than ground buffers and increase with
route distance [4].

The extent to which departure delay is recovered during
flight is not uniform. Applied to a dataset of 5.7 million flights
crossing European airspace, a trajectory-based analysis found
the system to be globally resilient in its en-route phase, able
to recover as much delay as it generates on average [23].
However, this resilience is strongly heterogeneous across time,
space, and flight phase, with recovery highest during the arrival
phase and lowest near departure [23]. Delay recovery is driven
by opportunity rather than systematic control, triggered by
favourable conditions such as the availability of alternative
routes or low traffic density, and is not the result of a deliberate
strategy to reduce flight length [23]. Empirical regressions
show that the relationship between departure delay and arrival
delay is close to one-for-one, and that flying faster provides
very little scope to overcome a departure delay, with an extra
minute of departure delay reducing airborne time by only
between 0.049 and 0.070 minutes [14].

Machine learning models can predict individual flight arrival
times with a Mean Absolute Error (MAE) of around five
minutes. Using real-time trajectory data at multiple predic-
tion points, machine learning models achieve a MAE of
less than 6 minutes after departure and less than 3 minutes
after Terminal Manoeuvring Area (TMA) entrance [24]. Even
without trajectory data, a random forest trained on schedule-
level features including departure delay, departure airport,
filed off-block time, filed arrival time, aircraft operator, and
airport capacity achieves a MAE of 4.5 minutes and a Root
Mean Squared Error (RMSE) of 6.3 minutes across the top
European airports [25]. This indicates that departure delay
and schedule characteristics form a sufficient feature set to
predict arrival time before the flight departs. The airborne
model in this study operates under the same constraint, as
it must produce a predicted arrival time prior to departure to
serve as input to the turnaround model of the next rotation leg.
The next section builds on this background by introducing how
these operational phases are represented and linked within the
proposed phase-decomposed propagation model.

III. METHODOLOGY

This section presents the methodology used to develop
the proposed phase-decomposed propagation framework. The
framework models knock-on delay by predicting each opera-
tional phase of an aircraft rotation sequentially, allowing the
predicted aircraft state to be propagated consistently from one
flight leg to the next before translating the resulting mile-
stones into Schiphol demand predictions. Figure 4 provides an
overview of the five methodological steps, which are described
in detail in the following subsections.

The methodology consists of five main steps. First, the
operational data are prepared by reconstructing operational
milestones, enriching the flight records with weather infor-
mation, and linking consecutive flights into aircraft rotations.
Second, the aircraft rotation is represented as a sequence of
operational milestones, allowing modelled delay to be propa-
gated from one phase to the next. Third, phase-level prediction
models are defined for the turnaround, taxi-out, airborne, and
taxi-in phases. The off-block and landing time milestones
are predicted using LightGBM models, while taxi-out and
taxi-in durations are estimated using lookup tables. Fourth,
these models are applied sequentially from a given observation
time, using realised milestones where available and predicted
milestones for future events. Finally, the predicted take-off and
landing times are aggregated into demand profiles.

The purpose of this methodology is not only to predict
individual milestone times, but also to maintain consistency
along the aircraft rotation. This is important because a delay
on one flight can influence the departure and arrival times
of later flights operated by the same aircraft. By explicitly
passing predicted milestone times from one phase to the next,
the framework captures the mechanism through which knock-
on delay changes the temporal distribution of traffic demand.
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Fig. 4. Overview of the five methodological steps of the proposed phase-
decomposed propagation framework.

A. Data Preparation

This study combines multiple operational data sources to
construct a flight dataset suitable for modelling knock-on
delay propagation within aircraft rotations. The data extraction
process is illustrated in Figure 5. The primary data source
is the Decision Support Tool (DST) database provided by
LVNL. This dataset contains flight plan information, opera-
tional milestones, aircraft characteristics, and Air Traffic Flow
Management (ATFM)/Airport Collaborative Decision Making
(A-CDM)-related information.

A key challenge is that the DST dataset does not provide
realised take-off and landing times. Therefore, the operational
milestones Actual Take-Off Time (ATOT) and Actual Landing
Time (ALDT) are reconstructed from the historical sequence
of DST updates. Throughout a flight, the DST system continu-
ously predicts the expected departure and arrival times. Once a
predicted event time is earlier than the corresponding message
timestamp, the event is assumed to have already occurred.
Validation against independent radar data demonstrated that
the reconstructed ATOT and ALDT values closely matched
the observed operational milestones, indicating that the recon-
struction method provides an accurate representation of the
realised flight trajectory.

For outstation flights, taxi-in times are estimated using
an airport level lookup table because in-block times are not

available in the DST dataset. The lookup table is constructed
from observed taxi-in times obtained from Flightradar24. As
only a limited amount of Flightradar24 data was available
for this study, these observations are used solely to derive
representative taxi-in times per airport.

Meteorological information is obtained from historical
METAR reports retrieved via Ogimet’s METAR/SPECI/TAF
query service [26]. METAR data are collected for Schiphol
Airport and the 50 airports with the highest number of flights
to and from Schiphol in the dataset. These airports cover
approximately 70% of the flights. The reports are decoded
into structured weather observations containing variables such
as wind direction, wind speed, visibility, temperature, cloud
coverage, and wind gusts. For each flight, the most recent
weather observation available prior to the corresponding DST
message timestamp is assigned to the flight record. This
ensures that each prediction is based on information that would
have been available at the time of prediction.

Fig. 5. Data extraction flow

B. Phase-Decomposed Framework

The framework follows each aircraft through the sequence
of flight legs it operates within the considered prediction day.
This sequence is referred to as an aircraft rotation. For each
aircraft registration, flights are ordered chronologically and
indexed by i = 1, 2, . . . , N , where N denotes the number
of flight legs in the reconstructed rotation.

Each flight leg is described by four operational milestones:
Off-Block Time (OBT), Take-Off Time (TOT), Landing Time
(LDT), and the In-Block Time (IBT). Throughout this paper,
the prefixes S, A, and P are used to distinguish between
scheduled, actual, and predicted milestone times, respectively.
For example, the operational order of the realised milestones
for flight i is written as:

AOBTi → ATOTi → ALDTi → AIBTi. (1)

The connection between two consecutive flight legs is es-
tablished through the turnaround. Once flight i has arrived
and taxied in, the aircraft becomes available for flight i + 1.
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Therefore, the IBT of flight i influences the OBT of the next
flight:

IBTi → OBTi+1. (2)

This connection is the main mechanism through which knock-
on delay is propagated in the framework. Delay is defined
relative to the scheduled milestone time. For a given flight i
and milestone m, the realised delay is defined as:

Dm
i = Am

i − Sm
i , (3)

where Am
i is the realised milestone time and Sm

i is the cor-
responding scheduled milestone time. Similarly, the predicted
delay is defined as:

D̂m
i (to) = Pm

i (to)− Sm
i , (4)

where Pm
i (to) denotes the predicted milestone time at obser-

vation time to. A positive delay indicates that the milestone
occurs later than scheduled, while a negative delay indicates
that the milestone occurs earlier than scheduled.

A key aspect of the framework is that predictions are made
from a specific observation time to. At each observation time,
only the information available up to that moment is used. This
includes the latest available DST message, the most recent
weather information, and the predicted or realised state of
earlier milestones in the same aircraft rotation. As a result,
the feature vector for a flight depends not only on the flight
itself, but also on the observation time and on the upstream
state of the aircraft rotation.

The complete framework is illustrated in Figure 6. The
figure shows how the predicted state is updated step by step
and then passed to the next flight leg until the final flight in
the aircraft rotation is reached.

C. Phase-Level Prediction Models

The phase-decomposed propagation model consists of four
phase-level components, corresponding to the milestone tran-
sitions introduced in the previous subsection. The Off-Block
Time (OBT) and Landing Time (LDT) models are imple-
mented as supervised machine learning models, while the taxi-
out and taxi-in times are estimated using lookup tables.

LightGBM is selected for the OBT and LDT models be-
cause it is a gradient boosting tree method that can model non-
linear relationships between operational features and delay.
This is relevant for delay propagation, where the effect of
variables such as available turnaround time, schedule buffer,
and departure delay is not expected to be linear. Previous delay
prediction studies have also shown that tree-based gradient
boosting models are suitable for turnaround and flight delay
prediction tasks [5], [15], [18]. Each predicted milestone is
passed to the next component as input, allowing the full
operational sequence of a flight leg to be predicted from OBT
to In-Block Time (IBT).

The actual milestone times used to train the models, and
those which the models are evaluated against, do not cor-
respond to the final realised milestone times. A realised

milestone may incorporate an Air Traffic Flow Management
(ATFM) delay that is imposed by Luchtverkeersleiding Neder-
land (LVNL) through the Demand Capacity Balancing (DCB)
process, for instance by holding a flight on the ground under
an assigned Calculated Take-Off Time (CTOT). Training and
evaluating the models on these realised times would therefore
include the effect of the regulatory intervention into the learned
demand, rather than representing the underlying demand to
which the intervention responds. This would yield a distorted
representation of the demand that LVNL seeks to anticipate.

To avoid this, the models are trained on the realised mile-
stone time with the assigned ATFM delay subtracted, and
evaluated on this corrected milestone time with the ATFM
delay known at the observation time added back. Let ATFMi

denote the ATFM delay assigned to flight i, and ATFMi(to)
the portion of this delay known at observation time to.

1) Off-Block Time Prediction: The OBT model represents
the turnaround between two consecutive flight legs. For each
turnaround, the model combines information from the inbound
flight i − 1 and the outbound flight i to describe the aircraft
state before departure. Separate models are used for Schiphol
and outstation turnarounds because more detailed operational
data are available for Schiphol. The learning target is the
off-block delay, defined as the difference between the Actual
Off-Block Time (AOBT) and the Scheduled Off-Block Time
(SOBT):

DOBT
i = (AOBTi −ATFMi)− SOBTi. (5)

During prediction, the model estimates the off-block delay
using the feature vector available at observation time to:

D̂OBT
i (to) = fOBT

(
XOBT

i (to)
)
, (6)

where D̂OBT
i (to) is the predicted off-block delay for outbound

flight i, fOBT denotes the trained OBT model, and XOBT
i (to)

is the feature vector constructed for the turnaround leading to
flight i.

The turnaround state is constructed from the predicted or
realised milestones available at observation time to. To obtain
the in-block time, the estimated taxi-in duration is added to
the landing time of the inbound flight.

This in-block time is then used to calculate the Available
Turnaround Time (ATT), defined as the time between the
inbound in-block time and the SOBT of the outbound flight.
Scheduled Turnaround Time (STT) is calculated by taking the
difference from the scheduled in-block time of the inbound
flight and the SOBT of the outbound flight. For both Schiphol
and outstation turnarounds, the feature set also includes the ra-
tio between Available Turnaround Time (ATT) and Scheduled
Turnaround Time (STT), together with the available buffer,
defined as the difference between STT and ATT.

The representation of the minimum turnaround requirement
differs between Schiphol and the outstations. At Schiphol,
realised in-block times were available. This made it possible to
derive an airport-specific Minimum Turnaround Time (MTT)
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Fig. 6. Phase-decomposed framework for milestone prediction through an aircraft rotation.

for each aircraft type from observed turnaround times, defined
as the time between Actual In-Block Time (AIBT) and AOBT.
Since the MTT is intended to represent a minimum turnaround
rather than a typical turnaround, the lower whisker of the
observed turnaround-time distribution was used. The Schiphol
feature set therefore includes the MTT and the Scheduled
Buffer, defined as the difference between STT and MTT.

At the outstations, realised in-block times were not avail-
able. The minimum required turnaround interval could there-
fore not be determined from the time between in-block and off-
block. Instead, the outstation feature set uses the minimum ob-
served time between the inbound LDT and the outbound OBT,
determined by airport and aircraft group. The corresponding
buffer represents the time between the earliest feasible off-
block time based on this minimum interval and the outbound
SOBT.

The remaining features describe the flight schedule, aircraft
and airport characteristics, operational state, and weather con-
ditions. Airport congestion is included only for Schiphol be-
cause the available Decision Support Tool (DST) data provide
a complete view of local departures and arrivals at this airport.
The same feature could not be constructed consistently for
outstations, where the dataset only contains flights connected
to Schiphol. Airport Collaborative Decision Making (A-CDM)
features are used only at A-CDM airports, while weather
variables are taken from the most recent METAR observation
available before to.

The complete feature sets for the Schiphol and outstation
models are shown in Appendix A. The predicted delay is
converted into a predicted milestone time by adding it to the
SOBT. The Predicted Off-Block Time (POBT) is therefore
obtained as:

POBTi(to) = SOBTi + D̂OBT
i (to) + ATFMi(to). (7)

2) Landing Time Prediction: The LDT model represents
the airborne phase of a flight leg. For each flight i, the model
uses information about the departure state, the planned and

predicted arrival times, route characteristics, aircraft character-
istics, weather conditions, and the operational flight state. The
learning target is the landing delay, defined as the difference
between the Actual Landing Time (ALDT) and the Scheduled
Landing Time (SLDT):

DLDT
i = (ALDTi −ATFMi)− SLDTi. (8)

During prediction, the model estimates this landing delay using
the feature vector available at observation time to. This is
formulated as:

D̂LDT
i (to) = fLDT

(
XLDT

i (to)
)
, (9)

where D̂LDT
i (to) is the predicted landing delay for flight i,

fLDT denotes the trained LDT model, and XLDT
i (to) is the

feature vector constructed for flight i at observation time to.
The departure state is constructed from the predicted or

realised milestones available at observation time to. It includes
the departure delay, taxi-out time, and take-off milestone.
When a required milestone has not yet occurred, the corre-
sponding prediction from the preceding phase-level model is
used.

The Scheduled Airborne Time (SAT) is defined as the time
between Scheduled Take-Off Time (STOT) and SLDT. The
Available Airborne Time (AAT) represents the time remaining
between the take-off time and the SLDT. The feature set also
includes the ratio between AAT and SAT, together with the
available buffer, defined as the difference between SAT and
AAT.

The model also uses the latest flight-plan arrival estimate
and the latest DST arrival prediction, both expressed relative
to the SLDT. Route-related features include the origin and
destination airports and the distance between them. Weather
variables are taken from the most recent METAR observations
available before to at both airports. The remaining features
describe the aircraft operator, aircraft type, flight state, and
prediction horizon.

8



The complete feature set is shown in Appendix A. The
predicted delay is converted into a predicted milestone time by
adding it to the SLDT. The Predicted Landing Time (PLDT)
is therefore obtained as:

PLDTi(to) = SLDTi + D̂LDT
i (to) + ATFMi(to). (10)

3) Taxi-Time Formulation: In contrast to the OBT and
LDT models, the taxi models do not predict delay relative
to a scheduled milestone. Instead, they estimate the duration
between two consecutive operational milestones. The taxi-out
model estimates the time between OBT and Take-Off Time
(TOT), while the taxi-in model estimates the time between
LDT and IBT. These estimated durations are then used to
convert the predicted off-block and landing times into the next
predicted milestones in the flight sequence. For taxi-out, the
estimated taxi-out duration T out

i (to) is added to the POBT to
obtain the Predicted Take-Off Time (PTOT):

PTOTi(to) = POBTi(to) + T out
i (to). (11)

For taxi-in, the estimated taxi-in duration T in
i (to) is added to

the PLDT. The Predicted In-Block Time (PIBT) is therefore
obtained as:

PIBTi(to) = PLDTi(to) + T in
i (to). (12)

4) Taxi Time Estimation at Schiphol Airport: For Schiphol
Airport, taxi times are estimated using lookup tables that
account for the active runway configuration. This is important
because the assigned runway determines the length of the sur-
face route and therefore has a strong influence on the duration
of the taxi. Runway 18R/36L can require substantially longer
taxi routes than runways located closer to the terminal area.

For taxi-out at Schiphol, the lookup table uses the take-
off runway, destination region, and aircraft operator. The
destination region separates flights within and outside the
European Civil Aviation Conference (ECAC) area. This is
included because flights to different regions may use different
gate areas at Schiphol. When more than one take-off runway
is active, the most likely runway for an individual departure is
determined from the planned departure direction. This runway
is then used to select the corresponding taxi-out duration.

For taxi-in at Schiphol, the lookup table uses the landing
runway, origin region, and aircraft operator. When two landing
runways are active, the assigned runway of an individual
aircraft is not directly available. Therefore, the stack is used
to determine the most likely landing runway. In this study, the
stack refers to one of the three Initial Approach Fix (IAF)s
through which flights approach Schiphol: ARTIP, RIVER, or
SUGOL. Historical distributions between these IAFs and the
active landing runways are then used to select the landing
runway.

A specific adjustment is included for taxi routes to and
from runway 18R/36L. These routes depend on whether
runway 18C/36C is active for landing or departure, because
runway-crossing and routing restrictions can prevent aircraft
from using the shortest taxi route. Therefore, runway variants

such as 18RW , 18RY , and 18RZ are included in the lookup
table. The suffixes W , Y , and Z represent different taxi-
routing cases. A similar distinction is applied for departures
from runway 36L. These variants allow the lookup table to
account for changes in taxi route caused by the active runway
configuration.

5) Taxi Time Estimation at Outstations: For outstations,
the available runway-configuration information is more limited
than for Schiphol because of the lack of data. Therefore, a
different lookup strategy is used. For both taxi-in and taxi-out,
the assigned runway is not directly available, so wind direction
is used as a proxy for the likely runway configuration.

The wind direction is divided into fixed directional bins,
and for each airport and wind-direction bin the most likely
landing or take-off runway is determined from historical data.
The corresponding taxi-in or taxi-out duration is then obtained
from the historical taxi time associated with that airport-
runway combination. If no wind-based runway estimate is
available, the model falls back to a median taxi-in time per
arrival airport or a median taxi-out time per departure airport.
This fallback does not account for runway configuration, but
provides a robust estimate when the more detailed wind-based
lookup cannot be applied.

Together, these phase-level components make it possible to
predict each future milestone in the aircraft rotation. The next
subsection explains how these milestone predictions are linked
sequentially, so that the output of one phase can be used as
input for the next phase and flight leg.

D. Sequential Prediction Procedure

The phase-level models are applied in a sequential predic-
tion procedure at each observation time to. First, the latest
available Decision Support Tool (DST) message before to
is selected for each flight. This creates a snapshot of the
information available to the model at the time of prediction.
Flights are then grouped by aircraft registration and ordered
by their Scheduled Off-Block Time (SOBT) to reconstruct
the aircraft rotation within the prediction day. The resulting
sequence is checked using the departure and arrival airports,
so that consecutive flights are only linked when the arrival
airport of one flight matches the departure airport of the next
flight. For each aircraft, the current position in the rotation is
determined by comparing the realised milestone times with the
observation time. Milestones that have already occurred before
to are fixed to their realised values and are not predicted again.
This prevents the model from overwriting known operational
outcomes. Only milestones that have not yet occurred are
predicted. As a result, the first prediction step depends on the
state of the aircraft at to. Once this state has been identified,
the next upcoming milestone in the rotation is predicted. The
resulting predicted milestone time is then used as input for
the subsequent prediction step. This recursive procedure is
repeated until all remaining flights in the rotation have been
assigned predicted milestone times. The result is a complete
predicted timeline for each aircraft from the observation time
until the end of the day. Because realised milestones are
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used where available and predicted milestones are propagated
only for future events, the procedure reflects the information
that would have been available in an operational setting.
Figure 6 illustrates how realised milestones are fixed before to,
while future milestones are predicted sequentially and passed
forward through the aircraft rotation.

E. Demand Aggregation

After the sequential predictions, the predicted milestones
are aggregated into Schiphol demand profiles. Only EHAM
departures and arrivals are included, because these are the
milestones relevant for the Luchtverkeersleiding Nederland
(LVNL) demand prediction. For each observation time to,
demand is evaluated on a sequence of five-minute time bins
from to until the end of the operational day. For each five-
minute time bin with start time tb, demand is calculated
over the 20-minute interval from tb to tb + 20 minutes.
This produces a rolling demand profile rather than a count
of flights within isolated five-minute intervals. The rolling-
window formulation is used because it better represents the
traffic load relevant for flow management than individual
point counts. The rolling demand is calculated consistently
for the predicted, realised, and DST demand profiles. A flight
contributes to the demand profile according to the position
of its take-off or landing time relative to the rolling window.
Events that fall fully inside the window contribute to the
demand count, while the intervals crossing the start and end
of the window are treated fractionally. This interval-based
aggregation, illustrated in Figure 1, reduces sensitivity to bin
boundaries and gives a smoother representation of the demand
profile.

This aggregation step links the phase-level delay propaga-
tion model to the operational use case of demand prediction.
Delays that propagate through aircraft rotations shift the
predicted Take-Off Time (TOT) and Landing Time (LDT)
values of subsequent flights. These shifts can create local
increases or decreases in the number of flights expected
within a rolling demand window. The resulting demand profile
therefore captures not only individual milestone errors, but
also the effect of knock-on delay on the temporal distribution
of Schiphol traffic demand.

IV. EXPERIMENTAL SETUP

This section describes how the proposed model is evaluated.
It first presents the hypotheses and modelling assumptions.
It then describes the dataset, the LightGBM model setup,
the model interpretation method, and the evaluation approach
for the phase-decomposed propagation model. The numerical
performance evaluation focuses on the chained model, because
this reflects the operational setting in which future milestones
are predicted recursively through the aircraft rotation.

A. Hypotheses

Based on the phase-decomposed framework introduced in
Section III and the literature discussed in Section II, this study

formulates four hypotheses regarding delay propagation within
aircraft rotations.
H1: Available Turnaround Time (ATT) is the dominant driver

of delay propagation in the turnaround phase. As the ATT
decreases with increasing inbound delay, the likelihood of
off-block delay on the next flight increases.

H2: The airborne phase can absorb part of the upstream delay,
but this recovery is limited. As a result, part of the
departure delay is expected to remain visible at landing.

H3: A phase-decomposed propagation framework provides
insight into where delay is generated, absorbed, or pre-
served within an aircraft rotation.

H4: Improved prediction of Schiphol take-off and landing
milestones leads to improved aggregated demand predic-
tion, since the demand profiles are constructed from these
milestones.

B. Assumptions

The proposed phase-decomposed propagation model relies
on several assumptions regarding the schedule reference, ro-
tation reconstruction, milestone accuracy, and the propagation
mechanism. These assumptions define the scope within which
the results should be interpreted.

1) Schedule reference: The initial filed flight plan is used
as the schedule reference for all delay calculations. Flight
plans are often updated after disruptions occur, which can
reduce or remove measured delay if the latest filed plan is
used. Fixing the reference to the initial schedule ensures
that the propagated delay is measured consistently across
flights.

2) Rotation reconstruction: Aircraft rotations are recon-
structed from the Decision Support Tool (DST) data
using aircraft registration and the chronological ordering
of flights. The DST data only contain flights that are
inbound to or outbound from Schiphol, and therefore do
not provide the complete daily operation of every aircraft
outside the Schiphol network. This means that consecu-
tive flights can only be reliably linked when the relevant
rotation legs are present in the available dataset. The
analysis is therefore restricted to KLM, KLM Cityhopper,
and Transavia operations, because these operators have
Schiphol as a main hub or operating base and provide
sufficiently complete aircraft rotations in the DST data.

3) Milestone accuracy: Operational milestone timestamps
are assumed to represent the phase boundaries of the
aircraft rotation. The timestamps Actual Off-Block Time
(AOBT), Actual Take-Off Time (ATOT), Actual Land-
ing Time (ALDT), and Actual In-Block Time (AIBT)
are therefore treated as the transitions between the
turnaround, taxi-out, airborne, and taxi-in phases.

4) Propagation mechanism: Delay propagation is assumed
to occur primarily through aircraft rotations. Other prop-
agation mechanisms, such as crew connections or pas-
senger transfers, are not explicitly modelled. This allows
the analysis to focus on rotational knock-on delay, but
excludes other sources.
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C. Dataset

The Off-Block Time (OBT) and Landing Time (LDT)
models are developed using data from July 2025 and evaluated
within the chained framework on August 2025. The July data
are split chronologically into a training and validation set:

• Training set: 1–25 July 2025;
• Validation set: 26–31 July 2025;
• Evaluation period: 1–31 August 2025, excluding 23 and

24 August because of known DST data gaps.
The training set is used to fit the LightGBM models, while
the validation set is used for hyperparameter selection. The
August data are kept separate from model training and are
used to evaluate the complete phase-decomposed propagation
model framework.

The taxi-time lookup tables are constructed separately from
the LightGBM models. For Schiphol, the tables are based
on historical taxi-time data from 2025 and use the lookup
variables described in Section III-C. For outstations, taxi-time
estimates are derived from Flightradar24 data from May 2026.
During the August evaluation, the trained OBT and LDT
models and the fixed taxi-time tables are applied sequentially
to the reconstructed aircraft rotations.

D. LightGBM Models

As defined in Section III-C, the OBT and LDT models are
formulated as delay prediction tasks. The OBT model predicts
off-block delay relative to Scheduled Off-Block Time (SOBT),
while the LDT model predicts landing delay relative to Sched-
uled Landing Time (SLDT). The predicted delays are then
converted into predicted milestone times using Equations 7
and 10.

The OBT and LDT models are not evaluated as standalone
operational predictors. Some input features depend on up-
stream milestones, such as the landing time of the inbound
flight for the OBT model and the departure state of the same
flight for the LDT model. In a standalone evaluation, the
OBT and LDT models could use realised upstream milestones
from the historical data. For example, the LDT model could
use the ATOT of the same flight, even if that take-off time
would not yet be known at the observation time. In the phase-
decomposed propagation model, this is not allowed. If an
upstream milestone has not yet occurred, the model must use
the predicted milestone from the previous step. Therefore, a
standalone evaluation would not reflect the operational setting
of the model. For this reason, the numerical performance
evaluation focuses on the full phase-decomposed propagation
model.

The evaluation data are processed as a sequence of op-
erational snapshots. For each observation time, the latest
available DST message is used to represent the information
that would have been available in real time. The proposed
model and the DST baseline are therefore evaluated from the
same observation times and against the same reference ATOT
and ALDT values, corrected for the assigned Air Traffic Flow
Management (ATFM) delay as described in Section III-C.

This ensures that differences in performance are caused by
the prediction method itself, rather than by differences in data
availability or evaluation timing.

1) Model Features: The input features are designed to
capture the main operational drivers of the OBT and LDT pre-
diction tasks. They include schedule information, aircraft and
airport characteristics, upstream delay information, Airport
Collaborative Decision Making (A-CDM) variables, weather
observations, and traffic-related variables. The complete fea-
ture sets are listed in Appendix A. The airport congestion
feature is only used for Schiphol turnarounds. As described
in the rotation reconstruction assumption in Section IV-B, the
available DST data only provide a complete operational picture
for flights inbound to or outbound from Schiphol. Local
traffic demand at outstations therefore cannot be reconstructed
consistently from the available data.

2) Model Configuration: Separate OBT models are trained
for Schiphol and outstation turnarounds. This distinction is
made because Schiphol has more detailed local data, while the
outstation cases are spread across many different airports with
less airport-specific information. For both groups, six horizon-
specific models are trained using the horizon with respect to
SOBT: (0, 15], (15, 30], (30, 60], (60, 120], (120, 180], and
(180, 240] minutes. In addition, two boundary models are
trained for each group to cover horizons that fall outside these
intervals during chained prediction: one for scheduled horizons
below 0 minutes and one for scheduled horizons above 240
minutes.

For the LDT prediction task, no distinction is made between
Schiphol and outstation cases. Each flight in the dataset either
departs from or arrives at Schiphol, and the features used
by the LDT model are available for both flight directions.
Six horizon-specific LDT models are trained using the same
interval boundaries, based on the horizon with respect to
SLDT. Just like the OBT models, two additional boundary
models are trained: one for horizons below 0 minutes and one
for horizons above 240 minutes.

The horizon-specific models are selected using scheduled
horizons, because these horizons are known at prediction time.
During chained prediction, the scheduled horizon can become
negative or exceed 240 minutes because of accumulated delay.
In these cases, the below-0 or above-240 boundary model is
used, respectively.

3) Model Optimisation: The LightGBM hyperparameters
are tuned using random search, which provides a simple and
effective alternative to grid search for hyperparameter opti-
misation, especially when only a subset of hyperparameters
strongly affects model performance [27]. For each model, 100
hyperparameter combinations are sampled from the search
space shown in Table I. Each separate model is trained on the
training set and evaluated on the validation set using MAE.
The hyperparameter combination with the lowest validation
MAE is selected.
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The search space includes parameters that control tree com-
plexity, learning rate, and binning. The objective function is set
to L1 regression and the evaluation metric is Mean Absolute
Error (MAE), so that the optimisation directly focuses on
reducing the average absolute error in minutes.

TABLE I
HYPERPARAMETER SEARCH SPACE USED FOR LIGHTGBM OPTIMISATION

Hyperparameter Search interval Step size / values

Number of leaves [32, 256] 32
Maximum depth [8, 64] 8
Number of trees [64, 512] 64
Learning rate [0.001, 1.000] 0.001 and 0.05 increments
Maximum bin [64, 256] 64

4) Model Interpretation: Although the standalone OBT and
LDT models are not evaluated as final operational predictors,
their feature importance is analysed to understand which
variables drive the phase-level predictions. SHapley Additive
exPlanations (SHAP) values are used for this purpose. SHAP
is based on Shapley values from cooperative game theory and
provides an additive feature attribution method [28].

In the SHAP summary plots, each point represents one
prediction. The horizontal position of a point shows the contri-
bution of that feature to the predicted delay. A positive SHAP
value indicates that the feature increases the predicted delay,
while a negative value indicates that the feature decreases
the predicted delay. The colour of each point represents the
corresponding feature value relative to the values observed for
that feature. Blue points indicate low feature values, while red
points indicate high feature values. Features are ordered by
their mean absolute SHAP value, so features shown near the
top have the largest overall influence on the model predictions.

E. Phase-Decomposed Propagation Model Evaluation

The full performance evaluation is performed on the phase-
decomposed propagation model, because this reflects the
operational setting in which future milestones are predicted
recursively through the aircraft rotation. The model combines
the OBT and LDT LightGBM models with the taxi lookup
tables, as described in Section III-D.

The phase-decomposed propagation framework is evaluated
using three metrics: MAE, Root Mean Squared Error (RMSE),
and the standard deviation of the prediction error. The corre-
sponding error distributions are also visualised using boxplots
to compare the spread, central tendency, and outliers of the
framework and DST errors across horizon intervals. For the
milestone-level evaluation, the prediction error for flight i is
defined as:

ei = ŷi − yi, (13)

where ŷi is the predicted milestone time and yi is the realised
milestone time. The same definition is used for the DST
baseline. The MAE is the main metric because it expresses
the average absolute prediction error directly in minutes:

MAE =
1

n

n∑
i=1

|ŷi − yi| . (14)

The RMSE is included because it gives more weight to larger
errors:

RMSE =

√√√√ 1

n

n∑
i=1

(ŷi − yi)
2
. (15)

The standard deviation of the prediction error is used to
describe the spread of the errors around their mean:

σe =

√√√√ 1

n− 1

n∑
i=1

(ei − ē)
2
. (16)

For the aggregated demand evaluation, the same metrics are
applied to demand errors expressed in aircraft rather than
minutes.

The evaluation is performed at three levels. First, one
aircraft rotation is examined as an illustrative example. This
example is used only to show how the model updates the
aircraft state and propagates predicted milestones through
successive flight legs. It is not used to assess the overall
prediction accuracy of the framework.

Second, the milestone prediction accuracy is evaluated
quantitatively across all relevant Schiphol flights in the eval-
uation dataset. For each observation time, Predicted Take-Off
Time (PTOT) is compared with ATOT for EHAM departures,
while Predicted Landing Time (PLDT) is compared with
ALDT for EHAM arrivals. The corresponding DST take-off
and landing predictions are evaluated in the same way and
serve as the operational baseline.

Third, the operational impact is evaluated by comparing
aggregated demand profiles. The predicted, realised, and DST
demand profiles are constructed using the rolling 20-minute
demand aggregation described in Section III-E. This evaluation
assesses whether the model improves the representation of
future Schiphol demand.

V. RESULTS

This section presents the results of the phase-decomposed
propagation framework. First, the selected LightGBM hyper-
parameters and the feature importance results are reported for
the separate Off-Block Time (OBT) and Landing Time (LDT)
models. These results are used to inspect which variables drive
the fitted models. The operational performance is then evalu-
ated using the full phase-decomposed propagation framework,
first through a single-rotation example, then at milestone level,
and finally at the level of aggregated rolling Schiphol demand.

A. LightGBM Training Results

The OBT and LDT models are the trained components of
the phase-decomposed propagation model. Before evaluating
the full model, this subsection inspects their selected Light-
GBM configurations and feature-importance patterns. These
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results provide context for interpreting the later milestone and
demand evaluation, without analysing the standalone models
as separate operational predictors.

1) Selected Hyperparameters: Table II presents the selected
hyperparameters for the Schiphol and outstation OBT models.
Separate horizon-specific models are trained for Schiphol
and outstation turnarounds using the scheduled horizon with
respect to Scheduled Off-Block Time (SOBT). During chained
prediction, boundary models are used when the scheduled
horizon falls below 0 or above 240 minutes.

TABLE II
SELECTED LIGHTGBM HYPERPARAMETERS FOR THE SCHIPHOL AND

OUTSTATION OBT MODELS.

Model Num Leaves Max depth Num trees Learning rate Max Bin

Schiphol (−∞, 0) 32 24 512 0.05 128
Schiphol [0, 15) 224 8 320 0.05 128
Schiphol [15, 30) 224 40 192 0.05 256
Schiphol [30, 60) 32 24 512 0.05 128
Schiphol [60, 120) 32 24 512 0.05 128
Schiphol [120, 180) 224 8 320 0.05 128
Schiphol [180, 240) 192 8 256 0.10 256
Schiphol [240,∞) 32 24 512 0.05 128
Outstations (−∞, 0) 32 24 512 0.05 128
Outstations [0, 15) 160 64 320 0.05 192
Outstations [15, 30) 160 64 320 0.05 192
Outstations [30, 60) 32 24 512 0.05 128
Outstations [60, 120) 192 8 256 0.10 256
Outstations [120, 180) 224 8 320 0.05 128
Outstations [180, 240) 32 24 512 0.05 128
Outstations [240,∞) 32 24 512 0.05 128

The selected hyperparameters for the LDT models are
shown in Table III. In contrast to the OBT prediction task,
the LDT model is not separated into Schiphol and outstation
cases. The same horizon intervals are used, but the horizon is
defined with respect to Scheduled Landing Time (SLDT), as
explained in Section IV-D2.

TABLE III
SELECTED LIGHTGBM HYPERPARAMETERS FOR THE LDT MODELS.

Model Num Leaves Max depth Num trees Learning rate Max Bin

(−∞, 0) 160 48 512 0.05 256
[0, 15) 160 48 512 0.05 256
[15, 30) 160 64 320 0.05 192
[30, 60) 160 48 512 0.05 256
[60, 120) 160 48 512 0.05 256
[120, 180) 160 48 512 0.05 256
[180, 240) 160 48 512 0.05 256
[240,∞) 160 48 512 0.05 256

2) Feature Importance: The phase-level models are inter-
preted using SHapley Additive exPlanations (SHAP) feature
importance, as described in Section IV-D4. The analysis fo-
cuses on the [180,240) minute horizon because it corresponds
to the operational planning window for flow management.
Shorter horizons can be dominated by operational target
variables, such as Target Off-Block Time (TOBT) and Target
Start-Up Approval Time (TSAT). The corresponding SHAP
summary plots for the remaining horizons are provided in
Appendix B. Figure 7 shows the SHAP feature importance for
the Schiphol OBT model. Available Turnaround Time (ATT)

has the largest mean absolute SHAP value and represents the
time between the inbound arrival and the scheduled outbound
departure. Other important variables include the destination
airport, origin airport, the horizon with respect to SOBT, and
the ratio between ATT and Scheduled Turnaround Time (STT).
The results suggest that the model uses both the available
turnaround capacity and the planned turnaround structure
when predicting off-block delay.

Fig. 7. SHAP feature importance for the Schiphol OBT model in the
[180, 240) minute horizon with respect to SOBT.

Figure 8 shows the feature importance for the outstation
OBT model. Similar to the Schiphol model, the outstation
model gives high importance to variables that describe how
much time remains for the turnaround, especially ATT and the
ratio between ATT and STT. The airport, operator, hour of the
day, and scheduled prediction horizon are also important. This
suggests that the model accounts not only for the available
turnaround time, but also for differences between outstations,
such as airport-specific operating patterns and airline sched-
ules.

Fig. 8. SHAP feature importance for the outstation OBT model in the
[180, 240) minute horizon with respect to SOBT.

Figure 9 shows the SHAP feature importance for the

13



LDT model. The most important feature is departure delay,
followed by variables that describe available airborne time,
the ratio between available and scheduled airborne time, and
available buffer. Route related variables, including departure
airport, destination airport, and distance, also contribute to the
prediction. These features show that the LDT model combines
the upstream departure state when predicting landing delay.

Fig. 9. SHAP feature importance for the LDT model in the [180, 240) minute
horizon with respect to SLDT.

B. Phase-Decomposed Propagation Model
The phase-decomposed propagation model is evaluated us-

ing the sequential procedure introduced in Section III-D. At
each observation time, realised milestones are used where
available, while future milestones are predicted and passed
forward through the remaining aircraft rotation. This reflects
the operational setting in which the predicted state of one flight
leg becomes input to the following phases and flight legs.

The evaluation first uses a single aircraft rotation to illustrate
how milestones are propagated through successive flights. It
then assesses the accuracy of Schiphol take-off and landing
predictions across the full evaluation dataset, while outstation
milestones serve as intermediate states in the propagation
process. Finally, it evaluates how these milestone predictions
translate into rolling Schiphol demand profiles.

1) Single Rotation Example: Before evaluating the frame-
work across all flights, a single aircraft rotation is analysed
to illustrate how predicted milestones are propagated through
consecutive flight legs. This example is not intended as a statis-
tical performance measure, but as a qualitative demonstration
of how the framework updates the aircraft state and carries
delay forward through the remaining rotation.

Figure 10 shows the scheduled, actual, Decision Support
Tool (DST), and the framework timelines for one aircraft
rotation. The vertical black line indicates the observation time,
which lies between 09:00 and 10:00 UTC. At this moment,
the first two flight legs have already taken place, while the
remaining part of the rotation still has to be predicted.

The second flight leg, from EHAM to LSZH, arrives later
than scheduled. This reduces the available turnaround time

before the next outbound flight. Both the DST and the phase-
decomposed propagation framework adjust the predicted take-
off time of the following flight, indicating that the immediate
effect of the delay is captured. The main difference appears
in the final flight leg. In the DST prediction, the propagated
effect of the earlier delay is no longer visible, and the final
departure and arrival are predicted close to their scheduled
times. In contrast, the framework still predicts a later departure
and arrival for the final flight, because the predicted milestones
of the previous leg are used as input for the next prediction
step.

The example also shows why the sequential structure mat-
ters beyond the immediately affected flight. A change in one
predicted milestone changes the starting condition for the
following phase. A later landing time reduces the available
turnaround time, which can shift the next off-block and take-
off times. The resulting departure state then influences the
predicted landing time of the subsequent flight. The framework
therefore represents the cumulative effect of the rotation rather
than treating the milestones of each flight leg as independent
predictions.

This example illustrates the operational behaviour of the
framework. Rather than predicting each flight independently,
it maintains a consistent aircraft state along the rotation. In
this case, the framework preserves the knock-on effect of the
earlier delay on the final flight, while this effect is not retained
in the original DST prediction.

2) Milestone Results: The milestone results evaluate how
accurately the framework predicts take-off and landing times
for Schiphol. As described in Section IV-E, these milestones
are evaluated because they directly determine the Schiphol
demand profile. Milestones at outstations are still predicted
as part of the sequential propagation procedure, but they
serve only as intermediate states through which delay is
carried towards subsequent flights. They are therefore not
included in the milestone error analysis. The corresponding
DST predictions are used as the operational baseline.

Table IV shows that the framework improves Take-Off Time
(TOT) prediction across all evaluated horizon intervals. In
the shortest [0,15) minute horizon, the Mean Absolute Error
(MAE) decreases from 4.62 to 3.78 minutes, the Root Mean
Squared Error (RMSE) from 10.43 to 7.66 minutes, and the
standard deviation from 10.33 to 7.64 minutes. The framework
continues to outperform the DST baseline across the remaining
horizons. In the [180,240) minute horizon, the MAE decreases
from 16.16 to 13.62 minutes, the RMSE from 23.95 to 21.22
minutes, and the standard deviation from 21.52 to 21.04
minutes. These changes correspond to relative reductions of
approximately 16%, 11%, and 2%, respectively.

Figure 11 supports these results. Across all evaluated hori-
zons, the framework generally produces a more compact
prediction error distribution than the DST baseline, with the
largest visual differences occurring at the shorter and medium
prediction horizons.
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Fig. 10. Single rotation example of the phase-decomposed propagation procedure. The observation time is between 09:00 and 10:00 UTC, after which the
remaining milestones are predicted sequentially through the aircraft rotation.

TABLE IV
TOT ERROR METRICS FOR EHAM DEPARTURES USING THE PROPOSED

FRAMEWORK AND DST.

Horizon n Propagation Model DST

MAE RMSE σ MAE RMSE σ

[0, 15) 9835 3.78 7.66 7.64 4.62 10.43 10.33
[15, 30) 11916 5.99 9.17 9.05 6.53 10.71 10.71
[30, 60) 23476 7.64 11.23 11.22 8.43 12.55 12.41
[60, 120) 46534 9.81 14.51 14.49 11.79 16.45 14.99
[120, 180) 42394 11.88 18.36 18.28 14.45 20.99 19.20
[180, 240) 39223 13.62 21.22 21.04 16.16 23.95 21.52

Fig. 11. Prediction error distributions for framework TOT predictions and the
DST baseline for EHAM departures across horizon intervals.

For EHAM arrivals, Table V shows a similar pattern. The
framework achieves a lower MAE than the DST across all
evaluated horizon intervals. In the shortest [0,15) minute hori-
zon, the MAE decreases from 2.64 to 2.27 minutes. Although

the RMSE and standard deviation remain slightly higher than
those of the DST in this interval, the framework improves all
three error metrics from the [15,30) minute horizon onwards.
In the [180,240) minute horizon, the MAE decreases from
13.92 to 11.33 minutes, the RMSE from 21.69 to 18.60
minutes, and the standard deviation from 21.40 to 18.60
minutes. These changes correspond to relative reductions of
approximately 19%, 14%, and 13%, respectively. Figure 12
supports these results, showing that the framework generally
produces more compact arrival-time error distributions than
the DST baseline, particularly from the [15,30) minute horizon
onwards.

Fig. 12. Prediction error distributions for framework LDT predictions and
the DST baseline for EHAM arrivals across horizon intervals.
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TABLE V
LDT ERROR METRICS FOR EHAM ARRIVALS USING THE PROPOSED

FRAMEWORK AND DST.

Horizon n Propagation Model DST

MAE RMSE σ MAE RMSE σ

[0, 15) 13739 2.27 4.24 4.22 2.64 4.10 3.26
[15, 30) 13778 2.71 4.71 4.71 4.55 5.69 3.89
[30, 60) 27282 3.35 6.75 6.75 5.10 7.89 6.84
[60, 120) 50875 5.81 10.74 10.70 7.03 11.83 11.55
[120, 180) 46196 8.89 14.66 14.64 10.77 17.00 16.89
[180, 240) 45009 11.33 18.60 18.60 13.92 21.69 21.40

3) Aggregated Demand Results: The aggregated demand
results evaluate how the milestone predictions translate into
Schiphol traffic demand. For each observation time, EHAM
departures and arrivals are aggregated into rolling 20-minute
demand values. The demand error is expressed in aircraft,
where a positive value indicates an overprediction of demand
and a negative value indicates an underprediction.

In contrast to the milestone results, the horizon in this
subsection refers to the time between the observation time and
the start of the evaluated demand bin. The demand value for
that bin is calculated over the following 20-minute window.

Table VI shows the aggregated Schiphol demand error
metrics for the framework and the DST baseline. The frame-
work achieves lower MAE, RMSE, and standard deviation
values across all evaluated horizon intervals. In the shortest
[0, 15) minute horizon, the MAE decreases from 2.05 to
1.66 aircraft, the RMSE from 2.67 to 2.18 aircraft, and the
standard deviation from 2.45 to 2.18 aircraft. In the longest
[180, 240) minute horizon, the MAE decreases from 2.97 to
2.53 aircraft, the RMSE from 3.93 to 3.34 aircraft, and the
standard deviation from 3.92 to 3.34 aircraft. These changes
correspond to relative reductions of approximately 19%, 18%,
and 11% in the shortest horizon, and 15%, 15%, and 15% in
the longest horizon, respectively.

TABLE VI
AGGREGATED ROLLING 20-MINUTE SCHIPHOL DEMAND ERROR METRICS

FOR THE PROPOSED FRAMEWORK AND DST.

Horizon n Propagation Model DST

MAE RMSE σ MAE RMSE σ

[0, 15) 8358 1.66 2.18 2.18 2.05 2.67 2.45
[15, 30) 8358 1.92 2.52 2.52 2.13 2.75 2.72
[30, 60) 16716 2.13 2.81 2.79 2.55 3.36 3.24
[60, 120) 33432 2.34 3.08 3.08 2.68 3.52 3.52
[120, 180) 33432 2.47 3.27 3.27 2.76 3.65 3.65
[180, 240) 34797 2.53 3.34 3.34 2.97 3.93 3.92

The framework also achieves a lower standard deviation
than the DST baseline across all evaluated horizons. This
indicates that the framework consistently produces a more
compact demand error distribution, suggesting that larger
demand prediction errors occur less frequently.

The error distributions in Figure 13 support the numerical
results. Across all evaluated horizons, the framework errors are
generally centred closer to zero and exhibit a smaller spread
than the DST baseline. The improvement is visible throughout

the evaluation, although the visual difference remains more
modest than for the milestone predictions.

Fig. 13. Aggregated rolling 20-minute Schiphol demand error distributions
for the proposed framework and the DST baseline across horizon intervals.

Overall, the demand results show that the phase-
decomposed propagation framework improves the rolling 20-
minute Schiphol demand prediction across all evaluated hori-
zons. This improvement is observed alongside consistent im-
provements in take-off time prediction and arrival-time results
at medium and long horizons.

VI. DISCUSSION

The results show that the phase-decomposed propagation
model consistently improves milestone and demand predic-
tion across the evaluated prediction horizons. For Schiphol
departures, the framework improves all Take-Off Time (TOT)
error metrics across every evaluated horizon. For Schiphol
arrivals, the framework achieves a lower Mean Absolute
Error (MAE) across all horizons and improves all three error
metrics from the [15, 30) minute horizon onwards. Only in the
shortest arrival horizon does the Decision Support Tool (DST)
retain a slightly lower Root Mean Squared Error (RMSE)
and standard deviation. At the demand level, the framework
improves all evaluated error metrics across every horizon,
which directly supports the operational objective of improving
rolling Schiphol demand prediction.

A. Turnaround Delay Propagation

The results support Hypothesis H1, which states that ATT is
the dominant driver of delay propagation during the turnaround
phase. For both the Schiphol and outstation Off-Block Time
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(OBT) models, Available Turnaround Time (ATT) is one of the
most important features. This is consistent with earlier studies
that identify available turnaround time as a dominant predictor
of turnaround and departure delay [5], [18]. It also matches
the expected turnaround propagation mechanism: when an
inbound aircraft arrives late, the time available before the next
scheduled departure decreases, and the probability of outbound
delay increases.

The importance of ATT is relevant because it shows that
the model does not only use the presence of inbound de-
lay, but also the remaining ground time available to absorb
it. A delayed inbound flight does not necessarily lead to
a delayed outbound flight when sufficient turnaround time
remains. Conversely, when the available turnaround time
becomes limited, delay is more likely to propagate to the
next flight. This pattern is visible for both Schiphol and
outstation turnarounds. Schiphol provides more detailed local
information, such as Airport Collaborative Decision Making
(A-CDM) related variables and airport specific features, while
the outstation model has to learn from flights distributed across
many different airports. The fact that variables describing
the available turnaround time remain important in both cases
suggests that the turnaround phase is a general mechanism for
rotational knock-on delay.

B. Airborne Delay Propagation

The Landing Time (LDT) feature importance results support
H2, which proposed that the airborne phase can absorb part of
the upstream delay, but that this recovery is limited. The results
show that departure delay is the most important feature in the
LDT model. This means that delay at take-off often remains
visible at landing. The airborne phase can therefore absorb part
of the upstream delay, but it does not fully remove the effect of
a delayed departure. This is also supported by the importance
of airborne time variables, such as Available Airborne Time
(AAT), available buffer, and the ratio between available and
scheduled airborne time. These variables describe how much
time is available between departure and the scheduled landing
time.

The milestone results show that this airborne modelling step
improves the timing of Schiphol arrivals. The model achieves
a lower LDT MAE than the DST baseline across all horizon
intervals. This means that, on average, the predicted landing
times are closer to the realised landing times. From the [15, 30)
minute horizon onwards, the framework also improves the
RMSE and standard deviation. Beyond the shortest prediction
horizon, the improvement is therefore visible not only in the
average error, but also in the spread of the errors.

At short arrival horizons, the framework improves the
average absolute landing-time error, but some larger individual
errors remain. This is reflected in the lower MAE, but higher
RMSE and standard deviation. These larger errors are likely
related to tactical arrival effects that are difficult to capture
from the aircraft rotation alone, such as sequencing, runway
changes, or local traffic conditions near Schiphol. Such effects
can change close to arrival and may only become visible in the

operational data shortly before landing. This explains why the
framework still performs slightly worse in terms of RMSE and
standard deviation in the shortest horizon, while the remaining
horizons benefit from modelling the propagated aircraft state.

C. Horizon-Dependent Performance

The milestone results show that the added value of the
phase-decomposed propagation framework varies with the pre-
diction horizon. Although the framework improves the take-
off prediction across all evaluated horizons and the landing
prediction across nearly all evaluated metrics, the relative
improvements are generally smaller at shorter horizons. Close
to take-off or landing, recent operational updates reduce the
remaining uncertainty, leaving less room for improvement
from a propagation model than at longer prediction horizons.

This short-horizon comparison should also be interpreted in
light of the milestone reconstruction method used in this study.
Since Actual Take-Off Time (ATOT) and Actual Landing
Time (ALDT) are reconstructed from historical DST updates,
the realised milestone times are not fully independent of the
DST update process. This may favour the DST baseline at
short horizons, where the latest operational estimate is already
close to the reconstructed realised event time. The effect
is less relevant at longer horizons, where the comparison
mainly concerns whether upstream delay is propagated before
it becomes visible in later operational updates.

At longer horizons, the phase-decomposed propagation
model provides more value. This is because later flights in
an aircraft rotation may still appear close to schedule in
the DST baseline, even when the same aircraft has already
accumulated delay earlier in the day. The proposed model
uses the predicted state of the aircraft rotation as input for the
next flight leg, allowing this upstream delay to be propagated
before it becomes visible in later operational updates. This
explains why the relative improvements generally become
more apparent at medium and long horizons, even though the
framework already improves most evaluation metrics at shorter
horizons.

The results also support H3, which proposed that a phase-
decomposed propagation framework provides insight into
where delay is generated, absorbed, or preserved within an air-
craft rotation. By modelling the turnaround, taxi-out, airborne,
and taxi-in phases separately, the framework makes it possible
to identify how delay evolves throughout the rotation. The
turnaround phase mainly determines whether inbound delay
is transferred to the next outbound flight, while the airborne
phase can absorb part of the upstream delay but often preserves
a remaining delay until landing. The taxi phases translate
OBT and LDT predictions into TOT and In-Block Time (IBT)
using surface movement estimates. Together, these phase-level
components provide insight into where delay is transferred,
preserved, or partly absorbed within the aircraft rotation.

D. Aggregated Demand Prediction

The final evaluation step considers whether the improved
milestone predictions also lead to better rolling demand
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profiles. Across all horizon intervals, the phase-decomposed
propagation model achieves lower demand errors than the
DST baseline. These results support H4, which proposed
that improved prediction of Schiphol take-off and landing
milestones leads to improved aggregated demand prediction.
The results show that more accurate milestone predictions
indeed translate into more accurate rolling demand profiles.

However, the improvement at demand level is less pro-
nounced than the milestone improvement. In the milestone
results, especially for TOT, the boxplots show a clear reduction
in both the interquartile range and the whiskers at medium
and long horizons. In the aggregated demand results, the
model errors are generally centred closer to zero than the
DST errors, but the difference in spread is smaller. The
boxplots still show overlap between the model and DST error
distributions, indicating that the improvement in individual
milestone predictions is only partly reflected in the aggregated
demand profile.

This can be explained by the aggregation step. Demand
is evaluated in rolling 20-minute windows, so not every
improvement in an individual flight time changes the demand
value. If a flight is predicted more accurately but remains
within the same rolling window, the aggregated demand value
may stay the same. At the same time, small timing shifts of
several flights can affect the demand profile when they move
flights into or out of a window.

The reduction in the spread of the demand errors is also
operationally relevant. Figure 13 shows that the framework
generally has shorter whiskers than the DST baseline, espe-
cially at medium and long horizons. This indicates that large
demand errors occur less often. Large positive errors may lead
to an overestimation of the future traffic load, while large
negative errors may hide an emerging demand peak. Although
regulation decisions are not simulated in this study, reducing
these larger demand errors can therefore support more reliable
flow management decision making.

The main operational benefit is therefore that the model
provides a better temporal placement of Schiphol traffic de-
mand across the evaluated horizons, but with a smaller visible
improvement than at milestone level. By keeping aircraft
rotations consistent, the model captures part of the effect of
rotational knock-on delay on future departures and arrivals.
The remaining overlap in the demand-error distributions shows
that the translation from individual milestone predictions to
aggregated demand can still be improved.

E. Future Work

Future work could further analyse how milestone prediction
errors translate into aggregated demand errors. The results
show that improved TOT and LDT predictions can improve
demand prediction, but the improvement at demand level
is smaller than the milestone-level improvement. A more
detailed analysis of the translation from milestone predictions
to demand predictions could show why some improvements
in individual TOT and LDT predictions have only a limited
effect on the rolling demand profile. This would make it

clearer when flight-level prediction improvements lead to
operationally relevant demand improvements.

The model could also be extended by using information
from other flights when predicting a specific flight. In the
current setup, each flight is mainly predicted from the state
of its own aircraft rotation. This captures rotational knock-on
delay, but it does not use information from other flights that
may be affected by the same local conditions. For example, if
earlier flights departing from the same airport show increasing
delay, this may indicate a local constraint such as runway
capacity, weather impact, or surface congestion. Including
such information from recent or similar flights could help the
model capture airport-level effects that are not visible from
the aircraft rotation alone.

The modelling of outstation operations could be improved if
more complete flight data become available. The current DST
data only contain flights that are inbound to or outbound from
Schiphol. As a result, the model cannot observe all local traffic
at outstations and cannot always reconstruct complete aircraft
rotations for operators that do not have Schiphol as a main hub.
If data for all flights at the relevant outstations were available,
the model could include local traffic conditions, runway use,
and airport-specific delay patterns more directly. It would also
make it possible to reconstruct more complete rotations for
other operators, reducing the need to restrict the analysis to
KLM, KLM Cityhopper, and Transavia. This could improve
the prediction of delays that are generated or preserved at
outstations and later propagate back to Schiphol.

The training period could also be extended. The current
OBT and LDT models are trained on July 2025 and evaluated
on August 2025. Training the models on a longer period
would expose them to a wider range of traffic levels, weather
conditions, runway configurations, and disruption patterns.
This could improve robustness and make it possible to evaluate
whether the results remain stable across seasons.

VII. CONCLUSION

This study shows that the phase-decomposed propagation
model improves the prediction of Schiphol Take-Off Time
(TOT) and Landing Time (LDT). The framework consis-
tently improves milestone prediction across the evaluated
horizons, with the relative improvements generally becoming
larger at medium and long prediction horizons, where delay
accumulated earlier in an aircraft rotation is not yet fully
reflected in the Decision Support Tool (DST) baseline. These
improved milestone predictions also lead to more accurate
rolling Schiphol demand profiles.

The results show that the amount of remaining turnaround
time is a key factor in determining whether inbound delay is
carried into the next departure. In both the Schiphol and out-
station Off-Block Time (OBT) models, Available Turnaround
Time (ATT) is one of the most important features, indicating
that the available ground time strongly influences the extent
to which delay propagates. Departure delay is the dominant
feature in the LDT model, showing that upstream delay often
remains visible at landing. This suggests that the airborne
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phase can absorb part of the delay, but generally does not
remove it completely. Together, these findings provide insight
into how delay is propagated and partly recovered within an
aircraft rotation.

Schiphol departure predictions improve across all evaluated
horizons. At the [180,240) minute horizon, the Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), and standard
deviation are reduced by approximately 16%, 11%, and 2%,
respectively. Schiphol arrival predictions also improve, with a
lower MAE across all evaluated horizons and improvements
in all three error metrics from the [15,30) minute horizon
onwards. At the longest horizon, the LDT MAE, RMSE,
and standard deviation are reduced by approximately 19%,
14%, and 13%, respectively. These results confirm that the
phase-decomposed structure consistently improves milestone
prediction while providing the greatest relative benefit before
propagated delay becomes visible in later operational updates.

The improved milestone predictions also lead to lower
rolling Schiphol demand errors across all evaluated horizons.
Although the relative improvement at demand level is smaller
than at milestone level, because more accurate individual
flight times do not always change the number of flights
within a rolling 20-minute window, the framework consistently
improves the MAE, RMSE, and standard deviation of the
rolling demand prediction. This results in a more accurate
temporal placement of future demand and fewer large demand
prediction errors.

Overall, the results support all four hypotheses. The phase-
decomposed propagation model captures the main rotational
delay mechanisms, improves take-off and landing predictions,
and translates these improvements into more accurate Schiphol
demand profiles. Its main operational value lies in identifying
future demand changes several hours before operation, when
delay propagation is still insufficiently represented in the
operational baseline.
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2
Air Traffic Flow and Capacity Management

Air traffic demand continues to grow [1], while the capacity of the airspace remains fixed because it is

a limited and fixed volume resource. Airports face similar physical and operational constraints, as they

have limited capacities and resources and expanding airports is not always possible. As a result, both

airports and airspace have become increasingly congested, resulting in an imbalance between demand and

available capacity. To regulate the flow of air traffic as efficiently as possible in order to avoid congestion,

Air Traffic Flow and Capacity Management (ATFCM) is introduced. It is one of the three main services of

Air Traffic Management, the other two being Airspace Management (ASM) and Air Traffic Control (ATC).

Within Europe, ATFCM services are provided by EUROCONTROL’s Network Manager Operations Centre

(NMOC), which coordinates demand and capacity across all member states of the European Civil Aviation

Conference (ECAC). When traffic demand approaches or exceeds the available capacity, measures are

required to prevent overload and maintain safety and efficiency. ATFCM plays a central role in balancing

demand and capacity by combining strategic and tactical planning with collaborative processes that align

stakeholders across the network [2].

This chapter is structured into three main parts. First, Section 2.1 introduces the four ATFCM phases,

outlining how demand and capacity are managed from the strategic point. Next, Section 2.2 discusses

Airport Collaborative Decision Making (A-CDM), with particular attention to the milestone approach that

defines the operational timeline relevant for analyzing delay propagation. Finally, Section 2.3 presents

LVNL’s Decision Support Tool (DST), describing its role in predicting traffic demand, identifying capacity

imbalances, and supporting operational decision making.

2.1. ATFCM Phases
ATFCM can be divided into four phases, the first is the Strategic flow management phase, which takes place

seven days or more before the day of operations. This is followed by the Pre-tactical flow management

phase, applied during the six days leading up to the day of operations. The Tactical flow management

phase occurs on the day of operations itself, after which the process concludes with the Post operational

analysis phase [2, 3]. An overview of these phases is shown in Figure 2.1.
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Figure 2.1: ATFM Phases [2, 3]

Strategic flow management
The strategic flow management phase takes place six months to seven days before the day of operations.

It includes research, planning and coordination activities that support the early identification of demand–ca-

pacity imbalances. The main output of this phase is the weekly and daily Network Operations Plan (NOP),

which identifies measures aimed at optimizing the utilization of available capacity [2].

Pre-tactical flow management
The Pre-tactical management phase takes place six days before the day of operation. It consists of planning

and coordination activities aiming to fine tune the original plan made in the strategic flow management

phase. The main objective is to optimize efficiency and balance demand and capacity through effective

organization such as sector configuration. The output of this phase is the ATFCM Daily Plan (ADP), which

is a set of tactical ATFCM measures prepared and agreed between all partners concerned to optimize the

European Network [2].

Tactical flow management
The tactical flow management phase takes place on the day of operations and focuses on monitoring

real-time events that affect the ADP and adjusting it when necessary. The aim is to ensure that disturbances

such as weather, staffing issues or other unexpected constraints result in only minimal changes, keeping

the required measures as close as possible to those defined in the preceding phases [2].

Post operational analysis
The post-operational analysis phase takes place after the day of operations and focuses on reviewing

how the network performed compared to the plans and measures established in the earlier phases. In

this stage, stakeholders analyse traffic flows, applied regulations, delay patterns and capacity usage to

determine whether the strategic, pre-tactical and tactical measures were effective. The objective is to

identify lessons learned and understand the causes of any remaining imbalances or inefficiencies [2].

2.2. Airport Collaborative Decision Making
Airport Collaborative Decision Making (A-CDM) has been developed to address challenges that arise

from ineffective data and information exchange between different stakeholders. The aim is to increase

the efficiency of airport operations and improve the performance of the overall ATM network by reducing

delays, improving predictability and optimising the use of resources. A-CDM is currently adopted at 34

airports across Europe shown in Figure 2.2, and it consists of six main elements. For this thesis, the

milestone approach is the primary element of interest, as it defines the operational timeline on which delay
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propagation is analysed.

Figure 2.2: A-CDM Airports [4]

Milestone approach
To ensure consistency across the network, a common milestone process has been established that aligns

with the key events of the flight process. Each A-CDM partner is responsible for specific milestones,

with the goal of combining them into one seamless process. There are a total of 16 milestones, these

milestones are a core part of A-CDM. Figure 2.3 illustrates these milestones in different flight phases. The

goal of the milestone approach is to improve the situational awareness across the complete flight process.

Figure 2.3: A-CDM Milestones
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The A-CDM process begins at Milestone 1, three hours before the Estimated Off-Block Time (EOBT), where

the flight plan is filed and the flight becomes visible in the A-CDM system. One hour later, at Milestone 2,

full flight data becomes available to all A-CDM partners and, if demand exceeds capacity in a certain

region, the Network Manager assigns a Calculated Take-Off Time (CTOT). The process continues with

Milestone 3, which is triggered when the aircraft takes off from the origin airport. Milestone 4 occurs when

the aircraft enters the relevant Flight Information Region (FIR) of the destination airport and becomes visible

to ATC surveillance systems, for Schiphol Airport this corresponds to entry into the Dutch FIR. Milestone 5

marks the moment the aircraft enters final approach based on ATC instructions, followed by Milestone 6

which is the Actual Landing Time (ALDT), when the aircraft touches down. Milestone 7 is the moment the

aircraft arrives at the gate, representing the Actual In-Block Time (AIBT). This also marks the beginning of

the turnaround phase. Milestone 8 denotes at the same moment the start of ground-handling activities

such as catering, cleaning and baggage services, this milestone is not implemented at Schiphol Airport.

During the turnaround phase, the aircraft operator or ground handler updates the Target Off-Block Time

(TOBT), this moment is defined as Milestone 9. Milestone 10 follows when ATC issues the Target Start-Up

Approval Time (TSAT). Milestone 11 marks the beginning of boarding as passengers, and Milestone 12

indicates that the aircraft is technically ready for departure. The process continues with Milestone 13, when

the pilot requests start-up clearance (ASRT), and Milestone 14, when ATC approves this request (ASAT),

which is not used at Schiphol. Milestone 15 records the Actual Off-Block Time (AOBT) when the aircraft

pushes back from the stand, and finally Milestone 16 captures the Actual Take-Off Time (ATOT), marking

the aircraft’s departure and the completion of the A-CDM sequence.

2.3. Decision Support Tool
The Area Control Center Supervisors (ACC-SUP) and the Flow Management Position Controllers (FMPC)

at LVNL have gained an increasingly important role in day to day operational decision making due to the

growth in air traffic over recent years. They are required to make frequent decisions to align the expected

traffic demand with the available capacity. Several systems provide insight into predicted traffic demand

and sector workload, such as the Network Manager (NM) CIFLO tool. However, the use of these systems

comes with several limitations: supervisors cannot steer on measures other than ATFM regulations, they

lack the ability to estimate airspace or stack delay under changing conditions, scenario testing options

are extremely limited, and there is no clear insight into how simulated measures would affect controller

workload. These constraints make it difficult to evaluate decisions in advance and to assess whether

chosen measures were effective afterwards. With these shortcomings in mind, LVNL has introduced a

new tool called the Decision Support Tool (DST), intended to provide ACC-SUP and FMPC with better

decision-support information and help them make more effective use of the available capacity.

To illustrate how DST provides supervisors with insight into both traffic demand and available capacity, an

example of the monitoring view is shown below. Figure 2.4 shows the DST monitoring view for all sectors in

the Dutch airspace. The display consists of two graphs that together indicate whether the expected traffic

demand fits within the available capacity. The upper graph shows the expected traffic load, where each

bar represents the number of flights that are expected to be in the Dutch airspace during that specific time

interval. The bars are divided into airborne, planned and regulated traffic, giving supervisors a clear view

of the total load. The capacity is shown using two forecast lines: the CFS (Capacity Forecast Schiphol),

representing the planned capacity based on declared runway and sector rates, and the CFD (Capacity

Forecast DST), which is dynamically calculated by DST. When the total load exceeds one of these capacity

lines, it indicates that traffic demand is higher than the available runway or sector capacity. The lower

graph displays In-FIR delay, representing the number of aircraft that are expected to experience airborne

delay within the Dutch airspace. These delays typically increase when the load in the upper graph exceeds

the available capacity.



2.3. Decision Support Tool 27

Figure 2.4: DST example

DST uses rolling time windows to represent traffic demand. In the example shown in Figure 2.4, a 20

rolling 5 setting is used. This means that demand is evaluated in five-minute time bins, where the demand

of each bin is calculated over the 20-minute window that starts at the beginning of that bin. For example,

the demand of the bin from 04:00 to 04:05 is calculated over the window from 04:00 to 04:20, while the

demand of the next bin, from 04:05 to 04:10, is calculated over the window from 04:05 to 04:25. Flights

that fall entirely within a window are counted fully, while flights that cross the start or end of the window are

counted fractionally. Because consecutive windows overlap, a single aircraft can contribute to multiple

consecutive bins. This rolling window approach reduces sensitivity to bin boundaries and results in a

smoother and more realistic representation of the traffic density.

Although the DST provides supervisors with a forward-looking view of traffic demand and available

capacity, its demand predictions are constructed from the latest available flight-plan estimates for each

flight individually. The tool does not explicitly model how delay propagates through aircraft rotations, so

delays accumulated earlier in a rotation are not necessarily reflected in the predicted take-off and landing

times of later flight legs. This limitation forms the starting point of the problem statement in Chapter 3.



3
Problem Statement

According to EUROCONTROL [5], the average delay per flight in 2024 was 17.5 minutes, while arrival

punctuality reached 72.4 percent, meaning that nearly three quarters of all flights arrived within 15 minutes

of their scheduled arrival time. Although delay may originate from different sources such as weather

conditions, ATC regulations or airport capacity constraints, the dominant contributor to total delay is

reactionary delay, which accounts for 46 percent of all delay minutes and corresponds to approximately 8

minutes per flight. Even though reactionary delay represents the majority of all delays in Europe, LVNL

currently has no model that predicts how delay propagates over time. The propagation of delays is a

complicated process that depends on a number of variables. From an airline perspective, delay propagation

is driven by the structure and interconnectedness of flight chains. Aircraft rotations, crew shifts and tightly

scheduled connections create dependencies where delay on one leg can carry over to the next flights.

From an airport perspective, several operational factors influence how delays propagate. Airport capacity,

weather conditions, route congestion and runway configuration are often identified as key drivers of delay

propagation between airports, as they determine how much delay can be absorbed before operations

become constrained. Airports with high connectivity or tightly coordinated arrival and departure waves are

particularly sensitive to disturbances because concentrated traffic and limited capacity leave little room to

absorb delay times.

A further complication is that delay does not change uniformly across the different phases of a flight. Each

phase has its own scheduling buffer, and the size of these buffers can vary considerably. This variation is

influenced by factors such as aircraft type, airline schedules, airport procedures and operational conditions

[6]. Because each phase can absorb delay differently, predicting how delay will propagate becomes more

complex.

Schiphol is one of Europe’s major hub airports, and hub airports experience higher levels of delay than

non-hub airports [7]. This makes delay propagation particularly relevant at Schiphol. As one of the 34

A-CDM airports in Europe, EUROCONTROL provides Schiphol and LVNL with A-CDM data for these

airports. However, there are more than 300 European airports, which means that there is no A-CDM

data available for a part of the traffic. This requires a different approach for those flights and makes the

modelling task more complex. These challenges lead to the following problem statement:

There is currently no model at LVNL that predicts how delay propagates over time within the European

network, with specific focus on Schiphol Airport, to support area control center supervisors and the flow

management position controllers in making better operational decisions.
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Operational and Data Concepts

This chapter introduces the operational and data concepts used in this thesis. Section 4.1 explains how

delays are classified using the standardized CODA categories. Section 4.2 describes the three main flight

phases namely: turnaround, taxi, and airborne which are essential for understanding where delay can be

absorbed or amplified. Section 4.3 discusses weather data, and section 4.4 presents ADS-B data as a

source for analyzing airborne behaviour.

4.1. Delay Causes
EUROCONTROL and IATA use a standardized delay coding framework which is applied by the Central

Office for Delay Analysis (CODA) to classify all causes of delay across the European network. The

framework divides delay into seven categories namely: Airline, Airport, ATFM En-route, Governmental,

Weather, Miscellaneous, and Reactionary. Figure 4.1 illustrates the distribution of average delay per flight

for the year 2023 and 2024 [5].

Figure 4.1: Distribution of the average delay per flight [5]

Each primary delay category reflects a different source of operational disruption within the European

network. Airline delay arises from factors under the airline responsibility, such as ground handling efficiency,

aircraft turnaround performance, technical issues, or crew related problems. Airport delay originates from

local aerodrome conditions, including capacity limitations, gate or stand shortages, runway availability,

and other infrastructure restrictions. ATFM en-route delay occurs when airspace sectors cannot meet

planned demand due to limited capacity, staffing issues, military activity, or system transitions, often

creating wide area effects because multiple traffic flows are affected at the same time. Weather delay

refers to meteorological conditions such as strong winds, low visibility, thunderstorms or snow that reduce

the performance of aircraft and limit the capacity of both airports and airspace. Governmental and

miscellaneous delays represent a smaller part of the total delay and include regulatory checks, security
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processes or other exceptional circumstances. Together, these primary delay types form the basis for the

reactionary delays that develop in the network.

4.2. Flight Phases
A flight consists of several operational phases, all with their own characteristics and sources of delay.

These phases can absorb or amplify delays in different ways. In this section, the flight phases are discussed

separately.

4.2.1. Turnaround Phase
During the turnaround phase, a lot of ground handling activities take place. Once the aircraft arrives at

the gate, passengers and baggage are unloaded, the cabin is cleaned, catering is restocked, technical

checks are performed and the aircraft is prepared and boarded for the next flight. Turnaround time can be

described in different ways depending on the time reference used. The first one is the scheduled turnaround

time, which refers to the interval between the Scheduled In-Block Time (SIBT) and the Scheduled Off-Block

Time (SOBT). This duration is determined in the airline schedule planning and is the turnaround time

that the airline intends to achieve under normal operational conditions. The second definition is the

expected turnaround time, which is based on the Estimated In-Block Time (EIBT) and Estimated Off-Block

Time (EOBT), the expected values change dynamically depending on the operations. Lastly, the actual

turnaround time reflects the true operational duration, it starts from the Actual In-Block Time (AIBT) and

ends at the Actual Off-Block Time (AOBT). This value captures how long the aircraft actually remained at

the stand. The three turnaround time definitions are formulated below.

Scheduled Turnaround Time = SOBT− SIBT (4.1)

Expected Turnaround Time = EOBT− EIBT (4.2)

Actual Turnaround Time = AOBT− AIBT (4.3)

Airlines also include buffer time in their turnaround planning to account for delay. This buffer is the margin

between the scheduled turnaround time and the minimum turnaround time required. In addition, the delay

in the turnaround phase can be determined by comparing the actual turnaround duration with the scheduled

one. Both buffer time and delay are described in the functions below.

Turnaround Buffer = Scheduled Turnaround Time−Minimum Turnaround Time (4.4)

Turnaround Delay = Actual Turnaround Time− Scheduled Turnaround Time (4.5)

4.2.2. Taxi Phase
Taxi operations differ between airports. At smaller airports, aircraft often follow the shortest path to the

runway with minimal need for strategic planning. This is not the case at larger and more complex airports

such as Schiphol, where high traffic density, intersecting taxiways and multiple runway configurations

require coordinated sequencing and routing. These operational characteristics result in a wide variation of

taxi times across flights.

Within the A-CDM framework, taxi times are defined using two indicators. The arrival taxi time is represented

by the Estimated Taxi-In Time (EXIT), and the departure taxi time is represented by the Estimated Taxi-Out

Time (EXOT). Both can be formulated as follows:

EXIT = EIBT− ELDT/ALDT (4.6)

EXOT = ETOT/TTOT/CTOT− EOBT/TOBT (4.7)

The assignment of gates has a direct impact on taxi times because it determines the destination of the

aircraft within the airport layout [8]. Airlines also have preferred gates for operational or commercial

reasons, creating patterns in taxi routes for specific airline–airport combinations [9].
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4.2.3. Airborne Phase
The airborne phase represents the time the aircraft spends in the air between take off and landing. This

phase is less constrained by airport layout compared to the turnaround and taxi phases, however airborne

time can still vary significantly. Factors such as wind conditions, weather deviations, airspace structure,

ATC instructions and traffic density all influence the duration of the flight. As a result, the airborne phase

can either absorb delay or generate additional delay. Airborne time can be expressed through scheduled,

expected and actual values. The actual airborne time is the interval between the ATOT and the ALDT.

The scheduled airborne time is defined in the airline schedule using the Scheduled Take-Off Time (STOT)

and Scheduled Landing Time (SLDT). The expected airborne time is based on the estimated flight plan

values, such as ETOT and ELDT, which reflect the predicted time.

These three different expressions are summarized below:

Actual Airborne Time = ALDT− ATOT (4.8)

Scheduled Airborne Time = SLDT− STOT (4.9)

Expected Airborne Time = ELDT− ETOT (4.10)

Airborne delay is determined by comparing the actual airborne time with the scheduled airborne time. And

is formulated as follows:

Airborne Delay = Actual Airborne Time− Scheduled Airborne Time (4.11)

4.3. Weather Data
Weather is one of the primary delay categories defined by CODA [5]. Numerous studies identify weather

as one of the dominant drivers of both primary and reactionary delay across the air transport system,

influencing taxi operations, airborne trajectories, runway capacity, and ATFM regulations [10, 11, 12].

Meteorological Aerodrome Reports (METAR) give hourly observations of the local weather conditions at

airports. The reports are generated by weather stations and contain detailed information on atmospheric

conditions that can directly affect airport and airspace operations. For this thesis, the following METAR

variables are of particular interest:

• Wind: Speed, direction and gusts, which affect runway configuration and can constrain take-off and

landing operations.

• Visibility: Reduced visibility often leads to operational restrictions.

• Weather phenomena: Current conditions such as rain, snow, fog or thunderstorms, each of which

can introduce delays or require additional procedures.

• Sky condition: Cloud coverage and cloud base altitude, both relevant for approach and departure

performance.

• Temperature and dew point: Important for aircraft performance and for determining when de-icing

procedures are required.

4.4. ADS-B Data
Automatic Dependent Surveillance–Broadcast (ADS-B) is a surveillance technology in which aircraft

transmit their position and movement information. Because these messages are broadcast directly from

the aircraft and can be received by a wide network of ground stations, ADS-B provides high resolution

and high frequency observations of airborne behaviour [13]. In the context of delay research, ADS-B is

widely used to analyze airborne trajectories and approach or departure behaviour. This makes it a useful

data source for estimating how long an aircraft will remain in the air, whether it is likely to arrive on time,

and how airborne conditions influence overall delay evolution. Recent studies in trajectory prediction and

delay forecasting often rely on ADS-B because its continuous positional updates allow accurate tracking of

airborne performance throughout the en-route and arrival phases.
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State of the Art

In this chapter, the current state of the art in flight delay propagation modelling is reviewed. The focus is

on how existing methods approach the propagation of delay across flights, operational phases, airports,

and wider air traffic networks. The literature shows a broad range of modelling strategies ranging from

analytical formulations to data driven and network based approaches, each offering different levels of

interpretability, scalability, and predictive capability.

Across the reviewed work, several methods emerge. Early analytical and econometric models provide

insight into fundamental propagation mechanisms but lack the ability to represent network complexity.

Statistical approaches capture temporal patterns and distributions of delay but remain limited in modelling

leg-to-leg interactions. Bayesian networks introduce probabilistic causality and can represent operational

dependencies, though they rely heavily on predefined structures. More recent machine learning and deep

learning methods exploit large historical datasets to model non-linear and spatial–temporal relationships,

including airport interactions, network spillovers, and dynamic propagation patterns.

This chapter is structured as follows. First, Section 5.1 presents economic models that characterize

delay propagation using simplified mechanisms. Section 5.2 then discusses statistical approaches,

including classical regression, survival models, distribution based methods and Bayesian networks. Finally,

Section 5.3 reviews machine learning and deep learning methods including supervised learning, recurrent

neural networks, and graph-based models followed by a feature overview that summaries the input variables

commonly used in the reviewed literature.

5.1. Economic Models
Economic models are used in economics to describe how different factors are related and to analyse

how changes in one variable can influence another. They combine economic theory, mathematics, and

statistical methods to study and measure relationships within an economic system. The goal of economic

models is to make theoretical ideas measurable and to better understand real-world economic behaviour

[14].

In the field of flight delay propagation, the term economic model is used in a broader and more applied way.

These models do not study markets or prices, but are used to describe and explain how delays develop

and spread within the air transport system [15]. Economic models often use real flight data and simple

econometric methods, such as regression analysis, to validate relationships between operational factors

and the extent of delay propagation. The main goal of these models is not to predict exact delay values

but to understand why and how delays are transferred from one flight to another within the network [16].

Beatty et al. (1999) [17] introduced one of the first quantitative models of delay propagation by developing

the Delay Multiplier (DM). This indicator measures how an initial delay spreads to later flights in an airline

schedule. Using flight data from United Airlines, Beatty et al. showed that early delays in the day cause

more reactionary delay, while later delays are often absorbed. The DM provided the first simple way to

describe how flight delays propagate through the network. Eighteen years later Belkoura et al. (2017) [18]

improved this idea by introducing a nonlinear delay multiplier. Using European flight data, they showed

that the relationship between inbound and outbound delays is not always proportional.

Kafle and Zou (2016) [6] advanced the study of delay propagation by developing an econometric model

that distinguishes between propagated and newly formed delays within an aircraft’s daily flight sequence.
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Their approach combines an analytical framework, which defines how delays move through successive

flight legs depending on flight and ground buffers, with an econometric model that estimates the influence

of operational and external factors on this process. Using flight data from the U.S. Bureau of Transportation

Statistics, they identified buffers as the key variable affecting the extent to which delays are absorbed

or passed on. To avoid the bias of simple regressions, the authors applied a latent variable framework

based on a discrete choice model and estimated the coefficients using both the Heckman two-step and

Full Information Maximum Likelihood (FIML) methods. The results show that about two-thirds of departure

delays originate from previous flights, while the rest are newly formed due to external factors such as

weather or congestion. Propagation effects also differ between airports, and whether it is arriving or

departing, suggesting that local network structures and operational policies play a major role in how delays

spread.

As summarized in Table 5.1, economic models remain useful because they make the basic mechanisms

of delay propagation clear, including delay multipliers and the distinction between propagated and newly

formed delay. Their interpretability helps explain how delays spread through the air transport system.

However, their simplifying assumptions, limited scalability, and lack of explicit network representation

make them unsuitable for operational delay propagation prediction. Overall, these models serve mainly as

conceptual insight rather than as a practical framework for detailed or real-time forecasting.

Authors / Year Objective Method Application

Beatty et al. (1999) Measure how initial delay spreads
through airline schedules.

Delay Multiplier (linear economet-
ric indicator).

Single airline (United Airlines);
propagation across sequential
flights.

Belkoura et al. (2017) Make delay-propagation measure-
ment more realistic using European
data.

Nonlinear Delay Multiplier; regres-
sion of inbound–outbound rela-
tionships.

Network / multiairport (EURO-
CONTROL); multi-airline interac-
tions.

Kafle & Zou (2016) Differentiate propagated vs. newly
formed delays within aircraft rotations.

Analytical/econometric model with
latent variables (Heckman two-
step / FIML).

From aircraft rotations to air-
port/network propagation; not real-
time.

Table 5.1: Economic models: authors, objective, method, and application level.

5.2. Statistical Models
While economic models focus on explaining the underlying mechanisms of delay propagation, statistical

models aim to quantify relationships and identify patterns using probabilistic methods. These models are

mainly used to measure the impact of different factors on delays and to describe how delay propagation

follows certain statistical distributions.

5.2.1. Classical Statistical Models
Classical statistical models describe flight delay propagation in terms of patterns and probabilities rather

than causal mechanisms. These models use statistical techniques to identify how delay build up and

persist over time, and to estimate the influence of operational and environmental factors.

Tu et al. (2008) [19] developed one of the first statistical approaches to study how departure delays change

over time. They separated the total delay into three parts: a long-term seasonal trend, a daily pattern

showing how delays increase throughout the day, and a random component. Using data from United

Airlines at Denver Airport, they found clear seasonal and daily variations, with higher delays in summer

and an accumulation of delays during the afternoon. This study showed how delays tend to build up as the

day progresses, although it did not measure how one flight’s delay directly affects the next.

Wong and Tsai (2012) [10] introduced a different approach based on survival analysis. Instead of focusing

on average delay times, they examined how long a delay tends to last within the daily schedule of a single

aircraft. Their model linked each flight’s departure delay to the arrival delay of the previous flight and to

the available turnaround time. Using one year of operational data from UNI Air in Taiwan, they found that

larger turnaround buffers increase the chance of recovering from a delay, while bad weather and technical

problems make recovery less likely. Later, Kim and Bae (2021) [20] used a similar survival analysis for

South Korean flights. They confirmed that turnaround time plays a crucial role in delay recovery. When the

actual turnaround time is short, having a larger buffer helps reduce the persistence of delays. They also

observed that international flights tend to have longer delays than domestic ones, showing differences in

operations and scheduling flexibility.
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Zheng et al. (2020) [11] adopted a quantile regression approach to study how different factors affect not

only average delays but also short and extreme delay situations. Ordinary Least Squares (OLS) is a

regression method that estimates the average relationship between variables, while quantile regression

allows researchers to focus on different points in the delay distribution, such as very long delays. Using

data from Shanghai Pudong Airport, they found that ground buffers help reduce short delays but are less

effective for longer delays. In those cases, factors like weather and congestion dominate.

Nayak and Zhang (2011) [12] analysed how delays at one airport can influence others in the United States.

They used a multivariate statistical model to estimate how delays spread between 34 major airports. Their

results showed strong spillover effects, meaning that a delay at one airport does not remain isolated but

spreads to other airports through interconnected flight schedules, especially under bad weather or heavy

congestion.

Overall, classical statistical models focus on describing how delays behave, how long they last, how they

vary across conditions, and how they are distributed, rather than on explaining why they occur. Compared

with economic models, they provide a more data driven and probabilistic view of delay propagation,

focusing on measurable relationships instead of theoretical ones. The statistical models discussed above

are summarized in Table 5.2.

Authors / Year Objective Method Application / Key findings

Tu et al. (2008) Study how departure delays vary over
time.

Nonparametric spline estimation of
seasonal and daily trends with ran-
dom residuals.

United Airlines (Denver). Clear seasonal
pattern and daily build-up of delays; not
direct leg-to-leg propagation.

Wong & Tsai (2012) Examine how long delays persist within
daily aircraft schedules.

Survival analysis (Cox model) link-
ing previous arrival delay and
turnaround time.

UNI Air (Taiwan). Larger turnaround
buffers help recovery; weather and tech-
nical issues extend delays.

Kim & Bae (2021) Develop a survival-based model to ex-
plain and predict departure delay dura-
tion using operational and flight charac-
teristics.

Survival analysis with actual
turnaround buffer as main variable.

South Korea. Shorter turnaround in-
creases persistence, international flights
show longer delays.

Zheng et al. (2020) Analyze how factors affect different lev-
els of delay.

Ordinary Least Squares (OLS) and
quantile regression.

Shanghai Pudong Airport. Buffers help
short delays, severe delays dominated by
weather and congestion.

Nayak & Zhang (2011) Evaluate how airport delays influence
each other across the system.

Multivariate regression model
(system-wide).

U.S. network. Significant spillover be-
tween airports, weather and congestion
amplify propagation.

Table 5.2: Summary of classical statistical models for flight delay propagation.

5.2.2. Bayesian Networks
Bayesian networks (BN) are probabilistic graphical models that represent dependencies between different

operational factors. Each node in the network corresponds to a variable such as arrival delay, turnaround

delay, or weather, while directed links describe how these variables influence one another. This makes

BN particularly suitable for modelling flight delay propagation, where delays evolve through multiple

interconnected processes [15].

Typically, a BN is developed in three main steps [15]. The first step is the creation of variables, defining

which operational components and external factors are included. The second step is structure learning,

where the causal links between variables are determined. This can be based on expert judgment or on

data driven algorithms such as K2. The third step is parameter learning, which estimates the conditional

probabilities between variables. This process is often implemented through the Expectation Maximization

(EM) algorithm. Most studies build their models in Netica, a software package commonly used for

probabilistic network modelling [21, 22, 23, 24].

Xu et al. (2005) [25] were among the first to apply Bayesian networks to model how flight delays propagate

between airports in the U.S. National Aviation System. Their study analysed flight connections between

Chicago O’Hare (ORD) and LaGuardia (LGA) as origin airports and Atlanta (ATL) as destination airport.

Using delay related variables such as departure delay, arrival delay, weather, time of day, and flight

cancellations, three estimation approaches were compared. The first used the Dirichlet multinomial

model to estimate the conditional probability distributions of each node in the network directly from data,

representing a purely data driven form of Bayesian parameter learning. The second applied regression

based estimation to incorporate prior knowledge about relationships between delay variables at connected

airports. The third approach combined both methods by using regression results as prior expectations and
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refining them through Dirichlet updating based on historical flight data. This combined approach provided

the highest predictive accuracy. The model, showed that departure delays at hub airports such as ORD

strongly influence downstream arrival delays, while adverse weather and cancellations at the destination

airport ATL further amplify delay propagation across the network.

Laskey et al. (2012) [21] refined the Bayesian approach by developing a structured network that captures

how delays evolve through different operational stages of a flight, as illustrated in Figure 5.1. The model

incorporated influencing factors such as weather and traffic volume, with the structure defined using expert

knowledge and the parameters estimated in Netica through Dirichlet multinomial learning.

Figure 5.1: Bayesian Network structure [21]

Liu and Ma (2008) [22] studied how delays are transferred between consecutive flight legs operated by

the same aircraft. They developed a Bayesian network model for a reduced flight chain and compared

three different ways of training it. The first method only estimated the parameters, the second learned

the structure of the network using the K2 algorithm, and the third combined both methods. The combined

learning approach first determined the structure of the network from the data and then estimated the

parameters using the EM algorithm. This approach achieved the highest accuracy. The results showed

that Bayesian networks can not only predict delay propagation but also identify key influencing factors, such

as turnaround time and airport congestion. This demonstrates how learning based models can uncover

relationships between operational variables that are not directly visible in raw data.

More recent studies by Wu andWu (2018) [23] andWu and Law (2019) [24] extended Bayesian approaches

to include multiple types of resources and probabilistic delay profiles. Wu and Wu integrated Bayesian

networks with a Delay Propagation Tree (DPT), modelling delay as a probability distribution rather than

a single value. This approach captures how variations in upstream delays influence the probability of

downstream disruptions and allows for scenario analysis such as testing different buffer settings. Wu and

Law expanded this framework further by incorporating multiple propagation sources like aircraft, crew,

cabin crew, and passengers within one unified BN. They introduced two new measures: the Expected
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Delay Multiplier (DMe), representing the expected downstream delay given a certain condition, and the

Expected Propagated Delay Multiplier (DMx), which quantifies how updated information changes those

expectations. These developments demonstrate how Bayesian networks can model complex resource

interconnections and reveal weak links where small disruptions can escalate into larger system wide

delays.

Bayesian networks are effective at representing dependencies between operational factors that drive delay

propagation. Their probabilistic structure makes it possible to reason about uncertainty and to trace how

one disruption can influence others. However, the models rely on probability distributions and predefined

causal structures, which limits their ability to capture the full complexity and variability of real operations. In

practice, they function more as probabilistic explanation tools than predictive models. The main Bayesian

models are summarized in Table 5.3.

Authors / Year Objective Method Application / Key findings

Xu et al. (2005) Model delay propagation between oper-
ational phases.

Bayesian network with regression-
based priors; EM parameter learn-
ing in Netica.

ORD–ATL flights. Early departure
and weather effects strongly influ-
ence downstream delays.

Laskey et al. (2012) Extend the phase-based BN to multiple
airports within the NAS.

Hybrid structure combining expert
knowledge and data learning.

U.S. network. Integration of regres-
sion priors improves accuracy and
interpretability.

Liu & Ma (2008) Predict delay transfer within aircraft
flight chains using data-driven learning.

K2 structure learning combined with
EM parameter estimation.

Chinese hub airport. Mixed learning
improves accuracy; turnaround and
congestion are key drivers.

Wu & Wu (2018) Represent probabilistic delay propaga-
tion and buffer effects.

Delay Propagation Tree (DPT) inte-
grated with Bayesian inference.

Single airline network. Probabilistic
modelling identifies heterogeneous
buffer impacts.

Wu & Law (2019) Analyze multi-resource delay propaga-
tion in airline operations.

Extended BN including aircraft,
crew, and passenger connections.

Airline network. New DMe and DMx
metrics identify weak links and ma-
jor propagation paths.

Table 5.3: Summary of BN models for flight delay propagation.

5.3. Machine Learning
In recent years, machine learning (ML) has emerged as one of the dominant approaches for modelling and

forecasting flight delay propagation. Traditional statistical and simulation based methods often struggle to

capture the nonlinear and highly interconnected nature of the air traffic system. As highlighted by Li et

al. (2024) [15], “In the selection of modelling methods for flight delay propagation, aligning with available

data types is paramount. Machine learning and deep learning excel with large, complex datasets, adept at

revealing hidden patterns through their capacity to analyse vast and intricate data structures.”

Machine learning models are well suited for this context because they can learn relationships directly from

historical data without requiring physical or probabilistic assumptions about how delay propagates. These

models can detect nonlinear dependencies between airports, flight schedules, and environmental factors,

which makes them powerful tools for prediction [26]. However, a common drawback of machine learning

models is that they often function as a “black box”, which means that their internal decision process is not

directly interpretable. Although these models can achieve high predictive accuracy, they provide limited

insight into the causal mechanisms that drive delay propagation [15, 16]. This section is divided in two

subsections, namely supervised learning and deep learning.

5.3.1. Supervised Learning
A common supervised learning algorithm is the Decision Tree (DT). A DT is a non parametric model that

divides data into smaller subgroups based on a series of decision rules derived from input features. The

structure of a DT includes a root node, internal nodes, and leaf nodes. The root node represents the

first split of all data, internal nodes correspond to subsequent splits, and the leaf nodes contain the final

prediction for each subset of data. Each branch connecting the nodes represents a possible outcome of a

rule and can be interpreted as an if–then statement. The algorithm continues to split the data until stopping

criteria are met. The result is the final tree that represents a set of simple decision rules that map input

conditions to a predicted outcome [27]. An example of a DT is shown in Figure 5.2.
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Figure 5.2: Decision Tree example [27]

To improve predictive power and robustness, ensemble methods have been developed that combine

multiple trees into a single model, reducing overfitting and increasing accuracy. One such method is the

Random Forest (RF), which builds multiple Decision Trees, each trained on different subsets of features

and data samples. The predictions from all trees are then combined through a voting process, where the

majority vote for the final prediction, resulting in a more stable and accurate model [28]. Another ensemble

method is the Gradient Boosted Decision Tree (GBDT), in which multiple Decision Trees are arranged in

series rather than built independently. Each tree is trained to correct the errors made by the previous ones,

allowing the model to progressively improve its predictions [29].

Rebollo and Balakrishnan (2014) [30] developed one of the first supervised learning models for predicting

flight delay propagation across the U.S. National Airspace System (NAS). Their approach was a network

based one, predicting the average departure delay for specific origin-destination routes rather than for

individual flights or single airports. The input data were derived from the FAA’s Aviation SystemPerformance

Metrics (ASPM) database and included temporal features (time of day, day of week, and season) as well

as network level delay indicators such as the current NAS delay state and delay levels at neighboring

airports. The model’s output represented the expected average departure delay for a given route, using

forecast horizons of 2 and 24 hours. Two model types were tested: a RF regression model predicting the

number of delay minutes, and a RF classification model determining whether a delay would exceed 60

minutes. The models were trained using 80% of the data and evaluated on the remaining 20%. Table 5.4

presents the main performance results for both the regression and classification models.

Model Type Horizon Median Error (min) Classification Error (%)

Random Forest (Regression) 2 hours 21.0 –

Random Forest (Regression) 24 hours 27.0 –

Random Forest (Classification) 2 hours – 19.0

Table 5.4: Performance of RF models for delay propagation prediction (Rebollo & Balakrishnan, 2014)

[30].
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Chen and Li (2019) [31] developed a mixed approach model that combines a RF algorithm with a chained

delay propagation mechanism to predict delays on a flight level. Their model uses the predicted delay

of one flight as input for the next flight operated by the same aircraft, allowing it to capture how delays

propagate through consecutive operations. The input data consisted of flight, weather, and operational

features derived from the Bureau of Transportation Statistics (BTS), NOAA, and ASPM databases, including

tail number, flight schedule, weather conditions, and previous delay states. The output was the predicted

delay in minutes for each flight, updated iteratively across the daily rotation of the aircraft. The authors

compared the chained RF model with a non-chained baseline and found that incorporating the propagation

mechanism improved prediction accuracy by approximately 9 to 12%. One of the key findings of the

Feature importance analysis revealed that the delay of the previous flight, airport congestion, and weather

conditions were the strongest predictors of future delays.

Ye et al. (2020) [32] developed an airport based supervised learning framework to predict the average

hourly departure delay at Nanjing Lukou International Airport. Instead of focusing on individual flights,

their model aggregates flight data at the airport level, using a one hour forecasting horizon. To evaluate

performance, the authors trained and compared four supervised learning algorithms, namely: Multiple

Linear Regression (MLR), Support Vector Machine (SVM), Extremely Randomized Trees (ExtraRT), and

Light Gradient Boosting Machine (LightGBM). All models were trained using 80% of the data and tested on

the remaining 20%. The performance of each model, including mean absolute error (MAE), mean squared

error (MSE), and validation accuracy (R2), is summarized in Table 5.5.

Model MAE (min) MSE Validation Accuracy (R2)

MLR 6.80 83.47 0.8625

SVM 6.69 82.56 0.8595

ExtraRT 6.82 83.24 0.8623

LightGBM 6.64 81.27 0.8653

Table 5.5: Performance comparison of supervised learning models (Ye et al., 2020).

Dalmau et al. (2021) [33] developed a LightGBM model for EUROCONTROL to predict the difference

between ATOT and ETOT within the European ATFM network. The model uses operational data from the

ETFMS, including milestones such as EOBT, AOBT, ETOT, ATOT, and various operational, regulatory, and

weather related features. The model improved prediction accuracy compared to ETFMS, reducing MAE

from 14 to 23 min to about 9 to 15 min depending on the forecast horizon, with the largest improvement of

34% for horizons of three to four hours before departure. The most influential features were the ATFM

delay and available turnaround time, suggesting that the model is able to capture reactionary delay effects,

as a higher delay on the previous leg led to later predicted take off times relative to ETFMS, demonstrating

its capability to model propagation across consecutive flights.

In summary, LightGBM was found to provide the best results among the reviewed supervised learning

models. In these studies, LightGBM was chosen for its ability to handle large datasets and its speed in both

training and prediction, making it suitable for real-time delay forecasting. LightGBM’s high efficiency and

accuracy make it particularly effective for predictive modelling of flight delays, where rapid data updates are

essential. However, a potential limitation is that tuning the model for optimal performance can be complex

and requires significant expertise. Moreover, LightGBM is known to exhibit hyperparameter sensitivity,

where small changes in configuration can substantially affect model performance [34].

5.3.2. Deep Learning
Artificial Neural Networks

Artificial Neural Networks (ANN) are computational models inspired by the way biological neurons process

information. The model consist of interconnected nodes organized into an input layer, one or more hidden

layers, and an output layer, as illustrated in Fig. 5.3. As information passes through these layers, the

network adjusts its internal weights during training, allowing it to learn complex and nonlinear relationships

between variables. ANNs are widely used in areas such as pattern recognition, classification, regression,

and forecasting, largely because they can generalize from examples and perform well even when data

relationships are difficult to model with traditional methods [35].
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Figure 5.3: Artificial Neural Network [36]

Khanmohammadi et al. (2016) [37] developed a Multilevel Input Layer Artificial Neural Network (MLIL-ANN)

model to predict the delay of inbound flights at John F. Kennedy (JFK) Airport. The model introduces a

multilayered input structure that groups related features such as day of the week, airport ID, and delay

type variables into separate input layers to better capture their relationships. The goal was to predict the

arrival delay. However, the input also included both scheduled and actual arrival times, which already

define the delay. This leads to data leakage, as the model effectively receives the answer it is meant to

predict. The model achieved a Root Mean Squared Error (RMSE) of 0.1366, but it was evaluated on the

same dataset used for training, making the result unreliable and influenced by overfitting.

Two years later, Pamplona et al. (2018) [38] further developed the Multilevel Input Layer Artificial Neural

Network (MLIL-ANN) introduced by Khanmohammadi et al. (2016). While the original model predicted

the arrival delay in minutes, Pamplona reformulated the problem as a binary classification, determining

whether a flight would arrive on time or more than 15 minutes late. Similar to the previous study, this

model also suffered from data leakage, as it included variables that indirectly contained information about

the output. In addition, no weather data were considered, meaning the model captured only operational

factors rather than environmental influences.

Recurrent Neural Networks

A Recurrent Neural Network (RNN) is a neural network designed to capture temporal dependencies in

sequential data such as time series, text, or speech. Unlike feedforward networks, RNN models use

feedback connections so that information from previous time steps influences the current output, giving the

model a form of memory [39]. However, when RNNs are trained using backpropagation, the gradients can

become extremely small or large as they propagate through many time steps. This leads to vanishing and

exploding gradients, which prevents standard RNN models from learning long term patterns effectively. To

overcome this limitation, the Long Short TermMemory (LSTM)model was introduced. LSTMmodels include

a dedicated memory mechanism that stabilizes gradient flow, allowing the model to retain information over

longer periods and learn long term dependencies much more reliably than traditional RNNs [39].

Sun et al. (2022) [40] applied an LSTM model to predict the average arrival and departure delays for a

given airport. The model is designed to capture how delays evolve during daily operations by using multiple

past time steps of operational data. Each feature, such as the number of arriving and departing flights,

is represented as a time series, allowing the LSTM to learn the temporal patterns that influence delay

evolution. The LSTM predicts arrival and departure delays for several future time steps, from 30 to 180

minutes ahead. Their results show that the LSTM performs consistently well: at London Heathrow Airport

(EGLL), the MAE is approximately 4.6 to 5.4 minutes for arrival delays and around 2.2 to 2.3 minutes for

departure delays across the different horizons. These results demonstrate that LSTM models can capture

short-term airport-level delay dynamics.
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Zhang et al. (2021) [41] developed an Attention PageRank LSTM-Seq2Seq (APR-LSTM) model to predict

multi step airport delays. To model spatial dependencies between airports, they first applied the PageRank

algorithm to quantify how delay at one airport influences delay across the network. The resulting spatial

weights were then fed into an LSTM network to learn temporal dependencies, enabling the model to capture

how delays evolve over time. An attention mechanism further highlighted which past time steps contributed

most to current delay predictions. The model used features such as time of day, weather, and holiday

indicators, and was compared with several baseline models including ARIMA, XGBoost, ConvLSTM, and

ST-ResNet. The APR-LSTM achieved the best performance with a MAE of 3.93 minutes and RMSE of

9.24 minutes.

Graph Neural Networks

Graph Neural Networks (GNNs) are designed to learn from data that are structured as graphs, making

them particularly suitable for air traffic networks where airports form nodes and flight connections represent

edges. Unlike standard neural networks, which assume that the input samples are independent, GNNs

allow the information to propagate through the graph from node to node so that the prediction of each node

depends not only on its own features, but also on the state of its neighbors. This ability to model spatial

dependencies makes GNNs well suited for delay propagation problems, where disruptions at one airport

can influence delays across the network through connecting flights and shared airspace [42].

In the same study discussed in the previous subsection, Sun et al. (2022) [40] also developed a Dynamic

spatial-temporal Graph Attention Network (DST-GAT) to predict airport arrival and departure delays across

the European network. In this model, airports are represented as nodes, and the edges between the nodes

encode spatial proximity and flight connections. A graph attention mechanism assigns adaptive weights

to neighbouring airports, enabling the model to learn which nodes are most influential at each moment.

Combined with a temporal modelling component, the model forecasts delays 30 to 180 minutes ahead

and achieves a MAE of around or below 5 minutes for arrival delays and around 4 minutes for departure

delays across the top 50 European airports, while additionally enabling the study of delay propagation at

the network level.

Wu et al. (2024) [43] proposed a Spatiotemporal Propagation Network (STPN) to model how delays

spread over time across large airport networks. Their approach incorporates multi graph convolution

layers to capture different types of spatial relationships such as geographic distance, flight frequency, and

operational interactions while temporal convolutions learn short- and long term delay dynamics. A self

attention mechanism is added to capture shifting propagation patterns under different traffic conditions.

The model predicts network wide delays several hours ahead and shows clear improvements over LSTM,

ConvLSTM, and static GCN based approaches.

Cai et al. (2022) [44] introduced a Multi-Scale Temporal Adaptive Graph Convolution Network (MSTAGCN)

to forecast delays on airport graphs that change over time. Unlike static graph models, MSTAGCN updates

the graph structure dynamically to reflect real time traffic patterns. The model combines multi scale temporal

convolution layers with an adaptive graph convolution layer that learns how influence between airports

changes throughout the day. This dynamic formulation significantly improves predictive performance,

achieving lower MAE and RMSE values than baseline models such as standard GCN, ConvLSTM, and

spatiotemporal residual networks.

5.4. Phase-Level Delay Prediction
The models reviewed in Sections 5.1 to 5.3 treat delay propagation at the level of complete flights,

aircraft rotations, or airport networks. In most of these approaches, a flight is represented as a single

unit that departs late and arrives late, and the operational processes between those two events are

not represented explicitly. Although the Bayesian network of Laskey et al. [21] decomposes delay into

phase-level components, it is not embedded in a predictive framework that propagates the aircraft state

through successive flight legs. This is a limitation for the present study, because the amount of delay that

is transferred from one flight leg to the next is determined by processes that behave very differently from

one another. Ground handling is bounded by a critical path of sub-processes, taxi duration is governed

by airport surface conditions, and airborne time is constrained by aerodynamic and airspace limitations.

Treating these processes as one aggregated quantity conceals where delay is generated, where it is

absorbed, and where it is simply passed on.
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A separate body of literature addresses the individual operational phases directly. These studies are

usually not framed as delay propagation research, but as prediction problems for a specific phase duration,

such as turnaround time, taxi time or arrival time. They are nevertheless directly relevant, because

a phase-decomposed propagation model is constructed from exactly these components. This section

therefore reviews the state of the art for each of the four phases that constitute an aircraft rotation, namely

the turnaround, taxi-out, airborne and taxi-in phases. Section 5.4.1 discusses the turnaround, Section 5.4.2

the two taxi phases, and Section 5.4.3 the airborne phase.

5.4.1. Turnaround Phase
The turnaround is the mechanism through which delay is transferred between two consecutive flight legs

operated by the same aircraft, and it is consequently the phase that determines whether rotational knock-on

delay occurs at all. Brueckner et al. (2022) [45] formalised this in an operational definition: a propagated

departure delay occurs when the arrival delay of the inbound flight exceeds the ground buffer of the

subsequent flight. Applying this definition to more than 4.2 million United States domestic flights, they

quantified how large a share of arrival delay is attributable to propagation. The same principle underlies

the analytical-econometric formulation of Kafle and Zou (2016) [6], in which the ground buffer determines

how much of an incoming delay is absorbed before it is passed on, and the earlier network analysis of

AhmadBeygi et al. (2008) [46], which showed that schedules optimised for high resource utilisation retain

little slack and therefore propagate root delays further. The quantity that governs the turnaround phase is

thus not the turnaround duration in itself, but the time remaining between the actual arrival of the aircraft

and the scheduled departure of the next leg.

The process behind this behaviour has been characterised in two complementary ways. Wu and Caves

(2004) [47] modelled the turnaround as a stochastic process using a Markovian simulation calibrated on

operational data from a European airline, and showed that departure punctuality is a direct function of

the scheduled ground time and of the buffer allocated within it. Fricke and Schultz [48] subsequently

characterised the internal structure of the turnaround empirically using field data from German airline

operations, identifying a critical path in which de-boarding is followed by fuelling, catering and cleaning in

parallel and concluded by boarding. Because the sub-processes are arranged along this critical path, a

delay in any single sub-process extends the total ground time, while ground handling can absorb part of

an inbound delay by accelerating individual processes. This absorption capacity is limited and decreases

as the magnitude of the inbound delay grows. The relationship between inbound delay and outbound

delay is therefore non-linear, and reproducing this non-linearity is the central requirement for a phase-level

turnaround model.

Machine learning approaches have been applied to this problem more recently, and consistently identify

the same dominant variable. De Falco et al. (2023) [49] developed a two-stage probabilistic model in

which a gradient boosted regression predicts the turnaround duration and a subsequent classifier converts

the residual distribution into a full probability distribution for the Target Off-Block Time. Using operational

Airport Collaborative Decision Making data from four European airports, they reported mean absolute errors

of approximately four to six minutes in the tactical phase, corresponding to an improvement of roughly

44 to 56 percent over a baseline that assumes the scheduled turnaround duration. A SHAP analysis

identified the available turnaround time as the dominant predictor, ahead of the scheduled turnaround

time, origin distance, aircraft weight and airline operator, while weather and passenger count contributed

only marginally. An important limitation for the present study is that the applied data filters removed flights

with large inbound delays, so the behaviour of the model in exactly the disrupted regime that generates

knock-on delay was not evaluated.

Dalmau (2024) [50] addressed rotational reactionary delay directly, applying categorical and natural

gradient boosting to EUROCONTROL data and treating the aircraft rotation rather than the isolated flight

as the unit of prediction. This study confirmed the available turnaround time as the dominant predictor

across all operational conditions, and additionally showed that gradient boosted tree models learn the

non-linear threshold behaviour around the minimum turnaround time without being explicitly instructed to

do so. The same study establishes a methodological point that applies to any propagation model, namely

the choice of schedule reference. When an operator updates the filed departure time after a disruption,

both the measured departure delay and the apparent available turnaround time are computed against a

reference that has already absorbed the disruption, which systematically understates propagation. The

initial filed flight plan is therefore the appropriate reference against which turnaround delay should be
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measured.

The value of milestone information for this phase has also been demonstrated directly. Dalmau et al. (2021)

[33], discussed in Section 5.3, found the available turnaround time to be one of the two most influential

features when predicting take-off time deviations from Enhanced Tactical Flow Management System

data, which indicates that a model trained on flight-level milestones captures reactionary delay effects

rather than only local departure variability. Okwir et al. (2025) [51] evaluated several supervised learning

methods on operational Airport Collaborative Decision Making data from Madrid Airport and observed

that Collaborative Decision Making variables are frequently omitted from delay prediction studies while

carrying substantial predictive information for turnaround and taxi operations. Their results also show

that linear models remained competitive with ensemble methods on this dataset, which indicates that the

benefit derives primarily from the availability of the milestone variables rather than from model complexity.

A practical consequence is that the most informative milestones are tactical values that are established

only shortly before departure, so their contribution is concentrated at short prediction horizons.

Taken together, the turnaround literature supports three requirements for a phase-level model. The

available turnaround time, defined relative to the initial filed schedule, is the variable that determines

whether inbound delay is transferred to the next departure. The relationship between the two is non-linear,

with limited absorption near the minimum turnaround time and progressively less recovery as the inbound

delay grows. And the operational milestones exchanged within Airport Collaborative Decision Making

provide the information required to estimate this relationship, which implies that separate treatment is

needed for airports where these milestones are not available.

5.4.2. Taxi-Out and Taxi-In Phases
The taxi-out phase begins at pushback and ends at take-off, while the taxi-in phase begins at touchdown

and ends at gate arrival. Simaiakis and Balakrishnan (2016) [52] established the decomposition that

underlies most subsequent work on these phases. Their model of the airport departure process separates

taxi-out time into an unimpeded component, determined by the geometry of the route between stand and

runway, and a congestion-dependent component represented as a transient queue at the departure runway.

Validated on operational data from Newark, the model predicts runway schedules, take-off times, taxi-out

times and the associated queuing delay. The distinction is important for delay propagation, because only

the second component varies with the operational situation at the moment of execution, while the first is a

structural property of the stand and runway combination.

The variables that govern taxi duration follow directly from this decomposition. Park and Kim (2023) [53]

analysed both taxi-in and taxi-out at Gimpo and Jeju using operational data from 2019 and identified wind

speed, air pressure and precipitation as significant meteorological factors, alongside arrival and departure

flight volume, runway occupancy time, take-off and landing direction, and terminal position. They also

found that taxi times differ significantly between the two airports, which indicates that the relationship

between these variables and taxi duration is airport-specific rather than transferable. For Schiphol this is

directly relevant, because the distance between stands and the active runway varies considerably with the

runway configuration in use, so that the same flight can experience a substantially different taxi duration

depending on the runway to which it is assigned.

Whether a learned model is required for this phase is less clear than for the turnaround. Diana (2018)

[54] compared ensemble machine learning methods against classical regression for taxi-out prediction at

Seattle-Tacoma across two periods representing different stages of operational modernisation. Ordinary

least squares and ridge regression performed best in the first period and gradient boosting in the second,

leading to the explicit conclusion that no single algorithm fits the data best in all cases and that the choice

should follow from the bias-variance trade-off rather than from model sophistication. Okwir et al. (2025)

[51] reached a comparable result on Airport Collaborative Decision Making data from Madrid, where linear

regression and elastic nets achieved the highest accuracy among the evaluated methods, which included

regression trees, random forests and a multilayer perceptron.

The most directly comparable evidence comes from Schiphol itself. Vakaet (2020) [55] developed a data-

driven taxi time predictor for Schiphol in support of start-up planning, and increased the fraction of flights

predicted within a two-minute error margin from approximately 64 to 68 percent relative to the predictor

in operational use at LVNL. The improvement is real but modest, which indicates that the operational

reference already captures most of the systematic variation in taxi duration, and that the residual error
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is dominated by surface conditions at the moment of execution rather than by the functional form of the

estimator.

Two conclusions follow for a phase-decomposed propagation model. First, the taxi phases are governed

primarily by structural properties of the stand and runway combination together with the prevailing surface

conditions, and unlike the turnaround they contain no scheduled buffer that is deliberately available to

absorb rotational delay. Second, the marginal accuracy gain from a separately trained taxi model over a

well-stratified reference estimate is limited, provided that the estimate is stratified by the variables that

the literature identifies as dominant, namely the stand, the active runway configuration and the prevailing

traffic conditions. Within the error budget of a complete aircraft rotation, the residual uncertainty of the taxi

phases is therefore small in comparison with that of the turnaround.

5.4.3. Airborne Phase
The airborne phase determines the extent to which a departure delay is still present at landing. The

econometric evidence indicates that the recovery capacity of this phase is small in relation to the delay that

must be absorbed. Brueckner et al. (2022) [45] analysed more than 4.2 million United States domestic

flights and found that an additional minute of departure delay produces approximately 0.876 additional

minutes of arrival delay, with the propagated component transferring at approximately 0.765 minutes per

minute. The reduction in airborne time achieved per additional minute of departure delay is an order of

magnitude smaller than the delay itself, which means that flying faster offers very little scope to recover a

late departure. Kafle and Zou (2016) [6] treat the flight buffer and the ground buffer as distinct quantities in

their analytical formulation, with the flight buffer scaling with route distance. For a rotation model dominated

by European short-haul operations the available flight buffer is therefore limited, and the airborne phase

should be treated as a largely conservative transfer of upstream delay rather than as a mechanism for

recovery.

This transfer is nevertheless not proportional. Belkoura et al. (2017) [18] showed, using a historical dataset

of flights crossing European airspace, that the relationship between inbound and outbound delay separates

into a linear regime for small delays and a non-linear regime for large ones, and that individual airports

respond heterogeneously to extreme delays depending on their structural properties. The implication

for a phase-level model is that the amount of delay carried through the airborne phase and into the next

turnaround cannot be represented by a single constant recovery factor, and that a model which can capture

non-linear responses is appropriate.

Regarding predictive accuracy, a clear distinction exists between models that have access to in-flight

trajectory information and models that must produce a prediction before departure. Basturk and Cetek

(2021) [56] combined flight information, trajectory data and meteorological data in random forest and deep

neural network models for estimated time of arrival prediction, and achieved a mean absolute error below

six minutes after departure and below three minutes after entry into the terminal manoeuvring area. Such

trajectory information is not available when the landing time must be predicted before departure in order to

serve as input to the turnaround of the subsequent flight leg, which is the constraint that applies within a

sequential propagation framework.

5.5. Feature Analysis
Table 5.6 provides an overview of the main feature groups found in the reviewed literature. Many studies

use similar types of features, such as temporal or weather variables, but the selection of features in each

study depends on the research focus, meaning whether the model is built at a flight, airport, or network

level, and which phase of the operation it aims to predict.
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Temporal Features Spatial & Network Fea-

tures

Operational Features Disruption Features

Hour of day Airport (origin and desti-

nation)

Airline Weather

Day of week Route / distance Aircraft type ATC regulations

Month Airport capacity Scheduled timestamps

(A-CDM)

Runway closures

Season Airport demand Runway configuration Special events

— Network delay state Previous leg delay —

— Connectivity in the net-

work

Tail numbers (aircraft ro-

tations)

—

Table 5.6: Feature overview

Sun et al. (2022) [40] performed a correlation analysis for the features used in their airport and network

delay prediction models, based on a subset of data from London Heathrow Airport (EGLL). The correlations

are presented in a heatmap, shown in Figure 5.4. One example visible in this figure is that month shows

almost no correlation with average arrival or departure delay. This contrasts with other studies, such as Tu

et al. (2008) [19], which reported clear seasonal patterns in delay behaviour. These differences show that

feature relationships are context dependent, and therefore need to be analysed specifically for this thesis.

Figure 5.4: Correlation heatmap of features for EGLL [40]

The four feature groups in Table 5.6 play different roles in the reviewed models. Temporal features such as

hour of day and day of week capture recurring demand patterns and appear in nearly all reviewed studies,

although their predictive contribution varies between airports, as illustrated by the contrast between Tu

et al. (2008) and Sun et al. (2022) discussed above. Spatial and network features describe the position

of a flight within the wider system and dominate in network-level models, where airport connectivity and

the current network delay state drive propagation. Operational features, including the airline, aircraft type,

scheduled timestamps, and the delay of the previous flight leg, are the primary inputs of flight-chain models,

with the A-CDM milestones providing the most detailed operational timeline where available. Disruption

features such as weather and ATC regulations act as external drivers that explain delay which cannot be

attributed to the schedule itself.
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For a phase-decomposed model, the relevance of these feature groups differs per phase. The

turnaround literature identifies the available turnaround time and the inbound delay as the dominant

variables, the taxi literature points to the runway configuration, stand location, and surface congestion,

and the airborne literature emphasises the departure delay and the scheduled flight buffer. This phase-

dependence provides guidance for the phase-specific feature selection in this thesis, and indicates that the

difference in milestone availability between Schiphol and the outstations needs to be taken into account

when defining the feature sets.
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Research Proposal

6.1. Research Gap
In the previous chapters, several approaches were reviewed and compared. Although these studies

examine delay propagation at the level of flight chains, airports, or wider networks, limited research has

investigated rotational knock-on delay specifically in relation to Schiphol demand prediction. Some studies

have developed prediction models for Schiphol-related operations, such as Overtveld (2019) [57], who

developed a deep learning model to predict delay estimation errors, and Ruskamp (2023) [58], who

predicted take-off times at outstations. However, these studies do not trace predicted delay through

the successive operational phases and flight legs of an aircraft rotation, nor do they evaluate how this

propagation affects the Schiphol demand.

A second gap concerns the representation of the operational phases within a predictive delay-propagation

framework. Existing approaches generally model delay at the level of complete flights, aircraft rotations, or

airport networks. The Bayesian network model developed by Laskey et al. (2012) decomposes delay into

gate, taxi-out, airborne, and taxi-in components, demonstrating the value of a phase-level representation.

However, the reviewed literature does not combine separate representations of the turnaround, taxi-out,

airborne, and taxi-in phases within a sequential framework in which the predicted aircraft state is passed

from one phase to the next and subsequently to later flight legs. This limits the ability to follow how rotational

delay propagates throughout the remainder of an aircraft rotation.

Finally, the DST currently has no explicit mechanism for modelling rotational knock-on delay. Although it

provides predictions of future traffic demand and available capacity, it does not propagate the predicted

aircraft state consistently through successive future flight legs. As a result, delays occurring earlier in an

aircraft rotation may not yet be fully reflected in the predicted take-off and landing times from which future

Schiphol demand profiles are constructed.

Based on these observations, the following three knowledge gaps are identified:

• Limited research has investigated rotational knock-on delay specifically in relation to Schiphol demand

prediction.

• No reviewed study combines phase-level modelling with sequential propagation of the aircraft state

through successive flight legs.

• LVNL’s Decision Support Tool does not explicitly account for rotational knock-on delay when predicting

future Schiphol demand.

6.2. Research Objective and Questions
The main objective of this research is formulated below, it describes the aim of this study and forms a

basis for the research questions that follow.

46
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The objective of this research is to develop a knock-on delay propagation model that represents

how delay evolves through aircraft rotations and to evaluate its contribution to Schiphol demand

prediction.

Research Objective

To achieve this objective, the following main research question is formulated:

How can knock-on delay be modelled through the operational phases of an aircraft rotation to

improve Schiphol demand prediction?

Research Question

The research question is subdivided into four sub questions formulated below.

Sub question 1: How can the turnaround, taxi-out, airborne, and taxi-in phases be modelled

separately to represent knock-on delay propagation within an aircraft rotation?

Sub question 2: How can these phase-level models be combined into a propagation framework

that maintains a consistent aircraft state throughout an aircraft rotation?

Sub question 3: To what extent does modelling knock-on delay improve the prediction of

operational milestone times compared with the current DST prediction method?

Sub question 4: To what extent do the improved milestone predictions translate into more

accurate Schiphol demand prediction?

Sub Questions
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Project Plan

The research questions, objective, and operational background have been established in the previous

chapters. This chapter presents the approach that will guide the remainder of the thesis, describing how a

phase-decomposed model of rotational knock-on delay will be developed and evaluated.

7.1. Project Overview
The aim of this thesis is to represent how rotational knock-on delay evolves through aircraft rotations

and to evaluate its contribution to Schiphol demand prediction. An aircraft rotation will be represented as

a sequence of four operational phases: turnaround, taxi-out, airborne, and taxi-in. Each phase will be

modelled separately using an approach suited to its operational characteristics and the available data. The

phase-level components will subsequently be connected so that the aircraft state resulting from one phase

can be passed to the following phase and to later flight legs within the same rotation.

The project will proceed in several stages. First, the required operational data will be prepared and

consecutive flights will be linked to reconstruct aircraft rotations. Second, suitable modelling approaches

will be developed for the individual operational phases, taking into account differences in data availability

between Schiphol and outstations. Third, the phase-level components will be combined into a sequential

propagation framework that predicts the remaining operational timeline of an aircraft from a given observa-

tion time. Finally, the framework will be evaluated by comparing its operational milestone predictions with

the current DST predictions and by examining whether these predictions lead to more accurate rolling

Schiphol demand profiles.

7.2. Methodology
Data acquisition and preparation
The first step consists of collecting and preparing the required operational data. This includes scheduled,

estimated, and actual timestamps, together with temporal, spatial, aircraft-related, and weather-related

information. The available data will be examined to assess their quality and availability and to determine

which variables can be used for each operational phase. Consecutive flights operated by the same aircraft

will then be linked to reconstruct aircraft rotations.

Phase-specific modelling
The turnaround, taxi-out, airborne, and taxi-in phases will each be represented separately. For every

phase, a suitable modelling approach will be selected based on its operational characteristics and the

available data. The phase-level components will represent the transitions between consecutive operational

milestones and will account for how the upstream aircraft state influences the timing of later events.

Differences in data availability between Schiphol and outstations will be considered when defining the

corresponding feature sets and modelling approaches.

Sequential propagation framework
The phase-level components will be combined into a sequential propagation framework for complete

aircraft rotations. At a given observation time, operational milestones that have already occurred will be

fixed to their realised values, while future milestones will be predicted. Each predicted milestone will then
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become input to the following phase and, where applicable, to the next flight leg operated by the same

aircraft. This procedure will maintain a consistent predicted aircraft state throughout the remainder of the

rotation.

7.3. Uncertainty
Flight delay propagation is influenced by several sources of uncertainty. Studies consistently show that

operational variability, including schedule buffers, turnaround performance, airport congestion, and weather-

related disruptions, introduces unpredictability into how delay evolves across flights. Econometric and

regression-based analyses demonstrate that even after accounting for known predictors, a considerable

proportion of delay variance remains unexplained, highlighting the stochastic nature of delay propagation

[17, 18, 6]. Weather conditions affect both airborne and ground operations and are repeatedly identified as

important contributors to delay variability [10, 11, 12]. Probabilistic models such as Bayesian networks

further emphasise that delay propagates through complex operational dependencies involving weather,

traffic conditions, turnaround time, and flight connections [25, 22, 21, 23].

Explicit probabilistic modelling of these uncertainties is beyond the scope of this thesis. The proposed

framework will therefore produce deterministic predictions. Predictive variability and robustness will instead

be evaluated using separate validation and evaluation periods and by examining prediction errors across

different horizon intervals. In addition to average prediction accuracy, the spread and occurrence of larger

errors will be considered to assess how consistently the framework performs under varying operational

conditions.

7.4. Horizon
The reviewed literature uses a wide range of forecasting horizons, from short-term predictions of 30–180

minutes [40, 41] to medium- and long-term horizons extending to a full day [30, 32]. In general, shorter hori-

zons tend to produce more accurate predictions because they rely on more recent operational information,

while longer horizons involve greater uncertainty.

For this thesis, the operational focus is on predictions up to four hours ahead. This horizon is particularly

relevant to LVNL’s demand capacity balancing process, as it provides sufficient time to identify future

demand changes and prepare flow-management measures before operation. The framework will therefore

be evaluated across multiple prediction-horizon intervals between the observation time and the relevant

future milestone or demand period. This makes it possible to assess how the value of modelling knock-on

delay changes as the operation approaches.

7.5. Plan
The project is structured into four main parts, each addressing a specific stage of the modelling process.

The first part focuses on data acquisition and preprocessing, including aircraft rotation reconstruction,

feature engineering, and the construction of phase-specific datasets. The second part concerns the

development and validation of modelling approaches for the turnaround, taxi-in, taxi-out, and airborne

phases. In the third part, the phase-specific models are integrated into an aircraft-rotation propagation

framework, in which sequential propagation is implemented across consecutive flight legs. The final part

evaluates the operational milestone predictions against the current DST predictions, aggregates these

predictions into Schiphol demand profiles, and evaluates the resulting demand predictions. Figure 7.1

illustrates the project plan.
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Figure 7.1: Overview of the project plan.
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A
Overview of Model Input Features

Table A.1: Features used by the OBT model

Feature Type

Day of week Categorical
Hour of day Numerical
Observation hour Numerical
Arrival delay Numerical
ETA arrival delay (Flightplan) Numerical
Aircraft operator Categorical
AC Type Categorical
Widebody aircraft Categorical
Current airport Categorical
Origin airport region Categorical
CDM airport type Categorical
Flight state inbound Categorical
Flight state outbound Categorical
Stack Categorical
WTC Categorical
Taxi in time Numerical
Scheduled Turnaround Time (STT) Numerical
Available Turnaround Time (ATT) Numerical
Ratio between ATT and STT Numerical
Available Buffer Numerical
Minimum LDT–OBT time Numerical
Buffer (from Minimum LDT–OBT time) Numerical
TSAT deviation from SOBT Numerical
TOBT deviation from SOBT Numerical
EOBT deviation from SOBT Numerical
EOBT Schedule Shift Numerical
CTOT deviation from SOBT Numerical
Horizon w.r.t. SOBT Numerical
ATFM delay inbound Numerical
ATFM delay outbound Numerical
Wind direction Numerical
Wind speed Numerical
Visibility Numerical
Wind gust Numerical
Air temperature Numerical
Cloud coverage Numerical

Table A.2: Features used by the LDT model

Feature Type

Day of week Categorical
Hour of day Numerical
Departure delay Numerical
ETA arrival delay (Flightplan) Numerical
DST arrival delay (DST prediction) Numerical
Scheduled Airborne Time (SAT) Numerical
Available Airborne Time (AAT) Numerical
Available Buffer Numerical
Ratio between AAT and SAT Numerical
Taxi out time Numerical
Horizon w.r.t. SLDT Numerical
Aircraft operator Categorical
Origin airport Categorical
Destination airport Categorical
Distance between airports Numerical
ATFM delay Numerical
Flight state Categorical
Wind direction outbound Numerical
Wind speed outbound Numerical
Visibility outbound Numerical
Wind gust outbound Numerical
Air temperature outbound Numerical
Cloud coverage outbound Numerical
Wind direction inbound Numerical
Wind speed inbound Numerical
Visibility inbound Numerical
Wind gust inbound Numerical
Air temperature inbound Numerical
Cloud coverage inbound Numerical
Minutes until estimated arrival Numerical
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B
SHAP Feature Importance Analysis

B.1. SHAP Feature Importance at Schiphol (EHAM)

Figure B.1: SHAP beeswarm plot at Schiphol

(EHAM), horizon below 0 min.

Figure B.2: SHAP beeswarm plot at Schiphol

(EHAM), horizon 0–15 min.

Figure B.3: SHAP beeswarm plot at Schiphol

(EHAM), horizon 15–30 min.

Figure B.4: SHAP beeswarm plot at Schiphol

(EHAM), horizon 30–60 min.
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Figure B.5: SHAP beeswarm plot at Schiphol

(EHAM), horizon 60–120 min.

Figure B.6: SHAP beeswarm plot at Schiphol

(EHAM), horizon 120–180 min.

Figure B.7: SHAP beeswarm plot at Schiphol

(EHAM), horizon 180–240 min.

Figure B.8: SHAP beeswarm plot at Schiphol

(EHAM), horizon above 240 min.
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B.2. SHAP Feature Importance at Outstations

Figure B.9: SHAP beeswarm plot at outstations,

horizon below 0 min.

Figure B.10: SHAP beeswarm plot at outstations,

horizon 0–15 min.

Figure B.11: SHAP beeswarm plot at outstations,

horizon 15–30 min.

Figure B.12: SHAP beeswarm plot at outstations,

horizon 30–60 min.

Figure B.13: SHAP beeswarm plot at outstations,

horizon 60–120 min.

Figure B.14: SHAP beeswarm plot at outstations,

horizon 120–180 min.
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Figure B.15: SHAP beeswarm plot at outstations,

horizon 180–240 min.

Figure B.16: SHAP beeswarm plot at outstations,

horizon above 240 min.
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