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1
Introduction

In recent years, demand for air travel has risen steadily, despite periodic downturns caused by global crises,

and is expected to continue growing in the coming decades. European Union Aviation Safety Agency et al.

(2025) predicts an annual growth of 1.1% in flight volume between 2025 and 2050 in its baseline scenario.

However, the ñEuropean air traffic network is saturatedò (EUROCONTROL, 2025a), making it necessary to

continuously balance demand against the available airspace capacity within EUROCONTROLôs member

states.

As the designated Air Navigation Service Provider (ANSP), Luchtverkeersleiding Nederland (LVNL) is

responsible for the safe and efficient handling of all civil air traffic in the Amsterdam Flight Information

Region (FIR) EHAA up to flight level 245. Amsterdam Airport Schiphol is the primary hub in this FIR.

With over 470,000 flights and 66.8 million passengers in 2024, it is the largest airport in the Netherlands

and one of the busiest in Europe (Royal Schiphol Group, 2025). Given these volumes, LVNL bears

significant responsibility for ensuring the safety and efficiency of aircraft movements within Dutch airspace.

Occasionally, it is necessary to hold inbound aircraft at their departure airport to prevent airspace capacity

from being exceeded. This causes passenger delays and increases costs for airlines, and should therefore

be kept to a minimum. The challenge is to allow as much air traffic as possible to enter the Amsterdam

FIR without exceeding capacity limits. This process is known as demand and capacity balancing.

To support this balancing process, LVNL uses the Decision Support Tool (DST). This software tool calculates

and visualises inbound demand, allowing LVNL to apply precautionary regulations when necessary to

lower demand peaks. However, the current DST generates deterministic forecasts and therefore does

not quantify prediction uncertainty. A shift to a probabilistic framework would better capture the inherent

uncertainty of the problem and enable an Air Navigation Service Provider (ANSP) such as LVNL to make

more informed decisions. This research aims to develop such a probabilistic forecasting method for aircraft

inbound demand to enhance the efficiency of Air Traffic Flow Management (ATFM), specifically targeting

reductions in unnecessary ATFM delays and unforeseen capacity breaches.

The research was conducted in cooperation with the Knowledge & Development Centre Mainport Schiphol

(KDC), a partnership between LVNL, KLM, Amsterdam Airport Schiphol, and the Dutch Ministry of Infras-

tructure and Water Management. Through the Centre of Excellence, the KDC aims to foster collaboration

with academia. This research was carried out at LVNL, which provided access to operational data and the

expertise of its employees.

This thesis is structured as follows. First, Part I presents the scientific paper, while Part II contains its

appendices. The literature review and research proposal, which were fundamental to the development of the

scientific paper, are presented in Part III. More specifically, Chapter 2 presents a literature study, evaluating

state-of-the-art methodologies and identifying gaps for further research. Subsequently, Chapter 3 outlines

the research objective and corresponding research question that this thesis aims to answer. Chapter 4

details the methodology, expected results, and planned project schedule, followed by a brief conclusion to

the research proposal in Chapter 5.
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Probabilistic Forecasting of Inbound Demand Using Conformal
Prediction

J.P.H.W. Simons
Under the supervision of Dr.ir. J. Ellerbroek1, Dhr. F. Dijkstra2, and Ir. B. van Dillen1

Section Control & Simulation, Faculty of Aerospace Engineering
Delft University of Technology, Delft, The Netherlands

1Faculty of Aerospace Engineering, Delft University of Technology
2Knowledge and Development Centre Mainport Schiphol

Abstract—Air navigation service providers currently rely
on deterministic demand forecasts for Air Traffic Flow
Management (ATFM), which inherently fail to quantify
forecast uncertainty. This paper presents a top-down
probabilistic forecasting framework for inbound air traffic
demand using Air Traffic Control the Netherlands (LVNL)
as a case study. The framework models the uncertainty of
an existing deterministic forecasting system using quantile
regression, thereby capturing heteroscedasticity directly
at the aggregate demand level. To improve empirical cov-
erage under non-exchangeable conditions, Conformalized
Quantile Regression is combined with Adaptive Conformal
Inference. The framework was applied using approxi-
mately two years of operational ATFM data. Compared to
a statistical error-margin baseline, the proposed machine
learning approach produced substantially narrower pre-
diction intervals and achieved empirical coverage closer
to the target, leading to a 25.1% lower Mean Winkler In-
terval Score (MWIS). Furthermore, Adaptive Conformal
Inference more closely tracked the nominal 90% target
coverage level over time than static conformal calibra-
tion, while also slightly reducing average interval width
and MWIS. A retrospective operational analysis indicates
that the probabilistic framework enables more flexible
risk-based decision-making compared to deterministic
forecasting alone. For a representative 150-minute pre-
diction horizon, specific probabilistic decision thresholds
simultaneously reduced both the false positive and false
negative rates of capacity breaches relative to the deter-
ministic baseline across the evaluated test dataset. These
results demonstrate the potential of adaptive conformal
prediction techniques to support probabilistic inbound
demand forecasting within ATFM operations.

I. Introduction
The European airspace is facing critical capacity chal-

lenges, with the network effectively “saturated” according to
EUROCONTROL [1]. To ensure that air traffic demand does
not exceed available capacity, local Air Navigation Service
Providers (ANSPs) linked to EUROCONTROL can request
Air Traffic Flow Management (ATFM) regulations from EU-
ROCONTROL’sNetworkManager. These regulationsmanage
network congestion by assigning ground delays to specific
aircraft before they depart. By proactively holding these

flights, the anticipated demand peak is flattened, preventing
airspace overloads.

To accurately determine when to request these ATFM reg-
ulations, ANSPs currently rely on deterministic demand fore-
casts. For example, Luchtverkeersleiding Nederland (LVNL)
uses a software tool called the Decision Support Tool (DST),
which provides a single expected value. While these deter-
ministic forecasts support timely decision-making, they do
not quantify the prediction uncertainty. As quantified error
margins are not available, ANSPs must rely on operational
judgement regarding forecast uncertainty during the process
of demand and capacity balancing (DCB). If ANSPs are risk-
averse, pre-emptive regulations could lead to unnecessary
ground delays when the actual demand naturally falls below
the forecast. Conversely, accepting excessive risk could lead
to in-flight delays if the actual demand turns out to exceed
the maximum capacity. This paper presents a case study
on LVNL’s inbound demand predictions, where the existing
deterministic demand forecast is complemented with proba-
bilistic information. Quantifying the uncertainty inherent in
the demand predictions enables ANSPs to transition toward
risk-based DCB. A risk-based approach could enhance the
demand and capacity balancing process, as ANSPs can take
into account the probability of an airspace overload, ultimately
minimising unnecessary ATFM delays while simultaneously
reducing the number of unexpected sector overloads.

In pursuit of improving inbound demand estimates and
quantifying this uncertainty, significant research has already
addressed aircraft arrival time estimates, trajectory predic-
tions, and their variance [2–6]. Furthermore, predicting the
uncertainty of inbound demand through a bottom-up approach
has been explored [7–10]. However, top-down probabilistic
frameworks have received comparatively limited attention in
the literature [11, 12]. To the author’s knowledge, conformal
prediction has not yet been applied to top-down probabilistic
inbound demand forecasting in ATFM. Therefore, the main
scientific contribution of this paper lies in the evaluation of
a top-down probabilistic forecasting framework for aircraft
inbound demand using adaptive conformal prediction. The
proposed framework aims to obtain strong prediction interval
coverage behaviour while minimising interval width under
changing operational conditions. Although demonstrated
using LVNL’s operational environment, the proposed frame-



work is designed to be generalisable, potentially making it
transferable to inbound demand forecasting at other ANSPs.

The remainder of this paper is structured as follows. Sec-
tion II discusses the necessary background information, while
Section III details the proposed methodology. The experi-
mental setup is described in Section IV. Section V presents
the results, which are subsequently discussed in Section VI.
Finally, concluding remarks are provided in Section VII.

II. Background Information
This section introduces the operational andmethodological

concepts required for probabilistic inbound demand forecast-
ing. First, it describes the ATFM context in which LVNL
uses deterministic inbound demand forecasts. It subsequently
defines inbound demand as used in this study and compares the
proposed top-down probabilistic approach to bottom-up un-
certainty aggregation methods. Finally, it introduces residual
error modelling, quantile regression, and conformal prediction
as the methodological basis for the proposed approach.

A. Operational Context
LVNL is responsible for the AmsterdamFlight Information

Region (FIR) EHAA below flight level 245. The traffic volume
within this airspace is predominantly composed of aircraft
heading to and from Amsterdam Airport Schiphol (EHAM),
with traffic to and from regional airports constituting only a
minor fraction. This research concentrates on inbound demand.
Consequently, it focuses exclusively on air traffic inbound to
EHAM, consistent with the approach used by LVNL’s DST
when predicting inbound demand for the Area Control Centre.
The inbound demand capacity of EHAA is constrained by the
runway capacity at EHAM. To ensure that the capacity is not
exceeded, ground delays are preferred over in-flight delays
due to the higher financial and environmental impact of the
latter. The goal of the predictions made by LVNL’s DST is
to provide the necessary insight to balance airspace demand
and capacity, through a process called demand and capacity
balancing (DCB). This entails lowering demand peaks that
exceed the capacity limit by filling demand troughs when
surplus capacity exists, as illustrated by Fig. 1.

If inbound demand is projected to exceed capacity, Flow
Management Position Controllers (FMPCs) from ANSPs
connected to EUROCONTROL, such as LVNL, can request
ATFM regulations from EUROCONTROL’s Network Man-
ager. These regulations enforce capacity constraints by impos-
ing a Calculated Take-Off Time (CTOT) on departing inbound
flights, requiring aircraft to depart within a tolerance window
ranging from 5 minutes before to 10 minutes after the assigned
time. By assigning these ground delays, ANSPs can reduce
peaks of inbound traffic demand.

Probabilistic demand information can potentially enhance
the demand and capacity balancing process by quantifying
the uncertainty surrounding deterministic predictions, as illus-
trated in Fig. 2. In this scenario, the deterministic prediction
exceeds the hypothetical capacity limit around 13:15 UTC.
Relying solely on this point estimate, the FMPC could decide
to impose ATFM regulations. However, the uncertainty mar-

Fig. 1 Visualisation of demand and capacity balancing
(DCB).

Fig. 2 Probabilistic forecasting envelope for 13-09-2025
10:30 UTC. The capacity limit is hypothetical. The actual
demand is only available in hindsight.

gin reveals that the deterministic estimate lies near the upper
bound of the predicted uncertainty interval, and that there is
a high probability that the actual demand will remain safely
below the capacity limit. This outcome is confirmed by the
actual demand curve. Thus, with the probabilistic insight pro-
vided by the uncertainty margin, the FMPC could choose not
to implement the ATFM regulations, preventing unnecessary
ground delays. Conversely, probabilistic information can also
prevent missed capacity breaches in a different scenario (not
visible in Fig. 2). If a deterministic prediction falls slightly
below the capacity limit, the FMPC might normally withhold
regulations. However, if the uncertainty interval indicates
a heavily upward-skewed uncertainty, the risk of a breach
becomes visible, potentially triggering requests for ATFM
regulations that would otherwise have been overlooked. These
are two concrete examples of how providing probabilistic
metrics around the deterministic prediction can enhance the

2



demand and capacity balancing process, potentially reducing
unnecessary ground delays and unforeseen capacity breaches.

B. Inbound Demand Definition
LVNL defines inbound demand as the number of intervals

between inbound aircraft passing the EHAA Cross-Border
Area (CBA) within a 20-minute time window. A visualisation
of the EHAA CBA is shown in Fig. 3 [13]. In contrast
to a simple count of aircraft crossing the boundary, this
interval definition is based on the amount of intervals between
consecutive inbound aircraft within a time window. Intervals
that span the start or end of a time window are fractionally
split, contributing to each window in proportion to the time
spent within it (illustrated in Fig. 4). This interval-based
definition of demand more realistically represents the pressure
of inbound traffic on an airspace sector than a simple count of
aircraft arrivals.

Fig. 3 Visualisation of the EHAA CBA [13].

Fig. 4 Illustration of the inbound demand calculation with
fractional splits for intervals overlapping multiple time win-
dows. Each aircraft symbol on the timeline represents the
estimated EHAA CBA entry time of an inbound flight. For
the indicated 20-minute time window, the demand equals 3.3.

C. Bottom-up vs. Top-Down Approach
Having detailed the operational context and inbound de-

mand definition, the next step is to compare the proposed
forecasting framework with existing probabilistic demand
forecasting methods.

The predictability of air traffic demand is fundamentally
driven by the uncertainty inherent in individual flight ar-
rival times. Ruskamp [14] notes that “traditionally, demand
forecasting in Air Traffic Management (ATM) has relied on
trajectory-based methods”. It is therefore unsurprising that

much of the literature has adopted bottom-up approaches to
probabilistic inbound demand forecasting, where aggregate
demand uncertainty is calculated by summing the uncertainty
of individual flight arrival times. Extensive research has
focused on refining individual trajectory predictions, arrival
time estimates, and their uncertainty [2–6], as well as on quan-
tifying demand uncertainty by aggregating these individual
flight uncertainties [7–10]. However, using this bottom-up
approach to inbound demand uncertainty quantification at ma-
jor airports like EHAM presents critical limitations. Not only
does modelling the aggregate uncertainty of individual flights
require the simulation of dozens or even hundreds of flights
simultaneously, but the methodology is also highly vulnera-
ble to error propagation. Any systematic bias or modelling
inaccuracy at the individual flight level will compound when
aggregated, distorting the probabilistic forecast of inbound
demand.

To circumvent the compounding complexities of individ-
ual flight uncertainty aggregation, a top-down probabilistic
approach views aggregate demand as a singular entity. Top-
down probabilistic forecasting remains largely unexplored for
air traffic demand. Wanke et al. [11, 12] took a top-down
approach to demand forecasting, but omitted time windows
with high demand to circumvent the self-defeating prophecy
of these predictions. In this phenomenon, high demand predic-
tions exceeding capacity limits trigger ATFM regulations that
alter actual traffic, leaving the original unconstrained demand
unobservable (further elaborated in Section III.A). Wanke et
al. [11] identified three explanatory variables that correlate
with prediction uncertainty: prediction horizon, demand, and
the share of proposed and active flights.

While disregarding individual arrival time uncertainties
for a metric fundamentally driven by themmay appear counter-
intuitive, modelling demand at the aggregate level may benefit
from partial error cancellation. Micro-level deviations, such
as individual aircraft shifting into adjacent time windows,
may partially offset one another at the aggregate level. Thus,
although individual flight arrival times might deviate signifi-
cantly, the overall impact on the demand count can bemarginal.
Furthermore, treating the demand as a collective entity can
capture large-scale phenomena driving inbound demand un-
certainty, such as weather patterns, airspace capacities, and
temporal patterns in the demand prediction when appropriate
explanatory variables are included. Lastly, modelling the
demand at the aggregate level significantly reduces computa-
tional cost compared to a bottom-up approach, which is an
important factor for an operational model that continuously
needs to perform probabilistic forecasting.

D. Uncertainty Quantification
LVNL already employs the DST, which generates deter-

ministic forecasts of inbound demand. The objective is not
to replace these predictions, but to quantify the uncertainty
through secondary residual error modelling. The underlying
notion is that the residual errors of the deterministic model
are a measure of the forecast uncertainty. This technique of
secondary residual error modelling, as described by Brando
et al. [15], involves creating a “wrapper model” that predicts

3



the uncertainty of a black-box algorithm. O’Sullivan et al.
[16] took a similar approach to estimate the uncertainty of
bus arrival times, for example. This work was inspired by the
paper by Pereira et al. [17], who note that such a methodol-
ogy is transferable to other regression tasks provided there
is access to the raw predictions, corresponding observations,
and variables correlating with the prediction error. Because
the framework models these empirical residuals rather than
the physical arrival process, it treats the primary forecaster
as a black box, making it model-agnostic. Thus, while the
internal logic of LVNL’s DST is known and will be used to
retroactively simulate missing historical prediction data as
described in Section IV.B, the proposed framework does not
require such structural insight to function.

Gradient-Boosted Decision Tree (GBDT) models are well
suited for this probabilistic approach because they have po-
tential benefits over traditional statistical methods and deep
learning architectures. Recent studies, such as the results from
the M5 forecasting competition, indicate that decision-tree-
based machine learning techniques outperform statistical and
hybrid methods for highly correlated time series presented in
tabular data [18–20]. Additionally, some GBDTs can natively
capture heteroscedasticity through quantile regression. Het-
eroscedasticity, a phenomenon of fluctuating variance in a time
series, is a critical feature for inbound demand forecasting, as
prediction errors naturally scale with variables such as traffic
volume and prediction horizon [11].

E. Conformal Prediction
To construct prediction intervals, quantile regression is

commonly used, as it allows for the direct estimation of con-
ditional quantiles. This capability is essential for capturing
the heteroscedastic nature of inbound demand uncertainty.
However, standard quantile regression does not provide statis-
tical guarantees for finite-sample coverage. To achieve this,
conformal prediction can be applied. Pioneered by Vovk et al.
[21], this framework provides marginal coverage guarantees
under the assumption of data exchangeability. Exchange-
ability assumes that the order of a dataset is irrelevant, and
that it can be shuffled without affecting the joint probabil-
ity distribution. A critical limitation is that the time series
of inbound demand prediction errors is expected to violate
the assumption of exchangeability due to serial correlation.
Physically, a delayed aircraft missing its scheduled arrival
window (leading to an over-prediction) must inevitably land
in a subsequent one (leading to an under-prediction), creating
strong temporal dependence in the prediction errors. Thus,
the data cannot be randomly shuffled, as that would disrupt
the temporal dependency of the time series. This violates
the condition of exchangeability, causing standard conformal
prediction techniques to lose their marginal coverage guaran-
tees. Furthermore, changes in prediction uncertainty that were
unobserved during model training (i.e., distribution shifts)
also violate the exchangeability assumption.

To address this exchangeability issue, adaptive conformal
prediction techniques can be implemented as an additional
algorithmic layer. Operating in the online phase, an adaptive
approach dynamically updates the target error rate based on

the observed errors of the previous predictions. This feedback
loop allows the model to dynamically adjust the prediction
intervals to distribution shifts. Consequently, the adaptive
approach can improve empirical coverage in the long run [22].
Over sufficiently long time horizons, the empirical coverage
converges to the nominal target coverage level.

Adaptive conformal prediction techniques have been ap-
plied to a wide variety of time series. For example, in the
seminal paper presenting Adaptive Conformal Inference (ACI),
Gibbs and Candès [22] applied it in combination with Confor-
malized Quantile Regression (CQR) to predict stock market
volatility and vote totals during the 2020 US presidential elec-
tion, showing that the adaptive approach is less prone to drift
and has smaller deviations around the nominal target coverage
level compared to static conformal prediction methods.

Numerous types of (adaptive) conformal prediction tech-
niques exist. To the best of the author’s knowledge, they have
not yet been applied to inbound demand forecasting in the field
of ATFM. Therefore, the primary contribution of this research
lies in the evaluation of a probabilistic framework for inbound
demand predictions using a conformal prediction approach
within the field of ATFM, rather than in the development
of novel (adaptive) conformal prediction algorithms or the
optimisation of the underlying architectures. This rationale
also applies to the selection of the GBDT algorithm used.

III. Methodology
To quantify the uncertainty inherent in deterministic in-

bound demand forecasts, this research employs a top-down
probabilistic framework that models the distribution of the
residual errors of the DST using exogenous variables. The
primary goal is to generate prediction intervals that reliably
achieve the target coverage level while remaining as narrow
as possible.

In theory, a perfect probabilistic model would fully capture
the heteroscedastic nature of demand prediction uncertainty,
making dynamic adjustment unnecessary. In practice, how-
ever, air traffic operations are subject to changing conditions
that can cause the uncertainty patterns observed during training
to change (violating the exchangeability assumption). These
distribution shifts cause the prediction intervals to become
too narrow or too wide for the actual prediction uncertainty,
leading to under- or overcoverage, and reducing the statistical
validity of the static prediction intervals. Therefore, the pro-
posed framework includes an online adjustment mechanism
that continuously evaluates its predictive performance. When
the observed demand repeatedly falls outside the predicted in-
tervals, indicating that uncertainty has increased beyond what
the model captured, future intervals are widened. Conversely,
when uncertainty is lower than expected, the intervals are
contracted, reflecting the reduced prediction uncertainty. In
this way, the framework adaptively adjusts interval width over
time, allowing the probabilistic forecasts to remain reliable
and informative under changing operational conditions.

To implement this adaptive behaviour, the methodology
follows four sequential stages, as illustrated in Fig. 5:

1) Create synthetic inbound demand: Construction of
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a synthetic unconstrained demand target to circum-
vent the self-defeating nature of high inbound demand
caused by ATFM regulations (Section III.A).

2) Train machine learning (ML) model: Training a ML
model via quantile regression to capture heteroscedas-
tic prediction uncertainty (Section III.B).

3) Create and calibrate prediction intervals (PIs): Cre-
ating inbound demand prediction intervals and cali-
brating these initial prediction intervals using Confor-
malized Quantile Regression (CQR) (Section III.C).

4) Adaptively adjust PIs in online phase: Applying
Adaptive Conformal Inference (ACI) to continuously
adjust the intervals in the online phase, ensuring ro-
bustness against distribution shifts (Section III.D).

Finally, this section concludes by detailing how these dynami-
cally adjusted intervals are used to calculate the probability of
exceeding capacity limits (Section III.E).

The detailed explanation of these steps is provided below.

Fig. 5 Overview of the complete process performed to obtain
adaptive PIs.

A. Construction of a Synthetic Unconstrained Demand Target
For this methodology, only the time series of predictions,

observed values, and variables correlating with the prediction
uncertainty are required, as explained in Section II.D. The first
two are compared with each other to calculate the prediction
error, which serves as the dependent variable for the quantile
regression model. A fundamental challenge in obtaining
observed target values when training a secondary residual error
model for ATFM is the self-defeating prophecy of the inbound
demand prediction. If the DST predicts that inbound demand
will exceed capacity, LVNL’s FMPC can request ATFM
regulations through EUROCONTROL’s Network Manager.
Because these interventions alter the arrival times of inbound
aircraft and thus inbound demand, the original unconstrained
demand is never observed, creating a scenario where the
predicted demand affects the observed demand [11, 12].

Comparing predicted demand directly against regulated
observed demand would thus train the model incorrectly. To
overcome this, a synthetic true inbound demand is created
using synthetic arrival times for each flight. This synthetic
baseline acts as a retrospective target approximating what the
DST should have predicted in unconstrained conditions (i.e.,
if LVNL does not apply any future ATFM regulations from the
prediction time onwards). It is calculated by assuming that,
for flights receiving restrictive ATFM regulations imposed
by LVNL that have not yet departed, the synthetic arrival
time is the estimated take-off time of the most recent flight
message plus the true flight time. Once a flight has departed,
ATFM regulations from LVNL can no longer impact the
arrival time through ground delays, and therefore the synthetic
arrival time used equals the true arrival time. For flights

subject to overlapping regulations from different sources, this
adjustment is applied when the restrictive delay from the most
recent message originates from LVNL. If the restrictive delay
originates from another source, the synthetic arrival time is
the estimated take-off time of the last flight update without
LVNL restrictive ATFM delay plus the true flight time. Flights
that never receive LVNL restrictive ATFM delay use the true
arrival time for the synthetic demand calculation. Cancelled
flights are never included in the synthetic true inbound demand,
as they constitute natural uncertainty in the inbound demand
that the probabilistic model should capture. By creating a
synthetic true inbound demand, it is possible to calculate the
prediction error based on what the DST should have predicted
at each moment in time. The flight time is defined as the time
from take-off to EHAA CBA entry.

Fig. 6 Decision tree outlining the logic used to derive the
synthetic arrival times for individual flights. These are aggre-
gated to calculate the synthetic demand.

Fig. 7 Flowchart of the training process of an ML model
using quantile regression.

B. Generation of Prediction Intervals
After the synthetic demand has been constructed, the resid-

uals can be computed by comparing the synthetic demand
with the deterministic predictions. These inbound demand
prediction errors, combined with the explanatory variables,
are then used to train a machine learning (ML) model that
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predicts the desired quantiles of the inbound demand pre-
diction errors, as illustrated in Fig. 7. The ML algorithm
models the relationship between inbound demand prediction
errors (dependent variable) and relevant explanatory features
(independent variables) such as traffic volume and prediction
horizon. By learning how these features relate to the errors, the
model captures the heteroscedasticity of the DST prediction
uncertainty.

To estimate the quantiles of the error distribution, the
model employs quantile regression. By definition, a quantile
specifies the threshold below which a given proportion of
observations is expected to fall (e.g., 95% of the observations
should lie below the 95th percentile). To achieve these specific
estimates, the ML model is trained to minimise the pinball
loss function dg „H4� Ĥ4”, as defined by Eq. (1) [23].

dg „H4� Ĥ4” :=

(
g„H4 � Ĥ4” if H4 � Ĥ4 ¡ 0�
„1 � g” „ Ĥ4 � H4” otherwise

(1)

Here, g 2 „0� 1” indicates the desired quantile level, H4 rep-
resents the DST prediction error, and Ĥ4 denotes the predicted
quantile of the inbound demand prediction error. Minimising
this asymmetric loss trains the ML model to provide con-
ditional quantiles for the demand prediction error given the
feature vector -C , at time step C.

The specific ML algorithm employed in this study is Light-
GBM, an efficient Gradient-Boosted Decision Tree (GBDT)
algorithm. Recent literature demonstrates that LightGBM
achieves strong forecasting accuracy, particularly when pro-
cessing correlated time series with numerous explanatory
features [18]. Besides its computational efficiency relative to
other gradient boosted algorithms [18], LightGBM natively
supports quantile regression through pinball loss optimisation.
Additionally, it has an inherent ability to process categorical
features, which circumvents the need for one-hot encoding
and thus prevents a large increase in dimensionality when
categorical features are applied.

C. Calibration of Prediction Intervals
The calibration step is depicted in Fig. 8. First, the trained

prediction error model from Section III.B is applied to a
held-out calibration dataset. Using the same set of exogenous
variables as input, the trained model can predict the lower and
upper quantiles of the inbound demand prediction error.

These bounds are then superimposed onto the determinis-
tic inbound demand prediction to construct an uncalibrated
prediction interval (PI) for the demand instead of the demand

error. Mathematically, the inbound demand prediction inter-
val is defined by Eq. (2) [16], where @̂ U

2
„-C ” and @̂1� U

2
„-C ”

denote the lower and upper bounds of the prediction interval,
respectively, corresponding to a miscoverage rate U.

%� =
�
@̂ U

2
„-C ”� @̂1� U

2
„-C ”

�
(2)

The coverage definition is presented by Eq. (3) [16].

%

�
@̂ U

2
„-C ” � HC � @̂1� U

2
„-C ”

�
= 1 � U (3)

For example, constructing a 90% prediction interval (i.e.,
U = 0�1) requires training two quantile models, one for g =
0�05 and one for g = 0�95. The resulting interval represents
the range within which an inbound demand observation HC

should fall with a probability 1�U. To differentiate the inbound
demand error (used in Section III.B) from the inbound demand
at time step C, the former is denoted by H4 and the latter by HC .

Fig. 9 Conformity score distribution for the 150-minute
prediction horizon for daytime operations.

Once the uncalibrated inbound demand prediction interval
has been generated, the intervals are refined using Confor-
malized Quantile Regression (CQR). This is a conformal
prediction technique that provides finite-sample marginal cov-
erage guarantees, assuming the time series are exchangeable.
For each prediction in the calibration dataset, a conformity
score �C is computed by comparing the synthetic true demand
with the upper and lower bounds, according to Eq. (4) [24].

Fig. 8 Flowchart of the calibration process of the prediction interval (PI) using CQR.
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A positive score indicates that the observation lies outside
the initial, uncalibrated prediction interval, whereas a nega-
tive score implies it falls within the bounds. The set of all
conformity scores across the calibration dataset is denoted by
� .

�C := max
�
@̂ U

2
„-C ” � HC � HC � @̂1� U

2
„-C ”

	
(4)

The conformity scores are then ordered, and the empirical
quantile corresponding to =‚1

=
„1 � U” (denoted by &1�U „�”)

is identified. The fraction =‚1
=

is used as a finite-sample
correction, where = stands for the number of scores in the set
� . The empirical quantile acts as a calibration offset, used
to expand or contract the uncalibrated intervals. This final
expansion/contraction step is shown mathematically by Eq. (5)
[24], with � „-C‚1” denoting the calibrated prediction interval.

� „-C‚1” =
�
@̂ U

2
„-C‚1” �&1�U „�” �

@̂1� U
2
„-C‚1” ‚&1�U „�”

�
(5)

To improve calibration, a separate&1�U value is computed
for each prediction horizon and time of day category of the
prediction window. This distinction is made because predic-
tion errors (i.e., prediction uncertainty) typically increase with
prediction horizon and are significantly higher during the day
than during the night. Daytime operations are defined as time
windows starting between 0400 and 2159 UTC, and nighttime
operations from 2200 to 0359 UTC. This stratification allows
the calibration offset to incorporate differences in prediction
uncertainty across operating conditions.

Fig. 9 illustrates the distribution of conformity scores and
the corresponding &1�U value for the 150-minute prediction
horizon, daytime operations scenario.

In essence, the CQR algorithm evaluates the trained model
on unseen calibration data to determine the precise adjustment
required to achieve the target coverage level. This adjustment
is subsequently applied symmetrically to the lower and upper
bounds of the prediction intervals made in the online phase.

D. Dynamic Adjustment of Prediction Intervals
CQR relies on the assumption of exchangeability to provide

marginal coverage guarantees. However, inbound demand is
expected to violate the exchangeability condition, as discussed
in Section II.E. To improve empirical coverage under non-
exchangeable conditions, Adaptive Conformal Inference (ACI)
is employed. As a starting point, ACI uses the trained model
and the expansion factor obtained from the CQR calibration

step (&1�U), and then dynamically adjusts the intervals in an
online fashion, as summarised in Fig. 10. Importantly, the
adaptive calibration mechanism does not alter the underlying
predictive model itself, but dynamically adjusts the calibra-
tion procedure in response to changing empirical coverage
behaviour.

In the online phase, ACI repeatedly updates a time-varying
target error rate UC based on recent predictive performance,
with the aim of converging to the nominal miscoverage level
U over time. By continuously adjusting UC , the algorithm
shifts the empirical quantile extracted from the conformity
scores ( =‚1

=
„1 � UC ”), making the expansion factor &1�UC

a
time-varying value and thus effectively shifting the red line
in Fig. 9. The target error rate UC‚1 is clipped to „0� 1” after
each update step.

The update rule for the target error rate is given by Eq. (6)
[22].

UC‚1 := UC ‚ W„U � errC ” (6)

In this equation, U is the nominal target error rate, W is
the step size, and UC and UC‚1 are the target error rates for the
current and subsequent steps, respectively. The discrete error
indicator errC is defined by Eq. (7) [22].

errC :=

(
1 if HC 8 � „-C ”�
0 otherwise

(7)

Tuning W involves balancing reactivity against stability. A
large W makes the adaptive calibration highly responsive but
risks becoming erratic, whereas a low W leads to more stable
prediction intervals but reacts more slowly to distribution
shifts.

Each prediction horizon has its own UC sequence. Ad-
ditionally, when calculating the dynamic expansion factor
&1�UC

, the corresponding prediction horizon and time of day
are taken into account, similar to the CQR setup. This ensures
that both the static calibration and the subsequent adaptive
adjustments respect the prediction error characteristics.

Furthermore, to realistically reflect operational conditions,
the temporal delay in the ACI feedback loop is taken into
account. For instance, when a prediction is made 3 hours
in advance, the corresponding true inbound demand is only
observed 3 hours and 20 minutes later (considering the 3-hour
prediction horizon plus the 20-minute time-window duration).
As a consequence, the longer the forecasting horizon, the
greater the temporal lag before the algorithm can observe
the realised error and update the subsequent target coverage

Fig. 10 Flowchart schematically presenting the dynamic adjustment of the prediction interval (PI) through ACI applied in
the online phase. The initial calibration factor used to expand the uncalibrated PI comes from the CQR step.
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levels, which in turn delays the adaptation of the corresponding
prediction intervals.

E. Exceedance Probability
By interpolating between a set of quantiles for the inbound

demand, an approximation of the cumulative distribution
function of the residual errors can be obtained. The continuous
approximation is based on the quantiles 0.01, 0.05, 0.10 to
0.90 in steps of 0.10, 0.95, and 0.99. This representation of
the conditional distribution enables the computation of the
probability that inbound demand exceeds a given capacity limit.
For example, if the maximum allowable capacity coincides
with the 75th percentile of the predicted demand distribution at
a particular time step, the probability of an airspace overload
at that time is 25%. Since the absolute theoretical minimum
(0%) and maximum (100%) quantiles cannot be explicitly
computed, the exceedance probability is set to 100% or 0% if
the capacity threshold is below the lowest or above the highest
modelled quantiles (i.e., 0.01 and 0.99). After training, the
predicted quantiles are calibrated and subsequently sorted to
prevent quantile crossing. The sorting step preventing quantile
crossing is crucial to ensure that the cumulative distribution
function is monotonically increasing.

Applying the methodology described in this section aug-
ments the deterministic inbound demand forecasts produced
by LVNL’s DST with a probabilistic uncertainty layer. Fur-
thermore, it enables the estimation of the probability that
demand will breach capacity limits.

IV. Experimental Setup
This section presents the experimental setup designed to

apply the proposed probabilistic framework and evaluate its
statistical and operational performance. It outlines the hypothe-
ses, dataset split, explanatory features, model configuration
and optimisation, and validation metrics employed.

A. Hypotheses
The aim of the research is to develop a top-down probabilis-

tic forecasting framework for inbound demand that minimises
interval width while maintaining reliable empirical coverage.
To evaluate the mathematical and operational performance of
this framework, three hypotheses are formulated.

The following hypothesis is proposed to test the frame-
work’s ability to model varying uncertainty and minimise
interval width:

Hypothesis 1: The proposed top-down quantile
regression framework captures heteroscedastic
residual uncertainty more effectively than a sta-
tistical error-margin baseline, as measured by the
MWIS.

The statistical error-margin baseline is constructed by
calculating empirical residual quantiles from the training data
and applying these as margins around the deterministic DST
forecast. Unlike the ML framework, this baseline does not
condition the interval width on explanatory variables, except
for the prediction horizon.

The necessity of an adaptive algorithm applied to statically
calibrated prediction intervals within the operational context
of ATFM is tested using the following hypothesis:

Hypothesis 2: The ACI framework will maintain
rolling empirical coverage closer to the nomi-
nal target than the static CQR approach, while
achieving a comparable or smaller average inter-
val width.

Finally, the following hypothesis evaluates the potential
operational contribution of the model within LVNL’s decision-
making process concerning ATFM regulations:

Hypothesis 3: Transitioning from determinis-
tic point forecasts to a probabilistic framework
enables a measurable reduction in pre-emptive,
unnecessary ground delay interventions while
maintaining or reducing the rate of missed capac-
ity exceedances.

B. Dataset
The primary dataset evaluated in this study comprises

ETFMS Flight Data (EFD) of flights inbound to Amsterdam
Airport Schiphol, consisting of 753 days of data. ETFMS
stands for Enhanced Tactical Flow Management System. The
data originate from EUROCONTROL’s NetworkManager and
are provided by LVNL. To ensure data integrity, flights lacking
explicit termination or cancellation messages are omitted from
the dataset. This filtering process results in the removal of
2,172 flights from a total of 518,446, corresponding to 0.42%
of the initial dataset. Of these removed flights, 1,097 can
be attributed to having an arrival time falling outside the
temporal scope of the dataset. The remaining exclusions,
which account for just 0.21% of the initial dataset, are due to
flight diversions and/or data logging errors. Because these two
causes cannot be reliably distinguished, all of these flagged
flights are removed from the dataset.

As established in Section II.E, the inbound demand time
series exhibits strong serial correlation. Furthermore, the
ACI algorithm requires a strictly chronological, continuous
online phase to continuously update the target error rate UC .
Therefore, the dataset is split into the following uninterrupted,
chronological parts:

• Training dataset (372 days, 49%): Spans from 2022-
12-25 to 2023-12-31, used to train the base LightGBM
model.

• Calibration dataset (156 days, 21%): Spans from 2024-
04-24 to 2024-09-26, reserved for computing conformity
scores through the CQR method.

• Validation dataset (55 days, 7%): Spans from 2025-01-
30 to 2025-03-25, used for optimising the step size W
and running the Permutation Feature Importance (PFI)
analysis.

• Test dataset (170 days, 23%): Spans from 2025-08-09
to 2026-01-25, acting as the unseen online phase for
model evaluation.

The four subsets are separated by temporal gaps due to
data availability.

8



Asmentioned in Section III, only the predictions, observed
values, and explanatory variables are required to obtain a prob-
abilistic wrapper model. In the absence of historical DST
inbound demand predictions, these baselines are retrospec-
tively reconstructed from ETFMS Flight Data (EFD), using
the exact logic employed by the DST (which is explained in
Section II.B). This ensures that the reconstruction serves as an
accurate representation of the true DST predictions. The EFD
dataset used contains flight progress information for ATFM
purposes, crucially including the estimated and actual entry
times of the EHAA CBA necessary for the inbound demand
calculation.

C. Model Features
As established in Section III, the DST prediction error

is the dependent variable, modelled using a set of 56 ex-
planatory (independent) variables. These features encompass
operational and temporal metrics, including, among others,
the prediction horizon, day of the week, hour of the day, the
share of airborne flights, boundary-proximity flight shares,
and the deterministic DST prediction itself. Seventeen of the
56 features are specifically engineered to quantify time series
patterns. These variables track the evolution of a forecast by
measuring the magnitude of step changes, rolling standard
deviations, and adjacent-window volatility as well as single
time-window prediction volatility, while strictly preventing
data leakage. For example, high predictive volatility can po-
tentially serve as a strong indicator of large prediction errors,
which should lead to wider prediction intervals. Finally, the
feature space includes 18 meteorological variables derived
from Schiphol Kansverwachting (SKV) weather forecasts
provided by LVNL∗.

D. Model Configuration
To ensure alignment with LVNL’s deterministic DST,

predictions are generated for 20-minute sliding time windows
with 5-minute intervals.

The probabilistic framework is applied across a 0- to 5-
hour prediction horizon. ATFM regulations need to be applied
at least 2 to 3 hours in advance to translate into ground delays.
By modelling up to 5 hours in advance, the forecast covers
this lower limit with some margin.

For the purposes of this study, the nominal target coverage
level is set to 90%, corresponding to a 10% nominal target
error rate.

This configuration is used to demonstrate the framework’s
capabilities, with the understanding that the parameters can
be tailored to operational preferences.

E. Model Optimisation
Prior to testing the hypotheses, the model’s hyperparame-

ters are tuned. This process determines the optimal number
of leaves, learning rate, and total iterations of the LightGBM
model. To do this, a Random Search algorithm is employed

∗LVNL receives this data from theKoninklijk NederlandsMeteorologisch
Instituut (KNMI)

on the training dataset, using the pinball loss function. The
search space is defined as follows: the number of leaves is
sampled from integers in the range [20, 200], with a step size
of 10; the learning rate is drawn from 20 evenly spaced values
on the interval [0.0001, 1]; and the number of estimators is
sampled from integers in the range [100, 2000] with a step
size of 100. A total of 100 random trials are used, and the
lower and upper quantiles are evaluated separately. While
potentially more exhaustive hyperparameter tuning methods
exist, Random Search has been proven to be a highly efficient
and competitive alternative at a fraction of the computational
cost [25].

Additionally, the step size W in the ACI framework requires
optimisation. This is achieved by iteratively investigating the
model’s performance for various step sizes using the validation
dataset.

Finally, Permutation Feature Importance (PFI) is em-
ployed using the validation dataset to identify and discard
non-contributing features. When analysing a specific fea-
ture, its values in the dataset are randomly shuffled, creating
meaningless noise. The trained model is then used to create
prediction intervals. This is repeated five times for each fea-
ture, mitigating the effect of random variation. If the model
performance (measured by its MWIS) remains unchanged,
the feature is deemed uninformative and can be removed
in the optimised model. This process retains only the fea-
tures that meaningfully contribute to the model’s predictive
performance.

F. Model Evaluation
To evaluate the prediction intervals, two metrics are im-

portant: the obtained coverage level and average interval
width. These can be combined into a single metric through the
Mean Winkler Interval Score (MWIS). The MWIS balances
interval width and coverage accuracy, acting as a useful per-
formance metric for the analysis and comparison of prediction
intervals. It rewards narrow prediction intervals but heavily
penalises violations where the observed value falls outside
the bounds. The Winkler Interval Score is mathematically
defined by Eq. (8) [26], and the MWIS is the mean Winkler
Interval Score across the whole dataset. D = @̂1� U

2
„-C ” and

; = @̂ U
2
„-C ” denote the upper and lower bounds of the pre-

diction interval, respectively, and, represents the Winkler
Interval Score.

, =

8>>><>>>:
„D � ;” ‚ 2

U
„; � HC ”� if HC � ;

„D � ;”� if ; � HC � D
„D � ;” ‚ 2

U
„HC � D”� if HC ¡ D

(8)

The mean absolute deviation (MAD) from the target
coverage level, given a certain rollingwindowperiod, is used to
analyse the stability and reactivity of the different models. The
rolling window period is set to 2016 steps, constituting exactly
one week. This allows analysis of model performance under
sustained distribution shifts. As a consequence, distribution
shifts of a much smaller time scale are not clearly visible in
the results.

In order to evaluate the operational impact of the proba-
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bilistic approach, false positive rate (FPR) and false negative
rate (FNR) baselines are first established, mathematically
described by Eq. (9) and Eq. (10). FN denotes false negatives,
TP true positives (i.e., actual capacity breaches which are cor-
rectly predicted), TN true negatives (i.e., actual non-capacity
breaches which are correctly predicted), and FP false posi-
tives. In this context, a false negative is defined as a missed
capacity overload, which is a scenario where no ground delay
is requested because the predicted demand remains below
the threshold, resulting in a capacity breach. Conversely,
a false positive constitutes an unnecessary intervention. It
is a scenario where an anticipated overload triggers ATFM
regulations, but the synthetic true demand naturally remains
within capacity limits.

FNR =
FN

TP ‚ FN (9)

FPR =
FP

TN ‚ FP (10)

The baseline mimics current operations, assuming ATFM
regulations are requested by the Flow Management Position
Controller (FMPC) when the deterministic DST prediction
exceeds a fixed capacity limit of 65 intervals per hour (equiva-
lent to 21.67 per 20-minute time window). This deterministic
baseline is subsequently compared against the performance of
the probabilistic framework, where interventions are instead
triggered by specific predictive quantiles (e.g., a 20% capacity
breach risk level corresponding to the 80th percentile and up-
per bound of a 60% prediction interval). The result produces
a continuous curve of false negative rates (FNRs) and false
positive rates (FPRs). If the DST baseline falls to the upper
right of the curve, it indicates that the model successfully
captures the heteroscedastic uncertainty of inbound demand
and shows how operational improvements can potentially be
realised.

As mentioned above, ATFM regulations preferably need
to be requested 2 to 3 hours in advance. For that reason, when
a single prediction horizon is analysed, a 150-minute horizon
is used.

By applying the approach outlined in this section with
the methodology presented in Section III, it is possible to
evaluate the usefulness of a probabilistic top-down conformal
prediction framework for ATFM inbound demand forecasting.

V. Results
This section presents the results of the proposed proba-

bilistic forecasting framework. The section is structured as
follows: Section V.A covers model optimisation, Section V.B
benchmarks the machine learning model against a statistical
baseline, Section V.C evaluates the benefit of applying the
adaptive ACI algorithm on top of the static CQR framework,
and Section V.D explores the potential operational value of
the probabilistic approach relative to LVNL’s deterministic
DST baseline.

Fig. 11 illustrates a representative model output. It shows
the result of the adaptive prediction interval, in this case for a
150-minute prediction horizon, constructed around the DST

point forecasts. When deployed in an operational context, the
combination of all prediction horizons forms a probabilistic
forecast envelope spanning from zero to five hours ahead,
shown by Fig. 2. The synthetic inbound demand shown in the
figures is unavailable during live operations and can only be
reconstructed in hindsight.

A. Model Optimisation Results
Based on the PFI analysis in which 56 features are eval-

uated using the validation dataset, the 17 features listed in
Table 1 are used in the optimised model because they mean-
ingfully contribute to the probabilistic model performance.
Table 1 shows the results when PFI is performed on the test
dataset, to indicate the importance of the features for the model.
SUGOL, ARTIP, and RIVER are the three initial approach
fixes of EHAM, and KLM is the largest airline at the airport.

Table 1 Results of a Permutation Feature Importance (PFI)
analysis using the 17 features from the optimised model, run
on the test dataset to indicate feature importance for model
performance.

Metric �%MWIS
DST demand prediction ‚51�32%
Share of airborne flights ‚11�79%
Demand prediction difference between
current and leading time window

‚8�64%

Share of flights with ATFM delay ‚7�51%
Sum of predicted demand differences
between trailing 12 time windows (i.e.,
up to 1h in the past, prediction made at
same moment in time)

‚6�55%

Inbound demand prediction difference
between current and trailing time win-
dow

‚5�21%

Hour category ‚2�90%
Prediction horizon ‚2�03%
Share of KLM flights ‚1�44%
Demand of flights over SUGOL ‚1�37%
Sum of predicted demand differences
between leading 12 time windows (i.e.,
up to 1h in the future, prediction made
at the same moment in time)

‚1�32%

Volatility of prediction of same time
window (up to 1h ago)

‚1�29%

Demand of flights over ARTIP ‚1�05%
Share of flights scheduled to arrive in
first or last three minutes of a time win-
dow

‚0�85%

Demand of flights over RIVER ‚0�83%
Share of short-haul flights ‚0�37%
Demand prediction difference between
previous and current prediction for same
time window

‚0�16%
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Fig. 11 Adaptive PI for 2025-12-12 with a 150-minute prediction horizon.

Evidently, the DST inbound demand prediction has a very
strong impact on the performance of the model. Furthermore,
the prediction horizon appears to be of relatively little impor-
tance. This is in contrast with Wanke et al. [11], who found
the prediction horizon to be one of the three important features
in demand uncertainty. With all 56 features, the ACI model
achieves a MWIS of 5.68 on the test dataset. Using only the
17 features mentioned in Table 1, the MWIS only increases
by 0.2% to 5.69. Thus, with a minor decrease in performance,
the size of the model can be reduced substantially, increasing
its computational efficiency. Further reducing the feature set
to the top six features with �%",�( ¡ 5�0% results in a
MWIS of 5.85, a substantial 3.0% increase. None of the
seventeen weather-related features has a noticeable impact on
model performance.

A 0.101 learning rate, 90 leaves, and 800 iterations are used
in the finalmodel to train the quantiles. Additionally, a step size
W of 0.0008 is used in the ACI framework, striking a balance
between reactivity and stability. This model configuration is
used to obtain the results presented below.

B. Comparison With a Statistical Error-Margin Baseline
The statistical error-margin baseline is compared against

the uncalibrated, non-adaptive machine learning model rather
than the final ACI framework. This distinction is made
because the adaptive conformal calibration layer is designed
to adapt empirical calibration behaviour independently of
the underlying predictive model. Evaluating the uncalibrated
machine learning model therefore isolates the contribution of
the heteroscedastic uncertainty modelling itself relative to the
statistical baseline.

The numerical results presented in Table 2 show that
although the ML model undercovers relative to the nominal
90% target, its deviation from the target is smaller than that
of the statistical baseline. Furthermore, it produces 26.1%
narrower prediction intervals on average. This combination
leads to a 25.1% lower MWIS.

A similar trend in superior performance of the ML ap-
proach is observed when considering only daytime operations
(0400 - 2159 UTC), which represents the most capacity-
constrained, and therefore operationally relevant, period for

LVNL. In this subset, the ML model achieves a MWIS of 7.14,
compared to 8.76 for the statistical baseline.

These results indicate that the machine learning approach
better captures the heteroscedasticity of the forecast uncer-
tainty than the statistical error-margin PI does, providing
evidence in support of the first hypothesis.
Table 2 Empirical coverage, prediction interval (PI) width,
and MWIS averaged across all evaluated prediction horizons
for the statistical error-margin baseline and the uncalibrated
machine learning (ML) model evaluated on the test dataset.

Metric Statistical
Baseline PI

Uncalibrated
ML PI

Coverage [-] 93.4% 87.3%
Average PI
Width [-]

6.06 4.48

MWIS [-] 7.61 5.70

C. Adaptive vs. Static Calibrated Model Performance
Fig. 12 shows the rolling mean empirical coverage for the

150-minute prediction horizon. It illustrates the improved
temporal stability of the ACI framework, as its deviations from
the nominal target coverage level are substantially smaller
than those of the other two models. The rolling mean of the
CQR framework exhibits a noticeable drift from the target
coverage level from time step 17,000 onwards. However,
the ACI model keeps fluctuating around this target. This
improved performance of the ACI framework is observed at
all prediction horizons. Numerically, the tighter fluctuations
of the ACI framework are confirmed by its MAD of 0.74
percentage points, compared to 1.49 percentage points for
the CQR framework, averaged across all evaluated prediction
horizons. This behaviour illustrates the ability of the ACI
framework to adapt its prediction interval calibration under
distribution shifts and maintain empirical coverage closer to
the nominal target level over time.

This observation is also confirmed by Fig. 13. Where
the uncalibrated model systematically undercovers, and the
CQR model consistently overcovers, the ACI model closely
matches the nominal target coverage level across all predic-
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Fig. 12 Rolling 2016-step (1 week) average PI coverage level for a 150-minute prediction horizon across the test dataset for
the uncalibrated, static (CQR), and adaptive (ACI) models.

tion horizons. Similarly, the adaptive approach has a lower
mean deviation from the nominal target across all evaluated
prediction horizons than the CQR framework.

Fig. 13 Average PI empirical coverage per prediction horizon
for the uncalibrated, static (CQR), and adaptive (ACI) models
evaluated on the test dataset.

The numerical results are summarised in Table 3. Al-
though the absolute MWIS differences are small (5.69 for the
ACI approach versus 5.70 for the CQR model), ACI achieves
improved coverage stability while also slightly reducing the
average interval width, as shown by Fig. 14.

Thus, while the rolling coverage of the static conformal cal-
ibration model drifts from the target, the adaptive calibration
mechanism enables the ACI framework to more effectively
track the nominal target coverage level over time while main-
taining comparable interval width. These findings align with
the second hypothesis.

Fig. 14 Average prediction interval (PI) width per prediction
horizon for the uncalibrated, static (CQR) and adaptive (ACI)
models evaluated on the test dataset.

Table 3 Empirical coverage and MWIS of the uncalibrated,
static (CQR), and adaptive (ACI) models evaluated on the test
dataset averaged across all evaluated prediction horizons.

Model Coverage
[-]

MWIS
[-]

Uncalibrated
Model

87.3% 5.70

CQR Framework 90.9% 5.70
ACI Framework 90.0% 5.69
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