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Abstract

In busy airports, departure metering (DM) can reduce unnecessary runway-area queueing
by holding aircraft at their stands, but its effectiveness is highly sensitive to the accurate
estimation of taxi time. Existing studies generally pursue two separate approaches to
improve the effectiveness of DM decisions: (1) improving the accuracy of taxi-time predic-
tion, and (2) incorporating taxi-time uncertainty to make more robust decisions. However,
prediction errors remain unavoidable, and uncertainty sets constructed directly from his-
torical data of multiple flights fail to capture the heterogeneity between flights, so the
previous approaches always result in suboptimal decisions. Thus, this research develops
a learning-based two-stage stochastic DM that constructs the uncertainty sets from the
outputs of machine-learning predictors and makes robust decisions under uncertainty. This
framework can capture the uncertainty set for each flight more accurately and effectively
reduce the influence of prediction errors on DM decisions. The DM model is formulated as
a two-stage stochastic program integrating first-stage pushback decisions and second-stage
runway sequencing, solved by the sample average approximation and scenario generation
method. The proposed framework is evaluated using real-world data from Tokyo Inter-
national Airport (RJTT). The results show that the framework can effectively reduce the
overall queueing level and right-tail risk of runway-area queueing time compared with
the certainty model, with reduced expected queueing time during peak hours. Additional
equity and sensitivity analyses further show that these improvements are realized without
being achieved at the expense of a small subset of flights and remain stable under schedule
perturbations. This study demonstrates that learning-based uncertainty representations
can enhance the robustness and operational quality of DM decisions.

Keywords: airport surface operations; departure metering; taxi-time prediction; stochastic
programming; learning-based optimization

1. Introduction
At busy hub airports, limited runway capacity and dense surface traffic interactions

often lead to congestion and queueing near the runway entrance area before takeoff.
Statistical data from Tokyo International Airport (RJTT) in 2024 show that about 17–19%
of departures experience more than 3 min of runway queueing and 6–7% exceed 5 min
during peak hours (10:00–12:00) every day. This phenomenon is primarily caused by the
imbalance between flight demand and runway service capacity. Under limited expansion
of airport infrastructure in the short term, high-efficiency operational strategies are needed
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to mitigate runway queueing. Among these operational strategies, departure metering
(DM) has been widely adopted to improve the efficiency of airport surface operations.
DM is essentially a pushback-scheduling optimization problem. By delaying the time of
aircraft pushback from the spot, DM aims to balance surface demand and runway service
capacity, thereby reducing unnecessary queueing near the runway. The effectiveness of DM
critically depends on the ability to estimate the taxi time from pushback to the runway area.
If taxi time is misestimated, DM may optimize in the wrong direction, leading not only to
suboptimal decisions but also potentially to increased delays. Early DM studies typically
relied on taxi-time estimates derived from historical operational data and formulated the
problem as a certainty optimization model, without explicitly accounting for taxi-time
uncertainty. Considering the sensitivity of DM to taxi-time errors, current studies try
to improve DM from two aspects: improving taxi-time prediction accuracy to reduce
uncertainty and developing uncertainty-aware optimization models to make more robust
decisions under uncertainty.

From the first aspect, current research mainly resorts to data-driven machine-learning
methods to improve taxi-time prediction accuracy [1]. Prior studies have shown that such
methods can significantly improve prediction accuracy [2–6] and can support decision mak-
ing in airport surface operations [1]. However, even with advanced prediction models, taxi
time remains inherently uncertain due to complex and partially unobservable operational
factors, such as local traffic interactions, controller instructions, and stochastic disturbances.
From the second aspect, researchers try to capture operational uncertainties and formulate
uncertainty DM optimization models [7–10] using robust optimization operation [7] and
stochastic programming [9,11] to model the problem. Although these approaches lead to
more reliable decisions, limitations remain: existing uncertainty representations are often
constructed from historical data, and multiple or even all flights may share the same uncer-
tainty structure, which may not fully capture the heterogeneity between flights. Under this
setting, the flights with little uncertainty may be over-protected, while those with large
uncertainty may be under-protected, leading to suboptimal decisions.

Therefore, although existing studies have reduced the impact of taxi-time estimation
errors on DM from two different perspectives, each research direction still suffers from
inherent limitations when applied independently. Machine-learning methods improve
taxi-time estimation accuracy, but the remaining prediction uncertainty is not explicitly
considered during optimization. Uncertainty optimization explicitly accounts for taxi time
uncertainty in decision-making, but existing uncertainty representations are often con-
structed from historical statistics and cannot adequately capture flight-specific uncertainty.
Therefore, a critical research gap remains in developing an effective framework that bridges
machine-learning taxi-time prediction and uncertainty optimization, enabling predictive
uncertainty to be systematically propagated into DM optimization.

However, implementing such a framework presents two main challenges: selecting
informative features without imposing excessive computational costs when integrating
ML with DM, and formulating an appropriate representation of taxi-time uncertainty.
Although ML prediction and uncertainty modelling are considered simultaneously in Kang
et al. [11], the inappropriate model formulation and excessive simplification fail to capture
the flight queueing influence under different taxi-time realizations.

This research, therefore, develops a learning-based two-stage stochastic programming
(SP) framework for DM. First, a machine-learning prediction model is trained using histori-
cal data. For each operational instance, the trained model predicts flight-level taxi times
and their distributions. The resulting predictions are then used to formulate a two-stage SP
model that integrates here-and-now pushback decisions in the first stage and wait-and-see
runway sequencing in the second stage. The cost of the runway sequencing, runway
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queueing time, is regarded as the recourse for DM decisions. The proposed framework is
evaluated using real-world data from Tokyo International Airport (RJTT), which serves
as a representative case study to demonstrate the applicability and effectiveness of the
proposed methodology. The results show that the framework can effectively reduce the
overall queueing level and right-tail risk of runway-area queueing time compared with
the certainty model, reducing expected queueing time during peak hours. Additional
analyses further show that these improvements are realized without being achieved at
the expense of a small subset of flights and remain stable under schedule perturbations,
supporting the practical applicability of the proposed framework. This study demonstrates
that learning-based uncertainty representations can enhance the robustness and operational
quality of DM decisions.

The main contributions of this study are as follows.

• This study develops a two-stage stochastic DM framework that integrates first-stage
pushback decisions with second-stage runway sequencing under realized taxiing con-
ditions. By explicitly accounting for recourse across taxi-time scenarios, the framework
supports more robust DM decisions than a certainty-model formulation.

• This study connects ML-based prediction with stochastic optimization through flight-
level taxi-time distributions. This provides a more informative uncertainty represen-
tation than conventional statistical approaches that impose a common uncertainty
structure across multiple flights.

• The evaluation using real-world data from Tokyo International Airport (RJTT) demon-
strates that the proposed stochastic framework reduces both the overall level and
right-tail risk of runway-area queueing compared with the certainty model. Com-
parisons between distribution construction approaches further show the value of
accurately representing uncertainty, while the equity and sensitivity analyses support
the operational applicability of the resulting decisions.

• This study compares static and dynamic feature sets for taxi-time prediction and
assesses their suitability as inputs to DM optimization. The results show that static-
feature-based prediction models retain strong predictive performance while avoiding
the circular dependency between dynamic traffic-state features and pushback deci-
sions, enabling a practical sequential integration of prediction and optimization.

The remainder of this paper is organized as follows. Section 2 reviews the related liter-
ature on departure metering and taxi-time prediction. Section 3 presents the methodology
of the proposed learning-based two-stage SP framework containing taxi-time prediction
model training, distribution construction, and two-stage SP model formulation and solu-
tion. Section 4 presents numerical experiments based on real data from Tokyo International
Airport (RJTT), and Section 5 concludes the paper.

2. Related Work
The literature related to this study can be organized into two main aspects: departure

metering (DM) and taxi-time prediction. The first aspect covers decision-support and
optimization methods that determine gate-holding, pushback release, metering policies,
or departure schedules. The second aspect examines how taxi time and runway-arrival time
can be estimated from operational data, including both prediction models and analytical
models of the departure process. These two aspects are closely connected because the
effectiveness of DM depends on accurate and available taxi-time information.

2.1. Departure Metering

The operational procedures of a departure flight are shown in Figure 1. Note that
Figure 1 is intended only as a conceptual illustration of the departure process. The terminal,
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taxiway, and runway shown in the figure do not represent the actual airport layout, and only
a single runway is illustrated for simplicity. Initially, a departure flight is prepared at the
gate or spot, where all required pre-departure ground handling activities are completed,
including passenger boarding, baggage loading, catering, aircraft fueling by fuel dispenser
trucks, and pushback vehicle preparation. Once these activities have been completed and
the aircraft is ready for pushback, the pilot requests pushback clearance from the ground
controller. The ground controller then decides whether to approve the pushback request
immediately or delay it to a later time. Once the pushback is approved, the flight begins the
pushback procedure. After completing pushback, the flight taxis to the runway area and
queues in the runway area until it receives takeoff clearance. Based on the estimated time
at which each flight becomes ready for pushback, departure metering (DM) determines
an appropriate pushback time for each departure flight to balance surface demand and
runway service capacity, thereby reducing unnecessary runway queueing.

Figure 1. A conceptual illustration of the general operational procedures of a departure flight.

Existing DM studies can generally be classified into several categories. One important
class of DM methods is aggregate pushback-rate control. Simaiakis et al. [12] designed and
field-tested pushback rate control at Boston Logan Airport, showing that gate holding can
reduce taxi-out time and fuel burn without sacrificing practical implementability. Related
work developed decision-support tools for pushback rate control and evaluated congestion
management in reality [13,14]. These studies determine release rates or gate-hold actions at
the aggregate level, which makes them operationally simple but less flight-specific.

Another line of DM research focuses on individual aircraft rather than aggregate push-
back rates. Individual-level approaches determine aircraft-specific release times, takeoff
sequences, or runway schedules subject to separation constraints and operational restric-
tions. Malik et al. [15,16] investigated departure aircraft release decisions for efficient sur-
face operations, and related NASA surface-management studies developed optimization-
based decision support for runway scheduling and spot release planning. Bertsimas and
Frankovich [17] proposed a unified airport traffic-flow optimization framework, showing
how surface and runway decisions can be formulated in an integer optimization setting.
Such individual-level models are attractive because they can explicitly account for flight
heterogeneity in operations. However, they rely on reliable parameter estimates to accu-
rately characterize each flight’s future spatiotemporal operational states, such as the time
at which an aircraft is expected to reach the runway area after pushback.
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Given the presence of various sources of uncertainty in airport surface operations,
certainty-model DM solutions may be undermined by parameter misspecification, lead-
ing to suboptimal decisions in practice. Several studies, therefore, explicitly account for
uncertainties in DM. Murça [7] formulated airport DM as a robust optimization problem
under uncertain taxi-out time predictions and showed that robustness can improve takeoff-
time predictability and reduce taxi-out delays. Badrinath et al. [8] examined the earliest
off-block-time (pushback readiness time) uncertainty and evaluated its influence on DM
decisions, showing that such uncertainty can substantially undermine the benefits of DM.
Chen and Solak [9] further considered uncertainty in the number of arrivals in addition to
the earliest off-block time and developed a stochastic dynamic optimization model for DM.
Chandra et al. [10] extended DM by considering uncertainties in taxi time and standard
instrument departure (SID) track time and tried to minimize en-route conflict risk. These
studies provided more robust DM decisions, but they usually constructed uncertainty sets
directly from historical data by statistical methods, assuming that multiple flights share
the same uncertainty structure. Such an approach may fail to capture the heterogeneity
between flights, leading to suboptimal decisions.

In addition to uncertainty-aware DM models, recent studies have also explored
simulation-based and learning-based approaches to DM. These studies aim to improve the
accuracy of parameter estimation so that the optimization model can identify more suitable
solutions without incurring additional conservatism in uncertainty models. Badrinath
et al. [18] compared DM at USA and European airports, highlighting how airport layout,
procedures, and uncertainty influence the realizable benefit of metering. Kato and Itoh [1]
combined ML-based taxi-time prediction and a simple DM model, and the simulation
results showed that the improvements in taxi-time prediction accuracy brought by ML
models can significantly mitigate queueing and delays. In addition, deep reinforcement
learning has also been used to learn pushback or metering policies under spatiotemporal
airside interactions [19,20]. However, the parameters can still be misestimated, and the un-
certainty is not explicitly modeled in these studies, which may lead to suboptimal decisions
when prediction errors are large.

Most similar to this research, Kang et al. [11] integrated data-driven taxi-time un-
certainty prediction with a two-stage SP framework for DM. While the study provides
a learning-based approach to incorporate flight-level taxi-time uncertainty into DM, its
treatment of uncertainty remains limited. Although formulated as a two-stage stochas-
tic program, the uncertainty is completely absorbed into the first-stage constraints via a
quantile-based reformulation, which reduces the problem to a certainty-model approx-
imation and does not explicitly account for second-stage recourse costs under different
realizations. In addition, modeling taxi-time uncertainty through chance constraints is
questionable, as runway arrival time should be determined by pushback time and realized
taxi time rather than relaxed as an inequality. More importantly, departure system perfor-
mance depends on the temporal interactions among aircraft, whereas marginal taxi-time
quantiles fail to capture critical scenarios such as near-simultaneous arrivals that lead to
queue formation, potentially resulting in a misleading notion of robustness.

In summary, the DM literature has progressed from aggregate release-rate control to
flight-level optimization, and from certainty models to robust, stochastic, and learning-
based approaches. However, there remains a practical gap in how taxi-time predictions
should be incorporated into a stochastic DM model considering the trade-off between
prediction accuracy and model computational cost. This research focuses on a two-stage
SP framework that integrates the first-stage pushback decision before taxi-time realization
and the second-stage runway sequencing decision that reacts to realized taxiing conditions.
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This setting makes the quality, uncertainty representation, and time of taxi-time prediction
central to the optimization model.

2.2. Taxi-Time Prediction

Taxi-time prediction has been studied for several decades because it plays an im-
portant role in surface operations (see [2] and references therein). Considering that taxi
time is strongly affected by surface congestion and runway queues [21,22], early work
separated taxi-out into unimpeded taxi and runway-queueing components and derived
queueing time using analytical queueing models [23,24]. These methods, while capable of
capturing key operational mechanisms, usually require sophisticated and system-specific
implementation. Moreover, the simplifying assumptions adopted in the modeling process
may limit prediction accuracy. As a result, with the rapid development of traffic data
collection and storage technologies, research has increasingly shifted toward data-driven
approaches. Lee et al. [25] compared fast-time simulation with common machine-learning
methods and showed the advantages of the latter in terms of prediction errors. Since
then, numerous machine-learning methods have been applied to taxi-time prediction and
have demonstrated strong performance [3–6]. Recent studies have also explored deep
learning methods such as graph neural networks to capture spatial interactions on the
airport surface [26].

Although these studies show good performance, they often treat taxi-time prediction
as an isolated task and do not examine whether the resulting predictions are suitable inputs
to DM optimization. Feature selection is particularly important for this purpose. Dynamic
features may improve prediction accuracy, but they are derived from pushback decisions,
leading to a circular dependency between prediction and optimization. Prior analysis has
shown that prediction accuracy does not necessarily require every available feature [2],
indicating that suitable features should be selected before using the predictions in DM
optimization. For example, current taxi-time-prediction-based DM studies select only
features available before pushback to predict taxi time [1] or its distribution [11], which is a
practical choice to avoid circular dependence. However, it remains valuable to investigate
the improvements obtained by incorporating dynamic features compared with using only
static features, and to analyze the trade-off between prediction accuracy and suitability for
subsequent optimization. This research therefore develops both static-feature-based and
dynamic-feature-enhanced prediction models and compares their performance. The results
can provide insights into how to design prediction models that are not only accurate but
also useful for decision support in airport surface operations.

3. Methodology
This section presents the proposed learning-based two-stage stochastic programming

(SP) framework for departure metering (DM). As shown in Figure 2, the framework consists
of three main components: prediction model training, distribution construction, and two-
stage SP. First, a machine-learning (ML) model is trained offline to predict the taxi time of
each departure flight based on historical operational data. For an operational instance of
DM, the trained model is used to predict taxi times and their distributions based on current
flight features. Based on the predicted taxi-time distributions, a two-stage SP model is
developed. In the first stage, pushback times are determined before taxi times are realized,
while in the second stage, runway takeoff times and sequences are adjusted to the realized
taxiing conditions, and the resulting runway-area queueing cost serves as recourse for the
first-stage DM decisions.
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Figure 2. Learning-based two-stage stochastic programming framework for departure metering.

The proposed framework provides a general workflow for integrating ML-based
taxi-time prediction with SP-based departure metering and can be applied to different
airport configurations. It links ML-based prediction and SP-based optimization to capture
flight-level taxi-time uncertainty and make more robust DM decisions. The following
subsections provide the details of the components in the framework.

3.1. Prediction Model Training

This subsection describes the training of the ML models used for point and proba-
bilistic taxi-time prediction. Following established practices in the literature, this research
adopts similar design principles for models, features, and targets. The flight features used
for prediction are summarized in Table 1, which can be extracted from the historical surface
radar operational data of an airport. Note that the features used in this study are all static
features, which can be observed before pushback. Although dynamic features describing
surface traffic conditions may provide additional information for prediction, they depend
on the pushback time, which is the decision variable of the optimization model. Incor-
porating such features would introduce a circular dependency between prediction and
optimization, making the proposed sequential framework difficult to implement. There-
fore, only static features are adopted in the proposed framework. The impact of excluding
dynamic features on prediction performance is evaluated in the numerical experiments.

Table 1. Features for taxi-time prediction.

Name Description

Terminal Terminal of departure flight i.
Wake Wake turbulence category of departure flight i.
Spot Spot latitude and longitude of departure flight i.
Runway Runway used for departure flight i.
Distance Shortest path length from the spot to runway entry corresponding to flight i.

Weather Temperature, northward/southward wind speed, and whether rainfall
occurs when flight i pushes back.

The taxi time is defined as the time period from pushback to the runway-area entry
threshold for each departure flight, similar to that in [1]. The runway-area entry threshold
is defined as the position 200 m upstream of the runway entrance point along the taxi
route. This definition, also called unimpeded taxi time, excludes the queueing time near
the runway from taxi time, thereby reducing the impact of runway queueing time on
taxi-time prediction.

For each flight sample in the historical data, let ξi denote the vector of features for flight
i summarized in Table 1, and let T′

i denote its observed taxi time. Two types of machine-
learning models are trained for taxi-time prediction: point prediction and distribution
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prediction. Both types of models are trained using the observed samples (ξi, T′
i ). The point-

prediction model estimates a single taxi-time value based on the flight features ξi, whereas
the distribution-prediction model estimates the probabilities associated with the possible
taxi-time values based on ξi.

Several widely used machine-learning models are trained for both point prediction
and distribution prediction, including K-Nearest Neighbors, Decision Tree, Random For-
est, Extra Trees, Gradient Boosting, Histogram Gradient Boosting, AdaBoost, Multilayer
Perceptron, XGBoost, and CatBoost. After training, the point-prediction model can be
represented as

T̂i = f (ξi), (1)

where T̂i denotes the predicted taxi time of flight i. Similarly, the distribution-prediction
model can be represented as

P̂i = g(ξi), (2)

where P̂i denotes the predicted conditional probability distribution of taxi time.
The functions f and g are the trained prediction models, and they are used to generate

the taxi-time prediction and its distribution for each flight in the optimization model.

3.2. Distribution Construction

Using the trained prediction models, the taxi-time distribution for each flight is con-
structed from its features ξi according to the two approaches described below.

The first approach constructs the error-based distribution, which combines point
predictions with empirical error distributions. The second approach directly uses the
conditional distribution produced by the probabilistic prediction model.

For the error-based distribution, the taxi time of flight i is represented as

Ti = T̂i(1 + εi), ∀i ∈ Fdep, (3)

where T̂i = f (ξi) is the predicted taxi time of flight i from the point prediction model and εi

is a random parameter. Here, ε follows an empirical distribution derived from the prediction
errors in the test set. Therefore, the taxi-time distribution of flight i is constructed as

P̂err
i : P̂(Ti = T̂i(1 + εi,ψ)) = P(εi = εi,ψ), ∀ψ ∈ Ψi, (4)

where Ψi is the set of possible taxi-time values for flight i and εi,ψ is the ψ-th possible
prediction error value. The empirical distribution of εi is constructed from the prediction
errors of the test set, which is the difference between the predicted taxi time and the
observed taxi time.

For the predicted distribution, each flight i is assigned a discrete conditional distribu-
tion P̂pred

i = g(ξi) directly provided by the probabilistic prediction model:

P̂pred
i : P̂(Ti = τi,k | ξi), ∀k ∈ Ki, (5)

where Ki is the set of possible taxi-time values for flight i and τi,k is the k-th possible
taxi-time value.

3.3. Two-Stage Optimization Model

Using the constructed probability distribution for taxi times, a two-stage stochastic
programming (SP) model is formulated to optimize departure pushback times under
taxi-time uncertainty.
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3.3.1. Model Formulation

The notation used in the model is summarized in Table 2, where arrival–arrival
ordering is fixed by the scheduled runway-exit times and is therefore not represented by
an optimization variable.

Table 2. Notation used in the SP model.

Symbol Description

Sets
Fdep Set of departure flights.
F arr Set of arrival flights.

Rdep
i

Set of departure flights, excluding flight i when applicable, that have the same runway as flight i,
∀i ∈ Fdep ∪ F arr.

Rarr
i

Set of arrival flights, excluding flight i when applicable, that have the same runway as flight i,
∀i ∈ Fdep ∪ F arr.

IDD Set of unordered departure–departure flight pairs sharing the same runway, defined as {(i, j) : i ∈ Fdep,
j ∈ Rdep

i , i ≺ j} under a fixed flight index order ≺.
IDA Set of departure–arrival flight pairs sharing the same runway, defined as {(i, k) : i ∈ Fdep, k ∈ Rarr

i }.

Parameters
si Scheduled pushback time of departure flight i, ∀i ∈ Fdep.
ai Scheduled runway-exit time for arrival flight i, ∀i ∈ F arr.
d̄ Maximum allowable pushback schedule deviation for each departure flight.
q Unimpeded queueing time of flight i from the runway threshold to the runway entrance position.
q̄ Maximum queueing time of flight i at the runway area.

∆i,j
Minimum separation time between successive departure flights i and j, determined according to the wake
categories of the aircraft.

uk Occupation time of flight k at the runway area, ∀k ∈ F arr.
vk Buffer time after the occupation of flight k at the runway area, ∀k ∈ F arr.
Ti Random parameter representing the taxi time of flight i, ∀i ∈ Fdep.

Decision variables
xi Pushback time of flight i, ∀i ∈ Fdep.
ei Entry runway area time of flight i, ∀i ∈ Fdep.
yi Departure time of flight i, ∀i ∈ Fdep.
qi Queueing time of flight i at the runway area, ∀i ∈ Fdep.

ηi,j
Binary variable equal to 1 if departure flight i is ordered before departure flight j, and 0 otherwise,
∀(i, j) ∈ IDD.

γi,k
Binary variable equal to 1 if departure flight i is ordered before arrival flight k, and 0 otherwise,
∀(i, k) ∈ IDA.

The SP model is formulated as a two-stage model. The first-stage decision is to
determine the pushback time of each departure flight, and the second-stage decision is
to determine the departure time of each departure flight after the realization of taxi time.
The objective function consists of two parts: the first part is the penalty cost for schedule
deviation, and the second part is the expected total queueing time at the runway area.

min
x

{
λ · ∑

i∈Fdep

(xi − si) +EP[Q(x, T)]

}
, (6)

s.t. xi ≥ si, ∀i ∈ Fdep, (7)

xi − si ≤ d̄, ∀i ∈ Fdep. (8)

The first-stage problem minimizes the total cost of pushback schedule deviation
(weighted by λ) and expected queueing time EP[Q(x, T)] at the runway area by optimizing
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the pushback time of each departure flight. Each flight is constrained to push back no
earlier than its scheduled time in Constraint (7) and no later than the latest allowable time
window in Constraint (8). Q(x, T) is the optimal value of the second-stage problem given
the first-stage decision x and the realization of taxi time T .

The second-stage problem is formulated as follows:

Q(x, T) = min
e,y,q,η,γ ∑

i∈Fdep

qi, (9)

s.t. ei = xi + Ti, ∀i ∈ Fdep, (10)

yi = ei + qi, ∀i ∈ Fdep, (11)

qi ≥ q, ∀i ∈ Fdep, (12)

qi ≤ q̄, ∀i ∈ Fdep, (13)

ei ≤ ej ⇒ ηi,j = 1, ∀(i, j) ∈ IDD, (14)

ej ≤ ei ⇒ ηi,j = 0, ∀(i, j) ∈ IDD, (15)

ηi,j = 1 ⇒ yj ≥ yi + ∆i,j, ∀(i, j) ∈ IDD, (16)

ηi,j = 0 ⇒ yi ≥ yj + ∆j,i, ∀(i, j) ∈ IDD, (17)

γi,k = 1 ⇒ yi ≤ ak − uk, ∀(i, k) ∈ IDA, (18)

γi,k = 0 ⇒ yi ≥ ak + vk, ∀(i, k) ∈ IDA, (19)

ηi,j ∈ {0, 1}, ∀(i, j) ∈ IDD, (20)

γi,k ∈ {0, 1}, ∀(i, k) ∈ IDA. (21)

The second-stage problem minimizes the total queueing time at the runway area
given the first-stage pushback decisions and the realization of taxi time by optimizing
the departure order and departure time of each departure flight. Equation (9) defines the
objective function of the second stage problem, which minimizes the total queueing time.
Since the second-stage problem is based on first-stage decisions x and the realization of taxi
time T , the optimal value of the objective is denoted as Q(x, T). Constraint (10) defines the
relationship between entry runway area time and pushback time, and constraint (11) de-
fines the relationship between departure time, entry runway area time, and queueing time.
Constraints (12) and (13) set the lower and upper bounds of queueing time, respectively.
The lower bound corresponds to the unimpeded queueing time, indicating the minimum
time required for a flight to taxi from the runway threshold to the runway entrance position
when there is no queue. The upper bound is set manually to prevent excessively long
queueing time for a subset of flights. To some extent, these constraints prevent individual
flights from experiencing excessively long queueing times when the model prioritizes over-
all system efficiency. Constraints (16) and (17) ensure that the wake-category-dependent
minimum separation time is maintained between any two departure flights that take off
successively. The separation parameter ∆i,j is determined according to the wake categories
of the leading flight i and trailing flight j with the corresponding separation values summa-
rized in Table A2 These separation constraints are defined under normal runway operating
conditions. Therefore, temporary operational changes caused by adverse weather condi-
tions (e.g., deicing operations) are not considered in this study. Constraints (14) and (15)
describe the first-come-first-served (FCFS) policy for departure runway usage. When FCFS
is not enforced, these constraints could be deleted. Constraints (18) and (19) ensure that
the departure time of each departure flight does not conflict with the occupation time of
any arrival flight at the runway area.

This formulation uses one binary variable for each unordered departure–departure
pair and one binary variable for each departure–arrival pair. It is equivalent to the bidirec-
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tional σi,j formulation, but it avoids creating fixed arrival–arrival variables and removes the
redundant paired variables and mutual-exclusion constraints. If no departure–arrival pair
shares a runway in the selected time window, then IDA is empty and no arrival-related
binary variables or constraints are generated.

Note that constraints (14)–(19) contain logical indicator constraints. They can be
linearized by introducing sufficiently large constants M as follows:

M · ηi,j ≥ ej − ei, ∀(i, j) ∈ IDD, (22)

M · (1 − ηi,j) ≥ ei − ej, ∀(i, j) ∈ IDD, (23)

yj ≥ yi + ∆i,j − M · (1 − ηi,j), ∀(i, j) ∈ IDD, (24)

yi ≥ yj + ∆j,i − M · ηi,j, ∀(i, j) ∈ IDD, (25)

yi ≤ ak − uk + M · (1 − γi,k), ∀(i, k) ∈ IDA, (26)

yi ≥ ak + vk − M · γi,k, ∀(i, k) ∈ IDA. (27)

Using X and Y(x, T) to represent the feasible region of the first-stage decision and the
second-stage decision, respectively, the matrix-vector form of the SP model is formulated
as follows:

SP-EXP: min
x∈X

{λ · ∥x − s∥1 +EP[Q(x, T)]}. (28)

3.3.2. Model Approximation Reformulation

This subsection introduces the solution approach to the two-stage SP problem defined
in (28). It consists of two main components: model approximation reformulation to make
the expectation term tractable and an implementation setting that reflects the local decision
scope of practical DM.

The reformulation consists of two main steps: first, sample average approximation
(SAA) is used to reformulate the expectation of queueing cost as a finite-sample average [27];
second, a scenario generation (SG) procedure is applied to further reduce the number of
scenarios and make the optimization problem tractable [28]. The resulting SP-SG model is
then solved for the flights that belong to the current DM decision scope.

Using SAA, the joint distribution of taxi time is approximated by a finite set of
N samples:

{T̃1, . . . , T̃ N}. (29)

These samples have the same probability of occurrence, i.e., P(T = T̃n
) = 1

N ,
∀n = 1, . . . , N. They are sampled from the distributions constructed in Section 3.2. Using
these samples to approximate the expectation term in the objective function, the reformu-
lated model is as follows:

SP-SAA: min
x∈X

{
λ · ∥x − s∥1 +

1
N

N

∑
n=1

Q(x, T̃n
)

}
. (30)

Note that when the number of samples N is large, directly solving the SAA model
may become computationally expensive. Therefore, an SG procedure is further applied
to compress the original sample set into a smaller representative scenario set. The SG
procedure is achieved by solving the p-median-type model in Appendix A, which selects
representative taxi-time vectors and assigns each original sample to one selected scenario.
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By using SG, a reduced scenario set {T̃ l}L
l=1 is obtained with associated probabilities

{P(l)}L
l=1, where L ≪ N [28]. The SG-based SP model is then formulated as follows:

SP-SG: min
x∈X

{
λ · ∥x − s∥1 +

L

∑
l=1

P(l) · Q(x, T̃ l
)

}
. (31)

By adjusting the number of scenarios L, the trade-off between solution quality and
computational efficiency can be balanced. Specifically, L can be reduced to ensure tractabil-
ity within manageable computational time. On the other hand, L can also be increased to
obtain a more comprehensive representation of the uncertainty, thereby improving the first-
stage solution quality. The preference depends on the scale of the problem and priorities in
real-world applications.

3.3.3. Rolling Horizon Implementation

Note that in real-world operations, the scheduled times for departures si and arrivals
ai are usually determined shortly before the flights are ready to pushback or arrive and
updated over time. So DM usually only makes decisions for the flights that are ready to
pushback or will be ready to pushback in the near future. For departures that have already
pushed back or whose pushback times are already determined, their pushback times are
fixed and cannot be adjusted. For departures that are scheduled to pushback in the far
future, their scheduled pushback times are not completely determined yet and it’s hard
to optimize their pushback times based on the current information. Thus, in this research,
at the current time step τ, the DM-SP-SG only optimizes the flights scheduled to pushback
in a near-future period with length HO. Departures scheduled to pushback in the recent
past period with length HB and departures shortly after the optimized period with length
HA are also considered in the model, but their pushback times are fixed.

Mathematically, according to the latest updated s, the set of departures considered by
DM is

Wτ =
{

i ∈ Fdep : τ − HB ≤ si < τ + HO + HA
}

. (32)

This set is divided into three parts:

Bτ =
{

i ∈ Fdep : τ − HB ≤ si < τ
}

, (33)

Oτ =
{

i ∈ Fdep : τ ≤ si < τ + HO
}

, (34)

Aτ =
{

i ∈ Fdep : τ + HO ≤ si < τ + HO + HA
}

. (35)

Only flights in Oτ are optimized by the current DM optimization. Pushback times
for flights in Bτ have already been determined, so their pushback times are fixed to the
decisions made at previous time steps τ − 1. Flights in Aτ are outside the current optimized
period, so their pushback times are fixed at their latest updated scheduled values. These
fixed flights are still considered in the second-stage runway sequencing and separation
constraints, so their effects on runway queueing are kept even though their pushback times
are not adjustable decision variables.

The DM-SP-SG problem solved at the current time τ is formulated as

DM-SP-SGτ : min
xτ

{
λ ∑

i∈Oτ

|xτ
i − sτ

i |+
L

∑
l=1

P(l)
τ Qτ(xτ , T̃ l

τ)

}
, (36)

s.t. xτ
i ≥ si, ∀i ∈ Oτ , (37)

xτ
i ≤ si + d, ∀i ∈ Oτ , (38)
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xτ
i = xτ−1,∗

i , ∀i ∈ Bτ , (39)

xτ
i = si, ∀i ∈ Aτ . (40)

For real-time implementation, at each time step τ, si is updated for each flight i based
on the latest information. The flights within the current DM decision scope are then
identified, and the DM-SP-SG problem is solved to obtain the optimized pushback times
xτ,∗

i for flights in Oτ . Once the information is updated at the next time step τ + 1, these
steps are repeated until the end of the day.

4. Numerical Experiment
In this section, the proposed learning-based two-stage SP framework is applied to a

numerical experiment based on real-world data from Tokyo International Airport (RJTT).
The prediction models are trained as described in Section 3.1 using data in 2021 and 2022.
The pushback time on 8 May 2023 is optimized, which is a typical north-wind-operation
day as defined in Kato and Itoh [1]. (Other operation days are also tested and the results are
summarized in Appendix D). The predicted distribution and error-based distribution are
constructed based on the approaches described in Section 3.2. The actual pushback times
in operations are regarded as scheduled pushback times. For SP implementation, the SAA
method selects N = 1000 equally likely samples from the constructed distributions and SG
then generates L = 100 typical scenarios with corresponding probabilities. To emulate the
real-time implementation of DM, the DM optimization formulated in Equations (36)–(40)
is executed every 10-min rolling interval. At each execution time, the model optimizes de-
partures in the next 20 min, while departures that pushed back within the previous 20 min
and departures planned between 20 and 40 min after the current time are also included
with fixed pushback times to preserve their boundary effects. Here, the rolling interval
is set to shorter than the length of optimization horizon HO, so some flights optimized
in time step τ can be adjusted again in the next time step τ + 1. The main optimization
parameter settings are set based on historical data or operational rules and summarized
in Appendix C. Each optimization model is solved using Gurobi 12.0 with a time limit of
5 min and default settings for other solver parameters [29]. According to the preliminary
experiments, this setting can achieve a good balance between solution quality and compu-
tational efficiency. Two different distributions (predicted and error-based) are used and
the models are implemented under both sequencing (without Constraints (14) and (15))
and FCFS (with Constraints (14) and (15)) second-stage settings. The results are analyzed
as follows.

4.1. Prediction Results and Constructed Distribution

The surface-radar data at Tokyo International Airport (RJTT) are used to train and
evaluate the prediction models. Data from 2021 and 2022 are used for training, and data in
2023 are reserved for testing. Recall that the prediction models in Section 3.1 use only the
static features in Table 1. To test the impact of dynamic features that indicate the surface
traffic conditions but rely on the pushback-time decisions, a dynamic-feature-enhanced
specification is further considered in this experiment. Table 3 lists the additional dynamic
features that are commonly used in existing literature. They describe the contemporaneous
surface traffic state but depend on the pushback time.

Some commonly used metrics are introduced to evaluate the prediction performance of
the models. For point prediction, the metrics include mean absolute error (MAE), root mean
squared error (RMSE), coefficient of determination (R2), and mean absolute percentage
error (MAPE). Lower MAE, RMSE, and MAPE values and a higher R2 value are preferred.
For distribution prediction, the metrics are LogLoss, continuous ranked probability score

https://doi.org/10.3390/aerospace13080684

https://doi.org/10.3390/aerospace13080684


Aerospace 2026, 13, 684 14 of 29

(CRPS), prediction interval coverage probability (PICP), and mean prediction interval width
(MPIW). The definitions of these metrics are provided in Appendix B. Lower LogLoss and
CRPS are preferred, while PICP should be close to its nominal 90% level without an
excessively large MPIW.

Table 3. Additional dynamic features.

Name Description

Hpb, Mpb Hour and minute of the pushback time of flight i.

Ae/l Number of departures pushing back within the five minutes before/after
flight i.

De/l Number of arrivals starting to taxi within the five minutes before/after
flight i.

Ae/l
tml/rwy

Number of departures associated with the same terminal or runway and
pushing back within the five minutes before/after flight i.

De/l
tml/rwy

Number of arrivals associated with the same terminal or runway and
starting to taxi within the five minutes before/after flight i.

Nshare Number of flights sharing taxi-route segments with flight i.

Ncon f lict
Number of flights with potential taxi-route conflicts with flight i, estimated
from taxi routes and historical taxi speeds.

Table 4 and Table 5 report the four best-performing point-prediction and distribution-
prediction models, respectively. Each value outside parentheses is the test-set performance
of the static-feature model, whereas the value in parentheses is the change obtained after
adding the dynamic features.

Table 4. Taxi-time prediction performance.

Model MAE RMSE R2 MAPE

CatBoost 92.68 (−2.11) 129.55 (−3.42) 0.43 (+0.03) 12.25% (−0.20%)
HistGB 93.46 (−2.57) 130.03 (−3.61) 0.43 (+0.03) 12.40% (−0.30%)
XGBoost 93.34 (−2.48) 130.08 (−3.29) 0.43 (+0.03) 12.37% (−0.29%)
GBoost 94.40 (−2.15) 131.55 (−3.12) 0.42 (+0.03) 12.49% (−0.24%)

Table 5. Distribution prediction performance.

Model LogLoss CRPS (s) PICP MPIW (s)

CatBoost 3.93 (−0.04) 74.59 (−1.93) 86.89% (+2.97%) 377.06 (+45.03)
RandomForest 4.09 (+0.36) 73.64 (−1.92) 87.45% (+3.65%) 382.28 (+62.22)
ExtraTrees 4.11 (+0.14) 73.34 (−2.13) 87.61% (+2.98%) 386.60 (+39.62)
XGBoost 4.12 (−0.03) 75.25 (−2.15) 84.09% (+1.60%) 343.18 (+27.42)

Considering the point- and distribution-prediction results together, CatBoost provides
the best overall performance. It is the best point-prediction model and achieves the lowest
LogLoss for distribution prediction while remaining competitive in CRPS and interval
coverage. Therefore the CatBoost model is used for all subsequent point predictions and
predicted distributions.

The two experiments also show that dynamic features provide only marginal improve-
ments. They reduce point-prediction MAE by 2.11–2.57 s and distributional CRPS by about
2 s, while their effect on LogLoss is inconsistent. Although PICP increases, the correspond-
ing prediction intervals become 27–62 s wider. These results demonstrate that adding these
dynamic features yields little overall improvement.

The limited improvement from dynamic features may have two explanations. First,
although taxi time is affected by surface traffic conditions, the current dynamic features
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provide only a coarse representation and cannot capture the complex spatiotemporal
interactions between aircraft on the surface. Second, the taxiing process is influenced
by interventions from ground controllers, who may adjust aircraft taxiing behavior to
mitigate congestion and conflicts. This human intervention may weaken the correlation
between surface traffic conditions and taxi time, making it difficult for the model to learn
from dynamic features. Thus, considering the limited improvement provided by the
current dynamic features and the fact that they introduce a circular dependency with the
pushback-time decision, it is reasonable to use only static features for prediction.

Using the trained prediction model, the distribution of taxi time for each flight is
constructed. Table 6 evaluates the two distribution-construction approaches described
in Section 3.2. For the error-based variants, errors in the test set are either pooled across
all flights or grouped according to the point prediction value using intervals of 100, 200,
or 500 s. All variants are evaluated on the same test samples and discrete taxi-time support.

Table 6. Predicted distribution and error-based distribution comparison.

Model LogLoss CRPS (s) PICP MPIW (s)

Predicted 3.93 74.59 86.89% 377.06
All-error-based 5.27 74.90 79.98% 296.16
100 s-error-based 6.19 75.38 80.22% 298.36
200 s-error-based 5.97 75.20 80.16% 298.36
500 s-error-based 5.31 74.90 79.96% 295.22

The directly predicted distribution performs best overall: it has substantially lower
LogLoss, comparable or better CRPS, and coverage much closer to the nominal 90% level
than all error-based variants. Its wider interval reflects more reliable uncertainty coverage
rather than unnecessary dispersion, because the narrower error-based intervals miss the
observed taxi time more often. This confirms that flight-conditioned distributions cap-
ture heterogeneous uncertainty more effectively than shared empirical error distributions.
Therefore, the directly predicted distribution is used as the primary uncertainty representa-
tion and the 100-s error grouping, which has the highest PICP among the empirical variants,
is retained as the baseline.

4.2. Computational Details

The convergence performance is first evaluated, measured by the Gurobi gaps across
the repeated DM executions. The Gurobi gap is defined as the relative difference be-
tween the incumbent objective value and the best objective bound according to Gurobi
Optimization, LLC [29]:

Gurobi gap =
|zinc − zbound|

|zinc|
, (41)

where zinc denotes the incumbent objective value and zbound denotes the best objective
bound. Figure 3 shows the temporal distribution of the Gurobi gap of each solved DM-
SP-SG instance, where the marker color represents the number of departures included in
the corresponding problems. Overall, acceptable solutions are achieved in most instances,
where the convergence is easier under FCFS settings. In the sequencing settings, the median
gaps are 3.5% for the predicted distribution and 3.1% for the error-based distribution,
and 61.3% and 64.2% of the instances, respectively, finish within a 5% gap. In contrast,
the FCFS cases show stronger convergence, with both median gaps equal to 0 and 86.8%
of FCFS instances with predicted distribution and 84.9% of FCFS instances with error-
based distribution finishing within a 5% gap. This pattern is expected because the FCFS
constraints fix the takeoff order in the second stage, whereas the sequencing model must
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search over a larger set of feasible runway sequences, making the two-stage optimization
more challenging.
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Figure 3. Distribution of Gurobi gaps across repeated DM executions: (a) predicted taxi times with
optimized sequencing; (b) predicted taxi times with FCFS; (c) error-based taxi times with optimized
sequencing; and (d) error-based taxi times with FCFS.

Furthermore, DM instances that are difficult to converge are mainly associated with
peak periods with a large number of flights. The color scale in Figure 3 shows that many
high-gap points appear in warmer colors, indicating larger departures in the corresponding
DM window. This is consistent with the general intuition that denser departure traffic leads
to larger and more difficult optimization problems. However, there are also exceptions
showing that the relationship is not purely monotonic. For example, compared to the
10:00–12:00 period, the 17:30–18:00 period contains fewer departures, but usually corre-
sponds to larger gaps. It is found that the 17:30–18:00 instances combine a large number of
departures with a large number of arrivals and strong boundary effects from fixed flights
before and after the optimized window. In particular, the 17:30–18:00 windows contain
about 42 departures and 42–43 arrivals, with 17–18 optimized departures and many fixed
neighboring departures. This suggests that departure count, although directly determining
the problem size, captures only one dimension of the problem complexity. Overall, the main
reason leading to convergence difficulties is a combination of traffic density and interaction
complexity rather than departure count alone.

4.3. Pushback Displacement

The temporal distribution of pushback displacement is next analyzed. Figure 4 sum-
marizes the total displacement and average displacement per flight in each hour. It can be
seen that there are two peaks of total displacement, which correspond to the late morning
peak around 8:00–13:00 and the afternoon peak around 16:00–18:00. This distribution is
consistent with that of the average displacement, which indicates that the peak periods
are not only caused by higher traffic volume but also by stronger per-flight interventions,
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implying tighter system constraints and more intensive congestion regulation. This also
illustrates that the current pushback schedule urgently needs adjustment, especially for
peak hours.
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Figure 4. Hourly pushback displacement: (a) total displacement; and (b) average displacement
per flight.

The displacement patterns under the four settings are broadly similar, but their magni-
tudes differ across time periods. For the same second-stage queueing policy, the error-based
distribution generally leads to larger displacement than the predicted distribution in the
congested periods, and this pattern is particularly clear under the FCFS setting. This
indicates that the error-based construction produces a more conservative first-stage sched-
ule. It is interesting because the error-based distributions show narrower ranges (smaller
MPIWs) in Table 6 but incur more conservative decisions. This phenomenon suggests that
narrower prediction intervals do not necessarily provide a more accurate representation
of the underlying taxi-time distributions. For the same distribution construction method,
the FCFS setting usually produces larger displacement than sequencing across most active
hours, which is intuitive. This means that when runway order cannot be adjusted in the
second stage, the model has to rely more on first-stage pushback displacement to prevent
queueing conflicts. By contrast, flexible runway sequencing absorbs part of the queueing
interaction, reducing runway queueing and the need for large pushback adjustments.

4.4. Solution Quality

The quality of the optimized pushback schedules is further evaluated using indepen-
dently sampled Monte Carlo taxi-time scenarios. The first-stage pushback times are fixed
during this evaluation. A total of 1000 taxi-time scenarios are sampled independently from
the predicted flight-level probability distributions, and the second-stage problem (9)–(21) is
solved for each scenario. The three tested periods, 10:00–12:00, 12:00–14:00, and 16:00–18:00,
are used as multiple operating scenarios with different traffic levels. Here, all flights in
the two-hour block are evaluated together in one second-stage problem, rather than by
repeatedly executing DM over the two-hour period. In addition to the schedules optimized
by SP models based on the predicted and the error-based distributions, a certainty model is
included where the taxi-time is the point-prediction value T̂i. The distributions are shown
in Figure 5, where the dotted line represents the mean of the distribution.
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Figure 5. Distributions of second-stage queueing time and weighted total cost. (a) FCFS queueing
time from 10:00–12:00; (b) sequencing queueing time from 10:00–12:00; (c) FCFS weighted total
cost from 10:00–12:00; (d) sequencing weighted total cost from 10:00–12:00; (e) FCFS queueing
time from 12:00–14:00; (f) sequencing queueing time from 12:00–14:00; (g) FCFS weighted total
cost from 12:00–14:00; (h) sequencing weighted total cost from 12:00–14:00; (i) FCFS queueing time
from 16:00–18:00; (j) sequencing queueing time from 16:00–18:00; (k) FCFS weighted total cost from
16:00–18:00; and (l) sequencing weighted total cost from 16:00–18:00. Blue, red, and gray vertical lines
represent the mean queueing time or total cost of SP, error-based SP, and certainty model, respectively.

The analysis begins with queueing time distributions, shown in the first two rows of
Figure 5. The certainty model consistently produces distributions that are shifted to the
right, with a heavier right tail, indicating a higher probability of large queueing outcomes.
In contrast, the predicted-distribution SP leads to a clear leftward shift and a more con-
centrated mass, showing that both the overall level and variability of queueing time are
reduced. This pattern holds under both FCFS and sequencing. Specifically, the predicted-
distribution SP reduces mean queueing time by 7.5–14.4% under FCFS and by 3.3–6.5%
under sequencing. Compared with the certainty model, the error-based SP, regarded as
an empirical baseline discussed in Section 3.2, also shifts the distribution leftward, but its
improvement is more limited and the right tail remains heavier than that of the predicted-
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distribution SP. In particular, under sequencing, the error-based SP distributions still exhibit
noticeable overlap with the certainty model, whereas the predicted-distribution SP is more
clearly separated. This suggests that the improvement depends not only on adopting an
SP framework but also on how accurately taxi-time uncertainty is represented. The cer-
tainty model ignores the dispersion and asymmetry of uncertainty, while the error-based
approach only provides a coarse approximation based on residuals.

The analysis then turns to the weighted-total-cost distributions shown in the third
and fourth rows of Figure 5. The predicted-distribution SP produces distributions that are
consistently shifted to lower values while remaining well concentrated, without exhibiting
a noticeable increase in dispersion or heavier right tails. This indicates that reductions
in queueing time are not accompanied by additional variability or extreme outcomes in
total cost. Therefore, the lower queueing time is not achieved by simply adding excessive
planned pushback holding; it translates into a lower overall objective value after accounting
for first-stage displacement. These distributional patterns further suggest that the improve-
ment of the proposed framework comes from a more effective coordination between the
two stages, where pushback decisions better anticipate the realized taxi-time uncertainty.

4.5. Flight-Level Queueing Equity Analysis

Flight-level queueing equity is further examined to determine whether the queueing
reductions achieved by the SP methods come at the expense of a small subset of flights.
This experiment uses the same three operating periods and the same 1000 independently
sampled taxi-time scenarios as in Section 4.4. Flight-level second-stage queueing times are
evaluated under two SP settings, predicted-distribution SP with sequencing and predicted-
distribution SP with FCFS, and compared with those under the certainty-model FCFS
baseline. In each case, the queueing times in each test scenario are evaluated using the same
sequencing or FCFS rule as in the corresponding optimization model. For each departure
flight i, its second-stage queueing time qω

i is collected across all sampled scenarios ω ∈ Ω
under each setting, and two flight-level metrics are defined.

q̄i =
1
|Ω| ∑

ω∈Ω
qω

i , ∀i ∈ Fdep, (42)

Q90
i = Quantile0.90({qω

i : ω ∈ Ω}), ∀i ∈ Fdep. (43)

Here, q̄i measures the average queueing cost of flight i, while Q90
i measures its tail

queueing cost under extreme scenarios. These metrics characterize the distributions of aver-
age and tail queueing costs across flights to evaluate flight-level equity. Moreover, the Gini
coefficient is introduced to quantify system inequality more clearly and is defined as

G(z) =
∑i∈F ∑j∈F |zi − zj|

2|F|2z̄
, (44)

z̄ =
1
|F| ∑

i∈F
zi. (45)

Here, zi can be either q̄i or Q90
i . According to the definition, G(z) varies between 0 and

1, where a value of 0 indicates perfect equality (all flights have the same zi), and a value
close to 1 indicates high inequality (a small number of flights have much higher zi than the
rest). The Gini coefficient provides a summary measure of the dispersion of queueing costs
across flights.

Figure 6 shows the distributions of q̄i and Q90
i across flights, and the calculated G(q̄i)

and G(Q90
i ) are labeled in the upper right corner of each subfigure. Overall, the two

SP settings do not produce extreme distributions of second-stage queueing time across
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flights. Specifically, the mean queueing time q̄i is mostly concentrated between 1–2 min,
meaning that the mean queueing time is relatively evenly distributed across flights. When
it comes to the tail queueing time Q90

i , although the distributions are more dispersed,
the patterns for the SP and certainty settings are broadly similar. This similarity suggests
that the dispersed distribution pattern for the tail queueing time is mainly an inherent
characteristic of the problem, and the proposed SP methods do not introduce additional
unevenness in queueing across flights compared with the certainty model. The calculated
G(q̄i) and G(Q90

i ) further support this observation, with values mostly between 0.16 and
0.31, indicating a moderate level of equity. In addition, the Gini coefficient values for SP
are generally at the same level as or even lower than those for the certainty model, also
suggesting that the SP methods usually do not undermine equity in queueing across flights.
Overall, the queueing reduction of the proposed framework is not achieved at the expense of
a small subset of flights, but rather through a more effective coordination between pushback
decisions and runway sequencing under uncertainty. Such an equitable distribution of
queueing outcomes may also improve stakeholder acceptance of DM interventions in
practical airport operations.

4.6. Sensitivity Analysis

A local sensitivity analysis is further conducted to examine how the optimized sched-
ule reacts when the scheduled pushback times si and arrival times ai change after the DM
decision. This analysis focuses on a partial problem in which the scheduled times si and ai

are perturbed after the initial DM decisions have been made. Specifically, assuming that
the current time τ is 10:00, the pushback times scheduled in the next 20 min (10:00–10:20)
are optimized using predicted-distribution SP with FCFS, while for flights scheduled in the
preceding 20 min (9:40–10:00) and the following 20 min (10:20–10:40), their pushback times
are fixed according to Equations (36)–(40). The optimized pushback times are recorded as
x∗i for each flight i. si and ai of flights scheduled in the future 10:00–10:40 are perturbed.
The perturbation is generated independently as

s′i = si + δi, δi ∼ N
(

0, (α(si − τ))2
)

, (46)

a′i = ai + δi, δi ∼ N
(

0, (α(ai − τ))2
)

. (47)

Here, the perturbation follows a normal distribution with a mean of 0 and a standard
deviation directly proportional to the time difference between the scheduled time and the
current time. This specification reflects that later schedule estimates are usually less reliable.
α controls the magnitude of perturbation, and three values are tested, denoted by α1 = 1

24 ,
α2 = 1

12 , and α3 = 1
6 . Given that the farthest flights in the considered horizon are at most

40 min away from the current time τ, the three perturbation settings, according to the 3σ

rule, correspond to approximate 99.7% disturbance bounds of ±5, ±10, and ±20 min for the
farthest flights, respectively. For each value of α, the experiments generate H = 1000 sets of
independent perturbed schedule times and evaluate how the optimized pushback schedule
performs under each perturbed schedule. Here, it is assumed that the flights will try to obey
the optimized pushback times as much as possible, unless the updated scheduled times are
later than the optimized pushback times. Since an aircraft cannot push back before its ready
time, the actual pushback time under this condition is adjusted to the updated scheduled
time. Mathematically, the realizable pushback time in perturbation scenario u is defined as

x′∗i,h = max{x∗i , s̃′i,h}. (48)

For each perturbed schedule, 1000 independent taxi-time scenarios are sampled,
the second-stage problem is solved for each scenario, and the mean queueing time is
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calculated. Figure 7 shows the distribution of mean queueing-time values under different
perturbation scenarios for each α. The dashed vertical line indicates the unperturbed
baseline, whose expected queueing time is 58.39 min.
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Figure 6. Flight-level distributions of mean and 90th-percentile queueing time. (a) Predicted-
distribution SP with sequencing from 10:00–12:00; (b) predicted-distribution SP with sequencing
from 12:00–14:00; (c) predicted-distribution SP with sequencing from 16:00–18:00; (d) predicted-
distribution SP with FCFS from 10:00–12:00; (e) predicted-distribution SP with FCFS from 12:00–14:00;
(f) predicted-distribution SP with FCFS from 16:00–18:00; (g) certainty model with FCFS from
10:00–12:00; (h) certainty model with FCFS from 12:00–14:00; and (i) certainty model with FCFS
from 16:00–18:00. The blue and red vertical lines indicate the means of the flight-level mean and
90th-percentile queueing-time distributions, respectively.
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Figure 7. Distribution of expected second-stage FCFS queueing time under scheduled-time perturbations:
(a) α = α1; (b) α = α2; and (c) α = α3.
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From the figure, it can be seen that after perturbation, the overall queueing level
increases. The mean total queueing time increases by about 2 min under each α compared
to the baseline. From the perspective of the mean alone, this result is quite optimistic, since
the increase is relatively small and not very sensitive to the level of perturbation. However,
as α increases, the distribution of expected queueing time becomes more dispersed and the
right tail becomes heavier, with the 95th percentile increasing by 3.6–6.4 min (compared to
58.39 min for the baseline).

These results suggest that the local predicted-distribution SP with FCFS schedule
remains relatively stable overall, while its tail performance becomes increasingly sensitive
to schedule-update perturbations. Most small perturbations are absorbed because the
actual pushback rule only delays flights whose updated ready times exceed their optimized
pushback times. Under larger values of α, however, more flights become operationally
constrained by the updated ready times and the perturbed arrivals more frequently alter
runway-availability conflicts. This highlights the value of repeatedly resolving the DM
problem in a rolling-horizon implementation: when updated scheduled pushback or arrival
times become available, the next sliding-window execution can incorporate them rather
than relying only on the earlier fixed plan.

4.7. Practical Implementation Discussion

The proposed framework is designed as an operational decision-support tool for
departure metering under the existing airport infrastructure and operational procedures.
It could potentially be integrated with Airport Collaborative Decision Making (A-CDM),
which enables airport stakeholders to share operational information and coordinate their
decisions [30]. By utilizing operational information already exchanged among airport
stakeholders, such as estimated off-block times and estimated arrival times, the framework
could periodically optimize pushback schedules and provide decision support for departure
management. In this study, the optimization is executed every 10 min, and the solution
time for each decision horizon is set to 5 min. Such a time scale considers the tradeoff
between computational burden and solution quality. Incorporating taxi-time uncertainty
requires evaluating the expected cost under various scenarios, inevitably increasing the
computational burden compared with the certainty approach. In addition, such a time scale
is compatible with practical departure management operations. In operation, departure
management decisions should maintain a certain degree of stability, instead of excessively
frequent updates [30]. From this perspective, a 10-min optimization cycle combined with
a five-minute solution time represents a reasonable balance between solution quality
and operational stability. Although some large instances still exhibit nonzero optimality
gaps after the solution time, the resulting solutions consistently outperform the certainty
approach in terms of queueing reduction, suggesting that meaningful operational benefits
can be obtained without requiring the optimization problem to be solved to optimality.

Nevertheless, several implementation challenges remain. The current framework
primarily focuses on improving operational efficiency, whereas practical implementation
may require additional operational considerations, such as departure punctuality, airline
preferences, airport surface vehicle movements, and equity among flights or airlines. These
factors also determine whether the proposed DM approach can be applied in real-world
operations. Incorporating these factors into the optimization framework while maintaining
computational tractability remains an important direction for future research.
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5. Conclusions
This study proposed a learning-based two-stage stochastic programming framework

for departure metering under taxi-time uncertainty and evaluated its performance using
operational data from Tokyo International Airport (RJTT).

The prediction results indicate that static features alone provide sufficient informa-
tion for practical taxi-time prediction, while incorporating dynamic traffic-state features
yields only marginal additional improvement. This finding is particularly important be-
cause dynamic traffic-state features depend on pushback decisions, which are themselves
optimization variables. By relying only on static features, machine-learning prediction
and stochastic optimization can be integrated sequentially without introducing a circular
dependency, providing a practical approach for decision-dependent prediction problems.
Furthermore, directly predicted flight-level taxi-time distributions provide better proba-
bilistic calibration and coverage than uncertainty distributions constructed from historical
point-prediction errors. These results demonstrate that accurately representing flight-
specific uncertainty is more informative for stochastic departure metering than relying on a
common uncertainty structure estimated statistically from historical prediction errors.

The optimization results demonstrate that explicitly accounting for taxi-time un-
certainty consistently improves departure metering performance. Compared with the
certainty model, the stochastic models reduce both the typical level and the right-tail risk
of runway-area queueing while requiring only limited additional pushback adjustments,
demonstrating the operational value of incorporating uncertainty into two-stage decision
making. Moreover, the SP model based on directly predicted taxi-time distributions con-
sistently outperforms the error-based SP model, indicating that the quality of uncertainty
representation has a direct impact on operational performance. Lower weighted total
costs further suggest that queueing reductions are achieved through more efficient oper-
ational decisions rather than excessive pushback delays. The equity analysis shows that
these improvements are not obtained at the expense of a small subset of flights, while
the sensitivity analysis indicates that the proposed framework remains relatively robust
under moderate schedule perturbations but benefits from repeated optimization as airport
operating conditions evolve.

Overall, these findings suggest that improving uncertainty representation is as impor-
tant as improving the optimization model itself. More broadly, the results demonstrate that
integrating flight-level probabilistic prediction with stochastic optimization provides an
effective and practical framework for uncertainty-aware departure metering.

Despite these promising findings, the present study has several limitations that moti-
vate future research. First, this study proposes a general methodological framework for
learning-based stochastic departure metering and evaluates its performance using several
real-world operating cases at RJTT. Future research should further evaluate the perfor-
mance of the proposed framework under different airport layouts, operational conditions,
and traffic characteristics to provide a more comprehensive assessment of its practical
performance. Second, the current framework assumes independent flight-level taxi-time
distributions, while correlations among flights caused by shared surface congestion, run-
way configuration, or weather conditions could be incorporated through richer scenario
generation methods. Third, peak-period DM instances can still be difficult to solve to
tight optimality gaps; stronger formulations, faster solution strategies, or learning-assisted
warm-start strategies may further improve real-time applicability. Forth, future work may
extend the framework to jointly consider arrival management, flight punctuality, surface
vehicle movements, and airline equity so that learning-based stochastic departure metering
can be evaluated in a broader airport collaborative decision-making environment.
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Appendix A. Scenario Generation Model
This appendix provides the integer programming formulation used to generate the

representative taxi-time scenarios in Section 3.3.2. The model follows the p-median scenario-
reduction logic used in stochastic air-traffic scheduling, where a large empirical sample
is compressed into a smaller set of representative scenarios and each original sample is
assigned to one selected representative scenario [31].

Let N = {1, . . . , N} denote the initial SAA sample set. Each sample n ∈ N corre-
sponds to a taxi-time vector T̃n

= (T̃n
i )i∈Fdep and has initial probability Pn

0 = 1/N for each
scenario. The goal is to select L representative scenarios from N , where L ≪ N. For each
pair of samples (n, m), the dissimilarity between their taxi-time vectors is measured by the
weighted L1 distance

dn,m = Pn
0 ∑

i∈Fdep

ωi
∣∣T̃n

i − T̃m
i
∣∣, ∀n, m ∈ N . (A1)

The decision variables are defined as follows:
µm: binary variable equal to 1 if sample m is selected as a representative scenario,

and 0 otherwise, ∀m ∈ N .
νn,m: binary variable equal to 1 if original sample n is assigned to representative

scenario m, and 0 otherwise, ∀n, m ∈ N .
The scenario generation model is formulated as

SG: min
µ,ν ∑

n∈N
∑

m∈N
dn,mνn,m, (A2)

s.t. ∑
m∈N

µm = L, (A3)

νn,m ≤ µm, ∀n, m ∈ N , (A4)
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∑
m∈N

νn,m = 1, ∀n ∈ N , (A5)

µm ∈ {0, 1}, ∀m ∈ N , (A6)

νn,m ∈ {0, 1}, ∀n, m ∈ N . (A7)

The objective function (A2) minimizes the total probability-weighted distance from
the original SAA sample set to the selected representative scenarios. Constraint (A3) re-
quires exactly L representative scenarios. Constraint (A4) ensures that an original sample
can only be assigned to a selected representative scenario. Constraint (A5) assigns each
original sample to exactly one representative scenario. Constraints (A6) and (A7) define
the binary domains.

After solving SG, the selected samples are relabeled as representative scenarios
l = 1, . . . , L. The reduced scenario set is

{T̃1, . . . , T̃L} = {T̃m : µ∗
m = 1, m ∈ N}. (A8)

Let m(l) denote the original sample index corresponding to representative scenario l.
The probability of each selected scenario is obtained by aggregating the probabilities of the
original samples assigned to it:

P(l) = ∑
n∈N

Pn
0 ν∗n,m(l), ∀l = 1, . . . , L. (A9)

The resulting scenario-probability pairs {(T̃ l , P(l))}L
l=1 are then used in SP-SG (31).

In the DM implementation, the same SG formulation is solved for each DM execution
using only the flights included in Wτ , producing {(T̃ l

τ , P(l)
τ )}L

l=1 with the same number of
representative scenarios in each instance.

Appendix B. Distribution Prediction Metrics
This appendix defines the metrics used to evaluate taxi-time distribution predictions

in Section 3.1. Let N denote the number of test flights and K denote the number of taxi-
time bins. For flight i, the realized taxi time is ti, and the predicted probability of bin k is
pi,k, where ∑K

k=1 pi,k = 1. Let ck, lk, and uk denote the representative time, lower bound,
and upper bound of bin k, respectively. In the implementation, 10-s bins are used and ck is
the midpoint of bin k. Let ki be the bin index containing ti.

The LogLoss is calculated as

LogLoss = − 1
N

N

∑
i=1

log
(

pi,ki

)
. (A10)

For CRPS, define the predicted cumulative distribution and realized step function as

Fi,k =
k

∑
m=1

pi,m, Hi,k = I{k ≥ ki}, (A11)

where I{·} is the indicator function. With bin width ∆ = 10 s, the discrete CRPS is
computed as

CRPS =
1
N

N

∑
i=1

K

∑
k=1

(Fi,k − Hi,k)
2∆. (A12)
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The 90% central prediction interval is obtained from the 5% and 95% predicted quan-
tiles. Let L0.90

i and U0.90
i denote its lower and upper bounds. Then PICP and MPIW are

calculated as

PICP =
1
N

N

∑
i=1

I
{

L0.90
i ≤ ti ≤ U0.90

i

}
, (A13)

MPIW =
1
N

N

∑
i=1

(
U0.90

i − L0.90
i

)
. (A14)

Appendix C. Optimization Model Parameter Settings
Table A1 summarizes the numerical parameter values used in the SP-SG optimization

model. The predicted distribution and error-based distribution use the same optimization
model parameters; they differ only in how the taxi-time scenarios are generated before
applying SG.

Table A1. Parameter settings used in the SP-SG implementation.

Parameter Value Description

Maximum pushback delay d 5 min Upper bound on the first-stage delay variable for each
departure flight.

Minimum runway-area queueing
time q 40 s Lower bound on qi for every departure flight and scenario.

Maximum runway-area queueing
time q̄ 1200 s/900 s Upper bound on qi in the FCFS and sequencing

experiments, respectively.
Pushback delay penalty λ 0.2 Objective coefficient for total pushback delay in seconds.

Arrival runway occupation time uk 120 s Time interval before the scheduled arrival runway-exit time
blocked for departure conflicts.

Post-arrival buffer time vk 30 s Time interval after the scheduled arrival runway-exit time
blocked for departure conflicts.

Minimum departure separation ∆i,j Table A2 Wake-category-dependent separation time for two departure
flights using the same runway, where i leads j.

Table A2. Wake-separation settings for departure–departure pairs.

Leading Flight
Trailing Flight

H M L

H 60 s 120 s 180 s
M 60 s 60 s 120 s
L 60 s 60 s 60 s

For any departure–departure pair (i, j) ∈ IDD, the separation value ∆i,j is selected
from Table A2 according to the wake categories of the leading flight i and the trailing flight
j. If a wake category is missing or not one of H, M, or L in the input data, it is treated as
L in the implementation. The prepared data first store the separation as a number of 10-s
slices using a ceiling operation, and the SP-SG scripts convert it back to seconds before
solving the optimization model.

Appendix D. Supplementary Results for Additional Operating Days
To examine the results on additional operating days, the rolling DM experiment was

also conducted for 9 May 2023 and 8 July 2023. 9 May 2023 is a typical north-wind-operation
day and 8 July 2023 is a typical south-wind-operation day defined in [1]. The same predicted
taxi-time distribution, FCFS second-stage queueing rule, rolling-window configuration,
and SP-SG settings (N = 1000 and L = 100) as in the main experiment were used. Figure A1
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summarizes the results. Each row corresponds to one operating day. The first column re-
ports the Gurobi gap of each solved rolling-window instance, with marker color indicating
the number of departures included in that instance; consistent with Figure 3. The second
column reports the hourly total pushback displacement. The third column compares the
distributions of total second-stage queueing time produced by the predicted-distribution
SP and certainty models for the 10:00–12:00 test period under 1000 independently taxi-time
scenarios sampled from the predicted distribution. The horizontal dotted lines in the first
column denotes the 95th-percentile gaps, and the vertical lines in the third column denote
the mean queueing times.
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Figure A1. Supplementary results for two additional operating days using the predicted distribution
and FCFS second-stage queueing: (a) rolling-window solution gaps and problem sizes on 9 May
2023; (b) hourly total pushback displacement on 9 May 2023; (c) 10:00–12:00 test-set queueing-time
distributions on 9 May 2023; (d) rolling-window solution gaps and problem sizes on =8 July 2023;
(e) hourly total pushback displacement on =8 July 2023; and (f) 10:00–12:00 test-set queueing-time
distributions on =8 July 2023. In (a) and (d), marker color indicates the number of departures, while
dashed and dotted horizontal lines indicate the median and 95th-percentile gaps, respectively. In (b)
and (e), the cyan lines indicate hourly total pushback displacement. In (c) and (f), the blue and gray
vertical lines indicate the means of the predicted-distribution SP and certainty-model distributions,
respectively.

The results show that the proposed framework exhibits similar overall performance on
both additional operating days, although the magnitude of the effects differs between them.
For the rolling optimization, the median Gurobi gap is 0 on both days, and 92.6% of the
9 May instances and 95.1% of the 8 July instances finish within a 5% gap. The 95th-percentile
gaps are 7.6% and 4.9%, respectively. The relatively few high-gap instances generally
coincide with larger rolling-window problems, consistent with the relationship between
traffic density and convergence difficulty observed on the main test day.

The pushback displacement are more concentrated in the late-morning and evening
traffic peaks and reaching approximately 61 min at 10:00 and 71 min at 18:00. By comparison,
the 8 July displacement profile is lower and more dispersed across the day, with its largest
hourly value of approximately 33 min occurring at 7:00.
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In the independent 10:00–12:00 evaluation, the predicted-distribution SP shifts the
total queueing-time distribution to the left on both days. Relative to the certainty model, it
reduces the mean queueing time from 133.4 to 115.4 min on 9 May and from 102.8 to 94.3 min
on 8 July, corresponding to reductions of 13.5% and 8.3%, respectively. The 95th-percentile
queueing time is also reduced from 154.3 to 131.3 min and from 118.5 to 107.0 min, showing
that the benefit is present not only in the average outcome but also in the right tail. These
results demonstrate that the proposed framework remains computationally applicable
under both north- and south-wind operations and provides queueing reductions beyond
the main test day.
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