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1
Introduction

Airport surface movement operations are a critical part of airside performance at large hub airports. Air-
craft taxi operations affect runway throughput, delay, predictability, controller workload, and operational
resilience. At Amsterdam Airport Schiphol, these operations take place in a dense taxiway network with
changing runway configurations, shared surface resources, and many interactions between aircraft. Un-
derstanding how aircraft actually move through the current operation is therefore necessary before evalu-
ating future infrastructure changes, optimization methods, decision-support tools, or operational concepts.

This thesis develops a data-driven multi-agent system model for observed aircraft taxi operations at
Schiphol. The work focuses on runway-stopbar–apron-boundary taxi movements and uses VEMMIS op-
erational records and surface-surveillance trajectories as the empirical basis. These records are trans-
formed into taxi trajectories, graph-aligned taxi trajectories, exact observed paths, canonical path families,
context features, and component-specific input datasets. The resulting model estimates selected taxi-
operation behaviors: endpoint selection, path choice, speed-profile behavior, and local conflict resolution.
The model is not designed to optimize airport operations. Its purpose is to construct a support-aware
observed-behavior baseline that distinguishes historically supported behavior from fallback rules and de-
terministic execution rules.

The report is organized around a scientific article. The article presents the core research contribu-
tion: the research gap, methodology, Schiphol case study, component-level validation, integrated model-
validation diagnostics, discussion, and conclusion. This article is placed at the beginning of the report so
that the main argument can be read as a self-contained scientific study. The remaining chapters provide
the thesis-level foundation and supporting evidence needed to understand, verify, and interpret the article
in more depth.

After the article, the literature review positions the work within airport surface movement operations,
graph-based reconstruction, data-driven behavior identification, multi-agent modeling, and validation
methodology. The research definition then states the research gap, objective, research questions, scope,
and project plan. The appendices provide the detailed evidence behind the article: Appendix A documents
model calibration and tuning; Appendix B provides verification and validation diagnostics; Appendix C
interprets the selected model configurations operationally; Appendix D analyzes construction-state ef-
fects on path choice; Appendix E studies operational constraints and availability rules; and Appendix F
examines methodology transfer to apron-area taxi movements.

Together, the article and supporting chapters show how confidential surface-surveillance data can
be converted into a reusable observed-behavior baseline for aircraft taxi operations. The thesis con-
tributes a graph-based and support-aware methodology, demonstrates it on a large Schiphol case study,
and identifies the main limitations that remain: static layout representation, missing operational context,
movement-derived conflict labels, and simplified deterministic execution rules.

2



Part II
Scientific Article

3



Data-Driven Agent-Based Modeling of Aircraft Surface
Movement at a Large Airport

J. Crespo Núñez∗

Delft University of Technology, Delft, The Netherlands

Airport surface movement operations (ASM Ops) at large hub airports require reusable
baselines of observed taxi behavior, but surface-surveillance data are often proprietary, noisy,
and difficult to convert into support-aware behavioral models. This paper develops a data-driven
multi-agent system (MAS) model for aircraft taxi operations at Amsterdam Airport Schiphol,
focused on taxiing movements. Operational records are transformed into taxi trajectories,
graph-aligned taxi trajectories, exact observed paths, canonical path families, context features,
and component-specific input datasets. Four learned behavioral components estimate endpoint
selection, path choice, speed-profile behavior, and local conflict resolution through a shared
three-stage inference procedure combining empirical distribution estimators, Classification and
Regression Tree (CART) estimators, and fallback rules. The retained dataset contains 883,771
graph-aligned taxi trajectories. Held-out validation shows strong support for selected behaviors,
with a mean edge-weighted path F1 of 0.926, a mean speed-profile root-mean-square error
(RMSE) of 2.28 kt, and generally low fallback use. The results show that trajectory-derived
observations can support an observed-behavior baseline for selected aircraft taxi-operation
behaviors, while also identifying limits from static graph representation, missing operational
context, movement-derived conflict labels, and simplified deterministic execution rules.

I. Introduction
ASM Ops are a critical part of airside performance at large hub airports. Aircraft taxi operations affect runway

throughput, delay, predictability, controller workload, and operational resilience. At Amsterdam Airport Schiphol, these
movements take place in a dense taxiway network with changing runway configurations, shared surface resources, and
interactions between aircraft. Understanding observed taxi behavior is therefore necessary before evaluating future
operational concepts, decision-support tools, or infrastructure changes.

Many airport-surface studies require assumptions about how aircraft move through the current operation. These
assumptions often include path choice, endpoint selection, taxi speeds, queueing, and local interaction behavior.
When each study defines this baseline separately, results become difficult to compare and conclusions become tied to
case-specific modeling choices. A reusable observed-behavior baseline should instead be derived from operational data,
represented on a common airport layout graph, and evaluated with explicit support diagnostics.

This paper addresses the lack of a reproducible, graph-based, and support-aware observed-behavior baseline for
aircraft taxi operations. The objective is to develop and evaluate a MAS model that reproduces selected taxi-operation
behaviors from historical surface-surveillance data. The model is not designed to optimize airport operations. It
estimates behavior from observed data and separates learned behavioral components from deterministic execution rules
that preserve safe and executable model execution.

The framework transforms operational records from VEMMIS, an internal Luchtverkeersleiding Nederland (LVNL)
air traffic management and surveillance database, into graph-aligned taxi trajectories, exact observed paths, canonical
path families, context features, and component-specific input datasets. These data products are used to identify four
learned behavioral components: endpoint selection, path choice, speed-profile behavior, and local conflict resolution.
Each learned component uses a shared empirical, CART, and fallback inference structure. The empirical stage preserves
observed behavior when historical support is sufficient, the CART stage provides interpretable generalization when
exact support is sparse, and the fallback stage preserves executable outputs when learned support is unavailable.

The Schiphol case study covers aircraft taxi operations from January 2024 to December 2025 within the taxiing
scope. The experimental design evaluates the full pipeline from data processing to component-level validation and
integrated model validation. This structure allows the paper to assess both isolated learned-component performance and
the behavior that emerges when selected component outputs are combined with deterministic execution rules.

∗MSc Student, Control and Simulation, Faculty of Aerospace Engineering, Delft University of Technology
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The contribution of the paper is an observed-behavior baseline that can support future airport-surface studies. The
framework provides structured path, endpoint, speed, and interaction behavior derived from trajectory observations
rather than ad-hoc assumptions. It also reports prediction-source diagnostics, so that future users can distinguish
historically supported behavior from fallback-based executability. Additional calibration, validation, operational-context,
and case-study evidence is provided in Appendix A (Model Calibration and Tuning), Appendix B (Verification and
Validation), Appendix C (Operational Interpretation of Selected Model Configurations), Appendix C (Operational
Interpretation of Selected Model Configurations), Appendix E (Operational Constraints and Availability Rules), and
Appendix F (Methodology Transfer to Apron-area Taxi Movements).

The paper is organized as follows. Section II reviews the literature and methodological context for ASM Ops
modeling, graph-based reconstruction, trajectory behavior, data-driven model identification, and model validation.
Section III presents the methodology. Section IV describes the Schiphol case study, data partitioning, training workflow,
evaluation metrics, and integrated model-validation setup. Section V reports the results. Section VI discusses the main
takeaways and limitations. Section VII concludes the paper.

II. Background

A. Airport Surface Movement Operations and MAS Modeling
ASM Ops involve aircraft, controllers, airport infrastructure, runway configurations, shared taxi resources, and local

safety constraints. Aircraft taxi operations are therefore not only a path-choice or taxi-time problem. They are part of a
coupled movement, control, and infrastructure system in which each movement depends on both the physical layout and
the behavior of other traffic. Holistic airport-surface modeling treats these processes jointly [1].

This coupled structure also appears in operational support concepts. Advanced Surface Movement Guidance and
Control System (A-SMGCS) specifications separate surveillance, routing, guidance, and airport safety-support services
[2]. These functions are distinct, but their outputs interact during surface movement operations: surveillance provides
the observed state, routing and guidance shape movement options, and safety-support functions constrain how aircraft
use shared resources. This functional decomposition motivates a modeling approach that can represent both individual
behavior and system-level interactions.

Agent-based and multi-agent approaches provide such a structure. The agent-based modeling paradigm is commonly
used for systems whose aggregate behavior emerges from interactions among autonomous agents and their environment
[3]. In ASM Ops, this is directly relevant because surface behavior emerges from interactions between aircraft execution,
controller decisions, airport layout constraints, and shared infrastructure resources. Schiphol-related MAS research has
also shown the value of representing airport surface movements through interacting operational roles [4].

ASM Ops models can serve different purposes. Optimization models are useful when the goal is to compute efficient
surface paths or schedules [5], and fast-time airport-surface models have been used to study surface-operation processes
before operational deployment [6]. This paper has a different objective. It uses the MAS representation to organize
learned behavioral components and deterministic execution rules for reproducing observed aircraft taxi operations. The
resulting integrated model-validation diagnostics assess model consistency and emergent behavior, not the validity of an
external operational tool.

B. Surface Surveillance Data and Graph-Based Reconstruction
Surface-surveillance data provide direct observations of aircraft ground motion, but they are not directly usable as

model inputs. Radar or Automatic Dependent Surveillance-Broadcast (ADS-B) trajectories may contain noise, missing
values, uneven sampling, and spatial or temporal misalignment [7]. Before they can support behavior modeling, these
observations must be filtered, scoped to aircraft taxi operations, and reconstructed on a spatial representation of the
airport surface [8].

Map matching provides the basic mechanism for this reconstruction. It projects continuous trajectory points onto a
graph so that observed motion can be represented as an ordered path through the airport layout. General map-matching
literature provides methods for projecting noisy observations onto a graph [9]. Airport-specific map matching adapts
this idea to dense taxiway networks, operational restrictions, and surface-surveillance data [7]. Related airport
ground-movement studies confirm the relevance of graph-constrained reconstruction for airport surface trajectories
[10]. Hidden Markov methods provide a probabilistic alternative for trajectory-to-network matching [11], while
spatio-temporal methods use timing and speed constraints to recover paths from sparse data [12].
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The airport-surface setting requires more than generic road-network matching. Taxi movements must respect
airport layout graph topology, runway stopbars, apron boundaries, and taxiing-scope exclusions. This motivates the
graph-constrained reconstruction used in this paper: taxi trajectories are not treated only as coordinate traces, but as
graph-aligned taxi trajectories on a shared airport layout graph.

C. Trajectory Behavior, Path Families, and Operational Context
Graph reconstruction makes taxi behavior observable as graph-aligned taxi trajectories. These trajectories contain

both a spatial path through the airport layout graph and the speed behavior along that path. The next modeling step
is therefore to convert reconstructed trajectory behavior into component-specific alternatives: path candidates for the
path-choice component and edge-relative speed profiles for the speed-profile component. In transportation research,
path-choice modeling treats the definition of feasible alternatives as a central modeling problem [13]. Airport taxi-route
concepts also support route-management analysis and surface-routing applications [14].

Graph search can provide executable paths when observed support is missing [15]. However, observed Ground
Control Agent path choice is not assumed to follow shortest paths. For this reason, the methodology uses observed path
families as the main path candidates and reserves graph-search paths for fallback cases.

Exact observed paths preserve the spatial sequence of each graph-aligned taxi trajectory, but they are too detailed for
direct behavior modeling. Small map-matching differences, local tactical deviations, and minor path variations can create
many unique exact observed paths even when the operational trajectory is effectively the same. Trajectory-similarity
literature supports grouping similar movement sequences when the goal is to reduce sparsity while preserving movement
structure [16]. This motivates the distinction between exact observed paths, which retain spatial reconstruction detail,
and path families, which define the path candidates used by the path-choice component.

Trajectory behavior also depends on operational context. Movement direction, runway configuration, aircraft class,
time of day, demand state, endpoints, and local traffic interactions all affect the observed path and speed profile of a
taxi movement. The methodology therefore attaches context features to graph-aligned taxi trajectories and uses them
to construct component-specific input datasets for path choice, endpoint selection, speed-profile behavior, and local
conflict resolution.

D. Data-Driven Model Identification
Data-driven behavior identification estimates model outputs from historical observations rather than prescribing

them only through shortest-path, optimization-based, or fixed rule-based assumptions. This is appropriate when the
objective is to reproduce an observed baseline operation. The model should reflect how aircraft taxi operations were
actually executed, while still remaining reliable when the available historical support is uneven.

Empirical distributions provide the most direct way to preserve observed behavior. In well-supported contexts,
they estimate output frequencies directly from observations and require few modeling assumptions. Nonparametric
empirical-distribution methods estimate quantities without specifying a parametric model [17]. Their main limitation
is sparsity: as more operational context is included, exact context cells may contain too few observations for reliable
estimation.

Tree-based supervised learning provides a transparent way to generalize beyond exact empirical support. CART
partitions the feature space into interpretable leaves and can therefore relate similar operational contexts while preserving
a readable decision structure [18]. However, probability estimates from tree leaves require care because leaf support and
calibration affect the reliability of class-probability distributions [19]. This makes support and acceptance diagnostics
important when tree-based outputs are used as behavioral estimates.

More flexible tree ensembles are common predictive alternatives to single decision trees. Random forests provide
one such ensemble approach [20], and gradient boosting is a strong alternative for regression and classification tasks
[21]. These methods can improve predictive accuracy, but they are less transparent than a single CART estimator. For
this study, interpretability, auditability, and explicit support diagnostics are more important than maximizing black-box
predictive performance. This motivates the use of empirical estimates where historical support is sufficient, CART-based
generalization where exact support is sparse, and fallback rules where learned support is unavailable.

E. Evaluation, Model Validation, and Deterministic Execution Rules
Evaluation of data-driven airport-surface models must account for the temporal structure of operations. Flight-level

random partitioning can place temporally adjacent movements with similar runway configurations, demand patterns,
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weather conditions, or traffic states in different data partitions. This can overstate generalization because the training and
test data may share the same operating conditions. Time-blocked partitioning reduces this risk by separating complete
operating periods. Similar-day grouping has been used in air traffic flow management to compare periods with related
demand and operational characteristics [22]. K-medoids clustering is also useful in this setting because each cluster is
represented by an observed medoid rather than by a synthetic centroid [23].

Validation must also distinguish predictive performance from learned support. A component can appear accurate if
it relies heavily on fallback rules, but fallback outputs do not provide the same evidence of learned behavior as outputs
derived from empirical support or CART-based generalization. For support-aware behavior identification, performance
metrics should therefore be interpreted together with prediction-source diagnostics. This distinction is important when
the objective is not only to predict held-out labels, but also to understand which parts of the model are supported by
historical observations.

An observed-behavior MAS model must finally be checked after its components are combined. Learned behavioral
components can estimate path choice, endpoint selection, speed behavior, and local conflict-resolution labels, but they do
not by themselves guarantee safe and executable movement during integrated model execution. Deterministic execution
rules provide this layer. Same-path following interactions, merge-entry holds, and separation speed constraints can
be grounded in classical following and braking principles such as Gipps-style car-following [24]. Runway-departure
release behavior can also be represented through queueing abstractions [25], with Schiphol-specific departure-separation
factors informed by European wake-turbulence recategorization (RECAT-EU) wake category and Standard Instrument
Departure (SID) effects [26]. These rules should be interpreted as execution constraints, not as learned behavioral
components.

Model verification and validation must be distinguished from model construction and historical-scenario model
execution [27]. Integrated model-validation diagnostics are therefore best interpreted as checks of component
interoperability, integrated model consistency, and emergent behavior.

III. Methodology

A. Framework Overview
The methodology develops a data-driven MAS model for aircraft taxi operations at Amsterdam Airport Schiphol.

The model does not optimize the operation. Instead, it reconstructs observed taxi behavior from VEMMIS operational
records and organizes this behavior into learned behavioral components and deterministic execution rules. Multi-agent
modeling has previously been applied to airport surface movement operations at Schiphol [4]; here, the MAS structure
is used to identify and validate an observed-behavior baseline.

The framework uses VEMMIS air traffic management data. Because raw VEMMIS records cannot be shared,
reproducibility relies on clear descriptions of the processing procedure, data fields, derived data products, model
inputs, and evaluation design. The same methodology could be applied to other surface-surveillance data sources when
comparable trajectory, timing, and operational-context information is available. Figure 1 summarizes the workflow.

The workflow has five stages. First, VEMMIS operational records and surface-surveillance trajectories are converted
into scoped taxi trajectories. Second, the modeled taxiing scope is reconstructed on an airport layout graph through
graph-constrained map matching. Third, graph-aligned taxi trajectories are transformed into exact observed paths,
canonical path families, path-choice sets, context features, and component-specific input datasets. Fourth, learned
behavioral components estimate endpoint selection, path choice, speed-profile behavior, and local conflict resolution.
Fifth, deterministic execution rules preserve safe and executable model execution during integrated validation.

Throughout the methodology, index 𝑖 denotes a taxi movement, 𝑘 a trajectory point, 𝑒 a directed edge, 𝑜 an
Origin-Destination (OD) pair, and 𝑐 a learned behavioral component. Sets are denoted by calligraphic letters, vectors by
bold symbols, and hats indicate estimated quantities. The processing chain transforms VEMMIS operational records
into taxi trajectories 𝑇𝑖 , graph-aligned taxi trajectories 𝑇𝑖 , exact observed paths 𝑃obs

𝑖
, path-choice sets C𝑜𝑖 , component

observations 𝑧𝑐,𝑖 , and learned behavior estimates 𝜋̂𝑐 or 𝑣̂𝑐.
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Fig. 1 Overview of the data-processing, model-identification, and deterministic execution-rule pipeline for the MAS model.

The rest of this section follows Fig. 1. Section III.B defines the MAS model, agent categories, component allocation,
and the boundary between learned behavioral components and deterministic execution rules. Sections III.C–III.E
describe data ingestion, taxiing-scope extraction, airport layout graph construction, and graph-constrained map matching.
Section III.F introduces the path catalog, context features, and component-specific input datasets. Section III.G
explains the shared three-stage inference procedure. Sections III.H–III.K detail the learned behavioral components, and
Sections III.L and III.M describe the deterministic execution rules.

B. MAS Model and Agent Behavior Identification
The MAS model represents aircraft taxi operations as interactions between functional agent categories and an

Environment. During model execution, the agents observe the relevant Environment state and produce actions. The
model contains three agent categories: the Ground Control Agent, the Aircraft Operator Agent, and the Runway Control
Agent. The Environment contains the operational objects and state variables with which the agents interact, such as
the airport layout graph, runway stopbars, apron boundaries, protected taxi resources, active traffic state, resource
occupancy, and operational context.

The historical data-processing pipeline is separate from the MAS model itself. VEMMIS operational records, taxi
trajectories, graph-aligned taxi trajectories, context features, path catalogs, and component-specific input datasets are
used to identify the model properties from observed operations. Once these properties are estimated, the MAS model
uses them as behavior rules, action spaces, and execution constraints during model validation. This distinction separates
the model that is executed from the data and procedures used to infer its behavior.

The learned behavioral components approximate agent decisions from observed data. The internal reasoning of
controllers and flight crews is not observed directly, so each learned component treats the corresponding agent behavior
as a black box: observed Environment conditions are associated with a trajectory-derived action, class label, or speed
profile. In this paper, the Ground Control Agent is associated with endpoint selection, path choice, and local conflict
resolution; the Aircraft Operator Agent is associated with speed-profile behavior and aircraft-side execution; and
the Runway Control Agent is represented through a runway-departure release rule. These are functional modeling
abstractions and do not imply that actual ATC or pilot commands were observed in the VEMMIS records.

Deterministic execution rules are treated separately from learned behavioral components. They map model-execution
state to speed, hold, or release outputs in order to preserve safe and executable integrated model behavior. They are
therefore part of the executed MAS model, but they are not evidence that the corresponding behavior was learned from
data.
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Table 1 Agent-category allocation of learned behavioral components and deterministic execution rules.

Model element Role in the MAS model
Ground Control Agent learned decision rules for endpoint selection, path choice, and local conflict resolution
Aircraft Operator Agent learned speed-profile behavior; deterministic following-and-merge guard for aircraft-side execution
Runway Control Agent deterministic runway-departure release rule at runway-entry stopbars
Environment airport layout graph; runway stopbars; apron boundaries; protected taxi resources; active traffic and

resource state; operational context available during model execution

The allocation in Table 1 sets the modeling boundary for the rest of the methodology. The learned components
reproduce or generalize observed agent behavior from trajectory-derived observations. The deterministic execution
rules preserve safety and executability during integrated model validation.

C. Data Ingestion and Taxiing-Scope Extraction
The data-ingestion and preprocessing layer converts VEMMIS operational records into scoped taxi trajectories

for graph reconstruction and behavior identification. VEMMIS contains flight records, schedule records, and surface-
surveillance trajectories. These records provide the historical observations from which agent behavior is inferred, but
the raw surveillance coverage extends beyond the modeled taxiing scope and may include runway, apron, approach, and
other airside detections.

A taxi movement denotes one inbound or outbound aircraft movement within the modeled taxiing scope. Inbound
movements run from runway stopbar to apron boundary, while outbound movements run from apron boundary to runway
stopbar.

Definition 1 (Taxi trajectory). For taxi movement 𝑖, the taxi trajectory 𝑇𝑖 is the ordered sequence of surface-surveillance
trajectory points retained between the movement’s runway stopbar and apron boundary.

𝑇𝑖 = ⟨𝑞𝑖,1, 𝑞𝑖,2, . . . , 𝑞𝑖,𝑛𝑖 ⟩, 𝑞𝑖,𝑘 = (p𝑖,𝑘 , 𝑡𝑖,𝑘 , 𝑣𝑖,𝑘), (1)

where p𝑖,𝑘 ∈ R2 is the observed surface position, 𝑡𝑖,𝑘 is the timestamp, and 𝑣𝑖,𝑘 is the observed or derived ground speed.
The preprocessing procedure isolates this taxiing-scope interval and prepares it for graph reconstruction. It

normalizes identifiers and metadata, filters position and speed signals with a rolling median filter and derivative filter
[8], chains compatible trajectory fragments, and infers runway stopbar and apron-boundary milestones. A movement is
retained only when movement direction, runway stopbar, apron boundary, trajectory points, and taxiing-scope start and
end times are available, mutually consistent, and inside the modeled taxiing scope.

The scope excludes apron-internal movements, gate-area movements, pushback, de-icing, private-aviation movements,
eastern maintenance-area movements, and runway 22/04. These exclusions keep the modeled focused on commercial
aircraft taxi operations.

D. Airport Layout Graph and Environment Representation
The airport layout graph provides the spatial representation used throughout the methodology. During model

identification, it supports graph-constrained map matching, endpoint inference, path-catalog construction, speed-
profile alignment, and local conflict-event extraction. During MAS model execution, it is one of the environmental
objects through which agents interact with endpoints, directed edges, protected taxi resources, path candidates, and
resource-occupancy states.

Definition 2 (Airport layout graph). The airport layout graph is a directed graph that represents the traversable surface
infrastructure within the modeled taxiing scope. Nodes represent operational layout points, and directed edges represent
traversable centerline elements with allowed travel direction and precise geometric shape.

𝐺 = (𝑉, 𝐸), 𝐸 ⊆ 𝑉 ×𝑉. (2)

Each node 𝑣 ∈ 𝑉 represents an operational location, such as a taxiway junction, runway stopbar, apron boundary,
holding location, or other relevant layout point. Each directed edge 𝑒 = (𝑣𝑎, 𝑣𝑏) ∈ 𝐸 represents a traversable centerline
element between two nodes. The graph is derived from an École Nationale de l’Aviation Civile (ENAC) Scalable Vector
Graphics (SVG) layout of Amsterdam Airport Schiphol, in which edge shapes are stored as precise Bezier-derived
centerlines.
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The graph elements also contain layout-derived attributes used by the methodology. Node attributes identify
operational position categories and their role in the modeled taxiing scope. Edge attributes include name, element type,
length, available dimension fields, directionality, restrictions, operational labels, and other metadata. A bidirectional
physical taxiway segment may therefore be represented by two opposite directed edges with shared geometry but
different travel direction or operational attributes.

Figure 2 shows the airport layout graph and modeled spatial scope. The left panel presents the graph used as the
spatial reference. The right panel places the modeled scope in geographic context and highlights excluded regions,
including later infrastructure additions (in yellow and purple) and the eastern maintenance/private-aviation area (in red).

Fig. 2 Airport layout graph representation and modeled spatial scope.

E. Map Matching
Graph-constrained map matching projects taxi trajectories onto the airport layout graph to produce graph-aligned

taxi trajectories [9]. The procedure adapts the airport-surface trajectory approach of Tran et al. [7] to the Schiphol layout
and the modeled taxiing scope. Its purpose is to convert noisy surface-surveillance observations into topologically valid
graph paths with trajectory-point projections, path progress, and reconstruction-quality diagnostics.

Definition 3 (Graph-aligned taxi trajectory). A graph-aligned taxi trajectory augments a taxi trajectory with its
reconstructed directed-edge sequence, projected positions, path progress, edge-relative progress, matched directed edges,
and point-to-path projection errors.

𝑇𝑖 =

(
𝑇𝑖 , 𝑃

obs
𝑖 , {p̂𝑖,𝑘 , 𝑠𝑖,𝑘 , 𝜉𝑖,𝑘 , 𝑒𝑖,𝑘 , 𝜀𝑖,𝑘}𝑛𝑖𝑘=1

)
, (3)

where 𝑃obs
𝑖

is the reconstructed directed-edge sequence, p̂𝑖,𝑘 the projected position of trajectory point 𝑞𝑖,𝑘 , 𝑠𝑖,𝑘 path
progress, 𝜉𝑖,𝑘 edge-relative progress, 𝑒𝑖,𝑘 the matched directed edge, and 𝜀𝑖,𝑘 the point-to-path projection error.

If trajectory point 𝑞𝑖,𝑘 is projected on edge 𝑒𝑖, 𝑗 of 𝑃obs
𝑖

, its path progress is

𝑠𝑖,𝑘 =
∑︁
ℓ< 𝑗

𝑙𝑒𝑖,ℓ + 𝜉𝑖,𝑘 𝑙𝑒𝑖, 𝑗 , (4)

and its point-to-path projection error is
𝜀𝑖,𝑘 =



p𝑖,𝑘 − p̂𝑖,𝑘




2 . (5)

The map-matching procedure first prepares the taxi trajectory and generates candidate edges near each trajectory
point. Candidate edges are scored using spatial proximity, motion direction, and graph plausibility. Short gaps in
evidence are repaired through graph connectivity, after which an endpoint-constrained path is reconstructed between the
inferred runway stopbar and apron boundary. The output is retained only if the reconstructed path is topologically valid
and satisfies movement-level and edge-level reconstruction-quality checks.
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Reconstruction quality is evaluated through both edge-level and movement-level diagnostics. Edge-level diagnostics
describe whether each directed edge in the reconstructed path is supported by nearby trajectory points. For movement 𝑖
and directed edge 𝑒, the supporting trajectory-point set is

𝑄𝑖 (𝑒) = {𝑘 : 𝑒𝑖,𝑘 = 𝑒}. (6)

For non-empty 𝑄𝑖 (𝑒), the edge-level evidence is summarized by the number of assigned trajectory points, the
covered fraction of the edge, and the median point-to-path projection error:

𝑛𝑖 (𝑒) = |𝑄𝑖 (𝑒) |,
𝑐𝑖 (𝑒) = max

𝑘∈𝑄𝑖 (𝑒)
𝜉𝑖,𝑘 − min

𝑘∈𝑄𝑖 (𝑒)
𝜉𝑖,𝑘 ,

𝜀𝑖 (𝑒) = median𝑘∈𝑄𝑖 (𝑒) 𝜀𝑖,𝑘 .

(7)

Here, 𝑛𝑖 (𝑒) is the edge-support count, 𝑐𝑖 (𝑒) is the edge-relative coverage, and 𝜀𝑖 (𝑒) is the representative projection
error for the edge. If 𝑄𝑖 (𝑒) = ∅, the edge automatically fails the support criteria; in that case 𝑛𝑖 (𝑒) = 0, while 𝑐𝑖 (𝑒) and
𝜀𝑖 (𝑒) are not evaluated.

Movement-level diagnostics summarize the projection quality of the full graph-aligned taxi trajectory:

𝜀𝑖 =
1
𝑛𝑖

𝑛𝑖∑︁
𝑘=1

𝜀𝑖,𝑘 ,

𝜀95
𝑖 = quantile0.95

(
{𝜀𝑖,𝑘}𝑛𝑖𝑘=1

)
.

(8)

The mean projection error 𝜀𝑖 measures the average spatial fit, while the 95th-percentile projection error 𝜀95
𝑖

captures
large local deviations.

A graph-aligned taxi trajectory is retained when the reconstructed path satisfies the edge-support, projection-error,
endpoint-consistency, and topology criteria, where 𝐸 (𝑃obs

𝑖
) denotes the directed-edge set of the reconstructed path.:

𝑛𝑖 (𝑒) ≥ 𝑛min ∀𝑒 ∈ 𝐸 (𝑃obs
𝑖 ),

𝑐𝑖 (𝑒) ≥ 𝑐min ∀𝑒 ∈ 𝐸 (𝑃obs
𝑖 ),

𝜀𝑖 (𝑒) ≤ 𝜀max ∀𝑒 ∈ 𝐸 (𝑃obs
𝑖 ),

𝜀𝑖 ≤ 𝜀max,

𝜀95
𝑖 ≤ 𝜀95

max,

𝜂end
𝑖 = 1,

𝜂
top
𝑖

= 1.

(9)

Here, 𝜂end
𝑖

indicates that the reconstructed path is consistent with the inferred runway stopbar and apron boundary, and
𝜂

top
𝑖

indicates that the reconstructed directed-edge sequence is topologically valid on the airport layout graph. In the
result analysis, high-error exclusions are reported using the 95th-percentile criterion 𝜀95

𝑖
> 80 m.

Figure 3 summarizes the graph-constrained map-matching logic. Trajectory points are linked to candidate edges,
graph connectivity is restored where needed, endpoints constrain the reconstructed path, and projection-error diagnostics
determine whether a case is repaired or excluded.

Fig. 3 Conceptual overview of the graph-constrained map-matching procedure and reconstruction-quality checks.
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F. Path Catalog and Operational Context
The path catalog converts graph-aligned taxi trajectories into the discrete path candidates used by the path-choice

component. The same graph-aligned trajectories are also linked to operational context features, which are later used to
construct component-specific input datasets for the learned behavioral components.

Definition 4 (Exact observed path, canonical path family, and path-choice set). For each OD pair, graph-aligned
taxi trajectories yield exact observed paths. Similar exact observed paths are grouped into canonical path families, and the
supported canonical path families form the path-choice set used by the path-choice component.

For taxi movement 𝑖, the exact observed path is the reconstructed directed-edge sequence

𝑃obs
𝑖 = ⟨𝑒𝑖,1, 𝑒𝑖,2, . . . , 𝑒𝑖,𝑛𝑃

𝑖
⟩, 𝑒𝑖, 𝑗 ∈ 𝐸, (10)

with path length

𝐿 (𝑃obs
𝑖 ) =

𝑛𝑃
𝑖∑︁
𝑗=1

𝑙𝑒𝑖, 𝑗 . (11)

The OD pair of movement 𝑖 is
𝑜𝑖 = (𝑑𝑖 , 𝑟𝑖 , 𝑎𝑖), (12)

where 𝑑𝑖 is movement direction, 𝑟𝑖 is the runway stopbar, and 𝑎𝑖 is the apron boundary. An OD group is a coarser
runway-apron grouping used only for aggregated diagnostics.

For OD pair 𝑜, let Pobs
𝑜 be the set of exact observed paths assigned to that OD pair. A canonical path family is a

subset of these exact observed paths:
𝐶𝑜,𝑘 ⊆ Pobs

𝑜 . (13)

The OD-specific path-choice set is the set of supported canonical path families:

C𝑜 = {𝐶𝑜,1, 𝐶𝑜,2, . . . , 𝐶𝑜,𝐾𝑜
}. (14)

Canonical path families are formed by comparing exact observed paths within the same OD pair. The comparison
uses mutual directed-edge-count coverage and reference-normalized length difference:

covcnt (𝑃,𝑄) = |𝐸 (𝑃) ∩ 𝐸 (𝑄) |multi
|𝐸 (𝑃) |multi

, (15)

𝛿𝐿 (𝑃,𝑄) = 100
|𝐿 (𝑃) − 𝐿 (𝑄) |

𝐿 (𝑄) . (16)

Here, 𝐸 (𝑃) and 𝐸 (𝑄) denote the directed-edge multisets of paths 𝑃 and 𝑄. Two exact observed paths pass the canonical
grouping threshold when

covcnt (𝑃,𝑄) ≥ 0.70, covcnt (𝑄, 𝑃) ≥ 0.70, 𝛿𝐿 (𝑃,𝑄) ≤ 15. (17)

An exact observed path opens a new canonical path family only if it reaches the representative-support rule for its
OD pair. In this study, the minimum representative support is 1% of the OD-pair traffic.

Operational context is then attached to the graph-aligned taxi trajectories and their path-choice sets using normalized
flight identifiers and time-aligned operational intervals. These context features provide the conditions under which
endpoint selection, path choice, speed-profile behavior, and local conflict resolution are later estimated.

G. Shared Three-Stage Inference Procedure
The learned behavioral components use a shared inference structure. The purpose is to preserve observed behavior

when historical support is sufficient, generalize across related operational contexts when exact support is sparse, and
preserve executable outputs when learned support is unavailable.

Definition 5 (Component observation and three-stage inference procedure). A component observation pairs the feature
vector used by a learned behavioral component with its target variable. For discrete learned components, the three-stage
inference procedure estimates a class-probability distribution using an empirical stage, a CART stage, or a fallback stage,
and records the prediction source as a diagnostic.
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𝑧𝑐,𝑖 = (x𝑐,𝑖 , 𝑦𝑐,𝑖), (18)

where x𝑐,𝑖 ∈ X𝑐 is the feature vector and 𝑦𝑐,𝑖 ∈ Y𝑐 is the target variable. For discrete components, 𝑦𝑐,𝑖 is a class label;
for the speed-profile component, it is a residual profile.

The first stage is the empirical stage. For a selected empirical feature set 𝑆𝑐, the empirical context cell for query x is

Demp
𝑐,𝑆𝑐

(x) =
{
𝑖 ∈ Dtrain

𝑐 : x𝑐,𝑖,𝑆𝑐 = x𝑆𝑐
}
. (19)

The exact-match condition in Eq. (19) is applied to categorical or discretized context features. For discrete targets, the
empirical distribution estimator is

𝜋̂
emp
𝑐 (𝑦 | x) =

∑
𝑖∈Demp

𝑐,𝑆𝑐
(x) 1(𝑦𝑐,𝑖 = 𝑦)���Demp
𝑐,𝑆𝑐

(x)
��� . (20)

The estimator is evaluated only for non-empty empirical context cells; empty cells automatically fail the empirical
acceptance criteria. The empirical estimate is used only when the empirical context cell satisfies component-specific
acceptance criteria. For any index set I, define the support, temporal-coverage, and single-day dominance diagnostics as

𝑁 (I) = |I |,
𝐷 (I) = |{day(𝑖) : 𝑖 ∈ I}| ,

𝜌day (I) = max
𝑑

|{𝑖 ∈ I : day(𝑖) = 𝑑}|
|I| .

(21)

Here, 𝑁 (I) is the number of observations, 𝐷 (I) is the number of operating days represented in the set, and 𝜌day (I) is
the largest single-day share.

The remaining stability and compactness checks are component-specific predicates. Let 𝜙stab
𝑐 (I) ∈ {0, 1} and

𝜙
comp
𝑐 (I) ∈ {0, 1} indicate whether the historical observations are stable and compact enough for component 𝑐. The

empirical acceptance indicator is then

𝐴
emp
𝑐 (x) = 1



𝑁 (Demp
𝑐,𝑆𝑐

(x)) ≥ 𝑁
emp
𝑐,min,

𝐷 (Demp
𝑐,𝑆𝑐

(x)) ≥ 𝐷
emp
𝑐,min,

𝜌day (Demp
𝑐,𝑆𝑐

(x)) ≤ 𝜌
emp
𝑐,max,

𝜙stab
𝑐 (Demp

𝑐,𝑆𝑐
(x)) = 1,

𝜙
comp
𝑐 (Demp

𝑐,𝑆𝑐
(x)) = 1.


. (22)

Thus, the empirical stage is accepted only when the matching historical observations are numerous enough, spread
over enough operating days, not dominated by a single day, stable, and compact for the component being estimated. The
thresholds in Eq. (22) are component-specific hyperparameters selected during model training and tuning.

If the empirical stage is not accepted, the second stage uses a CART estimator. CART partitions the feature space into
interpretable leaves using context features [18]. Let ℓ𝑐 (x) denote the CART leaf reached by query x. The corresponding
leaf set is

L𝑐 (x) =
{
𝑖 ∈ Dtrain

𝑐 : ℓ𝑐 (x𝑐,𝑖) = ℓ𝑐 (x)
}
. (23)

For discrete targets, the CART-stage class-probability estimator is

𝜋̂CART
𝑐 (𝑦 | x) =

∑
𝑖∈L𝑐 (x) 1(𝑦𝑐,𝑖 = 𝑦)

|L𝑐 (x) |
. (24)

The CART estimator is evaluated on leaves produced by a fitted tree, which contain training observations by
construction. Leaves that do not satisfy the acceptance criteria are not used for model execution. The CART-stage
estimate is used only when the reached leaf satisfies component-specific leaf-acceptance criteria. Define the dominant
class probability in the leaf as

𝑝dom
𝑐 (x) = max

𝑦∈Y𝑐

𝜋̂CART
𝑐 (𝑦 | x). (25)

10



The CART-stage acceptance indicator is

𝐴CART
𝑐 (x) = 1



𝑁 (L𝑐 (x)) ≥ 𝑁CART
𝑐,min ,

𝐷 (L𝑐 (x)) ≥ 𝐷CART
𝑐,min ,

𝜌day (L𝑐 (x)) ≤ 𝜌CART
𝑐,max,

𝜙stab
𝑐 (L𝑐 (x)) = 1,

𝜙
comp
𝑐 (L𝑐 (x)) = 1,

𝑝dom
𝑐 (x) ≥ 𝑝CART

𝑐,min .


. (26)

The functions 𝜙stab
𝑐 and 𝜙

comp
𝑐 are component-specific acceptance predicates selected during model training and

tuning. They are not universal statistical tests; they define when a component-specific empirical cell or CART leaf is
considered reliable enough for model execution.

Thus, the CART stage is accepted only when the reached leaf contains enough historical support, has sufficient
temporal coverage, is not dominated by one operating day, is stable and compact for the component, and has a sufficiently
dominant class. These thresholds are also component-specific hyperparameters selected during model training and
tuning.

The final discrete prediction follows the empirical, CART, and fallback order:

𝜋̂𝑐 (𝑦 | x) =

𝜋̂

emp
𝑐 (𝑦 | x), 𝐴

emp
𝑐 (x) = 1,

𝜋̂CART
𝑐 (𝑦 | x), 𝐴

emp
𝑐 (x) = 0, 𝐴CART

𝑐 (x) = 1,
𝜋fb
𝑐 (𝑦 | x), 𝐴

emp
𝑐 (x) = 0, 𝐴CART

𝑐 (x) = 0.
(27)

The fallback stage provides a component-specific executable output when neither learned stage is accepted. It is therefore
part of the inference procedure, but it is not interpreted as evidence of learned behavior.

The prediction-source diagnostic records whether an output came from the empirical stage, CART stage, fallback
stage, baseline rule, deterministic execution rule, or unsupported state. This diagnostic is reported together with
predictive performance because it distinguishes learned support from fallback-based executability.

Figure 4 summarizes the inference sequence. The discrete learned components use Eq. (27); the speed-profile
component uses the same support-and-fallback principle through edge-level baseline and residual estimation.

Fig. 4 Empirical-CART-fallback inference stages used by the learned behavioral components.

H. Ground Control Agent: Endpoint-Selection Component
The endpoint-selection component represents the Ground Control Agent’s selection of the operational endpoints

that bound the modeled taxiing scope. An endpoint is either a runway stopbar or an apron boundary. The component is
learned from observed taxi movements: it associates the available operational context with the endpoint used in the
historical trajectory, without assuming that the underlying controller decision was directly observed.

The four endpoint-selection targets are the inbound runway stopbar, inbound apron boundary, outbound apron
boundary, and outbound runway stopbar. For target 𝜏, the endpoint-choice distribution is

𝜋̂
ep
𝜏 (𝑒 | x) = 𝑃(𝑌 ep

𝜏 = 𝑒 | 𝑋 = x), 𝑒 ∈ Eep
𝜏 , (28)

where Eep
𝜏 is the valid endpoint set for target 𝜏.
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Endpoint selection is sequential when one endpoint constrains the feasible or likely value of the next endpoint. If
endpoint target 𝜏1 is selected before target 𝜏2, the selected upstream endpoint is added to the feature vector for the second
target:

xep
𝜏2 = [xep

𝜏2 ,0, 𝑒𝜏1 ] . (29)

During supervised training, the observed upstream endpoint is available in the component-specific input dataset. During
model execution, the selected upstream endpoint is passed forward. Gate and stand information may be used as context
features, but assigning endpoints at stand level is outside the modeled taxiing scope.

I. Ground Control Agent: Path-Choice Component
The path-choice component represents the Ground Control Agent’s selection of a graph path within the modeled

taxiing scope. For taxi movement 𝑖, the available path candidates are the canonical path families in the OD-specific
path-choice set C𝑜𝑖 . The component is learned from observed graph-aligned taxi trajectories: it associates operational
context with the canonical path family used in the historical movement, without assuming that an actual controller route
instruction was observed.

For path candidate 𝐶𝑜𝑖 ,𝑘 , the path-choice distribution is

𝜋̂path (𝐶𝑜𝑖 ,𝑘 | x𝑖) = 𝑃

(
𝑌

path
𝑖

= 𝐶𝑜𝑖 ,𝑘 | 𝑋𝑖 = x𝑖
)
, 𝐶𝑜𝑖 ,𝑘 ∈ C𝑜𝑖 . (30)

Here, x𝑖 contains the context features available for taxi movement 𝑖, and 𝑌
path
𝑖

is the observed canonical path family.
When the learned path-choice stages do not provide an accepted output, directed graph search provides executable

fallback geometry:
𝑃fb
𝑖 = 𝐴∗ (𝐺, 𝑜𝑖). (31)

Here, 𝐴∗ denotes directed graph search on the airport layout graph between the endpoints of OD pair 𝑜𝑖 , respecting
movement direction [15]. Fallback paths preserve executability but are not interpreted as learned Ground Control Agent
choices.

J. Aircraft Operator Agent: Speed-Profile Component
The speed-profile component represents aircraft-side movement execution along a selected graph path. Endpoint

selection and path choice determine where the aircraft travels; the speed-profile component determines how speed varies
along that path. Its output is therefore a path-progress-dependent target speed profile rather than a discrete class label.

Definition 6 (Edge-speed observation and speed-profile residual). The speed-profile component represents observed
edge-relative speed behavior through accepted edge-speed observations and models deviations from an edge-level baseline
using speed-profile residuals.

For taxi movement 𝑖 and directed edge 𝑒, an accepted edge-speed observation is represented on a normalized
edge-progress grid:

𝑣obs
𝑖,𝑒 (𝜉𝑚), 𝜉𝑚 ∈ Ξ, Ξ = {𝜉1, . . . , 𝜉𝑀 } ⊂ [0, 1] . (32)

The implemented default uses 𝑀 = 21 grid points. An edge-speed observation is accepted only when the traversal has
sufficient trajectory-point evidence and satisfies the selected plausibility checks. The point-density criterion is

𝑛𝑖,𝑒 ≥ max
(
𝑛min,

⌈
𝜌min

𝑙𝑒

100

⌉)
, (33)

where 𝑛𝑖,𝑒 is the number of trajectory points available for the edge traversal, 𝑙𝑒 is the edge length, 𝑛min is the absolute
minimum point count, and 𝜌min is the minimum point density per 100 m. Additional accepted-observation checks use
traversal coverage, speed-sample ratio, and backward-step thresholds from the selected extraction parameter set.

The edge-level baseline speed profile is the median observed speed curve over the accepted edge-speed observations:

𝑣̄𝑒 (𝜉𝑚) = median𝑖∈I𝑒 𝑣
obs
𝑖,𝑒 (𝜉𝑚), (34)

where I𝑒 is the set of accepted edge-speed observations for edge 𝑒. The speed-profile residual is the deviation from this
edge-level baseline:

𝑟𝑖,𝑒 (𝜉𝑚) = 𝑣obs
𝑖,𝑒 (𝜉𝑚) − 𝑣̄𝑒 (𝜉𝑚). (35)
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The learned component estimates residual profiles rather than absolute speed profiles. The predicted edge-relative
speed profile is

𝑣̂𝑖,𝑒 (𝜉𝑚) = max
{
0, 𝑣̄𝑒 (𝜉𝑚) + 𝑟𝑖,𝑒 (𝜉𝑚)

}
. (36)

When no accepted empirical or CART residual is available, the component falls back to the edge-level baseline:

𝑟𝑖,𝑒 (𝜉𝑚) = 0. (37)

Let 𝑃sel
𝑖

= ⟨𝑒1, . . . , 𝑒𝑛𝑃
𝑖
⟩ denote the selected path for taxi movement 𝑖. The path-level target speed profile is

assembled by placing each predicted edge-relative profile along this path:

𝑣̂𝑖 (𝑠) = 𝑣̂𝑖,𝑒 𝑗 (𝜉), 𝑠 =
∑︁
ℓ< 𝑗

𝑙𝑒ℓ + 𝜉𝑙𝑒 𝑗 , 𝑒 𝑗 ∈ 𝑃sel
𝑖 . (38)

Supported empirical context cells and CART leaves store median residual curves and 10th/90th percentile residual
curves. The maximum operator in Eq. (36) keeps the target speed physically valid.

K. Ground Control Agent: Local Conflict-Resolution Component
The local conflict-resolution component represents movement-derived interaction behavior at non-runway protected

taxi resources within the modeled taxiing scope. It focuses on pairwise encounters where two aircraft would compete for
the same local resource before any conflict-resolution behavior is applied. The component excludes runway crossings,
runway resources, rerouting, pushback, apron-internal movement, and same-path following interactions, which are
handled outside this learned component.

Definition 7 (Conflict event and movement-derived labels). A conflict event is a pairwise event in which two free-motion
trajectories compete for the same protected taxi resource within overlapping or insufficiently separated time intervals. The
associated priority, resolution-action, and delay labels are inferred from trajectory behavior and free-motion counterfactuals;
they are not observed ATC commands.

The protected-resource set contains graph nodes, apron-boundary resources, and reviewed geometric crossing points:

Rprot = Rnode ∪ Rapron ∪ Rmerge ∪ Rcross, (39)

where Rnode contains protected graph nodes, Rapron contains apron-boundary resources, Rmerge contains merge resources,
and Rcross contains reviewed geometric crossings where paths intersect without sharing a graph node.

For aircraft 𝑖, the free-motion trajectory is the trajectory that would result from the selected path and speed-profile
output before local conflict resolution is applied:

𝑋 free
𝑖 (𝑡) =

(
pfree
𝑖 (𝑡), 𝑣free

𝑖 (𝑡), 𝑠free
𝑖 (𝑡)

)
. (40)

Here, pfree
𝑖

(𝑡), 𝑣free
𝑖

(𝑡), and 𝑠free
𝑖

(𝑡) are the free-motion position, speed, and path progress at time 𝑡.
For protected taxi resource 𝑟, the free-motion occupancy interval of aircraft 𝑖 is

𝐼free
𝑖,𝑟 = [𝑡in𝑖,𝑟 , 𝑡out

𝑖,𝑟 ] . (41)

A pairwise conflict event between aircraft 𝑖 and 𝑗 at resource 𝑟 is represented as

𝜒𝑖, 𝑗 ,𝑟 = 1
{
𝐼 free
𝑖,𝑟 ∩ 𝐼 free

𝑗 ,𝑟 ≠ ∅ ∨ |𝑡pass
𝑖,𝑟

− 𝑡
pass
𝑗 ,𝑟

| < Δ𝑟

}
. (42)

This expression captures the two ways in which a local conflict can arise: overlapping free-motion occupancy intervals
or passage times that are closer than the resource-specific separation threshold Δ𝑟 . The conflict-generation procedure
applies this logic through resource-specific checks for protected nodes, apron boundaries, merge resources, and reviewed
geometric crossings.

The priority label records which aircraft passed the protected taxi resource first in the observed trajectory. Cases
with equal or unresolved passing times are excluded from the priority-label training set.

𝑦
prio
𝑖, 𝑗 ,𝑟

=

{
𝑖, 𝑡obs

𝑖,𝑟
< 𝑡obs

𝑗 ,𝑟
,

𝑗 , 𝑡obs
𝑗 ,𝑟

< 𝑡obs
𝑖,𝑟

.
(43)
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The movement-derived resolution-action label for the own aircraft is

𝑦act
𝑖, 𝑗 ,𝑟 ∈ {PROCEED, SLOW_DOWN, HOLD_SHORT}. (44)

When available, the delay target is the difference between observed and free-motion resource-passing time:

𝑦
delay
𝑖, 𝑗 ,𝑟

= 𝑡obs
𝑖,𝑟 − 𝑡free

𝑖,𝑟 . (45)

These labels approximate how the interaction was resolved in the observed movement data. They are inferred
from trajectory timing and free-motion counterfactuals, not from ATC instruction logs or directly observed controller
commands.

L. Aircraft Operator Agent: Following-and-Merge Guard
The following-and-merge guard is a deterministic execution rule for aircraft-side execution. It is applied after

endpoint selection, path choice, and speed-profile construction. Its purpose is to keep the model-executed trajectory safe
and executable when aircraft follow the same path, approach an occupied downstream edge, or enter a merge resource.
The rule is not a learned behavioral component.

At each time step, the executed speed is bounded by the target speed profile and the safe-speed limit:

𝑣exec
𝑖 (𝑡 + Δ𝑡) = min

{
𝑣

target
𝑖

(𝑡 + Δ𝑡), 𝑣safe
𝑖 (𝑡 + Δ𝑡)

}
. (46)

Here, 𝑣target
𝑖

is the speed requested by the speed-profile component, while 𝑣safe
𝑖

is the deterministic limit imposed by
downstream occupancy, following, and merge conditions.

For a leader 𝑗 and follower 𝑖, the protected center-gap requirement is

𝑑𝑖 𝑗 (𝑡) ≥ 𝑑min + 𝜌𝑖 + 𝜌 𝑗 , (47)

where 𝑑𝑖 𝑗 (𝑡) is the center-to-center distance along the relevant path, 𝑑min = 30 m is the required clearance between
protected radii, and 𝜌𝑖 , 𝜌 𝑗 are aircraft protected radii. The implemented rule also uses category-dependent radii, an
acceleration bound 𝑎max = 0.4 m/s2, a deceleration bound 𝑏max = 0.5 m/s2, an 8 s following time gap, and soft-gap
logic to reduce stop–go chatter.

The acceleration envelope constrains the executed speed between consecutive time steps:

𝑣𝑖 (𝑡) − 𝑏maxΔ𝑡 ≤ 𝑣exec
𝑖 (𝑡 + Δ𝑡) ≤ 𝑣𝑖 (𝑡) + 𝑎maxΔ𝑡. (48)

A merge-entry hold is triggered when a downstream merge resource is occupied and the predicted entry would violate
the protected gap or safe-speed condition:

ℎ
merge
𝑖

(𝑡) = 1
{
Ω

merge
𝑖

(𝑡) = 1
}
. (49)

Here,Ωmerge
𝑖

(𝑡) denotes the merge-entry violation predicate. The detailed safe-speed function also accounts for edge-entry
buffers, release margins, braking-envelope distance, and downstream occupancy. These terms are implementation-level
execution constraints, not learned behavior.

M. Runway Control Agent: Runway-Departure Release Rule
The runway-departure release rule is a deterministic execution rule for outbound aircraft at runway-entry stopbars. It

represents the runway-boundary release constraint used during integrated model validation, not a learned runway-control
clearance model. Queueing abstractions provide a basis for representing runway departure processes [25].

For runway stopbar group 𝑟, let 𝑄𝑟 (𝑡) be the first-come, first-served outbound queue. For the first aircraft in a
runway-stopbar queue, 𝑡rel

𝑖
= 𝑡arr

𝑖
. If aircraft 𝑖 follows aircraft 𝑗 , the release time is

𝑡rel
𝑖 = max

{
𝑡arr
𝑖 , 𝑡rel

𝑗 + Δ
dep
𝑗 ,𝑖

}
. (50)

Here, 𝑡arr
𝑖

is the time at which aircraft 𝑖 reaches the runway-entry stopbar, and Δ
dep
𝑗 ,𝑖

is the required departure separation
interval between predecessor 𝑗 and aircraft 𝑖.

14



The implemented departure separation interval is

Δ
dep
𝑗 ,𝑖

= max
{
Δbase,Δwake

𝑗 ,𝑖

}
+ ΔSID

𝑗 ,𝑖 . (51)

The current integrated model-validation setup uses Δbase = 80 s, a RECAT-EU wake-turbulence departure minimum
Δwake
𝑗 ,𝑖

where available, and a 20 s same-SID add-on ΔSID
𝑗 ,𝑖

. Intermediate runway-entry stopbars are diagnostic only and
do not add a release penalty. The rule therefore provides a deterministic runway-boundary release constraint for model
execution.

IV. Experimental Setup

A. Schiphol Case Study and Input Scope
The main case study uses aircraft taxi operations at Amsterdam Airport Schiphol from January 2024 to December

2025. The input consists of monthly taxi-trajectory records derived from VEMMIS operational records and processed
according to the pipeline in Section III.C. The modeled taxiing scope, endpoint definitions, and exclusion rules are
defined in the Methodology and are kept fixed throughout the main experiments.

The main experimental setup focuses on the observed-behavior baseline for aircraft taxi trajectories. Three appendix
case studies complement this baseline. Appendix D (Construction Data) examines the effect of temporary infrastructure
changes, Appendix E (Operational Constraints) examines known operational rules and procedure constraints, and
Appendix F (Apron Area) tests how the methodology transfers to a more complex apron-area setting.

B. Data Split
The learned behavioral components are trained, tuned, and evaluated using a pooled 2024-2025 week-blocked,

cluster-stratified training, validation, and test split. The split unit is the ISO week, using the week-numbering standard
of the International Organization for Standardization (ISO): all observations from the same week are assigned to the
same partition. This avoids flight-level random partitioning, which could place temporally adjacent operations with
similar runway configurations, demand patterns, weather conditions, or traffic states in different partitions.

Weeks from both years are pooled before splitting so that no partition represents only one calendar year or operating
regime. Training, validation, and test partitions therefore each contain operational conditions from the full two-year
period.

Stratification is based on weekly operational profiles. Let W be the set of ISO weeks and let u𝑤 be the profile
vector for week 𝑤:

u𝑤 = [𝑢𝑤,1, 𝑢𝑤,2, . . . , 𝑢𝑤,𝑝] . (52)

The profile summarizes operational conditions such as traffic volume, inbound/outbound mix, runway configuration,
apron and OD-pair mix, aircraft and wake category, airline/operator composition, temporal and seasonal factors, demand
state, and weather or operating state. Similar-day grouping has been used in air traffic flow management to compare
operating periods with related demand and operational characteristics [22].

Weekly operational profiles are grouped with k-medoids clustering on a custom operational-distance matrix. The
distance matrix combines normalized distances across feature groups so that no single feature group dominates the
clustering. K-medoids is suitable here because each cluster is represented by an observed week, or medoid, rather than
by a synthetic centroid [23]. The final split uses six operational-profile clusters for stratified assignment.

Complete weeks are assigned to the training, validation, and test partitions:

W = Wtrain ∪Wval ∪Wtest,

W𝑎 ∩W𝑏 = ∅, 𝑎, 𝑏 ∈ {train, val, test}, 𝑎 ≠ 𝑏.
(53)

The target proportion is approximately 70/15/15 while maintaining balanced coverage of operational-profile clusters and
calendar periods.

C. Model Training, Tuning, and Evaluation Workflow
All learned behavioral components use the same training, tuning, and evaluation workflow. Each component has its

own component-specific input dataset and target variable, but the selection protocol is shared. Training observations
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build the empirical and CART stages, validation observations guide feature-set selection and hyperparameter tuning,
and test observations remain held out until the selected component configuration is fixed.

(1) Feature-importance ranking: For each component, an exploratory CART model is first fitted using the available
context features. This model is not used as the final component. Its purpose is to rank context features before candidate
feature-set screening. Classification trees rank features by impurity reduction for categorical targets, while regression
trees rank features by squared-error reduction for speed-profile residual targets.

(2) Candidate feature-set screening: The ranked features are used to construct ordered candidate feature sets for
the empirical and CART stages. Early candidates contain fewer features and therefore provide broader support; later
candidates contain richer context but are more sparse. Candidate feature sets are evaluated on the validation partition
using component-specific performance metrics and prediction-source diagnostics. The three strongest empirical feature
sets and the three strongest CART feature sets are crossed to form the feature-set combinations passed to Bayesian
hyperparameter optimization.

(3) Bayesian hyperparameter optimization: Bayesian hyperparameter optimization tunes the candidate component
configurations from the screening step. Bayesian optimization is commonly used for expensive validation-based machine-
learning objectives [28]. In this study, it tunes component-specific support thresholds, acceptance criteria, CART
parameters, and fallback settings. The validation objective score combines predictive quality with prediction-source
diagnostics. The test partition is not used during this step.

(4) Locked test evaluation: The configuration with the best validation objective score is selected as the final
component configuration. It is then evaluated once on the held-out test partition using the metrics in Section IV.D. The
resulting component outputs are exported for component-level validation and integrated model-validation diagnostics.

The selected component configuration is

𝜃∗𝑐 = arg max
𝜃∈Θ𝑐

𝐽val
𝑐 (𝜃), (54)

where Θ𝑐 is the candidate configuration space and 𝐽val
𝑐 is the component-specific validation objective score. Objective

weights are tuning settings, not universal evaluation metrics. Full feature-set screening results, Bayesian optimization
traces, and training-data sensitivity diagnostics are reported in Appendix A (Model Calibration and Tuning).

D. Evaluation Metrics and Diagnostics
The same metric families are used during candidate feature-set screening, Bayesian optimization, and final held-out

evaluation, but their roles differ. Validation metrics guide feature-set screening, hyperparameter tuning, and model
selection. Test metrics are reported only after the selected component configuration is fixed. Full metric definitions,
denominators, and component-specific diagnostic variants are provided in Appendix B (Verification and Validation).

Metrics are matched to the output type of each component. Discrete learned components are evaluated with
classification performance, probabilistic predictive performance, calibration performance, and prediction-source
diagnostics. The speed-profile component is evaluated with regression performance and predictive-uncertainty
diagnostics. Integrated model-validation diagnostics are reported separately because they evaluate whether selected
component outputs and deterministic execution rules remain coherent when executed together.

Path choice: Path choice is evaluated both as graph-path recovery and as path-candidate classification. Edge-
weighted F1 compares the predicted path with the observed exact path using directed-edge overlap. Weighted F1
over path-candidate labels evaluates whether the predicted canonical path family matches the observed family, with
class weights based on test support. Probabilistic predictive performance is reported with normalized Brier score
and normalized predictive entropy, and calibration performance is reported with expected calibration error (ECE).
Results are reported for all OD pairs and, where relevant, for the non-trivial subset that excludes OD pairs with only one
available path candidate.

For edge-weighted F1, let 𝑂 be the weighted overlap of the observed and predicted directed-edge multisets, 𝐿obs the
observed path length, and 𝐿pred the predicted path length:

𝑃edge =
𝑂

𝐿pred
, 𝑅edge =

𝑂

𝐿obs
. (55)

The edge-weighted F1 score is

𝐹1edge =

{
2𝑃edge𝑅edge/(𝑃edge + 𝑅edge), 𝑃edge + 𝑅edge > 0,
0, 𝑃edge + 𝑅edge = 0.

(56)
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When edge lengths are available, 𝑂, 𝐿obs, and 𝐿pred are length-weighted; otherwise, directed-edge counts are used.
Endpoint selection: Endpoint selection is evaluated separately for the inbound runway stopbar, inbound apron

boundary, outbound apron boundary, and outbound runway stopbar targets. Weighted F1 measures support-weighted
endpoint-class recovery, while macro F1 is used as a diagnostic for rare endpoint classes. Probabilistic predictive
performance is reported with normalized Brier score and normalized predictive entropy, and calibration performance is
reported with ECE. Confusion matrices are used as diagnostics to identify whether errors occur between nearby or
operationally similar endpoints.

Speed-profile component: The speed-profile component is evaluated as a continuous residual profile around an
edge-level baseline. The main error metric is root-mean-square error in knots:

𝑅𝑀𝑆𝐸𝑣 =

√√√
1

|I |𝑀
∑︁

(𝑖,𝑒) ∈I

𝑀∑︁
𝑚=1

(
𝑣̂𝑖,𝑒 (𝜉𝑚) − 𝑣obs

𝑖,𝑒
(𝜉𝑚)

)2
. (57)

Here, I is the set of evaluated edge-speed observations and 𝑀 is the number of edge-progress grid points. Distributional
performance is summarized with median, interquartile-range, and high-percentile RMSE values. Predictive uncertainty
is evaluated with central 80% prediction-interval diagnostics, including interval score, interval width, empirical coverage,
and coverage gap. Edge-level RMSE maps are used to localize where residual speed prediction is weaker.

Local conflict resolution: Local conflict resolution is evaluated using movement-derived priority labels and
resolution-action labels. Priority-label and resolution-action performance are reported with target-class weighted F1.
Probabilistic predictive performance is summarized with normalized Brier score and normalized predictive entropy, and
calibration performance is reported with ECE. Delay behavior is evaluated with mean absolute error (MAE) when delay
targets are available. Confusion matrices are used to identify priority swaps and resolution-action substitutions. These
metrics compare against labels inferred from trajectory behavior and free-motion counterfactuals, not directly observed
ATC instruction logs.

For model selection, each component uses a weighted validation objective score. Objective terms are normalized so
that larger values indicate better validation performance. Lower-is-better terms, such as error, Brier score, calibration
error, fallback share, and unsupported share, are inverted or penalized before aggregation. Objective weights are
component-specific tuning settings and are therefore not interpreted as universal evaluation metrics.

All learned components report prediction-source diagnostics. These diagnostics show how often outputs come from
empirical support, CART generalization, baseline behavior, deterministic execution rules, fallback rules, or unsupported
states. They are interpreted together with predictive performance: high performance with high fallback use is weaker
evidence of learned behavior than high performance from empirical-stage or CART-stage outputs.

Integrated model-validation diagnostics are separate from learned-component metrics. They check whether selected
model-execution outputs can be consumed together in a graph-based execution sequence. Reported diagnostics include
model-execution completion rate, protected-resource events, following-and-merge guard activations, runway-departure
release events, timing errors, conflict-event agreement, queueing diagnostics, and trajectory-consistency diagnostics.

E. Training-Data Sensitivity Design
The training-data sensitivity analysis tests whether component performance depends mainly on the amount of

training data, the time span covered by the training data, or both. The validation and test partitions remain fixed while
only the training partition is varied. This isolates training-data effects from changes in the evaluation population.

Two training-subset families are used. Fraction-based subsets include 5%, 10%, 25%, 50%, 75%, and 100% of the
stratified training weeks. Chronological-window subsets use expanding historical windows up to the full training period.
The resulting diagnostics show whether additional observations, broader temporal coverage, or their combination
improves performance, learned support, and fallback share. Full sensitivity curves and component-level interpretations
are provided in Appendix A (Model Calibration and Tuning).

F. Integrated Model-Validation Setup
The integrated model-validation setup combines the selected learned behavioral components from Sections III.H–

III.K with the deterministic execution rules from Sections III.L and III.M. The purpose is to check whether the component
outputs, graph-based movement representation, protected-resource logic, and deterministic execution rules remain
coherent when executed together.
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Three two-hour historical validation scenarios are selected from the held-out test partition: a preferential runway-
configuration scenario, a conflict-rich scenario, and a high-runway-variability scenario. Each scenario stresses a different
aspect of the integrated MAS model. The preferential runway-configuration scenario represents a high-volume primary
operating setup, the conflict-rich scenario emphasizes protected-resource interactions, and the high-runway-variability
scenario tests the model under frequent runway-configuration changes.

Each scenario uses the same historical-scenario model-execution setup. Historical records provide activation
times, movement direction, runway and apron context, and operational state variables. During model execution, the
endpoint-selection and path-choice components select the scoped movement endpoints and path candidate, and the
speed-profile component constructs the target speed profile along the selected path. The protected-resource monitor
detects local encounters, while deterministic execution rules handle same-path following, merge-entry holds, separation
speed constraints, braking, and runway-departure release at runway-entry stopbars.

Table 2 summarizes the scenarios and traffic composition. Detailed scenario-level motion, conflict-event, and
runway-departure queueing diagnostics are provided in Appendix B (Verification and Validation).

Table 2 Two-hour historical validation scenarios used for integrated model validation.

Scenario Time window Total movements Inbound Outbound Runway configurations
Preferential runway configuration 2025-06-09 05:48–07:48 192 116 76 3
Conflict-rich 2024-05-20 07:30–09:30 142 65 77 2
High runway variability 2025-01-02 11:00–13:00 165 82 83 7

V. Results

A. Data Processing, Reconstruction, and Dataset Characterization
The processing pipeline produces a large graph-aligned taxi dataset from the VEMMIS operational records. The

main losses occur during taxiing-scope extraction and graph reconstruction, while the subsequent context-assignment
step removes only a small number of additional trajectories. Table 3 summarizes the retention sequence by movement
direction.

Table 3 Data-retention summary from raw schedule records to graph-aligned and context-assigned taxi trajectories. Counts are rounded to the nearest
thousand where shown with 𝑘.

Processing stage Inbound count Inbound share Outbound count Outbound share Interpretation
Raw candidate records ∼ 462𝑘 100.00% ∼ 464𝑘 100.00% Candidate records before taxiing-scope

extraction and graph reconstruction
Graph-aligned data ∼ 453𝑘 98.04% ∼ 431𝑘 92.71% Main retention loss occurs before path-

catalog construction
Context-assigned data ∼ 453𝑘 98.00% ∼ 431𝑘 92.69% Context joining removes only 266 addi-

tional trajectories

Most excluded cases are caused by irreparable surveillance-data corruption in the source records. Minor inconsisten-
cies can often be corrected during preprocessing, but unrealistic trajectory logs remain the dominant exclusion source.
The directional difference in retention indicates that outbound taxi trajectories contain more reconstruction failures than
inbound taxi trajectories.

The retained taxi movements are aligned to the airport layout graph with high reconstruction quality. The median
movement-level 95th-percentile point-to-path projection error is 8.71 m. Evidence-aware fallback is used for less than
1% of trajectories, and reduced-graph shortest-path recovery is needed in only four cases. High-error exclusions,
defined by a 95th-percentile point-to-path projection error above 80 m, represent 0.46% of the retained set and are
spatially concentrated around runway 27, runway 09, and apron S. Detailed map-matching repair logic, projection-error
diagnostics, and reconstruction-failure breakdowns are provided in Appendix B (Verification and Validation).

The graph-aligned taxi trajectories are then organized into exact observed paths and grouped into canonical path
families. The resulting catalog contains 883,771 graph-aligned taxi trajectories, 12,735 exact observed paths, and 3,002
canonical path families. This reduces the average number of OD-specific path candidates from 8.81 exact observed
paths to 2.09 canonical path families. The reduction lowers sparsity while retaining the dominant operational path
candidates used by the path-choice component. Expanded path-catalog statistics and canonical path-family examples
are provided in Appendix B (Verification and Validation).
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The final dataset is also enriched with operational context features. The most common runway configuration accounts
for 19.22% of movements, midday is the predominant time group, most movements occur under very-high-density
conditions, and aircraft class D and operator KLM are the most frequent. These distributions show that the dataset
is broad enough to support context-conditioned behavior identification, while still reflecting the dominant operating
patterns at Schiphol. Expanded operational-context and error-concentration analyses are provided in Appendix C
(Operational Interpretation of Selected Model Configurations).

Overall, the data-processing results show that the pipeline produces a large, graph-aligned, and context-rich taxi
dataset. The retained data provide sufficient reconstruction quality, path-catalog coverage, and operational-context
coverage for the learned behavioral components.

B. Model Training and Tuning
The model-training results summarize how the final learned behavioral components are selected before held-out

testing. Each component uses its own component-specific input dataset and target variable, but all components follow the
same validation-stage workflow: candidate context features are ranked, empirical and CART feature sets are screened,
and selected candidate configurations are tuned with Bayesian hyperparameter optimization. The test partition remains
unused during this process.

Table 4 lists the selected empirical and CART feature sets and the validation objective score for each learned
behavioral component. The scores identify the selected configuration within each component, but they are not
directly comparable across components because each validation objective uses component-specific performance and
prediction-source terms. Here, BZO denotes the Schiphol operational phase variable and ETA denotes estimated time
of arrival.

Table 4 Selected feature sets and validation objective scores per learned behavioral component.

Component Empirical selected context CART selected context Validation ob-
jective score

Path choice Runway configuration Runway configuration; scheduled gate area; 30-min direction-demand
count; 30-min local-density count; taxi start minute of day; min-
utes since runway-configuration change; minutes until runway-
configuration change

0.898

Endpoint: inbound runway
stopbar

Exit speed +1000 m; aircraft class; local density;
exit speed +500 m

Exit speed +1000 m; aircraft class; local density; exit speed +500
m; exit speed at threshold; time of day; exit speed +250 m; airline

0.705

Endpoint: apron boundary Aircraft class; gate area; local density Aircraft class; gate area; local density; runway role; time of day;
weekday; BZO phase; same-apron demand; airline

0.799

Endpoint: outbound runway
stopbar

Aircraft class; SID; BZO phase; time of day; local
density; weekday; runway configuration; airline

Aircraft class; SID; BZO phase; time of day; local density; weekday;
runway configuration

0.743

Speed-profile component Previous-edge speed; aircraft class; apron Previous-edge speed; airline; aircraft class 0.825
Local conflict resolution Relative ETA bin; own direction; resource group;

other direction
Relative ETA; own distance to resource; other distance to resource;
own direction

0.867

The selected feature sets are consistent with the operational meaning of each component. Path choice uses runway
configuration as a compact empirical context, while the CART stage adds gate area, demand, density, timing, and
runway-configuration transition features. Endpoint selection uses target-specific feature sets; apron-boundary targets
share the same feature stack, while runway-stopbar targets require more runway-side and speed-related context. The
speed-profile component uses residual features, and local conflict resolution emphasizes timing, direction, and resource
geometry.

The training-data sensitivity analysis supports the same interpretation. Larger training sets generally reduce fallback
dependence and improve validation performance, but the effect is component-specific. Path choice benefits strongly
from additional data, endpoint-selection fallback shares decrease especially for runway-side targets, and the speed-profile
and local conflict-resolution components already have broad learned support under smaller subsets. Full candidate
feature-set screening, Bayesian optimization traces, and training-data sensitivity diagnostics are provided in Appendix A
(Model Calibration and Tuning).

In summary, the final learned behavioral components are selected through a locked validation-stage process. The
selected configurations are then evaluated once on the held-out test partition in the next subsection.

C. Component-Level Model Performance
Table 5 summarizes the held-out test performance of the final learned behavioral components. The table reports

the primary metric for each component together with probabilistic or uncertainty diagnostics and prediction-source
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diagnostics. Prediction-source shares are essential for interpretation because empirical-stage and CART-stage outputs
provide learned behavioral evidence, while fallback outputs preserve executability without representing learned behavior.

Table 5 Locked held-out component-validation summary. Values are computed from machine-readable figure-support summaries.

Component Target/output type Primary metric Probabilistic or uncertainty diagnos-
tic

Prediction-source diagnos-
tic

Path choice Canonical path family and
graph path

Exact observed path F1 mean 0.926;
canonical weighted F1 mean 0.861

Normalized Brier mean 0.087; ECE
0.010

86.53% empirical; 10.17%
CART; 3.30% fallback

Endpoint selection Inbound runway stopbar; in-
bound apron boundary; out-
bound apron boundary; out-
bound runway stopbar

Weighted F1: 0.696; 0.898; 0.902; 0.766 Normalized Brier mean: 0.196;
0.066; 0.062; 0.140. ECE: 0.012;
0.004; 0.002; 0.016

Fallback share: 1.01%;
0.32%; 0.30%; 6.90%; no
unsupported cases

Speed-profile component Edge-relative speed profiles Mean RMSE 2.279 kt; mean 90th-
percentile absolute error 2.962 kt; mean
bias 0.089 kt

Central-80% interval score 9.340 kt;
coverage 84.21%; coverage gap 4.21
percentage points

91.10% empirical; 8.87%
CART; 0.033% fallback;
0.0002% unsupported

Local conflict resolution Priority and resolution-action
labels

Weighted F1: priority 0.856; resolution
action 0.830; delay MAE 29.7 s

Normalized Brier mean: 0.104 and
0.126; ECE: 0.054 and 0.060

45.62% empirical; 54.38%
CART; no fallback or un-
supported cases

The component-level results show that the learned behavioral components differ in difficulty and support. Path
choice captures most observed path geometry, although non-trivial OD pairs with multiple path candidates remain
harder than single-candidate OD pairs. Endpoint selection is strongest for apron-boundary targets and weaker for rare
runway-stopbar classes. The speed-profile component achieves low aggregate speed error with near-complete learned
residual support. Local conflict resolution recovers the main inferred priority and movement-derived resolution-action
patterns, but remaining errors are concentrated in priority swaps and proceed or slow-down substitutions.

These results support the central claim that trajectory-derived observations can identify selected taxi-movement
behaviors. They also show why prediction-source diagnostics are necessary: predictive performance alone does not
distinguish learned behavior from fallback-based executability. Full target-level plots, non-trivial-case views, confusion
matrices, prediction-source distributions, edge-level speed diagnostics, and component-specific interpretation notes are
provided in Appendix B (Verification and Validation).

D. Integrated Model-Validation Diagnostics
The integrated model-validation results evaluate whether selected component outputs remain coherent when they

are combined in historical-scenario model execution. The integrated setup connects path choice, speed-profile behavior,
local conflict resolution, protected-resource monitoring, same-path following, merge-entry holds, and runway-departure
release. These results are interpreted as component-interoperability and emergent-timing diagnostics, not as operational
deployment validation.

The three scenarios use historical endpoints to isolate the effects of path timing, speed-profile behavior, protected-
resource conflicts, following-and-merge constraints, and runway-departure release. Table 6 summarizes the integrated
model-validation results.

Table 6 Compact integrated model-validation summary. Planning completion is computed from planned and input movement counts in the
machine-readable scenario run summaries.

Historical validation scenario Planning completion Taxi-time / timing-error sum-
mary

Protected-resource / conflict-event
diagnostic

Queueing / runway-departure re-
lease diagnostic

Preferential runway configura-
tion

100% (192/192) Realized mean taxi-time error
+0.30 min; nominal −0.21
min

0.42 model-executed vs. 0.19 his-
torical conflict events/movement;
conflict-pair F1 24.6%

76 compared runway releases;
mean absolute release-time error
1.26 min; mean queue delay 0.55
min

Conflict-rich 100% (142/142) Realized mean taxi-time error
−0.87 min; nominal −1.50
min

0.69 model-executed vs. 1.49 his-
torical conflict events/movement;
conflict-pair F1 18.0%

77 compared runway releases;
mean absolute release-time error
2.45 min; mean queue delay 0.55
min

High runway variability 100% (165/165) Realized mean taxi-time error
+7.67 min; nominal +0.01
min

0.46 model-executed vs. 0.12 his-
torical conflict events/movement;
conflict-pair F1 19.2%

76 compared runway releases;
mean absolute release-time error
1.61 min; mean queue delay 0.55
min

Planning completion is 100% in all three scenarios, which shows that the selected outputs can be combined into
executable graph-based movement plans. The deterministic execution rules have little effect on pointwise speed-profile
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error, but they can strongly affect timing. The preferential runway-configuration scenario changes from a nominal
taxi-time error of −0.21 min to a realized error of +0.30 min. The conflict-rich scenario remains early relative to the
processed historical taxi time, changing from −1.50 min to −0.87 min. The high-runway-variability scenario is the main
timing outlier: its nominal taxi-time error is +0.01 min, while the realized model-execution error increases to +7.67
min. This indicates that the timing deviation is driven by downstream component interactions and release constraints,
not by the nominal speed-profile component alone.

Conflict-pair agreement remains limited across the scenarios. These values should not be interpreted as component-
level local conflict-resolution accuracy. They measure whether integrated model execution produces similar protected-
resource encounters after path choice, speed-profile behavior, following-and-merge constraints, and runway-departure
release effects are combined. Scenario-level motion, conflict-emergence, and runway-departure queueing diagnostics
are provided in Appendix B (Verification and Validation).

Overall, the integrated model-validation diagnostics show that the selected model-execution outputs can be combined
into an executable graph-based sequence. They also show that deterministic execution rules create timing effects that
are not visible in isolated component metrics.

VI. Discussion
The results show that surface-surveillance trajectories can be transformed into a support-aware observed-behavior

baseline for aircraft taxi operations. The framework identifies selected agent behaviors from historical data, evaluates
them at component level, and checks their interoperability through integrated model validation. This section summarizes
the main implications and limitations of the results.

Takeaway 1: Surface-surveillance data can support learned components for selected taxi-operation behaviors
The results show that VEMMIS operational records can be converted into learned behavioral components without

requiring ATC instruction logs. Graph-aligned taxi trajectories, context features, and component-specific input datasets
provide enough structure to estimate endpoint selection, path choice, speed-profile behavior, and local conflict resolution.

This transformation depends on more than data volume. It requires taxiing-scope extraction, graph-constrained map
matching, canonical path-family grouping, and prediction-source diagnostics. The high retention rate, low projection
errors, and broad context coverage show that this is feasible for the taxi scope at Schiphol. Surface-surveillance data can
therefore support structured identification of agent behavior when the raw observations are converted into a common
graph-based representation.

Takeaway 2: Representation quality determines what the learned components can recover
The airport layout graph and path catalog are not neutral preprocessing outputs. They define the spatial and

operational representation on which all learned components depend. When the graph-aligned taxi trajectory is accurate,
the downstream path, speed, endpoint, and conflict labels are meaningful. When the representation is incomplete or
unstable, the learned components inherit that limitation.

Localized reconstruction issues illustrate this dependency. In the P-Holding area, aircraft may move over paved
surface in ways that do not follow the modeled centerlines precisely, which increases point-to-path projection error.
Apron S further shows that a static graph cannot represent temporary construction states unless those states are included
in the data model. These cases show that graph accuracy, endpoint definitions, and layout-state information are not only
reconstruction details; they directly affect behavior identification. Detailed reconstruction and path-catalog diagnostics
are provided in Appendix B (Verification and Validation), and the construction case is analyzed in Appendix C
(Operational Interpretation of Selected Model Configurations).

Takeaway 3: Context features and prediction-source diagnostics are part of the model result
The selected feature sets reflect the operational structure of aircraft taxi operations. Path choice depends on

runway configuration, gate area, demand, density, timing, and runway-configuration transitions. Endpoint selection is
target-specific: apron-boundary targets are strongly tied to gate and apron context, while runway-stopbar targets depend
more on runway-side, aircraft, speed, SID, and operational-state information. Speed-profile behavior depends on aircraft
class, operator, previous-edge speed, and local motion continuity. Local conflict resolution depends mainly on timing,
direction, and protected-resource geometry.
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Prediction-source diagnostics are needed to interpret these results. A component with high predictive performance
but high fallback use provides weaker evidence of learned behavior than a component whose outputs come mainly from
the empirical or CART stages. In the final selected configurations, fallback use is generally low, while the balance
between empirical and CART outputs differs by component. This confirms that prediction-source diagnostics are not
only implementation checks; they describe where the model is supported by observed behavior and where it relies on
fallback-based executability.

Takeaway 4: Component performance follows the operational structure of each target
The component-level results are consistent with the operational difficulty of the targets. Path choice performs well

because many OD pairs have stable and repeated canonical path families. Performance decreases for non-trivial OD
pairs because these cases involve real choices between competing path candidates rather than structurally determined
paths.

Endpoint selection is more heterogeneous. Apron-boundary targets perform better because they are closely tied to
gate and apron area. Runway-stopbar targets are harder because runway exit behavior depends on aircraft-side execution
after landing, while runway entry behavior depends on operational constraints and departure procedures. Some endpoint
errors are therefore better interpreted as missing operational constraints than as random classification errors.

The speed-profile component performs well as a baseline-plus-residual model. The edge-level baseline captures
typical speed behavior, while residual estimates account for context-specific deviations. Local conflict resolution also
captures the main movement-derived priority and resolution-action patterns, but action-label distinction remains harder
than priority recovery. In particular, proceed and slow-down actions can be difficult to separate from trajectory data
alone, and hold-short cases are relatively rare.

Takeaway 5: Integrated model validation reveals coupling effects that component metrics cannot show
Component-level validation evaluates isolated learned outputs. Integrated model validation tests a different question:

whether selected outputs can be combined with deterministic execution rules in a coherent graph-based model execution.
This distinction is important because timing, conflicts, and queues emerge from the interaction between components.

The historical-scenario results show that deterministic execution rules can create timing deviations that are not
visible in isolated speed-profile metrics. The high-runway-variability scenario is the clearest example: nominal timing
remains close to the processed historical taxi time, while realized model-execution timing drifts after following, merge,
and runway-departure release constraints are applied. This indicates that the main timing error is caused by downstream
interactions, not by the nominal speed-profile component alone.

Conflict-pair agreement is also sensitive to integration effects. A small change in path choice, speed profile, release
timing, or following behavior can change whether two aircraft meet at the same protected taxi resource. Low integrated
conflict-pair F1 should therefore not be interpreted as direct failure of the local conflict-resolution component. It shows
that protected-resource encounters are highly sensitive to the coupled timing of the full model execution. Detailed
integrated diagnostics are provided in Appendix B (Verification and Validation).

Limitation 1: Raw operational data cannot be shared
The first limitation is data accessibility. VEMMIS is an internal LVNL database, so the raw operational records

cannot be distributed with the paper. This limits direct external reproducibility from raw data. The paper addresses
this by defining the processing steps, data units, derived data products, model inputs, evaluation design, and aggregate
diagnostics. The resulting methodology can be reproduced on comparable surface-surveillance datasets, but the exact
Schiphol records remain proprietary.

Limitation 2: The modeled taxiing scope is deliberately restricted
The main model focuses on runway-stopbar–apron-boundary aircraft taxi operations. This scope excludes apron-

internal movements, gate-area movements, pushback, de-icing, private-aviation movements, eastern maintenance-area
movements, runway 22/04, and full tower-clearance behavior. These exclusions make the modeling problem tractable
and keep the learned components focused on the main runway–apron taxiing process, but they also limit the operational
completeness of the model.

The apron-area case study in Appendix F (Methodology Transfer to Apron-area Taxi Movements) shows that parts
of the methodology can transfer to more complex surface areas, but not without adaptation. Apron movements require
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different phase extraction, boundary logic, and graph-alignment assumptions. The main paper should therefore be
interpreted as a model for aircraft taxi operations within the defined taxiing scope, not as a complete model of all airside
surface movement.

Limitation 3: Static graph representation misses temporary layout states
The airport layout graph provides the common spatial reference for reconstruction, path catalogs, speed profiles, and

conflict-event extraction. However, it is static. It cannot fully represent temporary layout changes, construction closures,
or local paved-surface behavior that does not follow the modeled centerlines.

The construction case in Appendix C (Operational Interpretation of Selected Model Configurations) illustrates
this limitation. When temporary construction changes the available taxiway corridors, a model trained without
construction-state context may assign probability to path candidates that were historically avoided or unavailable during
that period. This shows that future versions should include time-dependent layout states or construction-context features
when such information is available.

Limitation 4: Missing operational rules can appear as prediction errors
Some prediction errors reflect missing operational constraints rather than weak statistical learning. For example,

endpoint-selection and path-choice errors may arise when runway-specific restrictions, temporary procedures, sector
practices, or local availability rules are not encoded as context features. The model can only infer these effects indirectly
from the available historical observations.

Appendix E (Operational Constraints and Availability Rules) shows that known operational rules can explain some
apparently anomalous path or endpoint outputs. This suggests that a stronger model should combine trajectory-derived
learning with explicit operational-rule information where such rules are known and active. The learned components
should therefore be viewed as an observed-behavior baseline, not as a complete representation of all operational
procedures.

Limitation 5: Local conflict labels are movement-derived, not observed commands
The local conflict-resolution component uses labels inferred from trajectory behavior and free-motion counterfactuals.

These labels are useful for reproducing movement-derived interaction patterns, but they do not reveal actual controller
intent. A slow-down or hold-short label indicates how the observed movement differed from its free-motion counterfactual;
it is not an observed ATC instruction.

The protected-resource definition is also incomplete. It includes protected nodes, apron-boundary resources, merge
resources, and reviewed geometric crossings, but close non-intersecting edges can still represent operationally relevant
proximity. Future work should improve protected-resource definitions and, where possible, compare movement-derived
labels with operational logs or expert-reviewed interaction cases.

Limitation 6: Deterministic execution rules simplify integrated model behavior
The following-and-merge guard and runway-departure release rule preserve safe and executable model execution,

but they are simplified deterministic rules. They do not represent the full range of controller decisions, pilot behavior,
runway sequencing logic, or tactical local adjustments. Their role is to make integrated model execution feasible and
interpretable, not to provide learned evidence of those behaviors.

The integrated model-validation results reveal this limitation. Deterministic execution rules can induce timing
drift, especially in scenarios with high runway variability or strong queueing interactions. These deviations are useful
diagnostics because they show where the current integrated model requires refinement. They also clarify the boundary
of the contribution: the paper validates component interoperability and emergent model behavior, but it does not claim
operational deployment validity.

VII. Conclusion
This paper developed and evaluated a data-driven MAS model for observed aircraft taxi operations at Amsterdam

Airport Schiphol. The objective was to construct a reproducible, graph-based, and support-aware observed-behavior
baseline from surface-surveillance data. The framework separates the historical data-processing pipeline from the
executed MAS model: VEMMIS operational records are used to infer behavior rules, while the MAS model organizes
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the learned behavioral components and deterministic execution rules during integrated model validation.
The results show that historical surveillance records can be transformed into a large graph-aligned taxi dataset for

the taxiing scope. The final dataset contains 883,771 graph-aligned taxi trajectories. Map matching provides a shared
airport-layout-graph representation, and canonical path-family grouping reduces exact-observed-path sparsity while
preserving the main path candidates needed for path choice.

The held-out component results show that trajectory-derived observations can support learned behavioral components
for selected taxi-operation behaviors. Path choice captures most observed path geometry, with a mean edge-weighted path
F1 of 0.926. Endpoint selection performs best for apron-boundary targets and remains more difficult for runway-stopbar
targets. The speed-profile component achieves a mean RMSE of 2.28 kt with near-complete empirical or CART residual
support. Local conflict resolution recovers the main movement-derived priority and resolution-action patterns, while
remaining limited by labels inferred from trajectory behavior rather than observed ATC instructions.

Prediction-source diagnostics are essential for interpreting these results. High predictive performance is stronger
evidence of learned behavior when outputs come from empirical or CART stages than when they depend on fallback
rules. The selected components generally show low fallback use, but the balance between empirical and CART support
differs by target. This confirms that the framework identifies not only what the model predicts, but also where those
predictions are supported by historical observations.

Integrated model validation shows that selected component outputs can be combined into executable graph-based
historical-scenario model executions. Planning completion reaches 100% in the three representative scenarios. The
integrated diagnostics also show that deterministic execution rules can create timing effects that isolated component
metrics do not reveal. In the high-runway-variability scenario, the realized mean taxi-time error increases to +7.67 min
despite near-zero nominal timing error, showing that downstream interactions and release constraints are important
sources of emergent model behavior.

The main limitations are the proprietary nature of VEMMIS, the restricted runway-stopbar–apron-boundary scope,
the use of a static airport layout graph, missing operational-rule and construction-state context, movement-derived
conflict labels, and simplified deterministic execution rules. Future work should add time-dependent layout states, encode
known operational constraints, refine protected-resource and conflict-label definitions, and improve the deterministic
execution rules for following, merging, queueing, and runway-departure release. These extensions would strengthen the
framework as a reusable observed-behavior baseline for airport-surface analysis, decision-support evaluation, and future
MAS-based studies.
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3
Literature Review

3.1. Airport Surface Movement Operations and Observed-behavior
Modeling

This section positions aircraft taxi operations within airport surface movement operations (ASM Ops). It
explains why observed taxi behavior should be treated as part of a coupled operational system rather
than as an isolated movement problem. It also explains why this thesis requires a data-driven observed-
behavior baseline instead of only an optimization model. The section ends by identifying the behavioral
components that structure the rest of the literature review: path choice, endpoint selection, speed-profile
behavior, local conflict resolution, deterministic execution rules, and support-aware validation.

3.1.1. ASM Ops as a Coupled Operational System
ASM Ops combine aircraft movement, airport infrastructure, runway configuration, controller decisions,
flight-crew execution, local procedures, surveillance systems, and shared surface resources. This makes
aircraft taxi operations a system-level phenomenon. A taxi movement is not only a path between two
points on the airport layout. It is also the result of runway use, apron access, traffic interactions, local
procedures, and tactical decisions made under safety constraints.

The A-SMGCS concept reflects this system view by organizing surfacemovement through surveillance,
routing, guidance, and airport safety-support functions. The ICAO manual presents A-SMGCS as a way
to support safe and efficient movement under varying visibility, traffic, and airport-complexity conditions
[1]. EUROCONTROL’s specification also separates A-SMGCS into interacting service layers rather than
treating surveillance, routing, and safety support as independent functions [2]. This layered view is useful
for this thesis because the learned components also separate observed behavior into functional parts
while keeping them connected through a common graph and operational context.

Holistic airport-surface modeling treats surface operations as coupled movement, control, and infras-
tructure processes. Wilke et al. argue that airport surface performance depends on interactions between
infrastructure, traffic flows, control decisions, and operational constraints [3]. This perspective supports
the thesis framing: observed taxi behavior should not be reduced to isolated taxi-time values or shortest
paths. It should be reconstructed as a set of context-dependent behaviors embedded in the airport-surface
system.

The coupled nature of ASM Ops is visible in taxi-time and congestion studies. Idris et al. show that
taxi-out time is strongly related to runway queueing and departure demand [4]. Simaiakis et al. show
that surface congestion affects taxi time and emissions because aircraft spend more time moving slowly,
stopping, or waiting with engines running [5]. Clewlow et al. show that arrival operations can affect
departure taxi behavior because arrivals consume runway or crossing capacity and change the conditions
encountered by departures [6]. Together, these studies support the need to model taxi behavior as context-
dependent and interactive.

For this thesis, the important implication is that observed taxi trajectories encode operational decisions
and constraints. They show how the surface system repeatedly absorbs demand, uses runway and apron
access, resolves local interactions, and adapts to recurring contexts. The trajectories do not reveal the
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internal reasoning of controllers or pilots directly. They do, however, provide observable evidence from
which selected behaviors can be inferred.

3.1.2. Modeled Taxiing Scope
This thesis focuses on aircraft taxi operations within a runway-stopbar–apron-boundary scope. Inbound
taxi movements run from runway stopbar to apron boundary after landing. Outbound taxi movements
run from apron boundary to runway stopbar before departure. This scope captures the taxiway-system
portion of the operation, where path choice, endpoint selection, speed-profile behavior, and local conflict
resolution are strongly expressed.

The scope deliberately excludes apron-internal movement, gate-area maneuvering, pushback, de-
icing, private-aviation movements, eastern maintenance-area movements, and the full runway-clearance
process. These exclusions are not claims that the omitted processes are unimportant. They define a
tractable behavioral layer where surface-surveillance trajectories and operational records can support
data-driven behavior identification.

This scope also separates the model from a complete airport-surface simulator. The thesis does not
claim tomodel every operational decision from gate to runway or runway to gate. It constructs an observed-
behavior baseline for the main runway-stopbar–apron-boundary taxiing process. This distinction is impor-
tant because it keeps the learned behavioral components tied to observable trajectory evidence.

3.1.3. Optimization Models and Observed-behavior Baselines
Many airport-surface studies formulate taxi operations as optimization problems. These models specify
objectives such as minimizing delay, taxi time, fuel burn, queueing, or conflicts subject to operational
constraints. Marin presents airport taxi planning as a management problem in which ground movements
must be planned over constrained surface infrastructure [7]. Clare and Richards combine taxiway routing
with runway scheduling and show that routing and runway sequencing decisions are interdependent [8].
Bertsimas and Frankovich represent airport operations as a networked traffic-flow optimization problem
across interacting airport resources [9]. Ravizza et al. combine empirical taxi-time estimation with a
structured ground-movement model, which illustrates the value of linking data-driven time prediction with
explicit surface-movement structure [10].

These optimization studies are important because they show that airport surface movement is con-
strained, networked, and operationally consequential. They also show why a baseline of current behavior
matters. A prescriptive model can recommend paths, sequences, or release decisions that differ from
observed operations. To interpret such differences, researchers need a clear reference for what the op-
eration usually does under comparable conditions.

An optimization model and an observed-behavior baseline therefore answer different questions. Op-
timization asks what the operation should do under a stated objective and constraint set. An observed-
behavior baseline asks what the operation tends to do in the historical data. The baseline is not a substi-
tute for optimization. It is an empirical reference that later optimization, decision-support, or automation
studies can compare against.

Without an empirical baseline, studies often rely on ad hoc assumptions. These assumptions may
include shortest-path routing, fixed taxi speeds, simplified runway queues, or generic separation rules.
Such assumptions are useful for abstraction, but they can distort comparisons if they do not resemble
the airport’s actual operating patterns. A data-driven baseline can reduce this problem by representing
path choice, endpoint selection, speed-profile behavior, and local conflict resolution from historical obser-
vations.

3.1.4. MAS Modeling for Observed Taxi Behavior
The multi-agent system paradigm is useful when system-level behavior emerges from interactions among
autonomous or semi-autonomous entities. Macal and North present agent-based modeling as a paradigm
for systems in which aggregate behavior arises from interactions between agents and their environment
[11]. In ASMOps, this is directly relevant because taxi behavior emerges from aircraft execution, controller
decisions, infrastructure constraints, runway configuration, and shared taxi resources.

The PhD thesis by von der Burg develops MAS models for airport surface movement operations and
provides a structured way to organize surface operations through interacting operational roles [12]. That
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work focuses on models, methods, and tools for next-generation concepts of operations. This thesis uses
the same broad MAS motivation but applies it to a different purpose: identifying an observed-behavior
baseline from historical surveillance data.

The MAS framing is valuable here because it separates functional behaviors. The Ground Control
Agent can be associated with endpoint selection, path choice, and local conflict resolution. The Aircraft
Operator Agent can be associated with speed-profile behavior and aircraft-side execution. The Runway
Control Agent can be represented through a deterministic runway-departure release rule. These are
modeling abstractions. They do not imply that actual controller or pilot commands are observed in the
data.

This separation helps preserve an important evidential boundary. Learned behavioral components
estimate relationships between observed environment conditions and trajectory-derived outputs. Deter-
ministic execution rules preserve safe and executable model execution. Treating these as different model
elements prevents deterministic safeguards from being misinterpreted as learned behavior.

3.1.5. Reusable Research Infrastructure
Reusable research infrastructure improves comparability across studies. BlueSky illustrates this principle
in air traffic management by providing open tools for simulation and reproducible experimentation [13].
Mesa plays a similar role for agent-based modeling by providing a reusable Python framework for build-
ing and analyzing agent-based models [14]. AMELIA is closer to the airport-surface domain because it
provides a dataset and benchmark for airport surface movement forecasting [15].

These examples do not provide the observed-behavior baseline developed in this thesis. They do,
however, support the broader idea that common data products, common definitions, and reusable model
structures improve research quality. This thesis follows that principle by transforming proprietary oper-
ational records into reusable derived objects: taxi trajectories, graph-aligned taxi trajectories, exact ob-
served paths, canonical path families, context features, component observations, and prediction-source
diagnostics.

The reusable object is therefore not the raw VEMMIS database. The reusable object is the method
for producing structured behavioral evidence from surveillance and operational records. This matters be-
cause the raw records cannot be shared publicly. The thesis must therefore provide reproducibility through
definitions, processing logic, aggregate evidence, validation diagnostics, and appendix-level support.

3.1.6. Component-based Behavioral Representation
A monolithic taxi-behavior model would be difficult to interpret. It would also mix different operational func-
tions that depend on different data and context. Path choice, endpoint selection, speed-profile behavior,
and local conflict resolution are not the same prediction problem. They use different target variables, have
different support structures, and respond to different operational contexts.

A component-based representation allows each behavior to be identified and validated separately.
Path choice uses canonical path families as path candidates. Endpoint selection estimates runway-
stopbar and apron-boundary targets. Speed-profile behavior estimates residual speed profiles around
edge-level baselines. Local conflict resolution estimates movement-derived priority and resolution-action
labels for pairwise protected-resource encounters.

This component structure also improves diagnosis. A path-choice error can be related to OD structure,
runway configuration, or path-candidate support. An endpoint-selection error can be related to runway-
side availability or apron-side geography. A speed-profile error can be localized to a directed edge, local
motion state, or aircraft class. A local conflict-resolution error can be related to near-tie timing or protected-
resource geometry. The literature review therefore proceeds from data reconstruction to component-
specific model identification and finally to validation.

3.2. Surface-surveillance Data and Taxi-trajectory Extraction
Surface-surveillance trajectories are the empirical basis of the observed-behavior baseline. They are
also imperfect, proprietary, and not directly usable as learned-component inputs. This section reviews
surveillance sources, track-quality challenges, taxiing-scope extraction, filtering, context joining, and re-
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producibility constraints. The goal is to show why a substantial data-processing layer is required before
model identification.

3.2.1. Operational Surface-surveillance Sources
Airport surface surveillance can be provided by surface movement radar, multilateration, ADS-B, ASDE-
X-type systems, and A-SMGCS data fusion. These sources provide time-stamped observations of aircraft
positions and sometimes motion attributes. FAA documentation on ASDE-X illustrates how surveillance
fusion can support surface awareness at complex airports [16]. Bloem et al. discuss airport surveillance
fusion for surface state estimation, which shows why multiple data sources may be combined for oper-
ational awareness [17]. Pledgie et al. also emphasize the need to infer surface state from imperfect
observations rather than assuming that raw surveillance tracks are complete [18].

Public ADS-B data sources have enabled many air-traffic studies, but their use near the ground re-
quires caution. Strohmeier et al. describe the OpenSky Network as a large open aviation dataset that
supports reproducible research at scale [19]. Schafer et al. analyze OpenSky data quality and show that
coverage and integrity issues must be considered before using ADS-B trajectories for detailed operational
inference [20]. This distinction matters for airport-surface modeling because small spatial or temporal er-
rors can change the inferred graph edge.

VEMMIS provides the Schiphol operational records used in this thesis. It includes flight-level informa-
tion, schedule records, and surface-surveillance trajectories. Because the raw database is proprietary,
the thesis cannot make raw records the reproducibility mechanism. It must instead define the data units,
processing steps, derived products, and validation diagnostics used to support the observed-behavior
baseline.

3.2.2. Raw Track-quality Challenges
Surface-surveillance trajectories may contain noise, uneven sampling, missing points, false jumps, du-
plicated fragments, identity interruptions, or inconsistent speed and heading attributes. These problems
are not only data-cleaning nuisances. They directly affect graph reconstruction, path catalog construction,
speed-profile estimation, and conflict-event extraction.

Tran et al. report that A-SMGCS trajectories require airport-specific map matching because dense
taxiway layouts and noisy surveillance data make simple geometric projection insufficient [21]. Olive
and Basora discuss trajectory-event extraction and show that operational trajectory analysis depends
on identifying meaningful movement phases from raw aircraft data [22]. Olive’s ADS-B preprocessing
work shows that trajectory quality improves only after plausibility filtering and careful treatment of missing
or inconsistent motion attributes [23]. These studies support the thesis choice to treat taxi-trajectory
extraction as a methodological step rather than as a trivial data import.

The airport-surface setting makes these issues especially sensitive. Taxiway edges can be close to-
gether. Apron and holding areas can be wide. Aircraft may deviate from modeled centerlines without
violating operational practice. A small position error can therefore imply a different directed edge, a dif-
ferent exact observed path, or a different protected-resource encounter. The data-processing pipeline
must preserve useful movement evidence while excluding trajectories that are physically inconsistent or
unsuitable for graph reconstruction.

3.2.3. Taxiing-scope Extraction
Taxiing-scope extraction converts broad surface-surveillance records into taxi trajectories within the
runway-stopbar–apron-boundary scope. This step identifies the movement direction, runway stopbar,
apron boundary, start time, end time, and retained trajectory points. It is necessary because raw surveil-
lance records may include approach detections, runway occupancy, apron-internal movement, gate-area
maneuvering, or fragmented tracks outside the modeled scope.

Mirmohammadsadeghi and colleagues show that taxi-event extraction can be treated as a problem
of detecting operationally meaningful movement phases from surveillance data [24]. Schultz et al. em-
phasize that airport operational milestones can be inferred from data only when the relevant movement
phases and operational events are defined clearly [25]. These contributions support the thesis distinc-
tion between raw surveillance records, taxi trajectories, graph-aligned taxi trajectories, and component
observations.
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This scope extraction is also important for validation. If the taxiing-scope interval is too long, the model
may learn behavior from gate-area or runway-clearance processes that are outside its stated scope. If
the interval is too short, it may miss endpoint behavior or local interactions near boundaries. A clear
taxiing-scope definition therefore protects the interpretation of every learned component.

3.2.4. Filtering, Smoothing, and Conditioning
Filtering and conditioning prepare raw trajectory points for reconstruction. Typical steps include removing
impossible jumps, checking speed plausibility, smoothing noisy position or speed signals, joining compat-
ible fragments, and excluding incomplete records. These steps must be conservative enough to remove
corrupt data but not so aggressive that they erase operationally meaningful behavior such as stops, holds,
or slow movement.

Bloem and Churchill describe methods for filtering airport surface movement trajectories and show
that data conditioning is necessary before airport-surface analysis [26]. Olive’s surface-filtering work also
supports the need for robust trajectory cleaning before extracting behavior from surface data [27]. These
studies justify the thesis emphasis on data-retention diagnostics and reconstruction-quality checks.

Filtering is not independent of the modeling objective. A taxi-time model may tolerate small spatial
errors if timing remains accurate. A graph-path model may be more sensitive to spatial errors near inter-
sections. A speed-profile component must preserve speed variation, stops, and acceleration patterns. A
conflict-resolution component must preserve local timing near protected resources. The preprocessing
design must therefore be linked to the downstream behavioral components.

3.2.5. Operational Context Joining
A taxi trajectory alone does not contain all information needed for behavior identification. It must be
linked to flight records, schedule records, runway configuration, aircraft class, operator, SID, gate or apron
information, traffic density, and operating state. These context variables explain why similar paths may
be used differently under different conditions. They also help prevent the model from treating all taxi
movements between the same endpoints as interchangeable.

Taxi-time prediction studies repeatedly show that operational context matters. Vargo et al. use
machine-learning methods for airport taxi-time prediction and demonstrate that contextual features can
improve prediction beyond simple distance or time-of-day assumptions [28]. Wang et al. analyze taxi-time
features and show that operational variables contribute to surface-movement prediction quality [29]. Yin
et al. review taxi-time prediction and emphasize that runway use, traffic demand, weather, and aircraft
characteristics influence airport surface outcomes [30].

For this thesis, context joining is not only a predictive feature-engineering step. It defines the conditions
under which observed behavior is interpreted. A path-choice observation consists of a path candidate
and the operational context in which that path was used. A speed-profile observation consists of an
edge-relative speed profile and the motion and aircraft context around it. A conflict-resolution observation
consists of a pairwise encounter and the timing, direction, and protected-resource context that describe
it.

3.2.6. Reproducibility with Proprietary Data
Proprietary surveillance data create a reproducibility challenge. Other researchers cannot reproduce
the exact processing pipeline from raw VEMMIS records if those records cannot be shared. The thesis
must therefore rely on transparent data definitions, processing logic, aggregate diagnostics, and derived
evidence rather than raw-data release.

The FAIR data and reproducible research literature supports this distinction. The Research Data Al-
liance emphasizes that reproducibility depends on clear metadata, provenance, workflow documentation,
and access conditions, not only on open raw data [31]. Mitchell et al. discuss the need to track data prove-
nance and processing lineage so that users can understand how derived data products were produced
[32]. Spinielli et al. show that reproducibility in air navigation service research can require sharing meth-
ods, aggregate data products, and evaluation artifacts when operational data cannot be fully released
[33].

This thesis follows that logic. It defines taxi trajectories, graph-aligned taxi trajectories, exact observed
paths, canonical path families, component observations, prediction-source diagnostics, and validation
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metrics. It also reports reconstruction-quality diagnostics and appendix-level evidence. These elements
cannot replace raw-data release completely, but they make the scientific claims inspectable and transfer-
able.

3.3. Airport Layout Graphs and Graph-constrained Reconstruction
Graph-constrained reconstruction is the bridge between raw surveillance trajectories and learned taxi-
operation behavior. This section reviews airport layout graphs, map-matching method families, airport-
specific reconstruction challenges, endpoint-constrained path reconstruction, and quality diagnostics. The
section establishes why the thesis uses graph-aligned taxi trajectories as the core reconstructed data
product.

3.3.1. Airport Layout Graphs as Spatial Reference
The airport layout graph provides the common spatial reference for path choice, endpoint selection, speed-
profile behavior, and local conflict resolution. Nodes represent operational locations such as taxiway
junctions, runway stopbars, apron boundaries, or holding locations. Directed edges represent traversable
centerline elements with allowed travel direction and layout-derived attributes.

Graph-based representations are common in airport-surface planning because they provide a compact
way to represent feasible movement over taxiway and runway infrastructure. He et al. use graph-search
methods for airport taxiway path finding, which illustrates how graph topology supports routing and path
construction [34]. Pant et al. use safety-aware taxi planning on graph-like airport infrastructure, which
shows the continued relevance of graph representations for airport surface movement [35]. Butler et al.
combine airport taxi planning with control barrier functions and motion-planning constraints, which further
illustrates how graph and trajectory representations can be linked [36].

For this thesis, the graph is not only a routing object. It is also the coordinate system for behavior
identification. Exact observed paths are directed-edge sequences. Path candidates are canonical path
families within OD pairs. Edge-relative speed profiles are defined on directed edges. Protected-resource
encounters are derived from graph nodes, merge locations, apron boundaries, and geometric crossings.
The graph therefore connects the data-processing and model-identification layers.

3.3.2. Map-matching Method Families
Map matching projects noisy trajectory observations onto a graph. Quddus et al. review map-matching
algorithms and distinguish geometric, topological, probabilistic, and advanced methods [37]. Quddus et al.
also discuss map-matching integrity and show that quality assessment is necessary when map-matched
outputs are used for downstream applications [38]. These reviews are important because they show
that map matching is not a single technique but a family of methods that combine observation geometry,
network topology, and plausibility constraints.

Hidden Markov map matching treats the true path as a latent state sequence and uses probabilistic
emissions and transitions to infer themost likely route. Newson and Krummpresent this approach for noisy
and sparse GPS trajectories [39]. Spatio-temporal map matching adds timing and speed consistency to
path reconstruction, which is useful when data are sparse or when geometric proximity alone is ambiguous
[40]. These methods show why topology and temporal evidence can improve reconstruction beyond
nearest-edge projection.

Airport-specific map matching adapts these principles to dense taxiway networks and surface-
surveillance data. Tran et al. develop A-SMGCS map-matching methods for airport ground trajectories
and show that airport-specific constraints are needed [21]. Wang et al. also show that graph-constrained
reconstruction is relevant for airport surface trajectories and that airport-specific geometry and topology
must be considered [41]. Gao et al. use semantic airport-surface trajectory interpretation, which supports
the broader idea that graph alignment enables higher-level operational understanding [42].

3.3.3. Airport-surface Reconstruction Challenges
Airport-surface map matching differs from road-network map matching. Taxiway centerlines can be close
together. Intersections are dense. Aircraft may move across wide paved areas in ways that do not exactly
follow modeled centerlines. Local operating practices can also cause deviations from the nominal graph
representation. These features make nearest-edge projection unreliable in isolation.
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The graph candidate with the smallest distance to a trajectory point may not be operationally correct.
A nearby edge may have the wrong travel direction. A geometrically plausible edge may not connect
to the inferred endpoint. A short gap in surveillance data may hide an intersection traversal that must
be recovered through topology. These conditions require map matching to combine spatial evidence,
direction, connectivity, endpoint consistency, and quality diagnostics.

This challenge links map matching to the rest of the thesis. If a graph-aligned taxi trajectory is wrong,
the exact observed path is wrong. If the exact observed path is wrong, canonical path-family grouping
and path-choice labels can be wrong. If projected positions are wrong, edge-relative speed profiles and
protected-resource encounters can be wrong. Reconstruction quality is therefore not a preprocessing
detail. It is a validity requirement for the observed-behavior baseline.

3.3.4. Candidate Generation, Scoring, and Connectivity Recovery
Graph-constrained map matching usually starts by generating candidate directed edges near each trajec-
tory point. Candidate-edge scoring then combines spatial proximity, motion direction, and graph plausibil-
ity. In airport-surface data, candidate scoring must also respect airport layout features such as stopbars,
runway-side boundaries, apron-side boundaries, and one-way graph elements.

Connectivity recovery is needed when trajectory evidence is incomplete. Surveillance gaps or sparse
sampling can create missing edge evidence between otherwise plausible candidate edges. A graph
search can recover a short topological connection when the recovered path is consistent with endpoints
and projection diagnostics. This recovery should be interpreted as reconstruction support rather than as
a behavioral route-choice assumption.

The distinction between reconstruction recovery and behavior modeling is important. Connectivity re-
covery creates a topologically valid graph-aligned taxi trajectory from incomplete observations. It does
not claim that a controller selected a shortest path. The behavioral interpretation begins only after the
graph-aligned taxi trajectory is validated and grouped into exact observed paths and canonical path fami-
lies.

3.3.5. Endpoint-constrained Path Reconstruction
Endpoint constraints reduce ambiguity in dense airport layouts. For inbound movements, the recon-
structed path must connect a runway stopbar to an apron boundary. For outbound movements, it must
connect an apron boundary to a runway stopbar. These constraints are operationally meaningful because
they define the modeled taxiing scope.

Endpoint-constrained reconstruction also links preprocessing to component modeling. The runway
stopbar and apron boundary become part of the OD pair. They also become targets for endpoint selection.
The reconstructed path becomes the exact observed path. The projected trajectory points become the
basis for path progress, edge-relative progress, speed-profile behavior, and conflict-event extraction.

This means that endpoint inference, map matching, and component input construction cannot be
treated as isolated tasks. A reconstruction error at the endpoint can change the OD pair, the path-choice
set, and the component observation. This is why endpoint consistency is part of the reconstruction-quality
diagnostics.

3.3.6. Quality Diagnostics and Exclusion
Map-matching quality must be evaluated before graph-aligned trajectories are used for behavior identifi-
cation. Relevant diagnostics include point-to-path projection error, edge support, edge-relative coverage,
endpoint consistency, topology validity, and movement-level 95th-percentile projection error. These diag-
nostics identify both aggregate reconstruction quality and local representation problems.

High-error exclusions protect downstream learning. A corrupted trajectory can create false exact ob-
served paths. It can also create incorrect endpoint labels, unrealistic speed profiles, or false protected-
resource encounters. Exclusion is therefore part of data validity. It should not be interpreted as a failure
of the learned behavioral components.

Localized reconstruction problems are still informative. They may indicate surveillance gaps, static-
graph limitations, construction-state mismatches, or wide paved areas where aircraft do not follow the
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graph centerline. Appendix-level reconstruction diagnostics are useful because they show whether prob-
lems are global or local. This supports the thesis distinction between generally reliable graph alignment
and localized representation limits.

3.3.7. Exact Observed Paths
The direct path output of map matching is the exact observed path. It is the ordered directed-edge se-
quence obtained from one graph-aligned taxi trajectory. Exact observed paths preserve reconstruction
detail and support traceability from the learned path-choice labels back to individual taxi movements.

Exact observed paths are necessary for evaluation. They allow edge-weighted overlap metrics to
compare predicted and observed graph paths. They also allow path length, path progress, and edge-
relative speed profiles to be assembled consistently. However, exact observed paths are too detailed to
serve directly as path-choice classes in all cases. Minor local deviations or reconstruction differences can
create many rare exact paths. This motivates the path-catalog step reviewed next.

3.4. Path Candidates, Canonical Path Families, andOperational Con-
text

This section reviews the literature and modeling logic behind path candidates. It distinguishes feasible
paths, shortest paths, exact observed paths, and canonical path families. It then explains why operational
context is required to interpret path behavior.

3.4.1. Feasible Paths, Shortest Paths, and Observed Paths
A directed airport layout graph can contain many feasible paths between a runway stopbar and an apron
boundary. A shortest path is the path that minimizes a chosen graph cost, such as distance or nominal
travel time. An exact observed path is the reconstructed directed-edge sequence followed by one ob-
served taxi movement. A path candidate is a supported option used by the path-choice component within
an OD pair.

These categories must remain separate. Feasible paths describe physical possibility. Shortest paths
describe graph-search output under a chosen objective. Exact observed paths describe empirical ev-
idence. Canonical path families describe the alternatives used for behavior modeling. Treating these
objects as equivalent would incorrectly replace observed operational behavior with graph optimality.

Graph search still has a role. The A* algorithm is a classical method for graph search and provides
a practical way to construct executable fallback paths when observed support is unavailable [43]. In this
thesis, A* fallback paths preserve executability. They are not interpreted as learned Ground Control Agent
path choices.

3.4.2. Alternative-set Generation in Choice Modeling
Choice modeling requires a set of alternatives. Train explains that discrete choice models estimate prob-
abilities over alternatives available to the decision maker [44]. Prato reviews route-choice set generation
and shows that the definition of alternatives strongly affects route-choice modeling [45]. These principles
apply directly to airport taxi path choice because the model can only assign probability to path candidates
that have been defined.

The candidate set must avoid two errors. If relevant observed paths are omitted, the model cannot
recover historical behavior. If toomany irrelevant or near-duplicate paths are included, themodel becomes
sparse and difficult to interpret. The path catalog must therefore balance coverage and parsimony.

Route-choice literature also shows that candidate alternatives are not purely geometric objects. Yao et
al. discuss route-choice set generation and show that candidate sets must represent plausible alternatives
rather than every possible graph path [46]. Zhao et al. use inverse reinforcement learning for route
choice, which illustrates another way to infer route preferences from observed trajectories [47]. These
studies reinforce the idea that candidate paths must be grounded in observed behavior and operational
plausibility.
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3.4.3. Airport Taxi Routes as Operational Constructs
Airport taxi routes are operational constructs. They depend on airport layout, runway configuration, lo-
cal procedures, traffic demand, and controller practice. EUROCONTROL’s taxi-route concept supports
route-management analysis and surface-routing applications in A-SMGCS contexts [48]. This source
contributes a domain-specific view of taxi routes as operationally managed surface-movement structures.

Taxi-time prediction literature also supports the need for operational context. Yin et al. review taxi-time
prediction and identify runway use, aircraft characteristics, traffic conditions, and weather as important
factors [30]. This review does not define path candidates, but it reinforces the broader point that surface
behavior depends on operational state.

For this thesis, path candidates are defined within OD pairs. The OD pair fixes movement direction,
runway stopbar, and apron boundary. Within that OD pair, several canonical path families may remain.
The selected path candidate can then depend on runway configuration, gate area, demand, density, time
of day, and runway-transition timing.

3.4.4. Exact-path Proliferation and Sparsity
Exact observed paths can proliferate because of small graph-alignment differences, local tactical devia-
tions, missing surveillance points, or graph granularity. Tran et al. show that airport trajectory reconstruc-
tion can be sensitive to dense taxiway topology and surveillance noise [21]. Wang et al. also emphasize
that airport-surface map matching must handle dense graph structure and operational constraints [41].
Schlosser et al. show that ground trajectories require careful processing before they can support higher-
level analysis [49].

This proliferation creates sparsity when exact paths are used directly as labels. Minor edge differences
can split one operational path into several rare classes. At the same time, important branches, runway
crossings, or apron-side approaches must not be merged away. A path catalog must therefore reduce
noise while preserving operationally meaningful path candidates.

3.4.5. Canonical Path Families
Canonical path families group similar exact observed paths within an OD pair. They reduce sparsity by
representing repeated path structures rather than every minor reconstruction variant. Bian et al. review
trajectory clustering and show that clustering results depend strongly on the chosen similarity represen-
tation [50]. Hu et al. discuss trajectory similarity and reinforce that movement-sequence grouping should
preserve the structure relevant to the downstream task [51]. These references support the thesis choice
to use graph-sequence similarity rather than only geometric proximity.

For airport taxi paths, similarity must preserve directed-edge sequence structure. Two paths that share
most edges but diverge at an operationally important branch may represent different path candidates.
Two paths that differ only by a minor reconstruction detail may represent the same operational path. The
grouping rule must therefore be interpretable, traceable, and conservative around important branches.

Canonical path families provide this compromise. They reduce exact-path sparsity while preserving
traceability to graph-aligned taxi trajectories. They also allow the path-choice component to estimate
distributions over operationally meaningful path candidates rather than over every exact path variant.

3.4.6. OD Pairs, OD Groups, and Rare Paths
OD pairs define the primary conditioning structure for path choice. A specific OD pair is defined by move-
ment direction, runway stopbar, and apron boundary. This level of detail is necessary because path
options depend strongly on both runway-side and apron-side endpoints.

OD groups are coarser runway–apron groupings used for aggregated diagnostics. They are useful
when exact OD pairs become sparse or when results need to be interpreted at a higher spatial level. The
distinction between OD pairs and OD groups helps balance detailed modeling and readable diagnostics.

Rare paths create a specific challenge. They may represent real but infrequent operational choices.
They may also be artifacts of reconstruction noise or incomplete surveillance. Treating all rare exact
paths as separate path candidates would increase sparsity. Merging them blindly would hide unusual but
meaningful behavior. The thesis therefore keeps rare exact paths traceable while using support criteria
to decide whether they become separate path candidates.
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3.4.7. Operational Context for Path Candidates
Operational context is required because the same OD pair can exhibit different path behavior under dif-
ferent conditions. Runway configuration changes the active runway-side structure. Gate area changes
apron-side access. Demand and density change surface-traffic pressure. Time of day reflects recurring
schedule and operating patterns. Runway-configuration transition timing captures periods when path use
may change around operational transitions.

This context dependence is central to the observed-behavior baseline. The path-choice component
does not only learn which path candidates exist. It learns how their probabilities vary with operational
context and support. This creates a bridge between graph reconstruction and data-driven behavioral
model identification.

3.5. Data-driven Behavioral Model Identification
This section reviews the model-identification logic used by the learned behavioral components. It dis-
cusses empirical distributions, support and sparsity, CART estimators, alternatives to CART, probabilistic
reliability, fallback rules, prediction-source diagnostics, and model-selection discipline. The goal is to
show why the thesis uses a support-aware empirical–CART–fallback procedure.

3.5.1. From Context-enriched Records to Learned Behavior
A learned behavioral component estimates a relationship between context features and a trajectory-
derived output. The output can be a class label, such as endpoint target, path candidate, priority label,
or resolution-action label. The output can also be a continuous residual profile, as in the speed-profile
component. In both cases, the model uses historical observations to estimate how behavior varies with
context.

This framing is different from directly observing agent intention. The VEMMIS records do not contain
complete controller instruction logs or pilot decision states. The model therefore treats agent behavior as
a black box. Observed environment conditions are associated with trajectory-derived actions, labels, or
profiles. This is appropriate for an observed-behavior baseline, but it requires careful wording: the model
estimates behavior patterns, not internal mental states.

3.5.2. Empirical Distributions and Support
Empirical distributions are the most direct way to preserve observed behavior. In a supported context
cell, the empirical distribution estimates the output probabilities from observed frequencies. Wasserman
describes nonparametric estimation as a way to estimate quantities without assuming a parametric func-
tional form [52]. This is useful for airport taxi behavior because many context-specific decisions may be
repeated often enough to estimate directly.

The limitation is sparsity. As more context features are added, exact context cells become smaller.
A highly detailed empirical cell may contain too few observations to estimate a reliable distribution. It
may also be dominated by one day or one unusual operating period. This creates a trade-off between
operational specificity and statistical support.

Support checks are therefore essential. Minimum observation counts reduce the risk of estimating
behavior from too few cases. Temporal coverage checks reduce the risk of learning from one isolated
day. Single-day dominance checks prevent one operating day from controlling a context cell. Stability
and compactness checks help ensure that the observed outcomes are coherent enough to use directly.

3.5.3. CART for Interpretable Generalization
CART estimators provide a transparent way to generalize beyond exact empirical support. Breiman et al.
introduced Classification and Regression Trees as recursive partitioning methods for classification and
regression [53]. A tree partitions feature space into leaves, and each leaf can store outcome frequencies
or residual summaries. This structure is useful because it allows related contexts to share information
while keeping the decision structure readable.

CART is particularly suitable for the thesis because interpretability matters. The components are not
only predictive tools. They are also part of a behavioral baseline that should be auditable. A single tree
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can show which context features are used to separate operational regimes. It can also support leaf-level
acceptance criteria, such as minimum support and dominant-class probability.

Tree-based probability estimates still require caution. Provost and Domingos show that probability
estimation trees require attention to leaf size and probability quality [54]. If a leaf is too small or poorly
calibrated, its class probabilities may be unreliable. This supports the thesis decision to treat CART leaves
as accepted only when they satisfy support and stability criteria.

3.5.4. Alternatives to CART
More flexible tree ensembles can improve predictive performance. Random forests average many de-
cision trees and often perform well in classification and regression tasks [55]. Gradient boosting builds
additive ensembles and can produce strong predictive models for complex nonlinear relationships [56].
Bayesian optimization and modern machine-learning workflows often use such flexible models when pre-
dictive accuracy is the only objective.

The thesis does not use these ensembles as the main behavioral estimator because interpretability
and support diagnostics are central. A random forest may predict well, but its output is harder to connect
to a small set of context-conditioned support rules. A boosted model may improve accuracy, but it can
obscure whether a prediction is supported by repeated historical behavior. Rudin argues that interpretable
models should be preferred in high-stakes settings when they can achieve adequate performance [57].
This argument supports the thesis preference for empirical distributions and CART estimators over black-
box ensembles.

This does not mean that ensembles are irrelevant. They remain useful benchmarks or future exten-
sions. They may also help identify feature interactions that single trees miss. The thesis uses CART
because the final model must remain readable, auditable, and compatible with prediction-source diagnos-
tics.

3.5.5. Probability Quality and Calibration
Many learned components produce probability distributions rather than single deterministic labels. Prob-
ability quality matters because a distribution can be accurate on average while being overconfident in
sparse contexts. Calibration diagnostics are therefore necessary when class-probability estimates are
used to represent behavior.

Guo et al. show that predictive accuracy and probability calibration can diverge in modern classifiers
[58]. Provost and Domingos show that decision trees need care when used for probability estimation
because the estimated probabilities depend on leaf composition and support [54]. Leathart et al. examine
probability calibration for decision trees, which supports evaluating CART-stage probability quality rather
than only class accuracy [59].

Entropy should be interpreted carefully. Predictive entropy measures uncertainty or sharpness in
the predicted distribution. It is not a calibration metric. A low-entropy distribution may be confident but
wrong. A high-entropy distribution may reflect genuine uncertainty among several supported path candi-
dates or endpoint classes. This is why probabilistic predictive performance, calibration performance, and
prediction-source diagnostics must be interpreted together.

3.5.6. Interpretability, Auditability, and Behavioral Evidence
Interpretability is not only a preference in this thesis; it is part of the model’s evidential role. The model is
intended to serve as an observed-behavior baseline that future users can inspect, compare, and challenge.
A black-box model could be accurate but difficult to relate to airport operations. An interpretable model
can expose which context cells, leaves, fallbacks, and deterministic rules produce the outputs.

Rudin argues that high-stakes decision domains should prefer interpretable models when comparable
performance can be achieved [57]. This argument is relevant because airport-surface operations are
safety-critical and operationally constrained. The thesis does not make automated operational decisions,
but its outputs could influence how future studies define baseline behavior.

Auditability also affects how validation is interpreted. When a component output comes from an empiri-
cal context cell, the supporting historical observations can be counted and inspected. When a component
output comes from a CART leaf, the leaf conditions and support can be examined. When a component
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output comes from fallback, the result can be marked as executable but not learned. This structure makes
the model more transparent than a single opaque predictor.

3.5.7. Fallback Rules and Executability
A support-aware model must decide what to do when learned support is insufficient. A fallback rule
provides an executable output when neither empirical nor CART stages are accepted. For path choice, a
fallback can provide graph-search geometry. For speed profiles, a fallback can use an edge-level baseline.
For some discrete components, a fallback can use a supported prior or component-specific rule.

Fallback outputs should not be treated as learned behavior. They preserve executability. They do not
provide the same evidence as empirical-stage or CART-stage outputs. This distinction is central to the
thesis because the model is intended as an observed-behavior baseline, not only as a system that always
returns an output.

Selective classification and reject-option literature supports separating predictions from cases where
the model should abstain or fall back. Geifman and El-Yaniv show that selective classification evaluates
the trade-off between coverage and reliability [60]. Hasan et al. discuss reject-option classification, where
uncertain cases are treated differently from accepted predictions [61]. The thesis adapts this idea by
reporting empirical, CART, fallback, deterministic, and unsupported prediction sources.

3.5.8. Prediction-source Diagnostics
Prediction-source diagnostics record where an output came from. An empirical-stage output indicates di-
rect historical support in a context cell. A CART-stage output indicates accepted generalization from a tree
leaf. A fallback output indicates executability without accepted learned support. A deterministic execution-
rule output indicates that the result comes from a fixed safety or sequencing rule. An unsupported state
indicates that no accepted output is available.

This diagnostic is part of the model result. A component with high F1 and high fallback share is less
convincing as a learned behavioral component than a component with similar F1 and high empirical or
CART share. Mitchell et al. discuss the importance of data lineage and provenance for understanding how
outputs were produced [32]. The same principle applies here: output provenance is needed to interpret
evidence strength.

Prediction-source diagnostics also help diagnose missing context. If a component relies heavily on
CART, exact empirical context may be too sparse. If fallback use remains high, the available features may
not capture important operational state. If unsupported cases appear, the component may need broader
candidate sets, different support criteria, or new context variables.

3.5.9. Model Selection and Validation Discipline
Model selection must avoid leakage from the held-out test partition. Training data fit empirical distributions
and CART estimators. Validation data guide feature-set screening, hyperparameter tuning, and selected
configuration choice. Test data are used only after the selected configuration is fixed.

Wainer and Cawley discuss how model selection can produce optimistic estimates when validation
and testing are not separated properly [62]. Guan et al. also show that validation-error-based selection
can create bias if the same data are repeatedly used for selection and performance reporting [63]. These
studies support the thesis use of a locked test partition after validation-stage model selection.

Bayesian optimization is useful because the validation objective is expensive and includes multiple
support-aware terms. Snoek et al. present Bayesian optimization as a method for tuning expensive
machine-learning objectives [64]. Shahriari et al. review Bayesian optimization and explain why it is
useful when evaluating configurations is costly [65]. In this thesis, the objective is not only predictive
accuracy; it also includes support, acceptance, fallback, and uncertainty diagnostics.

3.6. Path-choice Modeling
This section reviews literature and modeling choices related to path choice. It explains why path choice
is treated as a Ground Control Agent behavior inferred from observed graph-aligned taxi trajectories. It
also explains why canonical path families are used as path candidates rather than exact paths or shortest
paths.
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3.6.1. Path Choice as Inferred Operational Behavior
Path choice is the selection of a graph path between runway stopbar and apron boundary within an OD
pair. In the data, the actual controller instruction is not observed. The selected path is inferred from
the graph-aligned taxi trajectory. The component therefore estimates observed path-use behavior, not a
directly observed controller command.

This distinction is common in route-choice studies. The analyst observes a realized route and infers
a choice pattern from repeated observations. Train’s discrete-choice framework supports the idea that
observed choices can be modeled as outcomes from an alternative set and context [44]. In this thesis,
the alternative set is the OD-specific path-choice set, and the context describes operating conditions such
as runway configuration, demand, density, timing, and gate area.

3.6.2. Canonical Path Families as the Path-choice Unit
Canonical path families are used because exact observed paths are too sparse for direct class modeling.
They preserve dominant graph structures while absorbing small reconstruction variations. This makes
the path-choice target more stable and operationally interpretable.

Trajectory clustering and similarity literature supports grouping movement sequences when the goal
is to reduce sparsity while preserving important structure. Churchill et al. show that surface trajectory
clustering can reveal repeated airport ground-movement patterns [66]. Bian et al. review trajectory clus-
tering methods and show that the choice of similarity representation affects the interpretation of clusters
[50]. These findings support the thesis use of graph-edge overlap and path-length consistency to group
exact observed paths.

The path-choice unit must still preserve operational differences. A path family should not merge paths
that differ at a runway crossing, major taxiway branch, or apron-side approach if those differences matter
operationally. This is why canonical grouping is treated as a support-aware cataloging step rather than
as unsupervised clustering without domain constraints.

3.6.3. Path Choice Is Not Shortest-path Routing
Shortest paths are useful for fallback geometry, but observed path choice should not be assumed to
follow shortest distance or shortest time. Airport path use may reflect controller strategies, runway config-
uration, crossing restrictions, traffic flows, standard taxi routes, apron access, and temporary procedures.
A longer path can be operationally preferred when it avoids conflicts, supports queue formation, or follows
a standard local corridor.

Taxi-route management concepts support this distinction. EUROCONTROL describes taxi routes as
operationally managed surface routes rather than purely geometric shortest paths [48]. He et al. show that
graph-search methods are useful for taxiway path finding, but graph search still depends on the chosen
cost and constraints [34]. Therefore, graph search can support fallback and feasibility, but it cannot replace
observed path-choice estimation.

3.6.4. Operational Context for Path Choice
Path choice depends on both static and time-varying context. The OD pair captures the broad runway–
apron relation. Runway configuration describes the active runway-side structure. Gate area and apron
context describe the apron-side access. Demand and density describe local traffic pressure. Time of day
and runway-transition timing describe recurring operating patterns and periods close to runway changes.

This context structure is consistent with airport taxi studies that link surface outcomes to traffic state
and airport configuration. Brownlee et al. discuss uncertainty in airport ground movement and show
that operational context affects surface-movement predictions [67]. Wang et al. analyze taxi-time feature
importance and show that operational variables contribute to predictive performance [29]. For path choice,
these variables are not only predictive features; they are clues to the conditions under which certain path
candidates become more or less likely.

3.6.5. Modeling Alternatives for Path Choice
Several modeling approaches could estimate path choice. Multinomial logit and nested logit models pro-
vide interpretable route-choice structures when the alternative set and attributes are well defined. Machine-
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learning classifiers can predict observed path classes when enough labeled examples exist. Inverse
reinforcement learning can infer route preferences from observed trajectories under a reward model.

Each approach has limitations for this thesis. Classical choice models require explicit path attributes
and assumptions about utility. Flexible machine-learning classifiers can hide support limitations. Inverse
reinforcement learning can be powerful but may introduce assumptions about reward structure that are
hard to validate from surveillance data alone. Zhao et al. illustrate how inverse reinforcement learning
can be used for route-choice modeling, but this thesis prioritizes a simpler support-aware baseline [47].

The empirical–CART–fallback approach is therefore a pragmatic choice. Empirical distributions pre-
serve common observed path behavior. CART generalizes across related contexts when exact empirical
support is sparse. Graph-search fallback preserves executable geometry when learned support is un-
available. The prediction-source diagnostic then records which source produced the selected output.

3.7. Endpoint-selection Modeling
Endpoint selection defines the runway stopbars and apron boundaries that bound the modeled taxiing
scope. This section reviews why endpoint selection is a separate learned component, why arrival and
departure endpoint targets differ, and why runway-side and apron-side endpoints require different context.

3.7.1. Endpoint Selection as a Taxiing-scope Boundary Problem
Endpoint selection is the problem of selecting the operational boundary points of the modeled taxi move-
ment. These endpoints are not arbitrary coordinates. They are runway stopbars and apron boundaries
that define where the taxiing-scope interval starts or ends. The endpoint-selection component therefore
links raw trajectory extraction, graph reconstruction, and later path-choice sets.

The endpoint target is partly operational and partly reconstruction-dependent. The observed trajectory
may show where an aircraft leaves a runway or enters an apron area, but the exact endpoint class must
be inferred from graph alignment and operational boundary definitions. This is why endpoint selection is
treated as a component rather than as a trivial lookup.

3.7.2. Runway-side Endpoint Evidence
Runway-side endpoints are affected by aircraft motion and runway use. For inbound movements, runway-
exit behavior depends on landing speed, deceleration, runway exit availability, aircraft class, runway ge-
ometry, and local traffic conditions. Herrema et al. study runway-exit selection and show that aircraft
performance and runway-exit geometry influence where aircraft leave the runway [68]. Porcayo et al. an-
alyze runway and taxiway exits and show that surface decision-aid evaluation can benefit from endpoint-
specific diagnostics [69]. These studies support the thesis use of runway-side motion and aircraft context
for runway-stopbar endpoint inference.

For outboundmovements, runway-entry endpoint selection is linked to departure procedure, active run-
way use, runway-entry availability, local restrictions, traffic state, and sequencing. SID information can be
relevant because departures with similar procedures may be subject to additional separation or sequenc-
ing constraints. RECAT-EU wake category can also influence runway-departure sequencing and release
timing. The KDC study on RECAT departures provides Schiphol-specific evidence for wake-category and
SID-related departure timing factors [70].

3.7.3. Apron-side Endpoint Evidence
Apron-boundary endpoints are more closely tied to gate area, apron geography, aircraft type, and local
density. Gate-assignment literature shows that gate and apron operations influence how aircraft connect
to the taxiway system [71]. Airport surface trajectory analysis also shows that surface movement patterns
depend on airport geometry and apron-side structure [49]. These findings support the thesis distinction
between apron-boundary selection and runway-stopbar selection.

The thesis does not model stand-level endpoint assignment. Stand-level behavior belongs partly to
apron-internal movement and gate-area operations, which are outside the main taxiing scope. Scheduled
gate area can still be used as context. It helps explain which apron boundary is likely without redefining
the model target as a stand-level prediction task.
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3.7.4. Arrival and Departure Asymmetry
Inbound and outbound endpoint selection are asymmetric. An inbound aircraft reaches the taxiing scope
after landing and runway exit. Its runway-side endpoint is linked to aircraft rollout and deceleration. Its
apron-side endpoint is linked to destination apron and gate context. An outbound aircraft starts at an
apron boundary and moves toward a runway-entry stopbar. Its runway-side endpoint is linked to active
runway configuration, SID, operating state, and departure-side constraints.

This asymmetry explains why one generic endpoint classifier is insufficient. Different endpoint targets
require different feature sets and different interpretations. A runway-exit error may reflect missing aircraft-
motion or runway-exit availability context. A runway-entry error may reflect missing procedure or runway-
side availability rules. An apron-boundary error may reflect missing gate-area or apron-demand context.

3.7.5. Modeling Alternatives for Endpoint Selection
Endpoint selection can be modeled as a categorical classification problem. Empirical distributions can
work well when the same endpoint context appears frequently. CART estimators can generalize across
related contexts when exact empirical support is sparse. More flexible classifiers could also be used, but
they may obscure the support and operational interpretation of endpoint decisions.

The support-aware empirical–CART–fallback structure is appropriate because endpoint classes are
often imbalanced. Common apron boundaries may have strong support. Rare runway stopbars may
appear only in particular runway configurations or procedure contexts. Prediction-source diagnostics
therefore matter as much as weighted F1, because they show whether endpoint predictions are learned
from repeated observations or supplied by fallback rules.

3.8. Speed-profile Behavior Modeling
The speed-profile component represents aircraft-side movement execution along a selected graph path.
This section reviews taxi-time prediction, edge-relative speed representation, baseline-plus-residual mod-
eling, motion continuity, uncertainty diagnostics, and the relationship between nominal speed profiles and
deterministic execution rules.

3.8.1. From Taxi Time to Speed Profiles
Taxi-time prediction is a well-studied airport-surface problem. Taxi-time models estimate the duration
of taxi-out or taxi-in movements using variables such as runway configuration, aircraft type, demand,
weather, distance, and queue state. Khadilkar and Balakrishnan model airport surface operations and
show that taxi-time prediction must account for congestion and runway queues [72]. Ravizza et al. show
that airport ground-movement models can combine statistical prediction with airport network structure
[10]. Yin et al. review taxi-time prediction and emphasize that operational context strongly affects taxi-
time outcomes [30].

Taxi time alone is not enough for this thesis. The integrated model requires a target speed profile
along a selected graph path. Speed profiles support path-progress timing, protected-resource arrival
times, conflict-event generation, following-and-merge guards, and runway-departure release diagnostics.
A taxi movement with the correct total taxi time can still be locally unrealistic if the speed profile places
stops or slowdowns at the wrong graph locations.

3.8.2. Edge-relative Speed Representation
Graph alignment enables speed profiles to be represented relative to directed edges. Each edge traversal
can be mapped onto normalized edge progress. This makes speed behavior comparable across observa-
tions that traverse the same directed edge. It also allows speed profiles to be assembled into a path-level
target profile.

Edge-relative representation is useful because airport taxi speed is highly local. Turns, intersections,
runway exits, apron boundaries, stopbars, and merge points all affect speed. A global taxi-time model
may hide these effects. An edge-level profile can capture typical speed behavior at specific infrastructure
elements.
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3.8.3. Baseline-plus-residual Modeling
The thesis uses an edge-level baseline speed profile and models residual deviations from that base-
line. This structure is common in time-series and regression settings where a simple baseline captures
most systematic variation and a learned model estimates remaining deviations. Rasmussen and Williams
present Gaussian process regression as a general framework for modeling residual structure and uncer-
tainty, which illustrates the broader principle of learning deviations from a prior function [73]. The thesis
does not use Gaussian processes as the main estimator, but the baseline-plus-residual logic is aligned
with the idea of separating a mean structure from context-dependent deviations.

For taxi speed, the edge-level baseline captures typical behavior on a directed edge. The residual
captures how the current aircraft deviates from that typical behavior. Previous-edge speed, aircraft class,
apron context, airline, and local movement state can explain these residuals. This makes the speed-profile
component more interpretable than a direct black-box model of absolute speed.

3.8.4. Operational Context for Speed Profiles
Speed behavior depends on aircraft characteristics, local geometry, nearby traffic, and recent motion state.
Aircraft class affects acceleration, braking, and taxiing practices. Operator or airline variables may reflect
fleet composition, apron use, or standard operating patterns. Apron context can capture local geography
and surface constraints. Previous-edge speed captures whether the aircraft approaches the current edge
from a slow, fast, accelerating, or recently constrained state.

Gaikwad et al. review taxiing behavior and show that taxi movement depends on aircraft, traffic, and
airport conditions [74]. Pham et al. analyze taxi trajectories and show that trajectory-derived variables
can support taxi-behavior modeling [75]. These studies support the thesis choice to derive speed-profile
features from graph-aligned trajectory data rather than relying only on schedule fields.

3.8.5. Stops, Acceleration, and Deterministic Interaction Rules
A learned target speed profile does not guarantee safe integrated movement. Two aircraft may receive
plausible nominal speed profiles but still violate separation if they follow the same edge too closely or
enter a merge area at the same time. Deterministic execution rules are therefore needed after nominal
speed-profile construction.

Gipps-style car-following provides a classical basis for deterministic following and braking behavior [76].
Newell’s car-following model also shows how simple rules can describe spacing and following dynamics
in traffic streams [77]. These models are road-traffic models rather than airport-surface models, but they
provide useful principles for deterministic following, safe-speed limits, and braking envelopes.

In this thesis, deterministic following and merge rules are not learned speed behavior. They are ex-
ecution constraints. This separation preserves interpretability: the speed-profile component represents
observed aircraft-side movement tendencies, while the following-and-merge guard preserves safe and
executable integrated model behavior.

3.8.6. Uncertainty and Continuous Diagnostics
Speed-profile evaluation requires continuous diagnostics. RMSE penalizes large errors strongly. MAE
gives a more direct measure of typical absolute error. Edge-level residual diagnostics localize where
the model is weak. Prediction intervals provide uncertainty information when the model stores residual
quantiles.

Gneiting and Raftery argue that probabilistic forecasts should be evaluated with proper scoring rules,
which reward both calibration and sharpness [78]. Chen et al. discuss prediction intervals and show that
interval evaluation should consider both coverage and width [79]. These references support the thesis
use of interval score, empirical coverage, interval width, and coverage gap for speed-profile uncertainty
diagnostics.

3.9. Local Conflict-resolution Modeling
Local conflict resolution represents movement-derived interaction behavior at protected taxi resources.
This section reviews conflict representation, protected resources, free-motion counterfactuals, priority la-
bels, resolution-action labels, and the limits of surveillance-only conflict interpretation.
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3.9.1. Local Interactions on the Airport Surface
Aircraft taxi operations contain local interactions at intersections, merge points, apron boundaries, and
crossings. Two aircraft may compete for the same protected resource or may arrive at a crossing within
a short time window. The operation must maintain safe ordering and separation. The observed trajectory
therefore contains evidence of how conflicts were resolved, even when the actual controller instruction is
not available.

Airport conflict detection literature shows that interactions can be represented through predicted po-
sitions, resource occupancy, or trajectory intersections. Zhou et al. discuss conflict detection for airport
surface operations and illustrate the importance of identifying potential interactions before they become
unsafe [80]. Landry et al. study conflict prevention and show that surface safety requires anticipating inter-
actions between aircraft movements [81]. These studies support the thesis focus on protected-resource
encounters.

3.9.2. Protected Resources and Free-motion Counterfactuals
A protected taxi resource is a location where aircraft ordering or separation must be represented. It can be
a graph node, apron-boundary resource, merge resource, or reviewed geometric crossing. The protected-
resource concept makes local conflict modeling graph-based rather than purely coordinate-based.

Free-motion counterfactuals define what would happen if aircraft followed selected paths and speed
profiles without local conflict-resolution behavior. They are useful because they identify potential inter-
actions that the observed operation may have resolved through slowing, holding, yielding, or priority de-
cisions. The conflict event is then defined by comparing free-motion resource occupancy or passage
times.

This approach has an important limitation. A free-motion counterfactual is a modeling construct, not
an observed operational plan. It helps infer whether an interaction likely required resolution, but it cannot
reveal controller intent. The labels should therefore be described as movement-derived rather than as
controller commands.

3.9.3. Priority and Resolution-action Labels
The priority label identifies which aircraft passed the protected resource first in the observed trajectory.
The resolution-action label describes the inferred action of the own aircraft, such as proceed, slow down,
or hold short. The delay target measures the difference between observed and free-motion resource-
passing time when this target is available.

Bao et al. study conflict priority in aircraft surface operations and show that priority can be treated
as an important component of interaction modeling [82]. Sui et al. use Monte Carlo tree search for
conflict-related decision-making, which illustrates another approach to reasoning about aircraft surface
interactions [83]. These studies support the relevance of priority and resolution as operational concepts,
even though this thesis derives labels from movement data rather than from explicit commands.

Near-tie cases are especially difficult. If two aircraft reach a protected resource at nearly the same time,
a small timing difference can change the inferred priority. A small map-matching error can also change
the resource-passing time. This means that local conflict-resolution labels can be noisy even when the
underlying operational concept is meaningful.

3.9.4. Controller Intent and Surveillance-only Evidence
Surveillance data show movement outcomes, not controller intent. They do not show whether a controller
issued a hold-short instruction, whether a pilot slowed for comfort, or whether a slowdown resulted from
another aircraft, a turn, or local procedure. Voice-to-safety research shows that operational communica-
tions can contain valuable safety and instruction information that is not present in trajectory data alone
[84]. Zhuge et al. study control-command and taxi behavior, which illustrates how command information
can improve interpretation when available [85].

This thesis does not use such instruction logs. It therefore limits its claim to movement-derived labels.
This is a strength and a limitation. It allows large-scale analysis from surveillance data. It also means that
the model should not be interpreted as recovering true controller intent.
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3.9.5. Modeling Alternatives for Local Conflict Resolution
Local conflict resolution could be modeled through rule-based priority logic, optimization, game-theoretic
interaction models, supervised classifiers, or learning from demonstrations. Lee et al. study joint inter-
action modeling, which shows that interaction outcomes can depend on the behavior of multiple agents
rather than one isolated actor [86]. Chen et al. study conflict-free cooperation and show that multi-agent
movement coordination can be framed through cooperative decision-making [87]. These methods are
more ambitious than the movement-derived component used in this thesis.

The thesis uses a supervised support-aware component because the available evidence is trajectory-
derived. Empirical distributions preserve repeated encounter patterns. CART generalizes over timing and
geometry features. Fallback or deterministic safeguards preserve executability when learned support is
insufficient. This is consistent with the overall observed-behavior baseline: the goal is to reproduce visible
interaction patterns, not to solve a full controller decision-making problem.

3.10. Deterministic Execution Rules and Integrated Model-validation
Diagnostics

Learned behavioral components estimate selected behaviors from historical observations. They do not
by themselves guarantee safe or executable integrated model behavior. Deterministic execution rules
are therefore needed for following, merge handling, and runway-departure release. This section reviews
those rules and explains why integrated model validation is separate from component-level validation.

3.10.1. Deterministic Execution Rules in Hybrid Models
Hybrid models often combine learned components with fixed rules. The learned components capture
observed behavior where data support it. The fixed rules enforce physical, safety, or sequencing con-
straints. In this thesis, deterministic execution rules include the following-and-merge guard and the
runway-departure release rule.

This separation is important because deterministic rules have a different evidential status. A learned
component output can be interpreted as empirical support or accepted generalization. A deterministic
rule output cannot be interpreted as learned behavior. It is a modeling constraint introduced to keep the
integrated model safe and executable.

3.10.2. Following and Merge Guards
Following interactions occur when aircraft travel along the same path or consecutive graph edges. Merge
interactions occur when aircraft approach a shared downstream resource. These interactions require
separation-preserving behavior during integrated model execution.

Gipps provides a classical car-following model that links safe speed to leader position, follower speed,
reaction time, and braking assumptions [76]. Zhou et al. review intelligent-driver-style models and show
that following models remain important for describing vehicle interaction dynamics [88]. These road-traffic
references are not airport-specific, but they support the use of deterministic following principles when
aircraft interact along shared movement paths.

For airport taxi operations, following and merge rules must also respect aircraft size, protected radii,
graph edges, and resource occupancy. These rules preserve executable integrated movement. They
should not be interpreted as a learned Aircraft Operator Agent behavior unless their parameters are ex-
plicitly estimated from observed following data.

3.10.3. Runway-departure Release
Runway-departure release represents the constraint that outbound aircraft cannot be released at runway-
entry stopbars without appropriate separation. Queueing abstractions are common in runway and depar-
ture modeling. Simaiakis and Balakrishnan model departure queues and show how runway throughput
and taxi-out processes interact [89]. Burgain et al. develop virtual-queue concepts for airport departure
management, which supports the idea that runway-boundary queues can be represented separately from
taxi movement [90].

Schiphol-specific departure separationmay depend onwake category and SID. The KDCRECAT study
provides operational support for departure-timing factors related to wake turbulence and same-SID effects
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[70]. In this thesis, the runway-departure release rule is a deterministic runway-boundary constraint. It is
not a learned runway-control clearance model.

3.10.4. Component Validation and Integrated Validation Answer Different Ques-
tions

Component-level validation evaluates whether a selected learned component reproduces its target
on held-out data. It answers questions such as whether the path-choice component recovers the ob-
served canonical path family, whether endpoint selection recovers the observed endpoint class, whether
the speed-profile component matches observed edge-relative speeds, and whether the local conflict-
resolution component recovers movement-derived labels.

Integrated model validation answers a different question. It asks whether selected outputs can be
combined into a coherent graph-based execution sequence when deterministic rules are applied. A com-
ponent can be accurate in isolation but still create timing interactions that alter conflict emergence, follow-
ing behavior, or runway-departure release timing. Conversely, integrated timing errors may arise from
deterministic rules even when nominal component outputs are accurate.

This distinction is supported by simulation verification and validation literature because model validity
depends on the question being asked and the intended use of the model [91]. It is also supported by
reactive simulation work because closed-loop model behavior can reveal issues that open-loop prediction
metrics do not show [92]. The thesis therefore reports integrated model-validation diagnostics separately
from component-level metrics.

3.10.5. Integrated Model Validation
Component-level validation evaluates isolated learned components. Integrated model validation evalu-
ates whether selected component outputs and deterministic rules remain coherent when executed to-
gether. These are different questions. A component can perform well in isolation while still creating
timing drift or interaction mismatches after coupling.

Sargent emphasizes that model verification and validation must be distinguished from model construc-
tion and from the intended use of the model [91]. This principle is central here because the thesis does
not validate an external operational tool. It validates whether the observed-behavior baseline is internally
coherent and whether the selected components can be combined in historical-scenario model execution.

Integratedmodel-validation diagnostics include planning completion, taxi-time error, protected-resource
events, following-and-merge activations, runway-departure release diagnostics, queueing diagnostics,
and trajectory-consistency checks. These diagnostics reveal coupling effects that component metrics
cannot show. They also show where deterministic execution rules require refinement.

3.10.6. Boundary of the Integrated Claims
Integrated model validation should not be interpreted as operational deployment validation. The model
does not observe all controller decisions. It does not include every airport-surface process. It uses de-
terministic simplifications for following, merge handling, and runway-departure release. The integrated
diagnostics therefore test component interoperability and emergent behavior within the modeled scope.

This boundary is valuable rather than weak. It prevents overclaiming. It also makes future work clearer.
Missing layout state, operational rules, protected-resource definitions, and richer movement-state context
can be targeted because the validation structure shows where current simplifications matter.

3.11. Evaluation Design, Metrics, and Diagnostic Reporting
This section reviews evaluation design for support-aware taxi-behavior modeling. It covers temporal par-
titioning, validation/test separation, classification and probabilistic metrics, continuous diagnostics, data-
volume sensitivity, and the final research gap addressed by the thesis.

3.11.1. Temporal Splitting and Operational Representativeness
Airport operations are temporally correlated. Movements close in time may share runway configuration,
weather, traffic demand, local restrictions, and operational procedures. A flight-level random split can
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place highly similar operating conditions in both training and test partitions. This can overstate general-
ization.

Similar-day grouping has been used in air traffic flow management to compare operating periods with
related demand and operational characteristics [93]. K-medoids clustering is useful because each cluster
is represented by an observed medoid rather than a synthetic centroid [94]. These references support
the thesis use of complete ISO-week blocks and operational-profile clustering before assigning training,
validation, and test partitions.

The split must serve both statistical and operational goals. It should avoid leakage. It should also pre-
serve representative operating regimes across partitions. A partition that contains only common runway
configurations cannot test rare or transitional regimes. A partition dominated by rare weeks would also
distort validation. Week-blocked, cluster-stratified splitting addresses this balance.

3.11.2. Validation, Test Sets, and Model-selection Discipline
The validation partition is used for feature-set screening, hyperparameter tuning, and selected configura-
tion choice. The test partition is used once after the configuration is fixed. This separation protects the
credibility of held-out results.

Model-selection bias is a known problem when the same data are used repeatedly for tuning and
evaluation. Wainer and Cawley discuss the risk of biased performance estimates when model selection
and evaluation are not separated [62]. Guan et al. show that repeated selection on validation error can
affect reported performance estimates [63]. These concerns justify the thesis emphasis on locked test
evaluation.

3.11.3. Classification, Probability, and Calibration Metrics
Classification metrics must match the target and class imbalance. Weighted F1 reflects performance
on classes according to their test support. Macro F1 treats classes equally and can reveal rare-class
weakness. Confusion matrices show which classes are substituted for each other and are especially
useful when errors have operational meaning.

Probabilistic metrics are needed because the learned components output distributions. The Brier score
evaluates predicted probabilities against the realized class. Predictive entropy summarizes uncertainty
or sharpness. Expected calibration error compares predicted confidence with empirical accuracy across
confidence bins.

These metrics answer different questions. F1 asks whether the predicted class is correct. Brier score
asks whether the probability vector is accurate. Entropy asks whether the distribution is concentrated or
diffuse. Calibration asks whether confidence corresponds to empirical frequency. A support-aware model
should report these diagnostics together rather than relying on one aggregate metric.

3.11.4. Continuous and Interval Diagnostics
Speed-profile behavior requires continuous-output metrics. RMSE penalizes large errors strongly. MAE
measures typical absolute error. Edge-level maps localize where speed-profile errors occur on the airport
layout. Distributional summaries show whether errors are concentrated in a few difficult graph locations
or spread broadly.

Forecast-evaluation literature supports using multiple metrics because different error measures em-
phasize different parts of the error distribution [95]. Prediction-interval literature supports evaluating cov-
erage and width together because an interval can cover many observations by being too wide [79]. Proper
scoring-rule literature supports using scores that reward both sharpness and calibration when uncertainty
is reported [78].

For this thesis, the speed-profile component is evaluated through point error, residual behavior, interval
diagnostics, and prediction-source shares. This is necessary because a speed profile is a graph-local
continuous object, not a single class label.

3.11.5. Training-data Sensitivity
Training-data sensitivity is important because the model is support-aware. More data may improve per-
formance. It may also reduce fallback dependence without changing headline error metrics. A model can
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therefore benefit from additional data by increasing learned support even when F1 or RMSE changes only
slightly.

Stratified fraction subsets test how much representative data is needed. Chronological windows test
whether broader historical coverage improves support and generalization. These two views answer dif-
ferent questions. A representative subset measures sample-size dependence under similar context cov-
erage. A chronological window measures the value of additional operating regimes and longer temporal
history.

Data-volume sensitivity helps diagnose model limitations. If performance improves mainly with chrono-
logical coverage, the model may need regime diversity more than raw sample count. If fallback remains
high even with all data, the feature set may be missing important operational context. If unsupported
cases persist, the candidate set or acceptance criteria may need revision.

3.11.6. Synthesis of the Literature Gap
The reviewed literature establishes four important points. First, ASM Ops are coupled systems in which
aircraft taxi behavior depends on infrastructure, runway use, traffic demand, local procedures, human
decisions, and shared resources. Second, surface-surveillance trajectories provide valuable evidence
but require filtering, taxiing-scope extraction, graph-constrained reconstruction, and context joining be-
fore they can support behavior modeling. Third, path candidates, endpoint targets, speed profiles, and
conflict-resolution labels have different operational meanings and should be modeled as separate learned
behavioral components. Fourth, evaluation must report not only predictive performance but also support,
calibration, prediction-source diagnostics, and integrated model behavior.

The gap is therefore not the absence of any airport-surface model. Optimization models, taxi-time
predictors, map-matching methods, route-choice models, and simulation tools already exist. The gap is
the lack of a reproducible, graph-based, support-aware observed-behavior baseline that uses surface-
surveillance data to infer selected taxi-operation behaviors while preserving the distinction between
learned behavior, fallback outputs, deterministic execution rules, and integrated validation diagnostics.

This thesis addresses that gap by combining graph-aligned taxi trajectories, canonical path families,
context features, empirical distribution estimators, CART-based generalization, fallback rules, prediction-
source diagnostics, and historical-scenario integrated model validation. The contribution lies in the combi-
nation and operationalization of these elements for aircraft taxi operations at a large airport. The following
scientific article and appendices implement and evaluate that baseline for Amsterdam Airport Schiphol.



4
Research Definition

4.1. Research Gap
The literature review shows that airport surface movement operations (ASM Ops) have been studied
through optimization, forecasting, map matching, simulation, multi-agent modeling, and data-driven tra-
jectory analysis. These research streams provide strong methods for specific tasks. Optimization studies
can compute efficient paths or schedules, map-matching studies can reconstruct movement on a graph,
and simulation studies can evaluate operational concepts under assumed behavior. However, these
streams do not yet provide a complete methodology for constructing a support-aware observed-behavior
baseline from confidential surface-surveillance data at a large airport.

This gap matters because many airport-surface studies require assumptions about current taxi behav-
ior. These assumptions may concern endpoint use, path choice, taxi speed, local interactions, queueing,
or deterministic execution rules. If every study defines these assumptions independently, results be-
come difficult to compare and conclusions become tied to case-specific modeling choices. A reusable
observed-behavior baseline should instead be derived from operational data, represented on a common
airport layout graph, and evaluated with diagnostics that show where the model is supported by historical
observations.

Surface-surveillance data provide the empirical basis for such a baseline, but they are not directly
usable for behavior identification. The raw records must be filtered, scoped to aircraft taxi operations,
reconstructed on the airport layout graph, grouped into meaningful path candidates, and linked to opera-
tional context. These steps are not only preprocessing details. They determine whether the subsequent
learned behavioral components receive reliable inputs and whether their outputs can be interpreted as
observed taxi-operation behavior.

The methodological gap addressed in this thesis is therefore the absence of an integrated pipeline that
combines graph-constrained reconstruction, canonical path-family construction, context-feature definition,
support-aware learned behavioral components, prediction-source diagnostics, and integrated model val-
idation. Existing methods address parts of this pipeline, but they rarely connect all steps in a way that
separates learned behavior from fallback rules and deterministic execution rules.

A support-aware methodology is needed because predictive performance alone is not enough. A
component may appear accurate while relying on fallback outputs or deterministic rules that do not provide
evidence of learned behavior. The model must therefore report where outputs come from: empirical
support, CART-based generalization, fallback rules, deterministic execution rules, or unsupported states.
Without this distinction, an integrated model may appear plausible while weak learned support remains
hidden.

The thesis addresses this gap through a data-driven MAS methodology for aircraft taxi operations
at Amsterdam Airport Schiphol. The methodology uses VEMMIS operational records and surface-
surveillance trajectories to construct graph-aligned taxi trajectories, exact observed paths, canonical
path families, context features, component-specific input datasets, learned behavioral components, and
integrated model-validation diagnostics. The resulting model is not an optimizer and does not claim
operational deployment validity. It is an observed-behavior baseline that identifies selected taxi-operation
behaviors from historical data and exposes the limits of the available data, graph representation, opera-
tional context, and deterministic execution rules.
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4.2. Research Objective

Develop and evaluate a data-driven MAS methodology for constructing a support-aware
observed-behavior baseline of aircraft taxi operations at a large airport, using Schiphol oper-
ational and surface-surveillance records to reconstruct graph-aligned taxi trajectories, identify
learned behavioral components, and assess both component-level performance and integrated
model behavior.

Research Objective

This objective is methodological and empirical. The methodological part concerns the design of the
data-processing, graph-reconstruction, behavior-identification, calibration, and validation pipeline. The
empirical part concerns the Schiphol case study, where the methodology is applied to historical VEMMIS
operational records and surface-surveillance trajectories. The output is a structured observed-behavior
baseline for runway-stopbar–apron-boundary aircraft taxi operations.

4.3. Research Questions
The research questions follow the logic of the thesis workflow. They move from data reconstruction, to
behavior representation, to support-aware calibration and validation, to integrated model behavior, and
finally to the interpretation limits revealed by additional case studies.

How can operational records and surface-surveillance trajectories be transformed into reliable
taxi trajectories, graph-aligned taxi trajectories, exact observed paths, canonical path families,
path-choice sets, and component-specific input datasets for aircraft taxi operations?

Research Question 1

This question addresses the data foundation of the thesis. It concerns taxiing-scope extraction, airport
layout graph representation, graph-constrained map matching, path-catalog construction, and context-
feature linking. The purpose is to determine whether confidential raw operational records can be converted
into reliable graph-based data products for behavior identification.

How can observed aircraft taxi behavior be represented within a MAS model that separates
learned behavioral components from deterministic execution rules?

Research Question 2

This question addresses the model structure. It concerns the allocation of endpoint selection, path
choice, speed-profile behavior, local conflict resolution, following-and-merge behavior, and runway-
departure release within a MAS representation. The question also concerns the separation between
the historical data-processing pipeline and the executed MAS model: historical data are used to infer
model properties, while the MAS model organizes the learned components and deterministic execution
rules during model validation.

How can endpoint selection, path choice, speed-profile behavior, and local conflict resolution
be learned, calibrated, and evaluated while keeping empirical support, CART generalization,
fallback use, and unsupported cases visible?

Research Question 3

This question addresses support-aware model identification. It concerns the shared empirical, CART,
and fallback inference procedure, the definition of component observations and target variables, the selec-
tion of context features, the calibration of support and acceptance criteria, and the evaluation of prediction-
source diagnostics. The goal is to ensure that learned behavior is distinguished from fallback-based exe-
cutability.
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What does integrated model validation reveal about the consistency, interoperability, and emer-
gent timing behavior of combining selected learned behavioral components with deterministic
execution rules?

Research Question 4

This question addresses integrated model behavior. Component-level validation shows whether iso-
lated learned components recover held-out labels, speed profiles, or probability distributions. Integrated
model validation asks a different question: whether selected component outputs can be combined into co-
herent graph-based model execution, and whether deterministic execution rules introduce timing, queue-
ing, or conflict-event effects that are not visible in isolated component metrics.

How do missing operational context, known procedure constraints, construction-state changes,
and apron-area movement characteristics affect the interpretation and transferability of the
methodology?

Research Question 5

This question addresses the limits of the observed-behavior baseline. It concerns whether selected
context features are operationally meaningful, where prediction-source support changes, which errors
suggest missing context, and how additional case studies expose limitations of the static graph represen-
tation, missing operational rules, and transfer to apron-area movements.

4.4. Research Scope and Boundaries
The main scope of the thesis is aircraft taxi operations between runway stopbars and apron bound-
aries at Amsterdam Airport Schiphol. The main model does not cover the full airside surface operation.
Apron-internal movement, gate-areamovement, pushback, de-icing, private-aviation movements, eastern
maintenance-area movements, runway 22/04, and full tower-clearance behavior are outside the primary
modeled taxiing scope.

The thesis models selected behaviors from trajectory-derived observations. It does not claim that
actual ATC or pilot commands are observed. Endpoint-selection, path-choice, speed-profile, and lo-
cal conflict-resolution outputs are inferred from historical trajectories and operational context. The local
conflict-resolution labels are movement-derived labels based on observed timing and free-motion coun-
terfactuals, not direct records of controller intent.

The deterministic execution rules are included to preserve safe and executable integrated model be-
havior. They are not learned behavioral components. This applies especially to the following-and-merge
guard and runway-departure release rule. Their role is to support integrated model validation, not to claim
a complete representation of aircraft-side execution or runway-control clearance behavior.

The Schiphol case study uses VEMMIS operational records and surface-surveillance trajectories from
January 2024 to December 2025. Because raw VEMMIS records cannot be distributed, reproducibility
depends on the documented methodology, derived data definitions, aggregate diagnostics, and gener-
ated figures and tables. The methodology can be applied to other comparable surface-surveillance data
sources when sufficient trajectory, timing, layout, and operational-context information is available.

The appendices extend the main scientific paper without changing the core objective. Appendix A
(Model Calibration and Tuning) documents calibration evidence and context-feature definitions. Ap-
pendix B (Verification and Validation) provides detailed reconstruction, component-level, and integrated
model-validation diagnostics. Appendix C (Operational Interpretation of Selected Model Configurations)
interprets the final selected features and prediction-source support. Appendix D (Construction-state
Effects on Path Choice), Appendix E (Operational Constraints and Availability Rules), and Appendix F
(Methodology Transfer to Apron-area Taxi Movements) examine specific limitations and transfer cases.
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4.5. Planning
This section translates the research objective and research questions into a work-package plan. The plan
follows the structure of the thesis: the literature review and research definition establish the academic
basis; the data-processing and graph-reconstruction pipeline creates the taxi-operation data products; the
learned behavioral components form the support-aware MAS model; validation and case studies assess
the selectedmodel configurations; and the final thesis report integrates the scientific article with supporting
appendices.

The work packages are grouped into five phases. Baseline work packages are required for the core
thesis contribution. Intermediate work packages strengthen validation, interpretation, and robustness. Ad-
vanced work packages extend the methodology to additional operational cases and clarify transferability.

4.5.1. Work-package Overview
Table 4.1: Work-package overview

Work pack-
age

Phase Main objective Priority

WP1 Academic framing and re-
search definition

Establish the literature basis, research gap,
research objective, research questions,
scope, and terminology used throughout the
thesis.

Baseline

WP2 Data processing and graph-
based representation

Transform VEMMIS operational records and
surface-surveillance trajectories into scoped
taxi trajectories, graph-aligned taxi trajecto-
ries, exact observed paths, canonical path
families, and context-linked data products.

Baseline

WP3 Support-aware learned be-
havioral components

Define and calibrate the learned endpoint-
selection, path-choice, speed-profile, and lo-
cal conflict-resolution components within the
MAS model.

Baseline

WP4 Calibration, validation, and
integrated model evaluation

Select final component configurations, evalu-
ate held-out component performance, and as-
sess integrated model behavior in historical
validation scenarios.

Baseline

WP5 Operational interpretation
and case studies

Interpret selected model configurations,
identify missing context, and examine
construction-state, operational-constraint,
and apron-area transfer cases.

Intermediate / Ad-
vanced

WP6 Thesis and scientific paper
finalization

Harmonize the scientific paper, literature re-
view, research definition, appendices, nomen-
clature, figures, tables, references, and table-
of-contents mappings.

Baseline
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4.5.2. Detailed Work Packages
Table 4.2: Detailed work-package tasks and deliverables

Work pack-
age

Main tasks Main deliverables

WP1 Review literature on ASM Ops, surface-
surveillance data, graph reconstruction, MAS
modeling, data-driven behavior identification,
and model validation. Define the research
gap, objective, research questions, and re-
search scope.

Literature review; research definition; re-
search objective; research questions; scope
and boundaries section.

WP2 Extract the modeled taxiing scope from VEM-
MIS operational records. Construct the air-
port layout graph. Perform graph-constrained
map matching. Build exact observed paths,
canonical path families, path-choice sets, and
context-feature definitions.

Scoped taxi trajectories; graph-aligned taxi
trajectories; airport layout graph; path cata-
log; context-feature pool; component-specific
input datasets.

WP3 Define the MAS model and agent categories.
Implement the shared empirical, CART, and
fallback inference structure. Calibrate end-
point selection, path choice, speed-profile be-
havior, and local conflict resolution as learned
behavioral components.

MAS model definition; learned behavioral
components; deterministic execution-rule
boundary; prediction-source diagnostic defi-
nitions.

WP4 Construct the week-blocked, cluster-stratified
split. Perform feature-set selection and
Bayesian hyperparameter optimization. Eval-
uate selected components on the held-out
test partition. Run integrated historical valida-
tion scenarios.

Selected component configurations;
Bayesian optimization traces; training-
data sensitivity diagnostics; component-level
validation results; integrated model-validation
diagnostics.

WP5 Analyze selected context features and
prediction-source support. Examine missing
construction state, operational availability
rules, and apron-area transfer. Interpret
limitations and future context needs.

Appendix C operational interpretation; Ap-
pendix D construction case study; Appendix E
operational-constraints case study; Appendix
F apron-area transfer case study.

WP6 Finalize the scientific paper and thesis re-
port. Harmonize terminology, nomenclature,
acronyms, figures, tables, captions, refer-
ences, and appendix titles. Check compila-
tion and table-of-contents mapping.

Final scientific paper; final thesis report; fi-
nal appendices; updated nomenclature; com-
piled report.

4.5.3. Milestones
The work packages are connected through milestone gates. Each milestone marks a point where the next
phase depends on the previous one being stable enough to support downstream work.
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Table 4.3: Thesis milestones

Milestone Completion criterion Main deliverables
M1 Literature review, research gap, research objec-

tive, research questions, and scope are consis-
tent.

Literature review; research definition;
planning section.

M2 Taxiing-scope extraction, airport layout graph, and
graph-constrained map matching produce a us-
able graph-aligned taxi dataset.

Taxi trajectories; graph-aligned taxi tra-
jectories; reconstruction diagnostics.

M3 Exact observed paths, canonical path fami-
lies, path-choice sets, context features, and
component-specific input datasets are available.

Path catalog; context-feature def-
initions; component-specific input
datasets.

M4 Learned behavioral components are calibrated on
training and validation data, while the held-out test
partition remains unused.

Selected component configurations;
Bayesian optimization traces; training-
data sensitivity diagnostics.

M5 Component-level validation and integrated model-
validation scenarios are completed and inter-
preted.

Held-out component diagnostics; in-
tegrated model-validation diagnostics;
prediction-source diagnostics.

M6 Construction-state, operational-constraints, and
apron-area transfer case studies are completed.

Appendices D–F.

M7 Scientific paper, literature review, research defini-
tion, appendices, nomenclature, references, and
TOC mappings are finalized.

Final thesis report and scientific article.

4.5.4. Indicative Timeline
The indicative timeline follows the dependency structure of the work packages. Earlier phases produce the
data products and model definitions; later phases evaluate, interpret, and document the final methodology.

Table 4.4: Indicative thesis timeline

Period Main activities Milestone
November–December
2025

Literature review, research definition, terminology align-
ment, initial data access, and taxiing-scope definition.

M1

December 2025–January
2026

Data ingestion, preprocessing, airport layout graph
preparation, taxiing-scope extraction, and graph-
constrained map matching.

M2

January–February 2026 Path-catalog construction, context-feature definitions,
component-specific input datasets, and MAS model al-
location.

M3

February–March 2026 Development and calibration of endpoint-selection, path-
choice, speed-profile, and local conflict-resolution com-
ponents.

M4

March–April 2026 Held-out component validation, prediction-source diag-
nostics, training-data sensitivity analysis, and integrated
model-validation scenarios.

M5

April–May 2026 Construction-state, operational-constraints, and apron-
area transfer case studies.

M6

May–July 2026 Scientific paper finalization, literature-review expansion,
appendix writing, report harmonization, nomenclature,
figure/table checks, and final compilation.

M7

This planning supports the research objective by keeping the thesis measurement-first, support-aware,
and validation-driven. The thesis first establishes reliable graph-aligned taxi trajectories and context-rich
component inputs. It then identifies selected taxi-operation behaviors through learned behavioral com-
ponents and evaluates them with prediction-source diagnostics. Finally, integrated model validation and
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case-study appendices are used to interpret component interoperability, emergent timing effects, missing
operational context, and transferability.
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A
Model Calibration and Tuning

A.1. Purpose and Relation to the Scientific Paper
The scientific paper summarizes the model-training, tuning, and evaluation workflow in Section IV and
reports the selected component configurations in Section V. This appendix provides the calibration evi-
dence behind that summary. It documents the week-blocked operational-profile split, defines the context-
feature pool used during calibration, shows the Bayesian hyperparameter optimization traces, and ana-
lyzes training-data sensitivity.

The appendix does not introduce alternative model specifications, additional learned components, or
implementation-specific export details. Its role is to explain how the selected learned behavioral compo-
nents were calibrated before locked test evaluation. The context-feature definitions clarify what informa-
tion was available to the empirical and CART stages, while the optimization and sensitivity analyses show
how support, prediction-source behavior, fallback dependence, and training-data availability affected the
selected configurations.

This separation keeps the scientific paper focused on the main methodology and results. Appendix B
(Verification and Validation) evaluates the selected components on the held-out test partition, and Ap-
pendix C (Operational Interpretation of Selected Model Configurations) interprets the operational meaning
of the final selected context features and context-conditioned performance patterns.

A.2. Training, Validation, and Test Partitioning
The scientific paper defines the pooled 2024-2025 week-blocked, cluster-stratified training, validation,
and test split. This appendix expands that design by showing how the operational weeks were grouped
before stratified assignment. The goal is to verify that the split preserves the main operating regimes in
the two-year dataset, rather than assigning weeks only by calendar order or random sampling.

The split is week-blocked because aircraft taxi operations are temporally correlated. Movements within
the same week often share runway configurations, traffic levels, weather conditions, demand patterns,
and local operational constraints. Keeping complete weeks in one partition reduces leakage between
training, validation, and test sets. The additional clustering step then ensures that each partition contains
a representative mix of operational regimes.

Each ISO week is summarized by a weekly operational profile. The profile combines variables that de-
scribe the operating conditions of that week, including traffic per day, inbound share, local 30-minute den-
sity, mean taxi time, mean path length, runway-use entropy, OD-pair entropy, and temperature. These fea-
ture groups are normalized before clustering so that no single group dominates the operational-distance
matrix. K-medoids clustering is used because each cluster is represented by an observed week, or
medoid, rather than by a synthetic centroid. This makes the clusters easier to interpret operationally.
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Figure A.1: Weekly operational-profile clusters

Figure A.1 identifies six weekly operational-profile clusters. The largest clusters represent common
operating regimes, while the smaller clusters preserve rarer weeks with unusual traffic, runway-use, or
directional patterns. This is important for model calibration: if rare regimes were concentrated in only one
partition, validation results could reflect partition bias rather than model generalization.

Table A.1: Interpretation of weekly operational-profile clusters

Cluster Size and
medoid

Dominant runway
configurations

Operational interpretation

C1 38 weeks;
2025-W09

18R; 24+18L;
18R+18C

Largest baseline cluster. It represents common mixed operations with
moderate traffic, density, path length, taxi time, and runway-use diver-
sity.

C2 30 weeks;
2024-W33

24+18L; 18R; 24 High-activity warm-period cluster. It combines relatively high traffic,
density, runway-use diversity, and OD-pair diversity, making it impor-
tant for calibration under busy representative conditions.

C3 13 weeks;
2025-W18

36L+36C;
06+36R; 06

Distinct runway-use regime dominated by 36/06 configurations. It
captures weeks with strong traffic and density signals but a different
runway-configuration structure from the larger baseline clusters.

C4 11 weeks;
2025-W37

24+18L; 18R; 24 Concentrated high-traffic regime. The profile emphasizes traffic and
temperature while showing more concentrated runway-use and OD
structure than the broad high-activity clusters.

C5 9 weeks;
2024-W09

Other; 18R;
18R+18C

Long-path and long-taxi regime. The cluster captures weeks with
larger path-length and taxi-time signatures and a higher share of less
common runway-configuration patterns.

C6 3 weeks;
2024-W03

18R; 24+18L;
18R+18C

Small rare-regime cluster. It is inbound-heavy and lower in traffic and
density, but is retained in the stratification so that unusual operating
weeks are not excluded from validation coverage.

Table A.1 interprets the six clusters in terms of their operational role. Clusters C1 and C2 cover most
of the two-year sample and provide the main representative operating conditions. Clusters C3 and C4
preserve runway-configuration regimes that differ from the broad baseline. Cluster C5 captures longer-
path and longer-taxi weeks with less common runway-configuration patterns. Cluster C6 is small but
important because it keeps rare inbound-heavy, lower-density weeks visible during split construction.

The stratified assignment uses these clusters when assigning complete weeks to the training, valida-
tion, and test partitions. The target is not to make the partitions identical, but to avoid a split in which
one partition contains only common weeks while another contains rare or operationally distinct weeks.
This supports the calibration workflow in the rest of this appendix: empirical and CART stages are trained
on a broad operating sample, validation tuning is exposed to representative operational variation, and
the locked test partition remains a meaningful check of generalization. The same split is used by the
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path-choice, endpoint-selection, speed-profile, and local conflict-resolution components, so the calibra-
tion diagnostics in this appendix are aligned with the component-level validation results in Appendix B
(Verification and Validation).

A.3. Context Feature Definitions
The scientific paper reports the selected empirical and CART feature sets and describes how candidate
feature sets are screened during model training. This section defines the context-feature pool from which
those candidate sets were constructed. The purpose is to clarify which operational information was avail-
able during calibration and how derived context features were calculated from processed trajectory or
operational records. The operational interpretation of the final selected features is provided in Appendix C.

Context features are restricted to information available before, or at the time of, the represented behav-
ior. This restriction avoids using future outcomes to explain a decision or movement pattern. Endpoint-
selection and path-choice features describe the movement context before the endpoint or path is inferred.
Speed-profile features describe conditions available before estimating an edge-level residual speed pro-
file. Local conflict-resolution features describe the encounter state before assigning a movement-derived
priority or resolution-action label.

A.3.1. Movement, Endpoint, and OD Features
Movement, endpoint, and OD features define the operational identity of a taxi movement. They include
movement direction, runway stopbar, apron boundary, OD pair, and OD group. These variables are de-
rived from taxiing-scope extraction and graph alignment. Movement direction distinguishes inbound from
outbound taxi movements. The runway stopbar and apron boundary define the endpoints of the modeled
taxiing scope. Together, movement direction, runway stopbar, and apron boundary define the OD pair
used by the path-choice component and by OD-specific diagnostics.

An OD group is a coarser runway-apron grouping used when exact OD-pair diagnostics would be
too sparse. It preserves the main spatial relation between runway side and apron side while reducing
the number of categories. In the calibration workflow, OD-related variables can serve as conditioning
variables, grouping variables, or target-specific context, depending on the learned behavioral component.
They are not all used as features for every component.

A.3.2. Schedule, Aircraft, and Procedure Features
Schedule, aircraft, and procedure features are derived from flight-level and schedule records linked to
each taxi movement. They include aircraft class, wake category, airline or operator, Standard Instru-
ment Departure (SID), and scheduled gate area. These variables describe aircraft, operator, apron-side
planning, and departure-procedure context available before the modeled taxi movement or decision is
inferred.

Aircraft class and wake category provide size and performance context. Airline or operator information
can capture repeated operational patterns, fleet composition, and apron usage. SID information is rele-
vant for outbound runway-stopbar selection and runway-departure release behavior because departures
with similar procedures may be subject to additional sequencing constraints. Scheduled gate area pro-
vides apron-side context without treating the exact stand as an endpoint target, since stand-level endpoint
assignment is outside the modeled taxiing scope.

A.3.3. Runway and Operating-State Features
Runway and operating-state features describe the airport configuration active around the taxi movement.
They include runway configuration, runway role, BZO phase, and runway-configuration transition features.
Runway configuration identifies the active arrival and departure runway setup. Runway role describes how
a runway participates in the operation, for example as an arrival, departure, or mixed-use runway. BZO
phase is a Schiphol operational phase variable that summarizes higher-level operating state.

Runway-transition features describe the temporal proximity of a taxi movement to a runway-configuration
change. The “minutes since runway-configuration change” feature is calculated as the elapsed time be-
tween the taxi movement and the most recent runway-configuration transition. The “minutes until runway-
configuration change” feature is calculated as the time until the next transition in the historical operating-
state sequence. In retrospective model identification, this sequence is taken from historical operational
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records. In prospective use, the same type of feature would require a planned runway-configuration
schedule; otherwise, only elapsed-time information can be used without future-state knowledge.

A.3.4. Temporal Features
Temporal features encode recurring daily, weekly, and seasonal structure. They include taxi start minute
of day, time-of-day category, weekday, and broader calendar indicators. Taxi start minute of day is de-
rived from the timestamp at which the taxiing-scope interval starts. Time-of-day categories group this
continuous timestamp into operational periods such as early morning, morning peak, midday, afternoon
peak, evening, and other low-volume periods.

These features allow the empirical and CART stages to distinguish repeated operating patterns that are
not fully captured by runway configuration or traffic counts. They are useful when operational procedures,
traffic demand, airline schedules, or runway-use patterns vary systematically over the day or week.

A.3.5. Demand and Density Features
Demand and density features summarize nearby traffic conditions around the evaluated taxi movement.
They include 30-minute direction-demand count, 30-minute local-density count, same-apron demand, and
local density. These features are derived from time-aligned taxi movements rather than from a single flight
record.

The 30-minute direction-demand count is the number of taxi movements with the same movement
direction in the relevant 30-minute operating window around the evaluated movement. It represents direc-
tional traffic pressure. The 30-minute local-density count is the number of nearby taxi movements in the
same operating window and represents surface-traffic intensity. Same-apron demand counts movements
linked to the same apron area and captures local apron-side pressure. Local density is a discretized or
grouped version of nearby movement intensity used when a component benefits from categorical density
context rather than a raw count.

These features are included because many taxi-operation behaviors depend on nearby traffic, not
only on the aircraft’s own flight record. They help distinguish isolated movements from movements taking
place under congested or highly interactive operating conditions.

A.3.6. Trajectory-Derived Motion Features
Trajectory-derived motion features are calculated from processed taxi trajectories or graph-aligned taxi
trajectories. They include exit speed at threshold, exit speed at fixed downstream distances, and previous-
edge speed. These variables describe motion state before the target behavior is estimated.

For inbound runway-stopbar selection, runway-exit speed features are sampled from the early post-
landing trajectory. The threshold feature records the speed at the runway threshold reference, while the
+250m, +500m, and +1000m features record speed at fixed distances downstream along the observed
runway-exit trajectory. These features describe how the aircraft decelerates after landing and are therefore
relevant for runway-side endpoint inference.

For the speed-profile component, previous-edge speed describes local motion continuity before the
current edge-level residual is estimated. It is derived from the accepted speed observation on the preced-
ing directed edge of the selected or observed path. This feature allows the residual-speed estimator to
account for whether the aircraft approaches the current edge from a slow, fast, accelerating, or recently
constrained state.

A.3.7. Path, Graph, and Protected-Resource Features
Path, graph, and protected-resource features are derived from the airport layout graph, the path catalog,
and protected-resource definitions. They include path candidate, path-choice set, directed edge, resource
group, and protected taxi resource. These variables connect the learned behavioral components to the
graph-based representation used throughout the methodology.

For path choice, the path-choice set defines the available canonical path families for the OD pair.
For speed-profile behavior, the directed edge defines the local graph element on which an edge-relative
speed profile or residual profile is estimated. For local conflict resolution, resource group and protected
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taxi resource identify the graph node, apron-boundary resource, merge resource, or geometric crossing
involved in a pairwise encounter.

These graph-derived features are not raw data fields. They are created after graph-constrained map
matching, path-catalog construction, and protected-resource extraction. They are included because the
learned behavioral components estimate behavior on the graph representation, not directly on raw coor-
dinate traces.

A.3.8. Conflict-Event Features
Conflict-event features describe the pairwise state of two aircraft approaching a protected taxi resource.
They include relative estimated time of arrival (ETA), relative ETA bin, own direction, other direction, own
distance to resource, other distance to resource, and resource group. These features are derived from
free-motion trajectories and protected-resource geometry.

Relative ETA is the difference between the free-motion arrival times of the two aircraft at the protected
taxi resource. It indicates which aircraft would reach the resource first if no local conflict-resolution behav-
ior were applied. Relative ETA bin is a discretized version of this timing difference and is used when the
empirical stage requires categorical context. Own and other direction describe the movement directions
of the two aircraft. Own and other distance to resource measure the remaining path distance from each
aircraft to the protected taxi resource at the encounter-evaluation time.

These features provide the context needed to infer movement-derived priority and resolution-action
labels. They do not represent observed controller commands. They describe the encounter geometry
and timing from which the historical movement-derived labels are inferred.

This section defines the calibration input space used by the learned behavioral components. The scien-
tific paper describes how these features are screened and tuned during model selection, while Appendix C
interprets the final selected feature sets and their context-conditioned validation behavior.

A.4. Context Feature Coverage and Dataset Profile
The previous section defined the context-feature pool available during calibration. This section describes
how those features are distributed in the final graph-aligned taxi dataset. The purpose is to check whether
the calibration input space covers a broad range of operational conditions, not to interpret the final selected
feature sets. The operational meaning of the selected features after model selection is discussed in
Appendix C.

Context-feature coverage matters because the learned behavioral components are support-aware.
Empirical-stage outputs require enough repeated observations in comparable contexts, while CART-stage
outputs require leaves with sufficient support and stability. If important operating regimes are underrep-
resented, the model may rely more heavily on CART generalization or fallback rules. A dataset profile
is therefore needed to understand which operational conditions are well represented before interpreting
component-level validation results.

Figure A.2: Context-feature coverage profile

Figure A.2 summarizes the main context-feature distributions in the final graph-aligned taxi dataset.
The profile covers endpoint volumes, runway configurations, aircraft and operator composition, temporal
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context, and density or demand state. These dimensions correspond to the feature families defined in
Section A.3.

The endpoint-volume panels show how taxi movements are distributed over runway stopbars and
apron boundaries. This distribution is important because endpoint-selection and path-choice targets are
not equally supported across all OD pairs. High-volume endpoints provide strong empirical support, while
rare runway stopbars or apron boundaries may require CART generalization or fallback behavior during
model execution.

The runway-configuration and temporal panels show the operating regimes represented in the dataset.
Runway configuration is central for path choice and endpoint selection because it constrains the active
runway-side structure of the operation. Time-of-day and weekday patterns capture recurring schedule
and demand structure. These distributions confirm that the dataset contains both dominant operating
patterns and less frequent regimes, which supports the week-blocked, cluster-stratified split described in
Section A.2.

The aircraft, operator, and demand panels describe the traffic composition available to the learned be-
havioral components. Aircraft class and operator composition support aircraft-side and operator-related
context in endpoint selection and speed-profile behavior. Density and demand features distinguish iso-
lated taxi movements from movements occurring under high traffic pressure. This is important for path
choice, speed-profile residual estimation, and local conflict-resolution observations.

The dataset profile shows that the final graph-aligned taxi dataset is broad enough to support context-
conditioned calibration, while still being dominated by common Schiphol operating patterns. This imbal-
ance is expected in operational data. The calibration workflow therefore combines empirical support,
CART generalization, and fallback rules so that high-support contexts can preserve observed behavior
while sparse contexts remain executable.

A.5. Bayesian Hyperparameter Optimization
The scientific paper summarizes Bayesian hyperparameter optimization as the validation-stage step that
selects the final component configurations. This appendix expands that summary by showing how the
validation objective evolved during tuning. The purpose is to demonstrate that the selected configurations
were chosen from a structured search over support-aware model settings, not from manual adjustment
after test evaluation.

Bayesian hyperparameter optimization is applied after the candidate empirical and CART feature sets
have been defined. At this stage, the feature structure of each candidate configuration is fixed, while the
tuning process adjusts component-specific hyperparameters. These include empirical support thresholds,
temporal-coverage requirements, CART leaf-acceptance criteria, CART complexity settings, and fallback
settings. The exact hyperparameter ranges differ by component because endpoint selection, path choice,
speed-profile behavior, and local conflict resolution have different targets and support requirements.

The validation objective combines predictive performance with prediction-source diagnostics. This is
necessary because high predictive performance alone does not show whether a component is supported
by historical observations. A configuration that performs well but relies heavily on fallback rules is less
informative as a learned behavioral component than a configuration with comparable performance and
stronger empirical or CART support. The validation objective therefore favors configurations that balance
predictive quality, learned support, fallback control, and executable output availability.

The objective values are component-specific. They should not be compared across components as
physical metrics, because each component uses a different target variable, metric combination, and sup-
port diagnostic. Their role is to rank candidate configurations within the same component family before
the held-out test partition is evaluated.
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Figure A.3: Bayesian optimization validation traces

Figure A.3 shows the validation objective values explored during Bayesian hyperparameter optimiza-
tion. The selected finalists lie near the upper envelope of their respective candidate families, indicating
that the search identified configurations with strong validation-stage performance under the component-
specific objective. The traces also show why Bayesian optimization is useful in this setting: the objective
surface is irregular because each trial changes both predictive performance and prediction-source behav-
ior.

The optimization step preserves the train/validation/test separation. Training observations fit the em-
pirical and CART stages, validation observations guide hyperparameter selection, and the held-out test
partition remains unused until the selected configuration is fixed. The selected configurations are there-
fore locked before the component-level validation reported in Appendix B (Verification and Validation) and
the integrated model-validation scenarios discussed in the scientific paper.

A.6. Training-Data Sensitivity Analysis
The scientific paper summarizes the training-data sensitivity design. This section adds the diagnostic
interpretation: how much the selected learned behavioral components depend on training-data amount
and temporal coverage. The purpose is not to reselect the models, but to test whether the selected
calibration remains stable when the available training history is reduced or expanded.

The selected feature sets, acceptance structure, and tuning settings remain fixed. Only the training
observations available to the empirical and CART stages are varied. The validation population used for
the sensitivity diagnostics remains fixed, and the locked test partition is not used for this analysis. This
design isolates the effect of training-data availability from changes in the evaluation population.

Two training-subset sequences are compared. The fraction sequence uses nested, stratified subsets
with 5%, 10%, 25%, 50%, 75%, and 100% of the training observations. This sequence tests how much
representative training data is needed. The chronological sequence uses expanding historical windows
of 7, 14, 30, 61, 92, 183, 274, 365, 548, and 730 days. This sequence tests whether broader historical
coverage improves validation behavior as more operating conditions become available.
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Figure A.4: Training-data sensitivity diagnostics
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Figure A.4 shows that additional training data generally improves learned support and reduces fallback
dependence. The effect is strongest for components whose targets are sparse across OD pairs, runway
stopbars, or rare operational contexts. Path choice benefits from broader historical coverage because
many OD-specific path candidates have limited support. Endpoint-selection fallback decreases most
clearly for runway-stopbar targets, where the operational context is more varied than for apron-boundary
targets.

The speed-profile and local conflict-resolution components are less sensitive to small training subsets
in terms of learned support, but their errors remain context-dependent. Speed-profile residuals depend
on local motion state and graph location, while local conflict-resolution labels are sensitive to near-tie
timing and protected-resource geometry. Additional data therefore improves these components less by
changing the overall support level and more by refining behavior in specific operating contexts.

The sensitivity analysis adds two calibration conclusions. First, more data mainly improves the reli-
ability of learned support and reduces unnecessary fallback use. Second, the value of additional data
depends on the operational structure of the target. Sparse choice sets and rare endpoint classes need
broader historical coverage, while dense motion and interaction datasets may already support the main
learned stages with smaller subsets.

A.7. Calibration and Tuning Takeaways
This appendix provides the calibration evidence behind the selected learned behavioral components re-
ported in the scientific paper. Its main purpose is to show that the final configurations were selected
through a controlled validation-stage process, not through test-set adjustment or manual tuning after eval-
uation.

The first calibration takeaway is that the split design protects the validity of the evaluation. Complete
ISO weeks are kept together, and weekly operational-profile clustering preserves variation in runway use,
traffic volume, movement direction, density, demand, and temporal operating conditions. This gives the
empirical and CART stages a broad training base while keeping the validation and test partitions opera-
tionally meaningful.

The second takeaway is that context features define the information available to the learned behav-
ioral components. Movement, schedule, runway, temporal, demand, motion, graph, and conflict-event
features provide the calibration input space. Derived features such as demand counts, runway-transition
timing, previous-edge speed, and relative ETA translate raw operational records and graph-aligned tra-
jectories into model-ready context. These definitions are needed before feature selection and tuning can
be interpreted.

The third takeaway is that Bayesian hyperparameter optimization tunes support-aware model behav-
ior, not only predictive accuracy. The validation objective combines performance with prediction-source
diagnostics, so selected configurations are favored when they preserve empirical or CART support and
limit unnecessary fallback dependence. This is important because fallback outputs preserve executability
but do not provide evidence of learned behavior.

The fourth takeaway is that training-data sensitivity is component-dependent. Additional training data
generally improves learned support and reduces fallback dependence, but the benefit depends on the
structure of the target. Sparse path candidates and rare endpoint classes need broader historical cov-
erage, while speed-profile and local conflict-resolution components already have broad support under
smaller training subsets and mainly benefit through context-specific refinement.

Taken together, Appendix A shows how the final learned behavioral components were calibrated before
locked test evaluation. Appendix C then interprets what the final selected context features reveal about the
operational structure of the modeled taxi behaviors, while Appendix B evaluates the selected components
on the held-out test partition.



B
Verification and Validation

B.1. Purpose and Relation to the Scientific Paper
The scientific paper reports compact verification and validation results in Section V. This appendix pro-
vides the supporting evidence behind those results. It documents the reconstruction quality of the graph-
aligned taxi dataset, the validity of the path catalog, the detailed metric definitions, the held-out component
diagnostics, and the integrated model-validation scenario diagnostics.

The appendix is organized as an evidence layer, not as a second methodology section. The paper
explains how the model is built and reports the headline results. This appendix shows the diagnostic
detail that supports those claims: whether the processed trajectories are reliable enough for behavior
identification, whether path-catalog compression preserves useful path candidates, how component-level
metrics are defined, and how selected component outputs behave when combined with deterministic
execution rules.

The validation evidence is deliberately separated by level. Data reconstruction and path-catalog diag-
nostics verify the quality of the derived data products. Component-level diagnostics evaluate the selected
learned behavioral components on the held-out test partition. Integrated model-validation diagnostics
evaluate whether selected outputs and deterministic execution rules remain coherent during historical-
scenario model execution. These levels answer different questions and should not be interpreted as the
same type of validation.

B.2. Data Reconstruction and Map-Matching Validation
The first validation layer checks whether surface-surveillance trajectories can be converted into graph-
aligned taxi trajectories on the airport layout graph. This matters because all downstream components
use graph-derived objects: exact observed paths, canonical path families, edge-relative speed profiles,
endpoint targets, and protected-resource events. If the reconstruction were unreliable, the learned behav-
ioral components would inherit that error.

The reconstruction quality is evaluated with matching mode, point-to-path projection error, high-error
exclusions, and spatial concentration of reconstruction failures. These diagnostics test both aggregate
quality and local representation limits of the airport layout graph.
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Figure B.1: Map-matching validation diagnostics

Figure B.1 shows that most retained taxi trajectories are reconstructed with low projection error. The
scientific paper reports a median 95th-percentile point-to-path projection error of 8.71m for nominal graph-
aligned taxi trajectories. Fallback reconstruction is used for less than 1% of trajectories, reduced-graph
shortest-path recovery is needed in only four cases, and high-error exclusions with 95th-percentile error
above 80m account for 0.46% of the retained set.

The important diagnostic result is that reconstruction problems are localized rather than global. The
high-error concentrations around runway 27, runway 09, and apron S indicate local representation or
surveillance-data issues. They are therefore treated as limitations of the static graph and data source, not
as evidence that graph-constrained map matching fails for the modeled taxiing scope as a whole.

B.3. Path Catalog and Canonical Path-Family Diagnostics
After map matching, exact observed paths are grouped into canonical path families. This step reduces
tactical and reconstruction-level variation while preserving the main path candidates available within each
OD pair. The grouping used in this study applies mutual directed-edge-count coverage and path-length
consistency. Two paths are grouped when they meet the 70% mutual directed-edge-count coverage
criterion and the 15% length-difference threshold described in the scientific paper.

The purpose of this validation layer is to check whether the catalog reduces sparsity without collapsing
meaningful path differences. A catalog with too many exact paths would make path choice sparse and
unstable. A catalog with too few families would remove operationally relevant path candidates.
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Figure B.2: Path-catalog compression diagnostics



B.4. Validation Metrics and Diagnostic Definitions 79

Figure B.3: Representative canonical path families

Figure B.2 shows the reduction from exact observed paths to canonical path families across OD struc-
tures. The final path catalog contains 883,771 graph-aligned taxi trajectories, 12,735 exact observed
paths, and 3,002 canonical path families. The average number of path candidates per OD pair decreases
from 8.81 exact observed paths to 2.09 canonical path families. This confirms that the catalog reduces
sparsity substantially.

Figure B.3 shows a representative high-traffic OD pair. The canonical path families preserve the dom-
inant path structures while absorbing small local deviations and map-matching variation. This supports
the use of canonical path families as path candidates for the path-choice component.

B.4. Validation Metrics and Diagnostic Definitions
The scientific paper reports metric families and headline values. This section defines the detailed diag-
nostics used in the appendix figures and tables. Let yi be the observed class label for observation i, let
p̂ik be the predicted probability of class k, and let Ki be the number of classes available to observation i.

The normalized Brier score used for classification diagnostics is

Bi =
1

2

Ki∑
k=1

(p̂ik − 1(yi = k))
2
. (B.1)

The factor 1/2 places the multiclass Brier score on a common 0–1 scale for one-hot class labels, where
0 indicates a perfect probabilistic prediction.

The normalized predictive entropy is

Hi = − 1

log Ki

Ki∑
k=1

p̂iklog (p̂ik). (B.2)

It measures the sharpness of the predicted class-probability distribution. The diagnostic is evaluated for
cases with Ki > 1; single-class cases are treated as trivial for entropy-based interpretation.
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Expected calibration error (ECE) compares confidence and empirical accuracy over confidence bins
b:

ECE =
∑
b

nb

N
|acc(b)− conf(b)| . (B.3)

Here, nb is the number of observations in bin b, N is the total number of observations, acc(b) is the
empirical accuracy in the bin, and conf(b) is the mean predicted confidence.

For the speed-profile component, the central 80% prediction-interval score uses lower and upper
bounds ℓi and ui, observation yi, and α = 0.20:

Sα,i = (ui − ℓi) +
2

α
(ℓi − yi)1(yi < ℓi) +

2

α
(yi − ui)1(yi > ui). (B.4)

The score rewards narrow intervals, but penalizes intervals that miss the observed value.
The empirical coverage gap is

G80 =

∣∣∣∣∣ 1N
N∑
i=1

1(ℓi ≤ yi ≤ ui)− 0.80

∣∣∣∣∣ . (B.5)

It reports the absolute difference between achieved coverage and the nominal 80% target.
Integrated model-validation timing error is reported as model-produced taxi time minus the processed

historical taxi-time reference:
∆ti = tmodel

i − thisti . (B.6)
Positive values indicate that the model-produced movement is later than the processed historical refer-
ence.

Conflict-pair agreement is computed on unordered aircraft pairs detected as conflict events in the
model execution and in the historical reference extraction. Pair precision and recall are

Ppair =
|Pmodel ∩ Phist|

|Pmodel|
, Rpair =

|Pmodel ∩ Phist|
|Phist|

, (B.7)

where Pmodel and Phist are the model-produced and historical conflict-pair sets. The pair-level F1 score is

F1pair =


2PpairRpair

Ppair +Rpair
, Ppair +Rpair > 0,

0, Ppair +Rpair = 0.
(B.8)

These diagnostics are interpreted together with prediction-source shares. A prediction produced by
a fallback or deterministic execution rule can preserve executability, but it does not provide the same
evidence of learned behavior as an empirical-stage or CART-stage prediction.

B.5. Path-Choice Component Validation
The path-choice component is evaluated in two ways. The exact observed path view measures graph-
geometry recovery through directed-edge overlap. The canonical path-family view measures whether
the selected path candidate matches the observed canonical family. These views are complementary:
a predicted path can be geometrically close even when the exact canonical label differs, and a correct
family label can still contain local geometric deviations.

Figure B.4: Path-choice validation diagnostics
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Figure B.5: Non-trivial path-choice diagnostics

Across all 132,760 held-out test cases, the mean edge-weighted exact observed path F1 is 0.926 and
the mean canonical path-family weighted F1 is 0.861. Prediction-source shares are 86.53% empirical,
10.17% CART, and 3.30% fallback. These values show that most path-choice outputs are supported by
observed empirical context or CART generalization.

Figure B.5 restricts the evaluation to OD pairs with more than one relevant path candidate. In this
subset, the exact observed path F1 decreases to 0.900 and the canonical path-family weighted F1 de-
creases to 0.808. This confirms that part of the all-case performance comes from structurally simple OD
pairs, while genuine path-choice cases remain more difficult. The non-trivial subset is therefore the more
informative diagnostic for operational path-choice behavior.

B.6. Endpoint-Selection Component Validation
Endpoint selection is evaluated separately for the inbound runway stopbar, inbound apron boundary, out-
bound apron boundary, and outbound runway stopbar targets. The separation is important because these
targets have different operational mechanisms. Runway-side targets are affected by aircraft state, runway
use, departure procedures, and runway-side availability, while apron-boundary targets are more strongly
linked to apron and gate geography.

Figure B.6: Endpoint-selection validation diagnostics

Figure B.7: Non-trivial endpoint-selection diagnostics
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Figure B.8: Endpoint-selection confusion matrices
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Figure B.9: Spatial endpoint-selection diagnostics

The held-out weighted F1 values are 0.696 for inbound runway-stopbar selection, 0.898 for inbound
apron-boundary selection, 0.902 for outbound apron-boundary selection, and 0.766 for outbound runway-
stopbar selection. The corresponding fallback shares are 1.01%, 0.32%, 0.30%, and 6.90%, with no
unsupported cases.

The diagnostic pattern is consistent with the operational structure of the targets. Apron-boundary
targets are easier because they are strongly tied to gate and apron area. Runway-stopbar targets aremore
variable. Inbound runway-stopbar selection reflects aircraft-side landing and exit behavior, while outbound
runway-stopbar selection reflects departure-side procedures, runway configuration, and local availability.
The spatial diagnostics show where endpoint classes have weaker recovery and help distinguish rare-
class difficulty from broader component failure.

B.7. Speed-Profile Component Validation
The speed-profile component estimates residual speed profiles around edge-level baseline speed profiles.
Its validation therefore focuses on regression error, prediction-interval quality, prediction-source shares,
and the spatial distribution of speed error. Unlike the discrete learned components, the speed-profile
component does not return a class-probability distribution over alternatives.
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Figure B.10: Speed-profile validation diagnostics

Figure B.11: Spatial speed-profile error diagnostics

The final speed-profile component is evaluated on 4,138,913 edge-speed profiles. The mean RMSE
is 2.279 kt, the mean 90th-percentile absolute error is 2.962 kt, and the mean signed bias is 0.089 kt. The
central 80% interval coverage is 84.21%, giving a 4.21 percentage-point coverage gap. Prediction-source
shares are 91.10% empirical, 8.87% CART, 0.033% fallback, and 0.0002% unsupported.

These values show that the edge-level baseline plus residual structure is effective for aggregate speed
behavior. The slight over-coverage of the central 80% interval indicates conservative uncertainty esti-
mates, which is preferable to under-coverage for a support-aware baseline. The spatial RMSE diagnostic
localizes the remaining error and shows where geometry, local traffic conditions, or edge-specific move-
ment behavior require further refinement.
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B.8. Local Conflict-Resolution Component Validation
The local conflict-resolution component is evaluated on labels inferred from observed trajectories and
free-motion counterfactuals. These labels are movement-derived; they are not ATC instruction logs. The
priority label records which aircraft passed the protected taxi resource first, while the resolution-action label
for aircraft i uses the classes PROCEED, SLOW_DOWN, and HOLD_SHORT to describe the inferred movement
response.

Figure B.12: Local conflict-resolution validation diagnostics

Figure B.13: Local conflict-resolution confusion matrices

The locked test set contains 125,832 conflict-event observations. Weighted F1 is 0.856 for priority
labels and 0.830 for movement-derived resolution-action labels. Mean normalized Brier scores are 0.104
and 0.126, while ECE values are 0.054 and 0.060. Prediction-source shares are 45.62% empirical and
54.38% CART, with no fallback or unsupported cases in held-out component validation.

The component recovers the main priority and resolution-action patterns, but the confusion matrices
show that action-level distinctions are harder than priority recovery. Proceed and slow-down cases can
be difficult to separate from trajectory data alone, especially when the observed movement response is
gradual. Hold-short behavior is less frequent and therefore remains more sensitive to support and labeling
uncertainty. These results should be interpreted as validation of movement-derived interaction labels, not
as validation of recovered controller intent.

B.9. Integrated Model-Validation Scenario Diagnostics
Integrated model validation combines the selected learned behavioral components with deterministic exe-
cution rules. This validation level checks whether component outputs remain coherent when path choice,
speed-profile behavior, local conflict resolution, protected-resource monitoring, following-and-merge con-
straints, and runway-departure release are executed together.
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The representative historical-scenario runs use historical endpoints. This isolates timing, path, speed,
conflict-event, following, and runway-release behavior from endpoint-selection errors, which are evaluated
separately at component level. The integrated diagnostics therefore evaluate component interoperability
and emergent behavior, not isolated component accuracy.

Figure B.14: Integrated motion diagnostics

Figure B.15: Integrated conflict-emergence diagnostics
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Figure B.16: Runway-departure queueing diagnostics

Table B.1: Integrated scenario diagnostics

Historical valida-
tion scenario

Movements Speed RMSE, kt Taxi-time error,
min

Conflict and runway-departure re-
lease diagnostics

Preferential run-
way configuration

192 Realized 4.12;
nominal 4.06

Realized +0.30;
nominal −0.21

Conflict-pair F1 24.6%; 76 com-
pared runway releases; mean abso-
lute release-time error 1.26 min.

Conflict-rich 142 Realized 4.74;
nominal 4.74

Realized −0.87;
nominal −1.50

Conflict-pair F1 18.0%; 77 com-
pared runway releases; mean abso-
lute release-time error 2.45 min.

High runway vari-
ability

165 Realized 5.61;
nominal 5.62

Realized +7.67;
nominal +0.01

Conflict-pair F1 19.2%; 76 com-
pared runway releases; mean abso-
lute release-time error 1.61 min.

Table B.1 shows that the selected component outputs can be combined into complete graph-based
movement plans for all three scenarios. Pointwise speed-profile RMSE changes little between nominal
and realized model execution, but taxi-time errors can change substantially after deterministic execution
rules are applied. The high-runway-variability scenario is the main outlier: realized mean taxi-time error
increases to +7.67 min even though nominal timing is close to the processed historical reference.
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Table B.2: Runway-departure release diagnostics

Scenario Runway Releases Release-
time MAE,
min

Same-rank
share

Queueing and throughput notes

Preferential run-
way configuration

18L 15 1.74 0.80 Median queue delay 0.60 min; 15-
min throughput MAE 0.44.

Preferential run-
way configuration

24 61 1.15 0.75 Median queue delay 0.44 min; 15-
min throughput MAE 0.67.

Conflict-rich 09 29 1.62 0.79 Median queue delay 0.00 min; 15-
min throughput MAE 0.22.

Conflict-rich 36L 48 2.95 0.50 Median queue delay 0.40 min; 15-
min throughput MAE 0.89.

High runway vari-
ability

24 18 1.60 0.56 Median queue delay 0.52 min; 15-
min throughput MAE 0.22.

High runway vari-
ability

36L 47 1.77 0.40 Median queue delay 0.42 min; 15-
min throughput MAE 1.22.

High runway vari-
ability

36C 11 0.95 0.73 Median queue delay 0.00 min; 15-
min throughput MAE 0.00.

Table B.2 shows that runway-departure release behavior varies by scenario and runway. The conflict-
rich scenario has the largest release-time error on runway 36L, while the high-runway-variability scenario
shows lower same-rank agreement for the main departure runways. These differences help explain why
integrated timing errors cannot be inferred from speed-profile RMSE alone.

Conflict-pair agreement remains limited in all three scenarios. This does not directly measure lo-
cal conflict-resolution component accuracy. Instead, it measures whether the integrated execution pro-
duces the same protected-resource encounters after path choice, speed-profile behavior, following-and-
merge constraints, and runway-departure release have all affected the movement sequence. Small timing
changes can therefore change the detected conflict pairs even when component-level labels are accurate.

B.10. Verification and Validation Takeaways
The first validation takeaway is that the reconstructed taxi dataset is suitable for graph-based behavior
identification within the modeled taxiing scope. Map-matching errors are generally low, fallback recon-
struction is rare, and high-error cases are localized. This supports the use of graph-aligned taxi trajectories
as the foundation for path catalogs, speed-profile observations, and local conflict-event extraction.

The second takeaway is that canonical path-family grouping provides a necessary sparsity reduction
for path choice. The path catalog preserves the main OD-specific path candidates while reducing the
fragmentation caused by exact observed path variation. This makes the path-choice component learnable
without discarding the underlying graph-sequence structure.

The third takeaway is that component-level validation must be interpreted together with prediction-
source diagnostics. Path choice, endpoint selection, speed-profile behavior, and local conflict resolution
each show useful held-out performance, but the strength of the evidence depends on whether outputs
come from empirical support, CART generalization, fallback, or unsupported states.

The fourth takeaway is that integrated model validation reveals coupling effects that are invisible in
isolated component metrics. Deterministic execution rules have little effect on pointwise speed-profile
error, but they can strongly affect timing, protected-resource encounters, and runway-departure queueing.
These diagnostics identify where the integrated model is coherent and where future refinement is needed.



C
Operational Interpretation of Selected

Model Configurations

C.1. Purpose and Relation to the Scientific Paper
The scientific paper reports the final selected component configurations, the selected empirical and CART
context features, and the main component-level and integrated model-validation results. Appendix A
(Model Calibration and Tuning) defines the available context-feature pool, describes the context-feature
coverage of the graph-aligned taxi dataset, and documents the calibration evidence behind the selected
configurations. Appendix B (Verification and Validation) provides the held-out component-level and inte-
grated model-validation diagnostics. This appendix starts after those steps: it interprets what the final
selected features and prediction-source diagnostics reveal about the operational structure of the selected
learned behavioral components.

The purpose is therefore not to describe all available context features, repeat the dataset profile,
or re-report the validation metrics. Instead, this appendix asks whether the final selected features are
operationally plausible, how empirical-stage and CART-stage feature sets differ by component, where
prediction-source support changes across components, and which operational limitations are suggested
by context-conditioned validation diagnostics. The analysis supports the scientific paper by connecting
selected feature sets and support diagnostics to operational reasoning.

The interpretation is descriptive rather than causal. A context group with lower performance, higher
error, stronger CART dependence, or higher fallback share identifies where the selected model configu-
ration has weaker support or where behavior is harder to distinguish from the available data. It does not
prove that the context variable itself causes the error. The goal is to localize model strengths, weaknesses,
and future context needs in operational terms.

C.2. Selected Context Features by Component
The scientific paper reports the selected empirical and CART feature sets in the model-training results.
This section repeats those selected feature sets only as a reference point for the operational-context
interpretation in this appendix. It does not re-train, re-tune, or re-select any component. The feature
definitions and available feature pool are documented in Appendix A; the focus here is on the final selected
configurations.

The selected features differ by learned behavioral component because each component represents
a different taxi-operation behavior. The path-choice component estimates a distribution over path can-
didates. Endpoint selection estimates runway-stopbar and apron-boundary targets. The speed-profile
component estimates residual speed behavior around an edge-level baseline. Local conflict resolution
estimates movement-derived priority and resolution-action labels for pairwise protected-resource encoun-
ters.

The distinction between empirical-stage and CART-stage features is important. Empirical-stage fea-
ture sets are compact because they rely on direct historical support in matching context cells. CART-stage
feature sets can include richer context because the tree partitions related observations into accepted
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leaves. The selected feature sets therefore show both where direct empirical support was sufficient and
where context-conditioned generalization was needed.

Table C.1: Selected empirical and CART context features

Component Target Empirical-stage selected con-
text

CART-stage selected context

Path choice All OD pairs Runway configuration Runway configuration; sched-
uled gate area; 30-min
direction-demand count; 30-
min local-density count; taxi
start minute of day; minutes
since runway-configuration
change; minutes until runway-
configuration change

Endpoint selection Inbound runway
stopbar

Exit speed +1000m; aircraft
class; local density; exit
speed +500m

Exit speed +1000m; aircraft
class; local density; exit speed
+500m; exit speed at thresh-
old; time of day; exit speed
+250m; airline

Endpoint selection Apron boundary Aircraft class; gate area; lo-
cal density

Aircraft class; gate area; lo-
cal density; runway role; time
of day; weekday; BZO phase;
same-apron demand; airline

Endpoint selection Outbound runway
stopbar

Aircraft class; SID; BZO
phase; time of day; local
density; weekday; runway
configuration; airline

Aircraft class; SID; BZO phase;
time of day; local density;
weekday; runway configuration

Speed-profile compo-
nent

Edge-relative speed
profile

Previous-edge speed; air-
craft class; apron

Previous-edge speed; airline;
aircraft class

Local conflict resolution Priority and
resolution-action
labels

Relative ETA bin; own direc-
tion; resource group; other di-
rection

Relative ETA; own distance to
resource; other distance to re-
source; own direction

Table C.1 mirrors the selected feature sets reported in the scientific paper. The apron-boundary row
applies to the apron-boundary endpoint targets, which share the same selected feature structure. The
table also shows that the empirical and CART stages do not serve the same role. The empirical stage
uses compact context to preserve direct observed support, while the CART stage introduces additional
context where more detailed generalization is useful.

The main pattern is that the CART-stage feature sets are equal to or richer than the empirical-stage
feature sets for most components. Path choice adds gate-area, demand, density, timing, and runway-
transition features in the CART stage. Endpoint-selection targets use different feature families depending
on whether the target is runway-side or apron-side. The speed-profile component keeps both stages
compact because the edge-level baseline already captures much of the typical speed behavior. Local
conflict resolution uses categorical timing and direction features empirically, while the CART stage uses
continuous timing and distance-to-resource features for more detailed encounter-state separation.

The following section interprets these selected features by learned behavioral component. The aim is
to assess whether the final selected configurations are operationally plausible and what they reveal about
the modeled taxi behaviors, not to repeat the calibration procedure from the scientific paper.

C.3. Operational Interpretation by Learned Behavioral Component
This section interprets the selected context features from an operational perspective. The selected fea-
tures should not be read as proof of causal mechanisms. They are validation-supported signals that
repeatedly helped separate observed taxi behavior under the available data and model structure. Their
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value is that they show which operational conditions contain information about each learned behavioral
component.

C.3.1. Path-choice Component
The path-choice component uses runway configuration as the empirical-stage context and adds gate
area, demand, density, taxi start time, and runway-configuration transition timing in the CART stage. This
structure suggests that a large share of observed path choice is organized around the active runway
system. Once the OD pair is fixed, runway configuration captures much of the repeated runway-side
structure of the operation and provides enough support for many common path candidates.

The richer CART-stage context identifies where path choice becomes more context-sensitive. Sched-
uled gate area represents apron-side access and the likely approach to or from the terminal area. The 30-
minute direction-demand count and local-density count represent surface-traffic pressure. Taxi start time
captures recurring daily operating patterns, while the time since and until runway-configuration changes
captures transitional periods in which path use may shift before or after the active runway setup changes.

The operational trend is therefore twofold. Under common operating conditions, path choice follows
repeated canonical path families that are mainly structured by OD pair and runway configuration. Under
non-trivial or sparse OD conditions, additional context is needed to explain deviations from those repeated
patterns. This supports the use of canonical path families as the main path candidates while also showing
that path choice is not purely geometric: it is affected by apron access, traffic pressure, and runway-
transition state.

C.3.2. Endpoint-selection Component
The endpoint-selection component shows the clearest difference between target types. Apron-boundary
targets use aircraft class, gate area, and local density in the empirical stage, with additional runway role,
time of day, weekday, BZO phase, same-apron demand, and airline information in the CART stage. This
indicates that apron-boundary selection is primarily an apron-side and schedule-linked problem. Gate
area and same-apron demand describe where traffic is expected to enter or leave the apron side of the
modeled taxiing scope, while time, weekday, and operating-state variables capture repeated patterns in
how apron access is used.

Inbound runway-stopbar selection has a different structure. The selected features include runway-
exit speed at fixed downstream distances, aircraft class, and local density. These variables describe the
aircraft’s early post-landing motion and the surrounding traffic state. Their selection suggests that inbound
runway-side endpoint inference is linked to aircraft rollout and deceleration behavior, not only to runway
configuration or schedule context. The CART stage adds threshold and intermediate exit-speed features,
time of day, and airline, which indicates that runway-exit behavior may vary with aircraft performance,
operator/fleet patterns, and time-dependent operating conditions.

Outbound runway-stopbar selection is more procedure- and configuration-dependent. The selected
features include aircraft class, Standard Instrument Departure (SID), BZO phase, time of day, local density,
weekday, runway configuration, and airline. This is consistent with departure-side operations, where
runway entry depends on active runway use, departure procedure, traffic state, and operating phase. The
fact that the empirical feature set is already detailed suggests that repeated outbound endpoint behavior
requires more specific context than broad runway or apron grouping alone.

The operational insight is that endpoint selection is not one homogeneous classification problem.
Apron-boundary selection is mainly spatial and apron-side. Inbound runway-stopbar selection reflects
aircraft rollout and runway-exit behavior. Outbound runway-stopbar selection reflects departure proce-
dure, runway configuration, and operating state. This explains why runway-stopbar targets are harder to
recover than apron-boundary targets and why missing operational constraints can appear as endpoint-
selection errors.

C.3.3. Speed-profile Component
The speed-profile component estimates residual speed behavior around an edge-level baseline. The
selected features should therefore be interpreted as explaining deviations from typical edge speed, not
the full absolute speed pattern. The edge-level baseline already captures much of the recurring speed
behavior associated with each directed edge.
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Previous-edge speed is selected in both the empirical and CART stages. This is the strongest opera-
tional signal in the speed-profile feature set. It indicates that taxi speed is locally continuous: the speed on
a directed edge depends strongly on how the aircraft approached that edge. If the aircraft arrives from a
slow, recently constrained, accelerating, or high-speed state, the residual speed profile on the next edge
changes accordingly.

Aircraft class is also selected in both stages, which indicates that residual speed behavior varies with
aircraft group. This is operationally plausible because aircraft size, acceleration behavior, braking behav-
ior, and typical taxiing practices differ between aircraft classes. Apron context appears in the empirical
stage, while airline appears in the CART stage. These features suggest that local geography and operator
or fleet composition explain part of the remaining speed variation after the edge-level baseline is removed.

The operational trend is that speed behavior is more local than global. Broad airport-wide variables
such as runway configuration or overall demand are not the dominant selected signals for the final speed-
profile component. Instead, the selected features describe motion continuity, aircraft type, local apron
context, and operator-related patterns. This supports the baseline-plus-residual formulation: the graph
edge defines the typical speed pattern, and the selected context explains how an aircraft deviates from
that pattern.

C.3.4. Local Conflict-resolution Component
The local conflict-resolution component uses features that describe the pairwise encounter state before
a movement-derived label is assigned. The empirical stage uses relative ETA bin, own direction, other
direction, and resource group. The CART stage uses continuous relative ETA, own distance to the pro-
tected resource, other distance to the protected resource, and own direction. This split is consistent with
the different roles of the two stages: the empirical stage uses robust categorical encounter patterns, while
the CART stage uses more detailed timing and distance information for generalization.

The selected features show that local conflict resolution is mainly a local timing-and-geometry problem.
Relative ETA describes which aircraft would reach the protected taxi resource first under free motion. Own
and other distance to the resource describe how close both aircraft are to the interaction point. Movement
direction describes the encounter geometry, such as crossing, converging, or opposing approach patterns.
Resource group distinguishes the type of protected taxi resource, which affects how priority and resolution-
action labels are inferred.

The operational insight is that global traffic demand alone is not sufficient to explain local conflict-
resolution labels. The relevant information is pairwise and resource-specific: who is expected to arrive
first, how close each aircraft is, which directions they approach from, and what kind of resource they share.
This supports the use of protected-resource-based conflict-event construction.

The selected features also reveal a limitation. Near-tie encounters are sensitive to small timing
changes. A small change in speed, path progress, or resource-passing time can change the inferred
priority or resolution-action label. This is especially important because the labels are movement-derived
from trajectory behavior and free-motion counterfactuals, not observed ATC commands. The component
can therefore reproduce local interaction patterns visible in the trajectories, but it should not be interpreted
as recovering controller intent directly.

C.3.5. Operational Knowledge from the Selected Features
Across components, the selected features reveal a structured view of aircraft taxi operations. Path choice
is governed first by runway configuration and OD structure, then refined by apron access, demand, den-
sity, and transition timing. Endpoint selection separates into different mechanisms for apron boundaries,
inbound runway stopbars, and outbound runway stopbars. Speed behavior is mainly local and residual,
depending on previous motion state and aircraft/operator context. Local conflict resolution is driven by
pairwise timing and protected-resource geometry.

These patterns support the overall modeling approach. The learned behavioral components are not
using arbitrary statistical signals; they rely on context dimensions that correspond to recognizable oper-
ational mechanisms. At the same time, the selected features expose missing context. Temporary con-
struction state, runway availability restrictions, local procedures, controller-sector practices, and detailed
surface-condition variables are not fully represented. When such factors influence observed behavior, the
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model can only approximate them indirectly through the available context features. This helps explain why
some errors appear in specific endpoints, OD pairs, operating states, or protected-resource situations.

C.4. Prediction-source Support by Component
Prediction-source diagnostics show how the selected components produce their outputs during held-out
evaluation. An empirical-stage output indicates that the queried context matched a sufficiently supported
historical context cell. A CART-stage output indicates that exact empirical support was insufficient, but that
the component could still generalize from an accepted tree leaf. A fallback output preserves executabil-
ity when neither learned stage is accepted. An unsupported state indicates that no accepted output is
available.

These sources are important for operational interpretation. Two components can have similar predic-
tive performance but different evidential strength. A prediction supported by the empirical or CART stage
provides evidence that the behavior is represented in the observed data or in an accepted generaliza-
tion of it. A fallback output does not provide the same behavioral evidence; it only ensures that model
execution can continue.

Figure C.1: Prediction-source shares by component

Figure C.1 shows that the selected components rely on prediction sources in different ways. Path
choice is dominated by empirical support, with a smaller CART share and limited fallback. This indicates
that many OD-specific path-choice situations repeat often enough in the historical data to support direct
empirical distributions. Operationally, this is consistent with the presence of repeated canonical path
families under common runway configurations and OD pairs.

Endpoint selection shows stronger differences between endpoint targets. Apron-boundary targets are
mainly supported by empirical observations, which suggests that apron-side endpoint behavior is relatively
stable when gate, apron, aircraft, and density context are known. Outbound runway-stopbar selection is
themain exception. It reliesmore strongly on CART generalization and shows the largest endpoint fallback
share. This suggests that runway-entry behavior is less directly repeated in exact empirical context cells
and is more sensitive to procedure, runway configuration, operating phase, SID, traffic state, and runway-
side availability.

The speed-profile component has broad learned support. This is operationally plausible because
graph alignment creates many accepted edge-speed observations, and the edge-level baseline already
captures much of the repeated speed behavior. The prediction-source shares therefore indicate that most
residual speed estimates are supported by observed edge-level motion patterns rather than by fallback
behavior.

Local conflict resolution is divided between empirical and CART support. This reflects the structure
of protected-resource encounters. Some encounter patterns repeat in categorical form, such as direction
combinations and resource groups, while others require more detailed timing and distance information.
The CART share therefore indicates that local conflict-resolution behavior is not only a repeated-class
problem; it often requires context-conditioned generalization over pairwise encounter geometry.
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The operational trend is that stable, repeated behaviors are mostly empirical, while sparse, procedure-
dependent, or timing-sensitive behaviors require CART generalization. Fallback use highlights where the
available context and historical support are still insufficient. This supports one of the main conclusions
of the scientific paper: prediction-source diagnostics are part of the model result because they show
where the observed-behavior baseline is supported by historical data and where it remains dependent on
executability rules.

C.5. Context-conditioned Validation Insights
This section interprets where the final selected model configurations are weaker after model selection.
The diagnostics are computed on locked validation or test outputs and are not used to reselect features,
retune hyperparameters, or change the final components. Their purpose is to identify whether errors
and weak support are randomly distributed, or whether they are associated with recognizable operational
structures.

The section uses three diagnostic views. OD-pair and OD-group diagnostics localize errors across
runway–apron structures. Selected context-feature diagnostics show how performance changes across
the final selected feature dimensions. Weekly operational-profile diagnostics group performance by
broader operating regimes. Together, these views help explain what the final model configurations reveal
about aircraft taxi operations and where missing context may still limit the observed-behavior baseline.

C.5.1. OD-pair and OD-group Error Concentration
OD structure remains useful for validation even when it is not selected as a direct feature for every com-
ponent. An OD-conditioned view asks whether errors concentrate around specific runway–apron com-
binations, endpoint contexts, or protected-resource situations. This matters because a component can
perform well in aggregate while remaining weak for a small number of operationally important OD struc-
tures.

Figure C.2: OD-conditioned error concentration

Figure C.2 shows that error mass is localized rather than evenly distributed across the operation.
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Path-choice degradation is concentrated in selected runway and apron groupings. Endpoint-selection
degradation is concentrated around specific gate-area and runway-side endpoint contexts. Local conflict-
resolution errors also concentrate in particular direction and protected-resource combinations.

The operational implication is that aggregate validation metrics should not be interpreted alone. A
high overall F1 score can coexist with weaker behavior for specific runway–apron structures or rare end-
point classes. These localized weaknesses can indicate sparse historical support, missing operational
rules, temporary restrictions, or local procedures that are not represented explicitly in the selected context
features.

C.5.2. Selected Context-feature Validation Patterns
Selected context-feature diagnostics compare grouped validation behavior against the component base-
line. They show which final selected context dimensions are associated with lower performance, higher
error, weaker learned support, or greater reliance on CART generalization or fallback. These diagnostics
do not imply that a feature causes the error; they identify where the final configuration is operationally
more difficult.

Figure C.3: Selected context-feature validation patterns

Figure C.3 shows four main patterns. Path-choice degradation is associated with selected runway and
OD groupings, including periods close to runway-configuration changes. This suggests that path choice
is less stable during transition periods or in OD structures with multiple plausible path candidates.

Endpoint-selection degradation appears in apron and runway endpoint contexts where class support is
uneven. Some contexts are dominated by one endpoint class, while others contain rare endpoint classes
with limited historical support. This supports the interpretation that endpoint selection is partly constrained
by operational rules and availability conditions that are only indirectly represented in the available context.

Speed-profile RMSE is most sensitive to movement-state continuity and local geography. Previous-
edge speed and apron context identify whether an aircraft enters an edge from a slow, fast, accelerating,
or recently constrained state. This confirms that residual speed behavior is local: after the edge-level
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baseline is known, the remaining error depends more on motion continuity and local operating context
than on broad airport-wide variables.

Local conflict-resolution errors concentrate in near-tie encounters where the relative ETA between
aircraft is small. These cases are operationally difficult because small differences in speed, path progress,
or resource-passing time can change the inferred priority or movement-derived resolution-action label.
Lower performance in these cases does not necessarily indicate a wrong interaction concept; it reflects
the ambiguity of deriving local conflict-resolution labels from trajectories without ATC instruction logs.

C.5.3. Weekly Operational-profile Validation Patterns
Weekly operational-profile diagnostics group validation behavior by broader operating regimes. These
regimes combine runway use, traffic volume, OD structure, density, timing, and seasonal or weather-
related conditions. They therefore provide a complementary view to the selected feature-level diagnostics.

Figure C.4: Weekly operational-profile validation patterns

Figure C.4 shows whether component performance changes across broader operating regimes.
Cluster-level differences are expected because each weekly profile combines several sources of opera-
tional variation. A weak cluster result may therefore reflect the combined effect of runway configuration,
traffic volume, OD mix, local density, weather, seasonal patterns, or temporary operating conditions rather
than one selected feature.

The cluster view helps separate two types of model weakness. If performance degrades only for a
narrow feature category, the issue may be sparse support or a missing local rule. If performance degrades
for an entire weekly operating regime, the issue may be broader: a combination of runway use, demand
structure, and operational state that is not fully captured by the selected feature set.

Together, the OD-conditioned, selected-feature, and weekly-profile diagnostics show that the final
model configurations are operationally interpretable but not uniformly strong. The selected features ex-
plain many repeated taxi-operation patterns, while the remaining error concentrations point to missing
context such as temporary restrictions, construction state, runway-side availability rules, local procedures,
or more detailed protected-resource definitions.
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C.6. Missing Context and Operational Interpretation Limits
The selected context features provide operationally meaningful information, but they do not make the final
model configurations context-complete. The context-conditioned validation diagnostics show that some
remaining errors are localized in specific endpoints, OD structures, runway states, protected resources, or
timing conditions. These patterns suggest that part of the remaining error is caused by missing operational
state rather than by the learned components alone.

The first missing-context category is time-dependent layout state. The main model uses a static airport
layout graph, while the real operation can change because of construction, temporary closures, surface
works, or local availability restrictions. When the graph does not represent the active layout state, the
path-choice component may assign probability to path candidates that are geometrically valid in the static
graph but operationally unlikely or unavailable during the affected period. This limitation is especially
relevant for construction-related path changes.

The second category is explicit operational-rule context. Some endpoint-selection and path-choice
errors are likely associated with local runway procedures, runway-side availability rules, temporary re-
strictions, or procedure-dependent endpoint use. If these rules are not encoded, the model can only
approximate them indirectly through historical patterns in runway configuration, SID, time of day, BZO
phase, density, or airline/operator features. This can produce plausible aggregate behavior while still
leaving localized errors around specific runway stopbars or path candidates.

The third category is refined movement-state context. The speed-profile component already uses
previous-edge speed to represent local motion continuity, but speed residuals can also depend on nearby
resource occupancy, queue state, recent holds, aircraft interaction history, and edge-specific geometry.
These factors are only partly represented by the current context features. Their absence helps explain
why residual speed errors can remain localized even when the edge-level baseline and previous-edge
speed capture the main speed behavior.

The fourth category is richer protected-resource context. Local conflict resolution uses relative ETA,
movement direction, distance to the protected resource, and resource group. These features capture
the main pairwise timing and geometry of an encounter, but near-tie cases remain difficult. Additional
information about local traffic state, resource geometry, visibility of close non-intersecting edges, and
expert-reviewed conflict categories could help distinguish genuinely ambiguous encounters from cases
with a clearer movement-derived priority.

Table C.2: Future context directions

Component Suggested future context direction

Path choice Add time-dependent layout state, construction state, temporary closure information,
and explicit runway-procedure availability where reliable operational records are
available.

Endpoint selection Add sharper runway-entry and runway-exit availability features, especially for rare
or procedure-constrained runway-stopbar alternatives.

Speed-profile component Add refined movement-state and local-geometry descriptors, such as queue state,
recent holds, downstream occupancy, and edge-specific constraint indicators.

Local conflict resolution Add richer protected-resource descriptors, local traffic-state features, and expert-
reviewed encounter categories, especially for near-tie ETA cases.

Table C.2 summarizes the context directions suggested by the selected-feature interpretation and
validation diagnostics. The common theme is that future improvements should add operational state that
is currently only implicit in the trajectory data. Adding this information would make the learned behavioral
components easier to interpret and could reduce unnecessary CART dependence or fallback use in sparse
and operationally constrained contexts.

These limits also define how the selected model configurations should be interpreted. The final com-
ponents provide an observed-behavior baseline supported by available trajectory, graph, schedule, and
context data. They do not recover every operational rule, controller intention, temporary restriction, or
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local procedure. Their value is that they reveal where observed behavior is strongly supported and where
additional operational context is needed.

C.7. Operational Interpretation Takeaways
Appendix C interprets the final selected model configurations after calibration and validation. The selected
empirical and CART feature sets are operationally coherent: they use runway configuration, OD structure,
apron-side context, demand, density, timing, aircraft class, motion continuity, and protected-resource ge-
ometry in ways that match the modeled taxi-operation behaviors.

The first takeaway is that path choice is structured by both stable geometry and time-varying oper-
ational state. Common OD pairs and runway configurations produce repeated canonical path families,
which explains the strong empirical support. Non-trivial path candidates require richer CART-stage con-
text, including gate area, demand, density, time of day, and runway-transition timing. This indicates that
path choice is not only a geometric shortest-path problem; it also reflects apron access, traffic pressure,
and runway-configuration transitions.

The second takeaway is that endpoint selection contains different operational mechanisms. Apron-
boundary selection is mainly linked to gate area, apron geography, aircraft class, and local density. In-
bound runway-stopbar selection is connected to aircraft rollout and deceleration behavior through runway-
exit speed features. Outbound runway-stopbar selection depends more on SID, runway configuration,
BZO phase, time of day, density, and airline/operator context. Endpoint selection should therefore be
interpreted as a set of target-specific behaviors rather than as one generic endpoint classifier.

The third takeaway is that speed-profile behavior is mainly local and residual. The edge-level base-
line captures much of the typical speed behavior on each directed edge. The selected context features
then explain deviations from that baseline, especially through previous-edge speed, aircraft class, apron
context, and airline/operator effects. This supports the baseline-plus-residual formulation used by the
speed-profile component.

The fourth takeaway is that local conflict resolution is driven by pairwise timing and protected-resource
geometry. Relative ETA, distance to resource, movement direction, and resource group describe the
encounter state more directly than global demand variables. This confirms that movement-derived priority
and resolution-action labels are local interaction labels. Their interpretation remains limited because the
labels are inferred from trajectories and free-motion counterfactuals, not from ATC instruction logs.

The fifth takeaway is that prediction-source diagnostics are essential for interpreting the observed-
behavior baseline. Empirical outputs indicate repeated historical support, CART outputs indicate accepted
context-conditioned generalization, and fallback outputs indicate executable behavior without the same
evidential strength. The final configurations are therefore not evaluated only by predictive performance,
but also by where their outputs come from.

Overall, the selected context features and support diagnostics show that the final model configurations
capture recognizable operational structure in aircraft taxi operations. They also identify where the current
data representation remains incomplete. Missing layout state, operational restrictions, local procedures,
refined movement-state variables, and richer protected-resource descriptors are the most important direc-
tions for improving future versions of the observed-behavior baseline.



D
Case Study A: Construction-state Effects

on Path Choice

D.1. Purpose and Relation to the Scientific Paper
The scientific paper identifies missing operational context as one of the main limitations of the observed-
behavior baseline. This case study examines that limitation through a construction-period path-choice
diagnostic. The main methodology uses a static airport layout graph and context features such as runway
configuration, demand, density, aircraft class, and timing. Temporary construction can violate this rep-
resentation because it changes which physical taxiway segments are available or likely, while the static
graph and selected context features may still treat those paths as valid candidates.

The case study focuses on a known August 2025 construction effect in one of themain taxiways parallel
to runway 09/27. The operational question is whether path-choice errors appear when the selected path-
choice component can still choose path candidates through a taxiway edge that was operationally avoided
during construction. The analysis is diagnostic: it does not introduce a retrained construction-aware
component, but tests whether a simple construction-corridor restriction would change selected paths and
improve path agreement.

This appendix therefore supports the paper’s discussion of static graph limitations and missing context.
It also connects to Appendix C, where construction state is identified as a future context direction for path
choice and endpoint selection.

D.2. Construction Scenario and Diagnostic Design
The diagnostic uses two levels of evidence. First, August 2024 and August 2025 are compared for two fo-
cused runway-direction cases: inbound taxi movements from runway 36R and outbound taxi movements
to runway 36L. This comparison shows whether the observed paths changed during the known construc-
tion period in August 2025. The August 2025 focused cases are useful for identifying the construction
pattern, but they are treated as in-sample diagnostic evidence because they belong to the shared weekly
training split used by the selected path-choice component.

Second, a separate held-out week-35 comparison is used to test the same construction-corridor idea
on the locked test partition. This held-out diagnostic applies a post-hoc path-candidate restriction: when
the selected path uses the construction corridor and a same-OD candidate avoiding that corridor exists, the
selected path is replaced by the same-OD non-corridor alternative. This is a transparent counterfactual,
not a retrained model. Its purpose is to estimate whether explicit construction-state information could
improve path-choice behavior for the affected operational subset.

D.3. Observed Construction-period Path Change
The first step is to inspect whether the historical movement data show a visible construction-period change.
Figures D.1 and D.2 compare the focused runway-direction cases in August 2024 and August 2025.
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Figure D.1: Inbound 36R construction-period path usage

For inbound 36R movements, the August 2025 pattern shifts away from the affected inner corridor
compared with August 2024. This supports the interpretation that the observed operation adapted to a
temporary layout or availability change. Because the static path catalog still contains historically observed
path candidates through that corridor, a path-choice component without construction state can still assign
probability to paths that were no longer used during the construction period.

Figure D.2: Outbound 36L construction-period path usage

The outbound 36L comparison shows a related but weaker construction-period change. This difference
between inbound and outbound cases is operationally important: the construction effect is not uniform
across all movements using the area. It affects a targeted subset of path-choice situations, which is
why aggregate path-choice validation metrics can remain strong while specific construction-period path
candidates remain problematic.

D.4. August 2025 Path-choice Diagnostic
The selected path-choice component used in the main validation does not include a construction-state
feature or a time-varying graph-availability layer. It therefore samples from the same OD-specific path-
choice set even during periods when a corridor is operationally avoided. Figure D.3 compares the ob-
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served August 2025 paths with the paths selected by the baseline component and with the post-hoc
construction-corridor restriction.

Figure D.3: August 2025 construction-corridor path-choice diagnostic

For the August 2025 focused diagnostic, the baseline selected output uses the inner construction
corridor in 507 of 8,162 cases, or 6.21%, even though the observed paths do not use it. Applying the
same-OD construction-corridor restriction reduces the inner-corridor share to 0.15%, changes 495 cases,
and increases mean length-weighted path F1 from 0.872 to 0.892. The improvement is concentrated in
inbound 36R movements, where mean F1 increases from 0.903 to 0.958.

Table D.1: August 2025 construction-corridor summary

Group Taxi move-
ments

Baseline inner-
corridor share

Constrained inner-
corridor share

Changed share Mean path
F1 change

All focused cases 8,162 6.21% 0.15% 6.06% +0.020

Inbound 36R 2,669 8.80% 0.04% 8.77% +0.055

Outbound 36L 5,493 4.95% 0.20% 4.75% +0.004

Table D.1 shows that the construction signal is strongest for inbound 36R. The outbound 36L group
still contains some baseline corridor use, but the F1 improvement is much smaller. This confirms that
construction state is not a general correction for all path-choice outputs. It is a localized missing-context
variable that matters most where the affected corridor was part of a previously common path candidate.

D.5. Held-out Week-35 Counterfactual
The held-out week-35 diagnostic applies the same post-hoc corridor restriction to locked test cases. This
test is stricter than the August 2025 diagnostic because it uses held-out data, but it is still not a retrained
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construction-aware model. The comparison asks whether a same-OD construction-corridor restriction
changes selected paths and improves path agreement when evaluated outside the in-sample August
diagnostic.

Figure D.4: Held-out week-35 construction-corridor diagnostic

Figure D.4 shows the observed paths, the baseline selected paths, and the corridor-constrained same-
OD alternatives for the held-out comparison. The diagnostic reports both an inner-corridor indicator and a
broader full-corridor indicator. The inner-corridor indicator isolates the most directly affected construction
corridor, while the full-corridor indicator captures a broader set of path candidates using the surrounding
corridor structure.

Table D.2: Held-out week-35 construction-corridor summary

Scope/group Taxi move-
ments

Baseline corridor
share

Constrained cor-
ridor share

Changed share Mean
path F1
change

Inner corridor, all 9,172 1.35% 0.01% 1.34% +0.004

Inner corridor, out-
bound 18L

1,391 8.70% 0.07% 8.63% +0.025

Full corridor, all 9,172 14.69% 13.24% 1.45% +0.004

Full corridor, outbound
18L

1,391 95.97% 87.13% 8.84% +0.023

The held-out aggregate effect is smaller than the August 2025 in-sample effect because relatively few
test cases are assigned to the construction corridor by the baseline component. However, the affected
subset still shows a clear signal. For outbound 18L movements using the inner-corridor definition, the
constraint changes 8.63% of cases and increases mean path F1 by 0.025. Under the broader full-corridor
definition, outbound 18L changes 8.84% of cases and increases mean path F1 by 0.023.

The held-out result therefore supports the same interpretation as the August diagnostic, but with a
narrower conclusion. Construction-state information is not expected to change the full path-choice popu-
lation strongly. Its value is concentrated in operational subsets where the static path catalog still contains
path candidates through a temporarily avoided corridor.

D.6. Construction-state Takeaways
This case study shows that a static airport layout graph and static path-choice set can be insufficient
when temporary construction changes taxiway availability. The selected path-choice component can still
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choose historically common path candidates that are geometrically valid in the graph but operationally
implausible during the construction period.

The diagnostic also shows why aggregate component performance is not enough to identify this limi-
tation. The construction effect is localized. It is strong for specific runway-direction and corridor combina-
tions, but small in the full held-out path-choice population. This means that high aggregate path-choice
performance can coexist with operationally important errors in a small construction-affected subset.

A construction-aware extension could address this limitation in two complementary ways. The first
option is a time-varying graph-availability layer that removes unavailable physical taxiway segments from
the path-choice set during construction periods. The second option is a construction-state context feature
that allows the empirical and CART stages to learn construction-period preferences when enough observa-
tions are available. The graph-availability layer is more direct for hard closures, while the context-feature
approach is more suitable for softer operational preferences or partial avoidance patterns.

The current case study should be interpreted as diagnostic evidence, not as a final construction-aware
model. The August 2025 comparison is descriptive and in-sample. The week-35 comparison is held out,
but still uses a post-hoc candidate restriction rather than a retrainedmodel with construction state available
during calibration. A final construction-aware experiment would require a predefined construction-state
representation, a frozen training setup, and a locked evaluation period selected before the analysis.
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Case Study B: Operational Constraints

and Availability Rules

E.1. Purpose and Operational Question
The scientific paper identifies missing operational-rule context as one limitation of the observed-behavior
baseline. This case study examines that limitation directly. It asks how explicit operational constraints
or availability rules can complement trajectory-derived learned behavioral components when the rule de-
scribes whether a path candidate or endpoint should be available under a known operating state.

The case study is diagnostic. It does not retrain the selected path-choice or endpoint-selection compo-
nents, and it does not replace the support-aware empirical, CART, and fallback structure used in the main
model. Instead, it applies post-hoc operational constraints to selected held-out cases to test whether
known rules can explain localized errors. Two cases are considered: center-runway active-state path
procedures for traffic to and from 18R/36L, and a runway-24 S7 endpoint restriction when 18L or 36R is
active.

The operational question is therefore not whether rules should replace learned behavior. It is whether
known operational constraints should be represented as additional context or availability layers so that
the learned components do not need to infer deterministic procedure effects only from trajectory data.

E.2. Center-runway Active-state Path Procedures
For aircraft traveling to or from 18R/36L, the active state of the center runway 18C/36C is associated with
different procedure-like path regimes. When the center runway is inactive, movements can use a middle
crossing. When 36C is landing or 18C is used for departures, traffic tends toward a north-bypass pattern.
When 18C is landing or 36C is used for departures, traffic tends toward a south-bypass pattern.

This case first inspects held-out test trajectories under these center-runway states. It then applies a
post-hoc same-OD path-candidate restriction based onmanually defined standard corridors. The purpose
is to test whether the selected path-choice component produces operationally plausible paths when an
explicit center-runway procedure constraint is applied after model selection.

Figure E.1: Center-runway active-state trajectory regimes
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Figure E.1 shows the three dominant trajectory regimes. The observed trajectories support the opera-
tional distinction between middle crossing, north bypass, and south bypass patterns. This means that the
active state of the center runway is not only a background operating condition; it can change which path
candidates are operationally plausible for the same broad runway–apron relation.

Figure E.2: Center-runway path-choice counterfactual

Figure E.2 compares observed paths, baseline model-selected paths, and the post-hoc standard-
corridor constrained path candidates. The comparison shows that the baseline path-choice component of-
ten captures the dominant operational pattern, but that explicit corridor constraints can remove procedure-
inconsistent path candidates in some regimes.
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Table E.1: Center-runway standard-corridor counterfactual

Regime Test move-
ments

Baseline
standard-path
share

Constrained
standard-path
share

Changed
share

Mean
F1
change

Inactive / middle crossing 28,090 98.36% 99.87% 1.51% +0.002
(+0.22%)

North bypass / 36C landing or
18C takeoff

4,351 72.51% 99.17% 26.66% +0.019
(+2.18%)

South bypass / 18C landing or
36C takeoff

11,885 90.03% 97.32% 7.29% −0.010
(−1.12%)

All regimes 44,326 93.59% 99.12% 5.53% +0.0004
(+0.05%)

Table E.1 shows that the rule-aware restriction has the clearest benefit in the north-bypass regime.
In that regime, the constrained output increases the standard-path share from 72.51% to 99.17% and
improves mean path F1 by 0.019. The inactive regime changes little because the baseline already follows
the standard middle-crossing pattern in most cases.

The south-bypass regime is more ambiguous. The standard-path share increases, but mean F1 de-
creases slightly. This indicates that some observed paths in the held-out data do not follow the manually
selected standard corridor. A rule-aware restriction can therefore improve operational plausibility, but only
when the rule definition matches actual runway use and transition state. A blanket path mask can remove
historically observed behavior if the operating-state label is too coarse or if the procedure has exceptions.

Figure E.3: Center-runway counterfactual summary

Figure E.3 summarizes the same finding. The center-runway active state is useful operational context,
but it should be represented with enough temporal detail to account for transitions, mixed-use periods,
and observed exceptions.

E.3. Canonical Path-family Availability under Procedure Constraints
The center-runway constraint can only select a compliant same-OD path candidate when such a candidate
exists in the OD-specific path-choice set. For some OD/regime combinations, procedure-compliant exact
observed paths exist in the historical catalog but do not reach the support threshold required to become
their own canonical path family. For other combinations, no compliant exact observed path is present for
that OD and regime.



E.4. Runway 24 S7 Endpoint Restriction 107

Table E.2: OD groups without compliant canonical path families

Regime OD label Blocked
test move-
ments

Catalog
compliant
exact share

Dominant reason

South bypass V2 to Entry_A20 128 0.51% Compliant exact paths exist but each is below
1% OD share.

South bypass V3 to Entry_A20 71 0.45% Compliant exact paths exist but each is below
1% OD share.

South bypass V1 to Entry_A20 55 0.11% Compliant exact paths exist but each is below
1% OD share.

North bypass V3 to Entry_RN 17 0.94% Compliant exact paths exist but each is below
1% OD share.

Inactive / mid-
dle crossing

V3 to Entry_A10 12 5.07% Compliant exact path reaches 1%, but the
canonical representative is non-compliant.

Table E.2 shows that operational constraints interact with path-catalog construction. The ordinary
canonical path-family support threshold is useful for reducing sparsity, but it can remove rare path can-
didates that are operationally important under a specific procedure state. This suggests that future path
catalogs should distinguish between ordinary statistical support and rule-critical support. A rare path may
be worth retaining if it is the only path candidate that satisfies a known procedure constraint.

E.4. Runway 24 S7 Endpoint Restriction
The second case studies runway-24 departures while 18L or 36R is active. In this operating situation, S7
runway-entry stopbars are treated as unavailable because of jetblast-related procedure constraints. The
endpoint-selection component is evaluated in its baseline form and under a post-hoc availability mask that
removes S7 candidates without retraining.

This case tests a different kind of operational constraint from the center-runway example. The center-
runway case restricts path candidates. The runway-24/S7 case restricts endpoint availability. Both cases
ask whether explicit operational availability information can explain localized model errors.
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Figure E.4: Runway-24/S7 surface-surveillance points

Figure E.4 checks whether the observed S7 endpoint labels correspond to the processed surface-
surveillance trajectories. This matters because a rule-aware endpoint restriction should not be interpreted
only as amodel correction. It also tests whether the operational-state label used to define the rule matches
the actual runway and endpoint use visible in the data.
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Table E.3: Runway-24/S7 population denominators

Quantity Taxi move-
ments

Share of total endpoint
test set

Share of runway-24
cases

Definition

Rule-scope
move-
ments

11,766 18.21% 44.52% Runway-24 departures while
18L or 36R is active in the run-
way configuration.

Observed
S7 move-
ments

1,869 2.89% 7.07% Rule-scope movements whose
historical observed endpoint is
S7E or S7W.

Table E.3 shows that the rule scope is large enough to affect endpoint-selection validation. The
observed-S7 subset is smaller, but still operationally important because these cases determine whether
the proposed availability rule is consistent with the observed data.

Table E.4: Runway-24/S7 endpoint-availability counterfactual

Group Taxi move-
ments

Baseline S7
share

Rule S7 share Changed
share

Weighted
F1
change

All affected runway-24 cases 11,766 21.23% 0.00% 20.51% −0.058

Observed endpoint is not S7 9,897 14.29% 0.00% 14.25% +0.063

Observed endpoint is S7 1,869 58.00% 0.00% 53.67% −0.728

18L active 11,636 20.46% 0.00% 19.73% −0.063

36R active 130 90.00% 0.00% 90.00% +0.561

Table E.4 shows that the availability mask improves cases whose observed endpoint is not S7. In those
cases, the weighted F1 change is positive because the mask removes unavailable endpoint probability.
However, the same mask necessarily fails cases whose observed endpoint is S7, because the observed
class is removed from the candidate set. The aggregate result is therefore negative even though the
non-S7 subset improves.

The interpretation depends on whether the observed-S7 cases are true exceptions to the procedure,
procedure violations, or artifacts of using a scheduled runway-configuration state as a proxy for actual
runway availability. This distinction is important. A deterministic endpoint-availability rule is only valid if
the operating-state variable used to activate it matches the actual state of the operation at the minute
level.

E.5. Historical Schedule Versus Observed Runway Use
The timing audit indicates that most observed-S7 cases occur near the edges of scheduled 18L/36R
active windows or outside the observed first-to-last operation span for the blocking runway. Across 1,869
observed-S7 affected cases, 49.0% occur within 15 minutes of the scheduled configuration start, 11.7%
within 15 minutes of the scheduled configuration end, and 75.7% are in a 15-minute edge band. Only 9.4%
are inside the observed first-to-last 18L/36R operation span, while 68.3% are before the first observed
operation and 16.0% have no observed blocking-runway operations in the window.

This supports a practical interpretation: the scheduled runway configuration is not a perfect minute-
level proxy for actual runway availability. A scheduled active-state label may start before the first observed
blocking-runway operation, extend after the last observed operation, or include transition periods during
which endpoint availability differs from the nominal schedule. Operational constraints should therefore
be linked to observed runway use, transition buffers, or more precise operational-state records when
possible.

The same issue also explains why a rule-aware counterfactual can improve one subset and degrade
another. If the schedule state is too coarse, a mask based on that state can remove endpoints that were
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still operationally used during transition periods. This does not invalidate the operational rule, but it shows
that availability constraints must be time-aware.

E.6. Operational Interpretation and Limitations
Both cases show that operational constraints can explain model errors that are not purely statistical. The
center-runway case suggests that rule-aware path candidates can improve procedure consistency, espe-
cially in the north-bypass regime. It also shows that rare procedure-compliant paths may be lost during
canonical path-family compression. The runway-24/S7 case shows that endpoint-availability rules can
improve non-S7 cases, but that coarse schedule-state proxies can degrade cases occurring near runway-
state transitions.

The main implication is that operational constraints should be represented as time-aware context or
availability layers, not as broad masks applied only from scheduled runway configuration. For path choice,
this may require a rule-aware path catalog that retains rare but procedure-critical path candidates. For
endpoint selection, it may require endpoint availability features based on observed runway use, transition
buffers, local procedures, or expert-reviewed rules.

This case study also clarifies the boundary of the learned behavioral components. The components
can infer repeated operational patterns from trajectories, but they do not know which rules were active
unless the relevant state is represented in the context features or candidate availability set. Explicit
operational-rule context can therefore improve interpretability and support, but it must be encoded care-
fully enough to avoid replacing one missing-context problem with another.

E.7. Operational-constraints Takeaways
This case study supports three conclusions. First, known operational rules can explain localized path-
choice and endpoint-selection errors that are difficult to resolve through statistical learning alone. Second,
the effectiveness of rule-aware constraints depends on whether the relevant operational state is repre-
sented at the right temporal resolution. Third, canonical path-family construction and endpoint candidate
sets should account for rare but operationally important rule-compliant alternatives.

The broader lesson is that the observed-behavior baseline should remain data-driven, but not context-
blind. Learned behavioral components should be complemented with explicit operational-state and avail-
ability information where such information is reliable. This would allow future versions of the model to
distinguish learned behavioral variation from deterministic procedure constraints more clearly.
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Case Study C: Methodology Transfer to

Apron-area Taxi Movements

F.1. Purpose and Transfer Question
The scientific paper focuses on aircraft taxi movements between runway stopbars and apron boundaries.
This case study tests how far that methodology transfers into the apron area, where movements are
shorter, more fragmented, and more strongly affected by stands, pushback, stops, local procedures, and
surveillance occlusion near buildings.

The case study is a methodology-transfer audit, not a full retraining of apron-area learned behavioral
components. It asks which parts of the runway-stopbar–apron-boundary workflow can be reused, which
parts require adaptation, and which parts are not yet reliable enough for large-scale learned-component
training in apron areas.

The transfer question is therefore: can the same data-processing logic, graph alignment, path-catalog
construction, and component-input preparation be applied to apron-area taxi movements, and what
changes are needed before the methodology becomes operationally meaningful inside the apron?

F.2. Data Subset and Apron Scope
Two apron cases are examined. Apron D is relatively ordered and has a clearer relation between
stand-side movements and apron-boundary access. Apron ED is more complex because several apron-
boundary candidates are close together and local movements have more path variants. These two cases
provide a useful contrast: Apron D tests whether the method transfers in a simpler apron geometry, while
Apron ED tests whether it remains robust in a denser and more ambiguous apron setting.
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Figure F.1: Apron-area study scope

Figure F.1 shows the apron areas used for the transfer audit. The same airport layout graph is used
as spatial reference, but the modeled movement phase changes. Instead of runway-stopbar–apron-
boundary movements, the apron case focuses on movements between the gate or stand side and the
apron boundary.

F.3. Taxiing-phase Extraction
The first transfer step is taxiing-phase extraction. In the main methodology, the scoped taxi trajectory is
bounded by a runway stopbar and an apron boundary. In the apron case, the relevant phase is bounded by
the gate or stand side and the apron boundary. This change makes boundary identification more difficult
because apron boundary nodes can be close together and because stand-side movement may include
pushback or waiting phases.

The initial extraction used direct proximity to boundary nodes. This was sufficient for Apron D, but
rejected many Apron ED movements because adjacent boundary nodes were too close for robust identifi-
cation. The adapted extraction adds topology-aware boundary disambiguation. Instead of selecting only
the nearest boundary node, it also considers whether the candidate boundary is topologically consistent
with the movement direction and nearby graph structure.
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Figure F.2: Apron taxiing-phase extraction retention

Figure F.2 shows the retention improvement after topology-aware boundary disambiguation. The
improvement is especially important for Apron ED, where geometric proximity alone cannot distinguish
boundary candidates reliably.

Table F.1: Apron preprocessing bridge

Case Stage Inbound move-
ments

Outbound
movements

Total move-
ments

Retained
share
of raw
case

Apron D Raw data 14,690 15,734 30,424 100.0%
Apron D Track phase extracted 14,529 15,030 29,559 97.2%
Apron D Map matched 14,487 14,764 29,251 96.1%
Apron D Context attached 14,487 14,764 29,251 96.1%
Apron ED Raw data 30,845 30,431 61,276 100.0%
Apron ED Track phase extracted 30,211 29,292 59,503 97.1%
Apron ED Map matched 25,315 19,037 44,352 72.4%
Apron ED Context attached 25,315 19,037 44,352 72.4%

Table F.1 shows that taxiing-phase extraction transfers well after the topology-aware correction. Cor-
rected Apron ED phase-extraction retention reaches 98.1% for inbound movements and 96.6% for out-
bound movements, compared with 39.1% and 52.7% before the correction. The main transfer lesson
is that apron-scope extraction cannot rely only on nearest-boundary geometry; it needs topology-aware
boundary logic.

F.4. State-machine Map Matching
The second transfer step is map matching. In the main taxiing scope, graph search connects runway
stopbars and apron boundaries over taxiways. Inside the apron, a geometrically plausible shortest path
can still be operationally invalid because apron movements include stand-entry edges, stand-side edges,
pushback segments, and local one-way or phase-specific structures.

The adapted method adds a state-machine graph-search constraint. Inbound movements must finish
through an expected stand-entry and stand-edge sequence near the gate. Outbound movements start
from the gate or stand side, include pushback where appropriate, and then continue over taxiway edges
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toward the apron boundary. The state machine does not replace map matching; it constrains the graph
search so that the reconstructed path follows a plausible apron movement phase order.

Figure F.3: Apron map-matching acceptance

Figure F.3 compares the original graph search with the state-machine constrained graph search. The
main improvement is operational validity: the state-machine method removes reconstructed paths that
are geometrically short but inconsistent with stand-entry, pushback, or apron movement ordering.

Figure F.4: Apron D map-matching examples



F.5. Path Catalog and Component-input Preparation 115

Figure F.5: Apron ED map-matching examples

Figures F.4 and F.5 show representative map-matching examples across the 95th-percentile point-
to-path projection-error range. The examples illustrate why apron-area graph alignment is harder than
runway-stopbar–apron-boundary alignment. Local surveillance noise, short edges, close boundary can-
didates, and stand-side geometry can all change whether the reconstructed path is operationally mean-
ingful.

Table F.2: Apron map-matching summary

Case Mode Selected
movements

Operationally
valid share

Quality-
accepted
share

Error summary

Apron D Original graph
search

29,559 86.6% 85.8% Mean error 4.64 m; median
95th-percentile error 9.04 m.

Apron D State-machine
graph search

29,559 100.0% 99.0% Mean error 7.62 m; median
95th-percentile error 13.39 m.

Apron ED Original graph
search

59,503 95.4% 72.7% Mean error 20.90 m; median
95th-percentile error 12.42 m.

Apron ED State-machine
graph search

59,503 100.0% 74.5% Mean error 23.16 m; median
95th-percentile error 12.47 m.

Table F.2 shows the trade-off introduced by the state-machine constraint. For Apron D, operational va-
lidity increases from 86.6% to 100.0%, and quality-acceptedmatching increases from 85.8% to 99.0%. For
Apron ED, operational validity also reaches 100.0%, while quality acceptance remains lower because ED
contains more complex apron geometry and noisier surveillance patterns. The state-machine approach
therefore improves operational validity, but it does not remove all spatial-quality limitations in complex
apron areas.

F.5. Path Catalog and Component-input Preparation
After corrected phase extraction and state-machine map matching, the path-catalog step can be applied
to the apron area. Exact observed apron paths are grouped into canonical path families using the same
general idea as in the main methodology: reduce small reconstruction and tactical variations while pre-
serving the main path candidates. The reduction is less pronounced in Apron ED than in Apron D because
ED contains more gates, more OD combinations, and more local path variants.
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Figure F.6: Apron path-catalog preparation

Figure F.6 shows the reduction from exact observed paths to canonical path families for the apron
cases. The diagnostic confirms that path-catalog construction remains meaningful inside the apron, but
that local apron complexity reduces the amount of compression possible.

Table F.3: Apron path-catalog summary

Case Taxi move-
ments

Exact ob-
served paths

Canonical path
families

Specific OD
groups

Exact-to-
canonical re-
duction

Apron D 29,249 153 61 20 60.1%
Apron ED 44,332 969 479 234 50.6%

Table F.3 shows that Apron D produces a compact catalog, while Apron ED remains more fragmented.
The difference is operationally meaningful. Apron ED includesmore local alternatives andmore stand-side
variation, so the same canonical grouping criteria cannot reduce the catalog as strongly without risking
loss of meaningful path differences.

The component-input audit indicates that path-choice and endpoint-selection data products can be
assembled after corrected graph alignment. For Apron D, 80.4% of movements lie in non-trivial OD groups
for path choice. For Apron ED, the corresponding share is 53.7%. Endpoint boundary choice is trivial for
Apron D in this case-study scope, while nearly all ED movements have a non-trivial boundary-choice
setting after corrected extraction. This shows that apron-area component input preparation is possible,
but that the difficulty and target structure vary strongly by apron geometry.

F.6. Speed-profile Preparation Limitations
Speed-profile preparation does not transfer as cleanly as path-catalog preparation. The main speed-
profile preprocessing is designed for longer runway-stopbar–apron-boundary taxi movements. In that
scope, edge traversals are generally longer, and stops can often be filtered without losing the movement
structure. Apron movements are different. They include short edges, low speeds, pushback, push-and-
pull behavior, and post-pushback waiting away from graph nodes.

Applying the original traversal criteria to apron movements can therefore reject or distort movements
for reasons that are intrinsic to apron operations rather than data-quality failures. For example, a valid
apron movement can contain a long wait after pushback, a short traversal over a stand-side edge, or a low-
speed pushback segment. Treating all of these as ordinary taxi-speed observations would mix different
movement phases into one speed-profile target.
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The input audit reports 135,405 Apron D edge-traversal candidates, of which 128,533 are input-ready
under the original traversal gates, corresponding to 94.9%. Apron ED has 416,182 candidates and
357,563 input-ready traversals, corresponding to 85.9%. These values show that many edge-speed ob-
servations can be prepared, but the high movement share with stops or waits remains a central limitation.
For Apron D, 48.5% of movements include stops or waits.

The implication is that a future apron speed-profile component should separate movement phases
before residual speed profiles are learned. Pushback, post-pushback release waiting, stand-side move-
ment, and own-power taxiing should not be treated as one homogeneous edge-relative taxi-speed process.
This is the main methodological difference between runway-stopbar–apron-boundary speedmodeling and
apron-area speed modeling.

F.7. Method-transfer Interpretation
The case study shows that the methodology transfers to apron areas in stages. Taxiing-phase extraction
transfers after topology-aware boundary detection is added. Map matching transfers after state-machine
constraints are added to represent apron-specific edge-type order. Path-catalog construction remains
meaningful, although complex aprons produce more local path variants and therefore less compression.
Component-input preparation is feasible for path choice and endpoint selection, but target difficulty de-
pends strongly on apron geometry.

The main unresolved component is speed-profile behavior. Apron-area motion is not simply a shorter
version of taxiway motion. It includes pushback, low-speed maneuvering, stand-side waiting, short-edge
traversal, and local surveillance occlusion. These features require a movement-phase model before
learned speed-profile behavior can be interpreted reliably.

This appendix therefore supports a focused conclusion: the runway-stopbar–apron-boundary method-
ology provides a useful base for apron-area analysis, but apron-area modeling requires explicit procedure
phases and graph-state constraints before learned behavioral components should be trained at scale.

F.8. Apron-area Transfer Takeaways
The first takeaway is that the data-processing logic is transferable, but not unchanged. Apron-area scope
extraction requires topology-aware boundary disambiguation because geometric proximity alone is unre-
liable when several apron-boundary candidates are close together.

The second takeaway is that graph alignment inside the apron must encode movement-phase order.
State-machine map matching improves operational validity because it prevents geometrically plausible
but operationally invalid stand-entry or pushback paths.

The third takeaway is that canonical path-family construction can still reduce path fragmentation, but
complex apron geometry limits the amount of compression. Apron ED remains more fragmented than
Apron D because it contains more gates, more OD combinations, and more local path variants.

The fourth takeaway is that speed-profile preparation requires a different movement-phase represen-
tation. Pushback, waiting, short-edge movement, and own-power taxiing should be separated before an
apron-specific speed-profile component is trained.

Overall, the case study shows that the main methodology is a useful starting point for apron-area mod-
eling, but that apron operations require additional boundary logic, state-machine graph constraints, and
movement-phase definitions. This explains why the scientific paper keeps the main observed-behavior
baseline focused on runway-stopbar–apron-boundary aircraft taxi operations.
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