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

J. Crespo Nufiez*
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 di Cculk 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 a [eck 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 di Lculk 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 tra Cc_nhanagement 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 su Lcieht, 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



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 Il reviews the literature and methodological context for ASM Ops
modeling, graph-based reconstruction, trajectory behavior, data-driven model identification, and model validation.
Section 111 presents the methodology. Section 1V 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.

11. 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 tra CC_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 di [erent purposes. Optimization models are useful when the goal is to compute e Lcieht
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 di Lerknt 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].



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 di Cerénces, local tactical deviations, and minor path variations can create
many unigue exact observed paths even when the operational trajectory is e [eckively 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 tra [Cidteractions all a [eck 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 a [eck 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 su [cieht, 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,



weather conditions, or tra [Ccslates in di Cerknt 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 tra Ccflow 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) e [edts [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.

I11. 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 tra Cc_ thanagement 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 8 denotes a taxi movement, : a trajectory point, 4 a directed edge, > an
Origin-Destination (OD) pair, and 2 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 )g, graph-aligned taxi trajectories )s, exact observed paths %g’bs, path-choice sets Cs,, component
observations |5 g, and learned behavior estimates €, or Es.
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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 I11.B defines the MAS model, agent categories, component allocation,
and the boundary between learned behavioral components and deterministic execution rules. Sections I11.C-II1.E
describe data ingestion, taxiing-scope extraction, airport layout graph construction, and graph-constrained map matching.
Section I1I.F introduces the path catalog, context features, and component-specific input datasets. Section I11.G
explains the shared three-stage inference procedure. Sections I11.H-111.K detail the learned behavioral components, and
Sections I11.L and 111.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 tra [CState, 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.









	Acknowledgments
	List of Figures
	List of Tables
	I General Introduction
	Introduction

	II Scientific Article
	Data-Driven Agent-Based Modeling of Aircraft Surface Movement at a Large Airport
	I. Introduction
	II. Background
	III. Methodology
	IV. Experimental Setup
	V. Results
	VI. Discussion
	VII. Conclusion
	References


	III Literature Review & Research Definition
	Literature Review
	Airport Surface Movement Operations and Observed-behavior Modeling
	Surface-surveillance Data and Taxi-trajectory Extraction
	Airport Layout Graphs and Graph-constrained Reconstruction
	Path Candidates, Canonical Path Families, and Operational Context
	Data-driven Behavioral Model Identification
	Path-choice Modeling
	Endpoint-selection Modeling
	Speed-profile Behavior Modeling
	Local Conflict-resolution Modeling
	Deterministic Execution Rules and Integrated Model-validation Diagnostics
	Evaluation Design, Metrics, and Diagnostic Reporting

	Research Definition
	Research Gap
	Research Objective
	Research Questions
	Research Scope and Boundaries
	Planning

	References

	IV Appendices
	Model Calibration and Tuning
	Purpose and Relation to the Scientific Paper
	Training, Validation, and Test Partitioning
	Context Feature Definitions
	Context Feature Coverage and Dataset Profile
	Bayesian Hyperparameter Optimization
	Training-Data Sensitivity Analysis
	Calibration and Tuning Takeaways

	Verification and Validation
	Purpose and Relation to the Scientific Paper
	Data Reconstruction and Map-Matching Validation
	Path Catalog and Canonical Path-Family Diagnostics
	Validation Metrics and Diagnostic Definitions
	Path-Choice Component Validation
	Endpoint-Selection Component Validation
	Speed-Profile Component Validation
	Local Conflict-Resolution Component Validation
	Integrated Model-Validation Scenario Diagnostics
	Verification and Validation Takeaways

	Operational Interpretation of Selected Model Configurations
	Purpose and Relation to the Scientific Paper
	Selected Context Features by Component
	Operational Interpretation by Learned Behavioral Component
	Prediction-source Support by Component
	Context-conditioned Validation Insights
	Missing Context and Operational Interpretation Limits
	Operational Interpretation Takeaways

	Case Study A: Construction-state Effects on Path Choice
	Purpose and Relation to the Scientific Paper
	Construction Scenario and Diagnostic Design
	Observed Construction-period Path Change
	August 2025 Path-choice Diagnostic
	Held-out Week-35 Counterfactual
	Construction-state Takeaways

	Case Study B: Operational Constraints and Availability Rules
	Purpose and Operational Question
	Center-runway Active-state Path Procedures
	Canonical Path-family Availability under Procedure Constraints
	Runway 24 S7 Endpoint Restriction
	Historical Schedule Versus Observed Runway Use
	Operational Interpretation and Limitations
	Operational-constraints Takeaways

	Case Study C: Methodology Transfer to Apron-area Taxi Movements
	Purpose and Transfer Question
	Data Subset and Apron Scope
	Taxiing-phase Extraction
	State-machine Map Matching
	Path Catalog and Component-input Preparation
	Speed-profile Preparation Limitations
	Method-transfer Interpretation
	Apron-area Transfer Takeaways



