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Abstract

Aircraft trajectory prediction supports trajectory-based operations and air traffic manage-
ment by estimating future aircraft motion. This systematic review synthesizes studies
on trajectory, position, and flight state prediction for civil, manned, fixed-wing aircraft
during airborne operation from takeoff to touchdown. Following evidence assessment,
198 studies were retained as primary evidence, of which 55 met the predefined criteria for
formal performance synthesis. The review uses a Preparation, Prediction, Update, and
Output (PPUO) framework and organizes the evidence around modeling methodology,
task formulation, and performance evaluation. The findings show that physics-based, state
estimation, data-driven, and hybrid methods have different modeling assumptions and
operating conditions, and the available evidence does not support any one paradigm as
universally superior across tasks and operating scenarios. Reported performance is jointly
influenced by prediction horizon, target cardinality, interaction context, and evaluation
conditions. The evidence is concentrated on single-target prediction; quantitative evidence
for joint multi-aircraft prediction and probabilistic uncertainty evaluation remains limited,
while heterogeneity in experimental conditions restricts direct cross-study comparison.
Future research should establish reproducible benchmarks with complete reporting of
experimental conditions and conduct cross-scenario validation while evaluating trajectory
accuracy, uncertainty quality, computational efficiency, and operational assurance together.

Keywords: aircraft trajectory prediction; systematic review; civil aviation; trajectory-based
operations; prediction horizon; multi-aircraft prediction

1. Introduction
Growing traffic demand and operational complexity continue to challenge airspace

safety, efficiency, and capacity [1]. Modern air traffic management (ATM) programs, includ-
ing the Single European Sky ATM Research (SESAR) initiative and the U.S. Next Generation
Air Transportation System (NextGen), increasingly organize planning and decision support
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around trajectory-based operations (TBO) [2–4]. In TBO-oriented environments, predicted
aircraft trajectories provide a common information basis for conflict monitoring, sequencing
and timing, demand–capacity assessment, and related decision-support functions [5–7].
The accuracy and timeliness of trajectory prediction therefore affect how future aircraft
motion can be incorporated into ATM planning and control.

Aircraft trajectory prediction uses information available at prediction time to estimate
future aircraft motion. Depending on the task and output formulation, the prediction
may comprise a sequence of future positions, a four-dimensional (4D) trajectory, future
flight states, waypoint or arrival time information, or a probabilistic representation of
plausible future motion. Predictor inputs may include recent surveillance states, histori-
cal trajectories, flight plans and intent, aircraft performance information, meteorological
conditions, and surrounding traffic or airspace context [7,8]. This review focuses on future
trajectory, position, or flight state prediction for civil, manned, fixed-wing aircraft during
airborne operation from takeoff to touchdown, including commercial transport, business
aviation, and manned general aviation. The scope covers departure, climb, cruise, descent,
and airborne terminal operations.

Trajectory prediction is challenging because future aircraft motion depends on interact-
ing sources of information and uncertainty. Recent position, velocity, heading, and vertical
motion constrain near-term evolution, whereas flight intent, procedures, weather, aircraft
performance characteristics, and traffic context become more influential as the lookahead
extends across future maneuvers or operational changes. Surveillance data may also con-
tain measurement noise, irregular sampling, or missing observations. The same observed
history may therefore support several plausible future trajectories when intent or inter-
action outcomes remain uncertain. The requirements of trajectory prediction vary with
prediction horizon, information availability, and the unit of prediction [9–11].

These requirements have produced a diverse methodological landscape. Physics-based
predictors propagate aircraft motion using explicit dynamical, performance, environmental,
and intent assumptions. State estimation methods infer continuous aircraft states, discrete
motion regimes, or combinations of the two from available observations and propagate
those estimates into the future. Data-driven approaches encompass classical statistical and
machine learning methods that rely on historical trajectories and engineered contextual
variables, as well as deep-learning architectures that learn representations of temporal,
spatial, relational, and multimodal information. Hybrid formulations combine mechanisms
from multiple modeling families, including learned or data-derived components, physical
models, recursive estimators, and explicit prior or constraint mechanisms. The suitability of
these approaches depends on the prediction task, available information, prediction horizon,
and evaluation setting.

Previous reviews provide complementary perspectives on aircraft trajectory predic-
tion. Mondoloni and Rozen examine the trajectory prediction process and synchroniza-
tion requirements for ATM and TBO applications [7]. Zeng et al. review civil aviation
4D trajectory prediction through a process description, three broad method categories,
evaluation indices, and data sources [8]. Xie et al. compare physical, classical machine
learning, and deep-learning approaches with emphasis on computational efficiency and
application conditions [12]. Kwak and Lee conduct a structured review focused on deep-
learning models, including model taxonomies, datasets, evaluation metrics, and practical
deployment considerations [13]. These reviews differ in scope, review method, process
organization, and performance evidence, as summarized in Table 1. Taken together, these
reviews do not explicitly integrate system-level function, modeling paradigm, task formu-
lation, and performance evaluation within a common evidence framework for civil aircraft
trajectory prediction.
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Table 1. Comparison of prior reviews and the present systematic review.

Review Study Subject Included Studies Method
Classification Task Dimensions Performance

Evaluation

Mondoloni and
Rozen [7]

Commercial
aircraft trajectory
prediction and
synchronization

Not reported Process framework
Strategic/tactical
prediction;
synchronization

Spatial, temporal,
stability,
and computa-
tional measures

Zeng et al. [8]
Civil aviation 4D
trajectory
prediction

Not reported

State estimation,
kinetic models,
and machine
learning

10 min boundary;
deterministic or
probabilistic
output

EE, ATE, CTE,
and AE

Xie et al. [12]

Aircraft trajectory
prediction,
including
autonomous-flight
settings

Not reported

Physical, classical
machine learning,
deep learning,
and hybrid
methods

Strategic,
pre-tactical,
and tactical stages

Error, similarity,
complexity,
and uncertainty

Kwak and Lee [13]
Aircraft trajectory
prediction from
2020 to June 2025

46 Deep learning

Long-horizon
prediction;
multi-aircraft
interaction

MAE, RMSE, ADE,
FDE, NLL,
and CRPS

This review

Civil, manned,
fixed-wing aircraft
during airborne
operation from
takeoff
to touchdown

198 (55 for
performance
synthesis)

Physics-based,
state estimation,
data-driven,
and hybrid
methods

Prediction
horizon; target
cardinality;
interaction context

Accuracy,
uncertainty,
and engineering
requirements

Accordingly, this review provides a systematic and multi-level synthesis of aircraft
trajectory prediction for civil, manned, fixed-wing airborne operations. It connects evidence
identification and screening with a system-level functional organization, a taxonomy of
modeling paradigms, two cross-cutting task dimensions, and a structured framework for
performance evaluation. The review is guided by four research questions:

1. RQ1: What functions, information flows, and outputs recur in aircraft trajectory
prediction, and how can they be organized at the system level?

2. RQ2: How do physics-based, state estimation, data-driven, and hybrid approaches
differ in their assumptions, applications, advantages, and limitations?

3. RQ3: How do prediction horizon, target cardinality, and interaction context influence
task formulation, method selection, and output representation?

4. RQ4: Which accuracy, uncertainty, engineering, and operational measures are used to
evaluate aircraft trajectory prediction, and what performance patterns and evidence
gaps can be identified across the reported studies?

The answers to these questions are developed in Sections 3–8 and consolidated in
Section 9. The main contributions are summarized as follows.

• Systematic and traceable evidence foundation. The review applies a structured
workflow for literature identification, deduplication, screening, full-text assessment,
evidence-role classification, and assessment of eligibility for performance synthesis.
Restricting the core scope to civil, manned, fixed-wing aircraft during airborne opera-
tion provides a consistent basis for the methodological and quantitative synthesis.

• System-level organization of the trajectory prediction process. The Preparation, Pre-
diction, Update, and Output (PPUO) view organizes how heterogeneous observations
and contextual information are converted into predictor-ready inputs, future-motion
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estimates, revised predictions, and outputs for downstream use. It provides a system-
level analytical framework applicable across different predictor architectures.

• Unified modeling and task taxonomy. The methodological synthesis covers physics-
based models, state estimation models, data-driven approaches, and hybrid formu-
lations. Prediction horizon and target cardinality are treated as cross-cutting task
dimensions, while the use of inter-aircraft interaction information is distinguished
from joint multi-aircraft prediction.

• Structured performance evaluation synthesis. Performance evidence is stratified by
dataset or scenario, prediction horizon, sampling interval, metric family, output for-
mulation, and target cardinality. Accuracy, uncertainty, and engineering or operational
considerations are treated as complementary evaluation dimensions.

• Integrated synthesis of challenges and future directions. The review identifies
recurring challenges in benchmark reproducibility, cross-scenario generalization, un-
certainty and dependency representation, interaction modeling, computational effi-
ciency, and operational assurance, and uses these evidence gaps to organize future
research priorities.

Section 2 describes the systematic review methodology, and Section 3 presents the
PPUO system-level organization of trajectory prediction. Sections 4 and 5 review traditional,
data-driven, and hybrid prediction methods, while Sections 6 and 7 examine prediction
horizon and target cardinality as cross-cutting task dimensions. Section 8 presents the eval-
uation framework and experimental context, compares quantitative performance evidence
across modeling categories, and synthesizes cross-cutting performance findings. Finally,
Section 9 integrates the main evidence patterns and discusses remaining challenges and
future research directions.

2. Systematic Review Methodology
The reporting of this systematic review was guided by the Preferred Reporting Items

for Systematic Reviews and Meta-Analyses (PRISMA) 2020 statement [14]. This section
defines the review scope and describes the procedures used to identify, screen, classify,
and synthesize the literature on aircraft trajectory prediction. The resulting evidence
base supports the system-level, methodological, task-oriented, and performance analyses
developed in the subsequent sections.

2.1. Review Scope and Eligibility Criteria

The review focuses on the prediction of future trajectories, positions, or flight states of
civil, manned, fixed-wing aircraft during airborne operation from takeoff to touchdown.
Both single-target and joint multi-aircraft prediction studies are considered across the
modeling paradigms covered in this review, while interaction-aware prediction is treated
as a complementary task dimension. The prespecified eligibility criteria are summarized in
Table 2. These criteria define eligibility for the systematic-review evidence base; the addi-
tional criteria used for formal performance synthesis are specified separately in Section 2.6.

2.2. Information Sources and Search Strategy

The systematic literature search was conducted on 29–30 July 2026 in Scopus, Web
of Science Core Collection, Engineering Village–Compendex, and IEEE Xplore through
institutional subscriptions. No publication-year or language limits were applied during
database searching. Two complementary query groups were used. Q1 targeted terminology
explicitly associated with aircraft trajectory prediction and forecasting, whereas Q2 broad-
ened the search to related trajectory estimation, generation, computation, propagation,
reconstruction, and flight intent terminology.
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Table 2. Prespecified eligibility criteria of the systematic review.

Dimension Inclusion Scope

Aircraft scope Civil, manned, fixed-wing aircraft, including commercial
transport, business aviation, and manned general aviation

Operational phase Airborne operation from takeoff to touchdown

Prediction task Future trajectory, position, flight state, flight path, 4D trajectory,
or probabilistic future-motion prediction

Modeling paradigm Physics-based, state estimation, classical statistical and machine
learning, deep learning, and hybrid approaches

Target setting Single-target and joint multi-aircraft trajectory prediction

Report type Journal articles, conference papers/articles, Article in Press,
and Early Access research reports

The common Q1 concept block was:

(“trajectory prediction” OR “trajectory predictor” OR “trajectory forecasting” OR
“trajectory forecast” OR “flight path prediction” OR “4D trajectory prediction”
OR “four-dimensional trajectory prediction” OR “four dimensional trajectory
prediction” OR “4D track prediction”) AND (aircraft OR airplane OR aeroplane
OR airliner OR aviation OR “air traffic” OR “civil aviation” OR “commercial
aviation”).

The common Q2 concept block was:

(“aircraft trajectory estimation” OR “flight trajectory estimation” OR “aircraft
trajectory generation” OR “flight trajectory generation” OR “aircraft trajectory
computation” OR “flight trajectory computation” OR “aircraft trajectory propa-
gation” OR “flight trajectory propagation” OR “aircraft trajectory reconstruction”
OR “flight trajectory reconstruction”) OR ((“flight intent prediction” OR “aircraft
intent prediction” OR “flight intent modeling” OR “flight intent modelling”)
AND (aircraft OR airliner OR “air traffic” OR “civil aviation” OR “commercial
aviation”)).

The database-specific search strings and associated search details are provided in
Supplementary File S1. The eight database-query combinations yielded 3771 exported
records, which were subsequently merged and deduplicated before screening. Table 3
summarizes the database-level export counts.

Table 3. Database search summary.

Database Q1 Q2 Total

Scopus 1279 115 1394
Web of Science Core Collection 552 59 611
Engineering Village–Compendex 1085 98 1183
IEEE Xplore 535 48 583

Total 3451 320 3771

2.3. Record Management, Study Selection, and Full-Text Assessment

The 3771 exported records were merged into a unified bibliographic dataset and
deduplicated using standardized DOI, title, author, year, and other record-level information.
Records with identical DOIs were treated as the same study. For records without a DOI,
matching was performed using the normalized title, authors, and publication year; records
were merged only when the title similarity was high and the author and year information
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was compatible. Records with conflicting non-empty DOIs were not merged directly.
Database source, search group, source file, source row, and database accession number
were retained for traceability. Citation counts were retained as descriptive metadata and
were not used for inclusion, exclusion, ranking, or weighting.

After 2072 duplicate or related-version records were removed or merged, 1699 unique
study-level records remained for title and abstract screening. Titles and abstracts were
screened by one reviewer according to the predefined eligibility criteria specified in
Section 2.1. Records that could not be classified reliably from the title and abstract were
retained for full-text assessment. A total of 1168 records were excluded during title and
abstract screening, and seven additional records were separated as background evidence,
leaving 524 studies for full-text assessment.

All 524 candidate reports underwent full-text assessment by the same reviewer accord-
ing to the predefined eligibility criteria. Of these, 226 were excluded for failing to meet one
or more prespecified eligibility criteria, leaving 298 studies for detailed evidence assessment.
Of these 298 studies, 198 were retained as primary evidence, 81 as secondary/supporting
evidence, and 19 were excluded after the final evidence assessment. Figure 1 summarizes
the overall process of record identification, merging and deduplication, screening, full-text
assessment, and evidence classification. The 198 primary studies formed the core evidence
base for the subsequent methodological and task-oriented synthesis; studies meeting the
additional criteria for formal performance synthesis were analyzed as a subset of this group.

Scopus

(n = 1394)

Web of Science Core Collection

(n = 611)

Engineering Village-Compendex

(n = 1183)
IEEE Xplore

(n = 583)

Records screened

(n = 1699)

Reports assessed for eligibility

(n = 524)

Studies carried forward for detailed 
evidence assessment

(n = 298)

Primary studies retained

(n = 198)

Secondary/supporting studies

(n = 81)

Studies excluded after final evidence assessment 
evidence role; relevance; evaluability

(n = 19)

Formal performance-synthesis subset

(n = 55)

Primary studies used for methodological or narrative synthesis only

(n = 143)

Duplicate or related-version records removed or merged
(n = 2072)

Records not advanced to full-text assessment
study object; prediction task; study content; other eligibility criteria

(n = 1175)

Reports excluded after full-text assessment
 study object; operational setting; prediction task; study content; full-text information

(n = 226)

Records identified through database searching

(n = 3771)
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Figure 1. Literature identification, screening, evidence classification, and performance synthesis workflow.

During manuscript revision, a second author reviewed all 55 studies included in
the formal performance synthesis, focusing on study eligibility, methodological quality,
and evidence confidence. Separately, a third author rechecked the exclusion decisions for all
226 studies excluded during full-text assessment and all 19 studies excluded during the final
evidence assessment against the predefined eligibility and evidence classification criteria.
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2.4. Evidence Classification and Data Extraction

The retained evidence was assigned one of two roles. Primary evidence comprised
original studies that proposed, implemented, or empirically evaluated qualifying future-
trajectory prediction methods. Secondary/supporting evidence comprised studies that
directly informed system-level, methodological, or contextual aspects of trajectory predic-
tion but were not treated as core prediction-method studies.

Other contextual references, including standards, prior reviews, datasets, simulation
platforms, and foundational methods, were cited where necessary to support definitions,
background, or methodological context but were not included in the systematic-review
study counts.

Data were extracted by one reviewer using a standardized extraction framework.
For the retained studies, standardized information on modeling approach, prediction
setting, data source, and evaluation outcomes was extracted. Study investigators were
not contacted for additional or missing information. The extracted data supported the
subsequent methodological and task-oriented synthesis, while quantitative performance
information from eligible primary studies formed the basis of the formal performance
analysis described below.

For the mutually exclusive modeling categories used in the formal performance
synthesis, each study was assigned to one primary category according to its dominant
prediction mechanism. Auxiliary contextual inputs, transition probabilities, or uncertainty
representations did not by themselves trigger hybrid coding; hybrid coding was used when
distinct mechanisms from more than one principal modeling family materially participated
in trajectory generation or uncertainty propagation.

2.5. Risk of Bias and Certainty of Evidence

To address potential bias associated with the original study selection and data extrac-
tion process, the second author conducted a structured qualitative assessment of the 55
studies included in the formal performance synthesis. The assessment considered five
aspects: (1) study scope and eligibility, (2) data selection and experimental design, (3) com-
parison and evaluation methods, (4) completeness and transparency of result reporting,
and (5) confidence in the supporting evidence.

Particular attention was paid to whether the study population and prediction tasks
satisfied the predefined eligibility criteria, whether experimental designs introduced poten-
tial selection or information-leakage bias, whether baseline comparisons and evaluation
metrics were appropriate, and whether the reported results adequately supported the
stated findings. Any differences in judgment were discussed between the two reviewers
until consensus was reached.

Given the substantial heterogeneity in modeling paradigms, datasets, prediction
horizons, and evaluation protocols, the assessment was conducted using a structured quali-
tative approach. Confidence in the main findings of the review was considered in relation
to the methodological limitations, consistency, directness, and reporting completeness of
the supporting studies. The assessment was intended to inform the interpretation of the
synthesized evidence.

2.6. Performance Synthesis Criteria

Formal performance synthesis was restricted to a subset of the 198 primary studies.
Eligibility required (1) an identifiable civil aircraft dataset or experimental scenario, (2) an
explicit prediction horizon, (3) a defined evaluation metric, and (4) at least one quantitative
result that either directly evaluates the eligible trajectory prediction or evaluates a task-
specific outcome explicitly computed from that prediction. These criteria were applied to
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define a quantitatively interpretable subset of the primary evidence; they did not change
the eligibility of studies for the systematic-review evidence base. Application of the criteria
yielded 55 studies for formal performance synthesis. The remaining 143 primary studies
were retained for methodological or narrative synthesis.

The criteria favor studies that report sufficiently complete evaluation conditions,
including a defined horizon, metric, and quantitative result. Consequently, studies from
some modeling paradigms or experimental settings may be less likely to enter the formal
performance subset when their performance information is reported incompletely, even
when they remain eligible primary evidence. The 55 studies should therefore be interpreted
as a structured quantitative subset of the 198 primary studies rather than as a complete
representation of their distribution. The 143 studies not included in the formal performance
synthesis continued to inform the methodological or narrative synthesis, and their absence
from the quantitative subset does not diminish their methodological relevance.

Because the reviewed studies differ substantially in experimental conditions and
evaluation settings, the performance evidence was synthesized in a stratified manner
according to modeling paradigm, dataset or scenario, prediction horizon, sampling interval,
metric family, target cardinality, and output formulation. This organization supports
condition-specific interpretation of reported results. Performance values were interpreted
in relation to the datasets, prediction settings, and metric definitions under which they
were obtained.

The review was not registered, and no formal review protocol was prepared.
Figure 1 summarizes the overall literature identification, screening, evidence classifica-

tion, and performance synthesis process.
This section defined the review scope, eligibility criteria, and performance synthesis

criteria and described the procedures used to search, merge, deduplicate, screen, assess,
and classify the literature across four databases. The resulting evidence base comprised
198 primary studies and 81 secondary or supporting studies. Of the primary studies,
55 met the criteria for formal performance synthesis, while the remaining 143 informed the
methodological or narrative synthesis.

3. General Process of Aircraft Trajectory Prediction
Aircraft trajectory prediction forms part of an information processing chain that pre-

pares observations and operational context, infers future aircraft motion, revises predictions
as new information becomes available, and delivers prediction results for operational use.
For system-level analysis, this review organizes the chain into four connected functional
stages: preparation, prediction, update, and output (PPUO). The framework describes func-
tional relationships, while individual predictors may combine several stages or implement
some of them implicitly. In trajectory-based operations, predicted trajectory informa-
tion may also be exchanged or synchronized across operational and decision-support
systems [5–7]. Figure 2 summarizes this organization.
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Figure 2. System-level PPUO organization of aircraft trajectory prediction.

3.1. Preparation: Input and Context Processing

The preparation stage transforms heterogeneous observations and operational context
into a representation suitable for the selected trajectory predictor. Common inputs include
recent aircraft states or trajectory history, flight plans and operational intent, aircraft perfor-
mance parameters, meteorological conditions, and airspace or traffic context. The relative
importance of these information sources varies across prediction methods. Physics-based
and intent-informed approaches commonly rely on aircraft performance and operational
information, whereas data-driven approaches primarily use historical state sequences and
available contextual features [7,15].

3.1.1. Input Acquisition and Data Conditioning

Trajectory prediction inputs originate from heterogeneous sources and may differ
in sampling rate, coordinate representation, completeness, and measurement reliability.
Preparation therefore includes acquiring and temporally aligning observations, together
with data cleaning, normalization, filtering, and other transformations required by the
selected predictor. When observations have different or irregular sampling intervals,

https://doi.org/10.3390/aerospace13111016
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resampling or interpolation may be used to place them on a common temporal grid.
The selected procedure should be consistent with the temporal resolution and information
available at the prediction time.

Input quantities that are unavailable or uncertain may also be estimated or calibrated
using historical or in-flight observations. Aircraft performance parameters, for example,
can be inferred from observed trajectories and supplied to a trajectory predictor [16,17].
Such parameter estimation procedures support trajectory prediction and form part of the
prediction chain when the estimated quantities are subsequently used to generate future
aircraft states or trajectories.

3.1.2. Intent and Context Representation

Operational intent describes how an aircraft is expected to evolve under planned or
commanded conditions. Depending on data availability, intent-related information may be
represented explicitly through flight plans, routes, waypoint sequences, speed or altitude
constraints, clearances, and procedure information, or inferred from observed aircraft
behavior and surrounding context [18–20]. Traditional intent-based predictors commonly
use structured representations, whereas learning-based methods may incorporate intent-
related variables as contextual features or infer behaviorally relevant representations from
trajectory and operational data [10,21].

More generally, the output of the preparation stage is a predictor-ready representation
containing the observations, constraints, and available or inferred context required by the
selected prediction mechanism.

3.2. Prediction: Future Trajectory Inference

The prediction stage converts the predictor-ready information produced during Prepa-
ration into future aircraft states or trajectories over a specified prediction horizon. Accord-
ing to the mechanism used to generate future states, prediction methods can be grouped
into four families: physics-based methods propagate aircraft motion using dynamical,
performance, environmental, and operational assumptions; state estimation methods infer
and propagate continuous states or discrete motion regimes from observations; data-driven
methods learn predictive relationships from historical trajectories and contextual infor-
mation; and hybrid methods combine prediction mechanisms from multiple modeling
families. Detailed formulations are reviewed in Sections 4 and 5.

Prediction outputs may be deterministic, consisting of a single future state sequence
or trajectory, or probabilistic, representing uncertainty through predictive distributions,
intervals, ensembles, or multiple plausible trajectories. The prediction depends on the
information available at prediction time and on the assumptions embedded in the selected
model. As new aircraft state, operational intent, meteorological, or traffic context informa-
tion becomes available, an earlier prediction may require revision through the update stage
described next [22,23].

3.3. Update: Online Prediction Revision

As new surveillance observations, operational information, or environmental condi-
tions become available, an existing prediction may diverge from the current aircraft state
or operational context. The update stage incorporates these new inputs and supports
either retaining the current prediction or revising it through the preparation and prediction
stages using updated information. This function may be implemented through explicit
recalculation or rolling prediction as new observations arrive [24,25].

According to the triggering mechanism, updates can be classified as time-based,
information- or event-based, and conformance-based. Time-based updating revises pre-
dictions at fixed intervals. Information- or event-based updating responds to changes in
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clearances, operational intent, weather, or state estimates. Conformance-based updating
is triggered when observed or estimated aircraft behavior deviates substantially from the
previously predicted trajectory or falls outside an associated tolerance region [25–27]. Once
an update is triggered, newly available observations or contextual information are fed back
to the preparation and prediction stages to support continuous prediction revision.

3.4. Output: Prediction Results and Downstream Use

The output stage provides the current prediction in a form suitable for interpretation
and operational use. Deterministic predictions may provide future aircraft state sequences,
trajectory points, waypoints, or four-dimensional trajectories, while probabilistic predic-
tions may additionally provide predictive distributions, uncertainty intervals, trajectory
ensembles, or multiple plausible future trajectories. Predictive uncertainty representations
should be distinguished from retrospective evaluation quantities obtained by compar-
ing predictions with observations, such as realized prediction errors. These evaluation
measures are discussed in Section 8.

Predicted trajectories can support conflict detection and monitoring, sequencing and
timing, demand–capacity assessment, and other decision-support tasks. These func-
tions use trajectory prediction results and belong to downstream operational applica-
tions. In trajectory-based operational architectures, trajectory information may also be
exchanged or synchronized across participating systems through shared information infras-
tructure [5–7]. Distinguishing prediction results from their downstream use helps define
the scope of the trajectory prediction problem.

Overall, the PPUO framework characterizes aircraft trajectory prediction as a system-
level process comprising the preparation of predictor-ready information, inference of
future aircraft motion, online prediction revision, and delivery of results for operational
use. The framework distinguishes prediction mechanisms from input preparation, up-
date functions, and downstream applications and provides the system-level basis for the
methodological, task-oriented, and performance analyses developed in the following sections.

4. Traditional Trajectory Prediction Methods
Traditional trajectory prediction methods are approaches that generate future aircraft

states primarily using explicit motion and aircraft performance models or state transition
and state estimation mechanisms. They are organized into two principal methodological
families: physics-based models, which propagate aircraft motion using explicit dynamical
and performance relations together with operational and environmental information; and
state estimation models, which infer continuous aircraft states, discrete motion regimes,
or combinations of the two from observations and propagate these estimates into the
future. The main distinction between the two families is the mechanism used to generate
future states, while state estimation approaches also differ in how aircraft state and motion
uncertainty are represented and propagated. Table 4 summarizes the methods and principal
subfamilies considered in this section.

4.1. Physics-Based Models

Physics-based trajectory predictors generate future trajectories by propagating a
known or estimated initial aircraft state using explicit motion and performance relations.
Civil aircraft applications commonly combine simplified point-mass dynamics with aircraft
performance information, operational intent, and meteorological conditions. Model fidelity
depends on the prediction task, prediction horizon, and availability of aircraft-specific
and environmental information [28,29]. Figure 3 illustrates the principal force and angular
variables in a point-mass aircraft model.
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Table 4. Taxonomy and characteristics of traditional aircraft trajectory prediction methods and subfamilies.

Method Family Subfamily Core Prediction Mechanism Representative Formulations Output/Uncertainty
Representation Key Characteristics/Limitations

Physics-based –

Numerical propagation of aircraft
motion using explicit dynamics,
performance relations, operational
intent, and environmental
conditions

3-DOF point-mass models;
total-energy formulations;
APM/BADA-supported trajectory
integration; intent-informed
propagation

Often deterministic; input and
model uncertainty may be
propagated through parameter
distributions, Monte Carlo
simulation, or trajectory ensembles

Physically interpretable and able to
incorporate performance and
operational constraints;
performance depends on the fidelity
of aircraft performance, intent,
and weather information,
and model mismatch may
accumulate with prediction horizon

State estimation Discrete-state and
Markov

Probabilistic propagation of
discrete locations, latent states,
maneuver regimes, or mode
transitions to infer future motion

Hidden Markov models; Markov
chain prediction; HMMs combined
with trajectory similarity or mode
transition models

Future-state probabilities and
probabilistic trajectory hypotheses
derived from transition and
observation models

Represents discrete-mode
uncertainty explicitly and supports
probabilistic multi-step prediction;
performance depends on state-space
design and transition model
coverage, while coarse
discretization or sparse transitions
may limit extrapolation

State estimation Recursive Bayesian
continuous-state

Recursive estimation of
continuous aircraft states followed
by propagation beyond the
latest observation

KF, EKF, and UKF; particle filters;
sequential Monte Carlo methods

Gaussian state distributions for
Kalman-family methods;
particle-based posterior
approximations for nonlinear or
non-Gaussian formulations

Provides principled treatment of
measurement and process
uncertainty with recursive updating;
performance depends on transition
and measurement models, Gaussian
approximations may be restrictive,
and particle methods can be
computationally demanding

State estimation Multiple-model

Parallel propagation of candidate
motion models with probabilistic
mode updating and fusion of
mode-conditioned state estimates

Interacting multiple model (IMM);
multiple-model Kalman filtering;
state-dependent mode
transition variants

Mode probabilities combined with
mode-conditioned state
distributions or
trajectory hypotheses

Adapts to changes among
predefined motion regimes and
retains uncertainty over competing
hypotheses; performance depends
on model set coverage and
transition probability specification,
while complexity increases with the
number and sophistication of
candidate models

https://doi.org/10.3390/aerospace13111016

https://doi.org/10.3390/aerospace13111016


Aerospace 2026, 13, 1016 13 of 49

T

D



D

T

mg

L

mg

L



L: Lift T: Thrust D: Drag mg: Weight

flight-path angle  Heading Angle  Bank Angle

Side View Top View Front View

V





Figure 3. Three-view illustration of forces and angular variables in a point-mass aircraft formulation.

In operational prediction systems, motion propagation is combined with aircraft per-
formance models, operational intent, and environmental information. Aircraft performance
models provide thrust, drag, and related parameters as functions of aircraft type, con-
figuration, and flight condition. Operational intent describes planned or commanded
conditions, while the initial aircraft state and meteorological information provide the state
and environmental conditions required for propagation. BADA is a representative aircraft
performance model used in trajectory computation infrastructures [30,31]. Physics-based
studies therefore commonly address model input determination, performance parameter
calibration, and online trajectory updating.

One group of retained studies estimates aircraft mass, thrust, or related performance
parameters from observed motion and supplies the estimates to point-mass or performance-
based predictors [16,32]. Other studies infer or update aircraft intent from flight plans,
observed behavior, or new surveillance information and recompute future trajectories for
online four-dimensional prediction [20,24]. Related work examines the effects of wind and
other meteorological information on propagated trajectories [33,34].

Overall, physics-based studies support future-trajectory prediction by refining motion
propagation, calibrating aircraft performance parameters, incorporating operational intent,
and updating environmental information. The reviewed applications indicate that the
treatment of aircraft performance information, operational intent, and meteorological infor-
mation affects reported prediction results, with effects that vary across prediction horizons
and operational settings. These structured prediction mechanisms can also inform the state
estimation, data-driven, and hybrid formulations discussed in the following sections.

4.2. State Estimation Models

State estimation models infer aircraft states or motion regimes from available obser-
vations and propagate the resulting estimates into the future. The estimated state may be
continuous, discrete, or conditioned on a motion mode, while uncertainty may be repre-
sented by state distributions, particle samples, discrete-state probabilities, or probabilities
assigned to multiple candidate motion models. For trajectory prediction, state estimation
must extend beyond the latest observation time to produce future state sequences, trajectory
hypotheses, or predictive trajectory distributions. Figure 4 summarizes the relationship
between observations, state updates, and future-state propagation.

4.2.1. Discrete-State and Markov Models

Discrete-state models describe aircraft motion through a finite set of locations, motion
regimes, flight phases, or other latent states. Hidden Markov models use observations
to infer the current latent state and then apply state transition probabilities to predict

https://doi.org/10.3390/aerospace13111016

https://doi.org/10.3390/aerospace13111016


Aerospace 2026, 13, 1016 14 of 49

future states, which can subsequently be mapped to future positions, waypoint transitions,
or trajectory segments.
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Figure 4. Recursive Bayesian state estimation and future-state prediction workflow.

In the retained evidence, Pan et al. model aircraft locations as hidden states and use
weather-related observations to generate minute-by-minute future positions, which are
then concatenated to form the remaining mid-flight trajectory [35]. Lin et al. combine
hidden Markov state inference with trajectory similarity to predict future waypoint-related
information and update the prediction as flight information changes [36]. These approaches
represent uncertainty about discrete future states, but their performance depends on
the construction and coverage of the state space and transition structure. Coarse state
definitions, sparse transitions, or operating conditions that are insufficiently represented
can limit prediction beyond previously observed patterns.

4.2.2. Recursive Bayesian State Prediction

For continuous aircraft states, Kalman-filter variants recursively update state estimates
under different assumptions about the transition and measurement models. The Kalman
filter is formulated for linear-Gaussian systems, the extended Kalman filter applies local
linearization to nonlinear models, and the unscented Kalman filter propagates determin-
istically selected sigma points through nonlinear transformations [37]. In trajectory pre-
diction applications, estimated position, velocity, acceleration, or maneuver state provides
the initial condition for future extrapolation. Short-term civil aircraft studies illustrate
this use, with performance depending on whether the transition model, measurement
model, and uncertainty assumptions represent aircraft motion over the intended lookahead
horizon [38].

When aircraft motion exhibits substantial nonlinearity or non-Gaussian uncertainty,
particle filters approximate the posterior state distribution with weighted particles and prop-
agate them into the future. This representation can retain complex uncertainty structure,
but particle propagation and resampling increase computational demand [39]. Retained
studies use adaptive particle filtering and sequential Monte Carlo for future trajectory
prediction, including multi-aircraft prediction in air traffic management settings [40,41].
Their applications show the value of explicit posterior-sample propagation, while also
indicating that computational requirements grow with particle count, state dimension,
and transition model complexity.
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4.2.3. Multiple-Model State Estimation

A single transition model may be inadequate when an aircraft changes among distinct
motion regimes. Multiple-model estimators maintain several candidate dynamic models
and update their probabilities as new observations become available. In trajectory predic-
tion, the state associated with each candidate model can be propagated beyond the current
observation time, and the resulting trajectory hypotheses can be retained separately or
combined according to their model probabilities.

Civil aircraft studies use multiple-model estimation to represent uncertainty over
alternative motion regimes. Intent-guided IMM prediction uses spatial and temporal
intent information to adjust candidate model probabilities and further refines the trajectory
with intent-derived pseudo-measurements [42]. Other studies combine IMM with wind
modeling to predict future trajectories of light aircraft or incorporate mode-switching
dynamics into probabilistic four-dimensional trajectory prediction [43,44]. Related multiple-
model Kalman-filter formulations follow the same principle of maintaining and combining
several mode-conditioned estimators.

Multiple-model methods reduce reliance on a single motion hypothesis, but their cov-
erage is bounded by the candidate model set and transition structure. Missing maneuvers
or poorly specified transition probabilities can leave model mismatch unresolved, while
additional or more complex candidate models increase computational demand.

State estimation methods generate trajectory predictions through observation updates
and future propagation, making them suitable for tasks that require continuous assimilation
of new information and updates to state uncertainty estimates. Their recursive estimation,
probabilistic propagation, and multiple-model mechanisms can also be integrated with
data-driven modules to provide state estimates and uncertainty representations in hybrid
formulations, as discussed in Section 5.

5. Data-Driven and Hybrid Trajectory Prediction Methods
Data-driven trajectory prediction uses historical flight trajectories and available con-

textual information to estimate future aircraft states or trajectories through statistical
relationships or learned input–output mappings. In this review, data-driven methods
comprise classical statistical and machine learning approaches as well as deep learning
models. Hybrid models are defined as explicit cross-paradigm formulations in which dis-
tinct mechanisms from different modeling families participate in the same prediction chain.
These mechanisms may include data-driven modules, aircraft performance or dynamics
models, state estimation structures, flight intent, and physical or operational constraints.
Table 5 summarizes these method families and their principal characteristics.

5.1. Data-Driven Models

Data-driven models learn mappings from observed trajectory histories and available
contextual information to future aircraft states or trajectories. Inputs may include position,
speed, heading, altitude, their rates of change, flight plans, operational intent, meteorologi-
cal conditions, and surrounding traffic information. Depending on the output formulation,
a data-driven model may produce a deterministic future trajectory, a predictive distribution,
prediction intervals, or multiple plausible future trajectories.
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Table 5. Taxonomy and characteristics of data-driven and hybrid aircraft trajectory prediction methods.

Method Family Subfamily Core Prediction Mechanism Representative Formulations Output/Uncertainty
Representation Key Characteristics/Limitations

Data driven Classical statistical
and machine learning

Engineered trajectory and
contextual representations are
mapped to future aircraft states or
trajectory quantities using
non-deep statistical or machine
learning models

Linear and functional regression;
Gaussian process and kernel
regression; support vector
regression; random forests;
gradient boosting and
related ensembles

Usually point estimates;
probabilistic regression and
ensemble formulations may
additionally provide predictive
variance, intervals, or empirical
uncertainty estimates

Explicit feature definitions facilitate
interpretation and moderate model
complexity; performance depends
on feature design, training-data
coverage, and generalization to
unseen operating conditions

Data driven Deep learning

Trajectory and contextual
representations are learned jointly
with the future-trajectory
mapping using multilayer
neural architectures

Recurrent and convolutional
sequence models; attention and
Transformer models; graph-based
models; deep probabilistic and
generative models; composite
deep architectures

Deterministic multi-step
trajectories, predictive
distributions, or multiple
trajectory samples depending on
the output formulation

Flexible nonlinear representation
learning supports temporal, spatial,
contextual, and relational
information; training and inference
cost, interpretability, calibration,
and robustness depend on
architecture and training design

Hybrid
Parameter and
dynamics
augmentation

Data-driven components estimate
parameters, dynamics terms,
or correction quantities used by
an explicit structured
propagation model

Learned parameter or residual
dynamics augmentation; Neural
ODE and analytical dynamics
coupling

Deterministic or probabilistic
according to the coupled
propagation model

Combines learned adaptation with
explicit propagation; performance
depends on the learned–structured
interface and consistency of the
coupled model

Hybrid State estimation and
probabilistic fusion

Learned predictions,
pseudo-measurements,
corrections, or auxiliary forecasts
are incorporated into recursive
state estimation and
future propagation

Estimator–neural fusion; learned
pseudo-measurements or
corrections; residual mean IMM
and LSTM–IMM formulations

Deterministic or probabilistic
according to the estimator and
coupled learned component;
uncertainty may be represented
through state or mode
distributions

Combines learned trajectory
information with recursive
estimation and uncertainty
handling; requires consistent fusion
and estimator design

Hybrid

Constraint- and
operational
prior-informed
learning

Explicit physical, procedural,
or operational priors or
constraints directly regularize,
restrict, or shape training,
prediction, or decoding

Prior- or constraint-informed
learning; constrained decoding;
feasibility correction or projection

Deterministic or probabilistic
according to the underlying
predictor; constraints may act
during training, prediction,
decoding, or
feasibility enforcement

Supports structural or operational
consistency but requires valid priors
or constraints and careful weighting
or enforcement
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5.1.1. Classical Statistical and Machine Learning Models

Classical statistical and machine learning methods construct explicit features from
observed trajectories and operating conditions, and predict future aircraft states or trajectory
quantities using regression, kernel, tree-based, or ensemble methods. Stochastic predictive
analytics has been applied to aircraft trajectory prediction in air traffic management [45],
while functional regression has used historical radar tracks to forecast aircraft positions
over short and medium horizons [46]. Figure 5 summarizes the general workflow.
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Figure 5. General workflow of classical statistical and machine learning trajectory prediction.

Regression, kernel, and trajectory statistics methods have been applied to final-
approach prediction, historical trajectory extrapolation, and stochastic trajectory prediction.
Related studies use operational and meteorological variables for final-approach regres-
sion [47], local functional regression in Sobolev space for short- and medium-term position
prediction [46], and Gaussian process regression to produce predictive means together with
variances [48]. Trajectory data-mining methods extract typical trajectories from historical
observations and use them to update transition probabilities and refine nominal trajectory
propagation [49].

Tree-based and ensemble methods are useful when prediction relies on heterogeneous
engineered features and nonlinear interactions. Ensemble meta-estimators have been
developed using flight plan, surveillance, and meteorological variables [50]. Reported
performance remains dependent on the informativeness of the feature representation and
the coverage of the training data. Missing routes, weather conditions, or operating states in
historical data can limit generalization.

5.1.2. Deep Learning Models

Deep learning models jointly learn trajectory representations and future-trajectory
mappings from sequential observations and contextual information. They may produce
deterministic multi-step trajectories, predictive distributions, or multiple trajectory samples.
Figure 6 illustrates the general workflow, and Table 6 summarizes the principal mechanisms
recurring in the retained studies. These mechanisms may be combined within one predictor.

https://doi.org/10.3390/aerospace13111016

https://doi.org/10.3390/aerospace13111016


Aerospace 2026, 13, 1016 18 of 49

Table 6. Representative modeling mechanisms in deep learning-based aircraft trajectory prediction.

Modeling
Mechanism Temporal/Spatial Representation Interaction Representation Output/Uncertainty Formulation Representative Architectures Structural Limitations

Recurrent and
convolutional
sequence

Recurrent states represent temporal
evolution, while convolutional
operators encode local trajectory,
weather, or spatial patterns; the
mechanisms can be used separately
or jointly

Interactions are typically introduced
through shared contextual features,
pooling, fusion, or additional
relational modules when required

Commonly deterministic sequence
prediction; probabilistic heads or
sampling-based extensions can also
be incorporated

RNN, LSTM, GRU, CNN,
ConvLSTM, recurrent
encoder–decoder models

Long temporal dependencies may
remain difficult for recurrent
propagation; convolution alone does
not represent long-range temporal
structure; recursive decoding can
accumulate error

Attention and
Transformer

Self-attention relates trajectory
tokens, state variables, or contextual
representations across the
observation sequence and supports
direct modeling of long-range
dependencies

Dependencies may be represented
through self-attention,
cross-attention, token construction,
or additional relational modules

Deterministic multi-step output is
common, while probabilistic heads,
latent-variable modules,
or generative decoders can
be integrated

Transformer, inverted Transformer,
attention-based encoder–decoder,
non-autoregressive
Transformer-like predictors

Standard attention cost increases
with sequence or token length;
performance depends on
representation design, positional
information, context construction,
and training-data coverage

Graph and
interaction-aware

Aircraft, trajectory attributes,
or spatiotemporal states are
represented as nodes, with relational
information propagated through
neighborhood aggregation or graph
attention and often combined with
temporal encoders

Explicit edges or learned adjacency
structures encode relative position,
velocity, proximity, correlation,
or other relational information

May produce deterministic
trajectories or probabilistic outputs
depending on the associated
prediction head

GCN, GAT, ST-GCN, dynamic
graph networks, graph–attention
sequence models

Graph construction and
neighborhood definition introduce
sensitivity to the selected relational
structure; computational and
memory requirements increase with
graph size and temporal resolution

Deep probabilistic
and generative

A conditional distribution over
future trajectories is modeled from
historical and contextual
representations; generation may use
Bayesian approximations, latent
variables, adversarial learning,
diffusion, or related generative
mechanisms

Context and interaction information
enter through the conditioning
representation and may itself be
encoded recurrently, through
attention, or through graph-based
mechanisms

Predictive distributions, uncertainty
intervals, or multiple
future-trajectory samples

Bayesian deep models,
GAN/CGAN, diffusion models,
and related conditional
generative formulations

Calibration and mode coverage
require explicit evaluation; some
formulations introduce substantial
training or sampling cost and
require distribution-sensitive
evaluation metrics

Composite deep
architectures

Several learned modules are
connected serially, in parallel,
or through fusion mechanisms to
combine complementary temporal,
spatial, and contextual
representations

Interaction information is inherited
from constituent modules or
incorporated through attention,
pooling, graph, or branch-fusion
mechanisms

Depends on the prediction head and
may be deterministic or probabilistic

CNN–LSTM/GRU, TCN–BiGRU,
Transformer–BiGRU, multi-branch
and multi-scale
feature-fusion networks

Additional components increase
architectural complexity and can
make attribution of performance
gains to individual mechanisms
more difficult; redundancy and
tuning requirements may
also increase

Note. The rows describe recurring modeling mechanisms rather than mutually exclusive deep learning categories. Attention, graph-based interaction modeling, probabilistic generation,
and composite architectures may coexist within the same trajectory predictor.
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Figure 6. General deep learning workflow for aircraft trajectory prediction.

Recurrent and Convolutional Sequence Models

LSTM, GRU, ConvLSTM, and recurrent encoder–decoder models have been used for
aircraft trajectory prediction. Applications include direct LSTM prediction [51], online
GRU updating with newly observed trajectories [52], convolutional encoding of convective
weather and planned flight information [53], and multi-step four-dimensional prediction
in terminal airspace [54]. Recursive decoding can nevertheless accumulate error over
successive prediction steps.

Attention- and Transformer-Based Models

FlightBERT combines binary encoding with a stacked Transformer backbone [55],
while FlightBERT++ introduces non-autoregressive multi-horizon prediction with horizon-
aware context generation and differential decoding [56]. Improved Transformer models
have been evaluated for long-term civil aircraft prediction [57], and an inverted Transformer
represents individual trajectory variables as variate tokens to model multivariate flight state
dependencies [58]. These studies use attention mechanisms to model long-range dependencies,
support multiple prediction horizons, and capture multivariate trajectory relationships.

Graph- and Interaction-Aware Models

Reviewed studies use attribute graphs, spatiotemporal graphs, and social pooling
structures to represent relations among trajectory variables, aircraft, or evolving aircraft
states. Attribute graph methods use graph convolution to extract local and global structure
among trajectory variables [59]; spatiotemporal graph models combine graph modules with
temporal prediction for four-dimensional trajectories [60,61]; and other studies use social
pooling to incorporate neighboring aircraft hidden states [62] or flight pattern guidance [63].
Graph structures specify how relational information enters the predictor, while single-target
and joint multi-aircraft outputs are treated separately in Section 7.

Deep Probabilistic and Generative Models

Dropout-based Bayesian approximate inference has been used for trajectory prediction
under uncertain weather conditions and can provide uncertainty intervals for predicted
longitude and latitude [64]. Deep Gaussian process models have also been used to predict
nominal trajectories and associated uncertainty information [65].
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Generative models produce a conditional trajectory distribution or multiple plausible
futures. Conditional GANs have been applied to weather-conditioned aircraft trajectory
prediction [66], and convolutional or recurrent GAN formulations have been used for
long-term four-dimensional prediction [67]. Diffusion models provide another mecha-
nism for conditional trajectory generation through iterative denoising [68]. Recent studies
either condition diffusion models on historical behavior, social interaction, and operational
context [11] or estimate an intention distribution before generating trajectories with a
Transformer-based diffusion model [69]. The main evaluation concerns for these methods
are uncertainty calibration, coverage of plausible modes, and training or sampling cost.

Composite Deep Architectures

Many predictors combine neural modules to process complementary input informa-
tion. CNN–LSTM models combine convolutional feature extraction with recurrent temporal
modeling [70]; TCN–BiGRU models combine temporal convolution, bidirectional recurrent
processing, and attention [71]; and convolution–GRU encoder–decoders incorporate tactical
intent into trajectory prediction [21]. Other work evaluates recurrent architectures on data
spanning multiple routes and dates to examine generalization [72]. These architectures
remain within the data-driven family when they combine only learned representation
or prediction modules. They are classified as hybrid only when physical models, state
estimation mechanisms, or explicit priors and constraints materially participate in trajectory
generation or uncertainty propagation.

5.2. Hybrid Models

In this review, hybrid trajectory prediction models are defined by explicit coupling
between different modeling paradigms. Distinct mechanisms from two or more principal
modeling families participate materially in the same prediction chain. These mechanisms
may include data-driven modules, aircraft performance or dynamics models, recursive
state estimators, and explicit priors or constraints derived from flight intent, physical
principles, or operational requirements. This definition distinguishes hybrid models from
composite deep architectures consisting only of neural modules and also applies to state
estimation formulations involving explicit cross-paradigm coupling.

5.2.1. Parameter and Dynamics Augmentation

One hybrid pattern uses a data-driven module to estimate quantities required by an
explicit trajectory-propagation model. NODE-FDM combines analytical kinematic relations
with Neural ODE components learned from quick access recorder (QAR) data to model
the temporal evolution of aircraft flight dynamics quantities [73]. The learning–dynamics
interface and the consistency of the coupled components over the operating conditions of
interest determine the effectiveness of this pattern.

5.2.2. State Estimation and Probabilistic Fusion

A second hybrid pattern introduces learned trajectory information into a recursive state
estimation process through a pseudo-measurement, prediction error correction, auxiliary
forecast, or related data-derived input. This arrangement combines trajectory patterns
learned from historical data with the current observed state and its uncertainty.

A terminal area framework learns collective trajectory behavior from surveillance data
and supplies the data-driven prediction to a residual mean IMM as a pseudo-measurement,
allowing the estimator to reconcile learned future behavior with the current aircraft
state [74]. An LSTM–IMM formulation uses an LSTM-based component to predict time-
related information and compensate for errors in longitude, latitude, and altitude associated
with IMM propagation [75]. The reported formulations differ in the information exchanged
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across the learning–estimation interface, while their Bayesian and multiple-model estima-
tion mechanisms follow the state estimation processes described in Section 4.2.

5.2.3. Constraint- and Operational Prior-Informed Learning

A third hybrid pattern uses explicit physical, procedural, or operational priors or
constraints to shape model training, prediction, or decoding. Such information may
include waypoints, route structure, flight phase, operational intent, aircraft performance,
and runway conditions. A model is classified as hybrid when this information is explicitly
used to regularize training, correct infeasible predictions, or constrain decoding.

Constrained LSTM prediction provides one example in which top-of-climb, waypoint,
and runway direction constraints are associated with climb, cruise, and descent/approach
phases, respectively [76]. When route, phase, intent, performance, or other operational
information is supplied only as an input feature, the model remains in the data-driven
category. When the same information directly restricts trajectory generation or enforces
feasibility, it forms an explicit prior or constraint within the hybrid model.

The reviewed hybrid methods combine different modeling families through param-
eter or dynamics augmentation, state estimation fusion, or the incorporation of explicit
operational priors and constraints. Prediction horizon and target cardinality are examined
separately in the following sections.

6. Trajectory Prediction Under Different Time Horizons
Prediction horizon is a cross-cutting task dimension applicable to different aircraft

trajectory prediction paradigms. Physics-based, state estimation, data-driven, and hybrid
models can all be used over different lookahead intervals, but the relative roles of recent
motion, operational intent, environmental context, uncertainty representation, and se-
quence generation change as the horizon extends. The reviewed studies describe prediction
extent in various forms, including explicit seconds or minutes, numbers of future steps,
author-defined short- or long-term tasks, flight phases, full-flight prediction, and distance-
based lookahead.

This review uses 10 min as a boundary for time-normalized analytical stratification.
Ten-minute prediction tasks or intervals that include 10 min recur in the retained evidence,
providing a common timescale for part of the synthesis [10,16,49]. The boundary also
provides a practical separation between settings dominated by recent state continuity and
settings in which flight intent, weather, aircraft performance assumptions, and operational
changes become more influential. This boundary serves as an analytical convention for
organizing the evidence, while operational definitions may vary among studies. Studies
are assigned to the time-normalized strata only when their reported information permits a
reliable conversion to time. Step-defined, phase-specific, full-flight, and distance-defined
horizons are retained in their original form when such a conversion is unavailable. Table 7
summarizes the principal horizon-dependent considerations.

Table 7. Horizon-dependent considerations in aircraft trajectory prediction.

Horizon-Sensitive
Dimension Shorter-Horizon Analytical Stratum Longer-Horizon Analytical Stratum

Review horizon stratum Time-normalized prediction horizons of up to
and including 10 min

Time-normalized prediction horizons exceeding
10 min

Dependence on recent
observations

The latest aircraft state and recent motion
history provide relatively strong constraints on
the near future, although local maneuvers can
still change the trajectory rapidly

The latest observed state constrains a
progressively smaller portion of the future
evolution as additional maneuvers, operational
changes, and environmental effects may occur
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Table 7. Cont.

Horizon-Sensitive
Dimension Shorter-Horizon Analytical Stratum Longer-Horizon Analytical Stratum

Contextual information

Current kinematics and recent trajectory history
remain central; local weather, traffic, intent,
and procedural information may provide
additional predictive context

Flight intent, route and procedure information,
weather forecasts, aircraft performance
assumptions, and anticipated operational
changes can become increasingly consequential

Uncertainty sources
Observation noise, missing or irregular samples,
near-term maneuver or mode ambiguity,
and local environmental disturbances

Intent or plan changes, procedure or ATC
changes, weather forecast uncertainty, aircraft
performance uncertainty, and accumulated
prediction uncertainty over a longer
future sequence

Sequence generation
implications

Recursive and direct multi-step formulations
are both applicable; recursive prediction may
accumulate error over successive future steps

Longer output sequences increase the
importance of controlling rollout drift,
preserving trajectory and endpoint consistency,
and representing alternative future evolutions
when required

Updating and
recomputation

New observations can revise near-future
predictions through rolling state updates,
parameter adaptation, or repeated inference
when supported by the prediction system

Recomputation becomes particularly relevant
when intent, flight plan, weather, procedural,
or constraint information changes during the
extended lookahead interval

Evaluation implications
Horizon-specific state or position errors retain
the relationship between reported accuracy and
the corresponding lookahead interval

Horizon-dependent errors, sequence or
endpoint consistency, and uncertainty
information become increasingly important for
interpreting performance across extended
prediction intervals

Note. The 10 min boundary is used only as a pragmatic analytical stratification in this review for
studies whose prediction horizons can be reliably normalized to time. Reported prediction intervals
beginning at 10 min and extending beyond it are treated as longer-horizon evidence. Step-defined,
phase-specific, full-flight, and distance-defined horizons are retained in their reported form unless a
reliable time mapping is available.

6.1. Shorter-Horizon Prediction

At shorter lookahead intervals, the latest aircraft state and recent motion history gener-
ally provide strong constraints on future states. Choi et al. combine a data-driven trajectory
pattern model with a residual mean interacting multiple-model estimator and evaluate a
2 min lookahead in terminal airspace [74]. Thipphavong et al. adapt an aircraft-weight
model using observed track data and report a 5 min lookahead for climbing aircraft [32].
These studies use different prediction mechanisms, but both show how recent observations
support near-term prediction.

Shorter-horizon prediction remains sensitive to uncertainty in the current aircraft state
and local operating conditions. Measurement noise, missing or irregular surveillance sam-
ples, maneuver ambiguity, and short-range weather variation can affect the inferred future
motion. Feng et al. combine historical trajectories and meteorological information with
LSTM and Bayesian neural modeling to represent uncertainty in short-term prediction [77].
GooDFlight is described by its authors as a long-term intention-guided framework, but its
TrajAir evaluation predicts 120 s ahead and therefore belongs to the shorter-horizon stratum
used here [69]. These tasks can benefit from recent state assimilation and online updating,
while evaluation should report prediction errors at their corresponding lookahead intervals.

The generation of multiple future states also affects shorter-horizon prediction. Recur-
sive prediction can propagate errors through successive steps, whereas direct multi-step or
multi-horizon formulations can generate several future states from the observed history.
TPGAN formulates an author-defined short-term multi-horizon task as a direct conditional
generative problem to reduce iterative error accumulation [78]. FlightBERT evaluates 1, 3,
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9, and 15 future steps, mapped by the source to approximately 20 s, 1 min, 3 min, and 5 min,
respectively [55]. Step-defined outputs can be assigned to a time-normalized stratum only
when the temporal spacing is explicitly reported.

New observations can support rolling revision of shorter-horizon predictions. A two-
stage GRU framework combines offline initialization with online adjustment from newly
observed trajectories [52]. Trajectory data-mining methods use typical historical trajectories
to update transition probabilities, with evaluation extending to a 10 min lookahead [49].
Multimodal prediction uses newly available operational information, including spoken
air traffic control instructions, to condition predictions over horizons from 1 to 10 min [10].
These examples show how recent states and context can be incorporated when the predic-
tion system supports online revision, without implying a fixed update frequency for all
shorter-horizon tasks.

6.2. Longer-Horizon Prediction

As the prediction horizon increases, a larger part of the future trajectory cannot be de-
termined from recent motion continuity alone. Future maneuvers, wind evolution, aircraft
performance assumptions, route adherence, and operational decisions become more influ-
ential. Sequential Monte Carlo prediction has been evaluated over a 20 min multi-aircraft
horizon while estimating wind forecast errors from radar observations [41]. Adaptive
particle filtering has examined horizons up to 40 min and used sequential observations to
estimate uncertain model parameters and weather effects before future propagation [40].
Local functional regression has evaluated future aircraft positions over a 10–30 min inter-
val [46]. These studies show that recent observations remain useful at longer horizons,
but increasingly as a basis for estimating states, parameters, or trajectory patterns whose
effects extend across the prediction interval.

Operational intent becomes more important when the prediction interval spans fu-
ture maneuvers or mode changes that are not determined by the current aircraft state.
Intent-based probabilistic prediction combines aircraft-dynamics models with verified or
inferred intent and has been evaluated at horizons up to 20 min [79]. Route, waypoint,
procedural, weather, and aircraft performance information can constrain future evolution
that recent kinematics alone cannot determine. Their value therefore depends both on
elapsed prediction time and on whether the horizon crosses operational decisions, flight
phase transitions, or environmental changes.

Longer sequences also increase the importance of the sequence generation strategy.
Recursive decoding may propagate early errors through more future steps, whereas direct
sequence generation reduces dependence on intermediate predicted states. A civil aviation
Transformer model for long-term prediction replaces serial dynamic decoding with direct
sequence generation [57]. A TCN–Transformer model evaluates 96 future steps at 15 s inter-
vals, corresponding to 1440 s or 24 min [80]. Another long-term Transformer uses positional
encoding and multi-head attention to process extended trajectory sequences [81]. These
studies illustrate alternative generation strategies rather than establishing one architecture
as universally preferable.

As the prediction interval expands, several future evolutions may remain compatible
with the information available at prediction time. Probabilistic and generative models can
represent predictive intervals or alternative trajectories when required by the task. A deep
Gaussian process framework predicts nominal trajectories with confidence information [65],
while a GAN-based formulation addresses long-term four-dimensional trajectory prediction
using historical route data [67]. Such results should be interpreted using horizon-specific
accuracy and uncertainty measures that distinguish performance across different forecast
lead times.
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Extended lookahead also increases the possibility that prediction conditions will
change before the end of the forecast. Flight plan amendments, revised intent, weather
updates, procedural changes, and observed deviations may therefore trigger recomputation.
Online four-dimensional prediction has been designed to recompute trajectories when
observed position or speed deviates beyond predefined thresholds and to revise horizontal
or vertical intent accordingly [24]. Recomputation can therefore be triggered by changes in
available information across different prediction horizons.

6.3. Cross-Horizon and Alternative Horizon Definitions

Aircraft trajectory prediction studies do not use a single standardized definition of
prediction extent. In addition to explicit seconds or minutes, studies may report future steps,
flight phases, complete routes or flights, distance-based lookahead, or author-defined short-
and long-term tasks. These definitions should not be converted to a common temporal
scale unless the source provides sufficient information for a reliable mapping. Identical
labels such as “short term” or “long term” may refer to substantially different temporal or
operational extents.

Step-defined prediction is the clearest case in which conversion may be possible. If both
the number of future steps and their temporal spacing are reported, the lookahead time can
be derived directly. The TCN–Transformer study predicts 96 future steps at 15 s spacing,
yielding a 24 min horizon [80]. By contrast, describing a model as multi-step or multi-
horizon does not establish a particular temporal extent. FlightBERT++ directly predicts
multiple future horizons, but this does not imply a lookahead greater than 10 min [56].
Multi-step and multi-horizon therefore describe output structure, whereas assignment to a
time-normalized stratum requires an explicit temporal mapping.

Phase-specific prediction characterizes the operational segment covered by a task,
with duration varying across operating conditions. Online four-dimensional prediction
has been evaluated with intent updating during climb [24]; constrained LSTM prediction
uses different constraints for climb, cruise, and descent or approach [76]; and sequence-
to-sequence prediction in terminal airspace models the future trajectory from a selected
start through the terminal segment without reporting a universal duration [54]. These
studies are retained as phase-specific evidence unless the source provides a defensible
time conversion.

Full-flight and route-based prediction are treated in the same way. They describe the
operational extent of the predicted trajectory, while actual flight duration varies across
routes and operating conditions. An HMM and trajectory similarity framework predicts
waypoint flyover time and altitude before departure and revises the prediction after depar-
ture using similarity between the executed and historical trajectories [36]. The horizon is
therefore retained as a full-flight or route-based descriptor because a reliable time interval
cannot be established from the reported information.

Distance-defined lookahead is also retained in its original form unless sufficient in-
formation is reported for a reliable conversion to time. This avoids introducing artificial
temporal comparability into tasks defined by operational range, spatial extent, or se-
quence structure.

Prediction horizon influences the relative roles of recent state information, contextual
information, uncertainty, sequence generation, and prediction updating across modeling
paradigms. Identical horizon labels can correspond to different temporal or operational
extents. Prediction horizon should therefore be interpreted jointly with the reported task
definition, input information, and evaluation conditions.
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7. Trajectory Prediction by Target Cardinality
Target cardinality is determined by the number of aircraft represented in the predicted

output. This review distinguishes single-target prediction from joint multi-aircraft predic-
tion and treats interaction context as a complementary dimension. A dataset containing
many aircraft does not imply joint prediction if each future trajectory is generated sepa-
rately, and the use of neighboring aircraft information does not imply joint output when
only one focal aircraft is predicted. Joint multi-aircraft prediction requires the future states
or trajectories of several aircraft to be represented within a coupled prediction problem.
Table 8 summarizes these relationships.

Table 8. Relationship between target cardinality and inter-aircraft interaction context in aircraft
trajectory prediction.

Analytical
Dimension Single-Target Output Interaction-Aware

Focal/Per-Aircraft Prediction Joint Multi-Aircraft Output

Prediction unit and
output structure

One target aircraft is
predicted per prediction
instance; the output may be
deterministic, probabilistic,
or multimodal

A focal or per-aircraft
trajectory is predicted while
neighboring aircraft
information conditions
the prediction

Future states or trajectories of
multiple aircraft are
represented within one
coupled prediction problem

Interaction context Neighboring aircraft
information is not required

Neighbor states, relative
geometry, traffic structure,
or learned inter-aircraft
relations explicitly
condition prediction

Inter-aircraft information is
incorporated within the joint
state, shared representation,
or coupled prediction process

Coupling across
predicted
trajectories

No cross-target output
coupling is required

Interaction context may alter
individual predictions while
outputs remain
separately generated

Multiple aircraft futures are
explicitly coupled through
the state, representation,
or output formulation

Uncertainty
representation

Uncertainty concerns
alternative futures of one
target aircraft

Neighboring aircraft
uncertainty may affect the
focal prediction without
establishing a joint
predictive distribution

Per-aircraft or joint
uncertainty may be
represented; cross-aircraft
dependence requires explicit
joint modeling

Note. Interaction awareness is a contextual dimension applicable to both single-target and
joint multi-aircraft prediction.

7.1. Single-Target Prediction

Single-target prediction produces the future trajectory or state sequence of one aircraft
per prediction instance. Choi et al. used a data-driven trajectory pattern model as a pseudo-
measurement in an RM-IMM estimator for an individual incoming flight [74]. FlightBERT
maps the observed attributes of one flight to its future states with a Transformer-based
predictor [55], while a deep Gaussian process formulation predicts a nominal trajectory
with uncertainty for the same target aircraft [65]. These examples illustrate deterministic
and probabilistic single-target prediction. More generally, multimodal outputs can also be
generated for a single target aircraft.

Single-target prediction can be repeated across a dataset containing many aircraft
without becoming joint multi-aircraft prediction. It can also use flight plan, weather,
performance, or neighboring aircraft information, provided that the predicted output
remains associated with one target aircraft. Likewise, comparing separately predicted
trajectories in a downstream conflict or separation analysis does not change the target
cardinality of the underlying predictors.
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7.2. Multi-Aircraft Interaction Context

Interaction-aware prediction uses surrounding aircraft information to condition the
prediction of a focal aircraft or a set of predicted aircraft. Relevant information includes
relative states, proximity, sequencing or merging relationships, and local traffic structure.
This context can influence input construction, neighborhood selection, relational repre-
sentation, and updating, but it does not by itself determine the number of aircraft in the
predicted output.

The reviewed civil aircraft studies include spatiotemporal attention for close-range ter-
minal airspace interactions [82], learnable adjacency representations for spatial correlations
among aircraft [60], and conditional diffusion prediction using historical behavior, social
interaction, and operational context [11]. GooDFlight also incorporates interaction-aware
goal information into stochastic trajectory generation [69]. These studies illustrate different
ways in which neighboring aircraft information can be incorporated into trajectory predic-
tion. Such information can support either single-target prediction or coupled multi-aircraft
prediction, depending on the output formulation.

7.3. Joint Multi-Aircraft Prediction

Joint multi-aircraft prediction represents the future states or trajectories of several
aircraft within one coupled prediction problem. Lymperopoulos and Lygeros formulate
multi-aircraft prediction as a high-dimensional state estimation problem and develop a
sequential Monte Carlo method that exploits the structure of the coupled system [41].
TrajAirNet provides a data-driven formulation that predicts trajectories for the agents
represented in a multi-aircraft scenario while incorporating agent interactions and environ-
mental context [83]. The flight pattern-guided Social LSTM of Chu et al. addresses joint
trajectory prediction [63], while the Bayesian Social LSTM of Zhong et al. provides a related
formulation incorporating uncertainty representation [84].

Joint output does not automatically imply a joint probability distribution across aircraft.
A model may produce several deterministic trajectories or separate per-aircraft uncertainty
estimates without representing cross-aircraft dependence. Claims about correlated or joint
predictive uncertainty should therefore be limited to formulations that explicitly model
this dependence.

Target cardinality also affects computational structure. Repeated single-target pre-
diction treats different aircraft as separate prediction targets, while interaction-aware
formulations incorporate neighboring aircraft information and joint formulations cou-
ple the predictions of multiple aircraft. Joint formulations can increase state or output
dimensionality and the number of represented relationships as the number of targets
grows. The resulting cost depends on neighborhood selection, relational sparsity, model
architecture, update frequency, and implementation strategy.

For evaluation, per-aircraft trajectory errors remain applicable to both single-target
and joint formulations. Interaction-aware or joint output studies may additionally evaluate
relative-position consistency, separation-related quantities, or joint uncertainty when these
quantities are explicitly represented. Conflict probability, loss of separation, and down-
stream decision-support performance should be reported as operational outcomes distinct
from trajectory prediction accuracy.

Target cardinality specifies the number of aircraft represented in the predicted output,
while the output formulation indicates whether their future states are coupled. Interaction
context describes the use of surrounding aircraft information in either single-target or joint
multi-aircraft prediction. These distinctions inform the selection of evaluation measures,
including per-aircraft errors, relational consistency, and joint uncertainty.
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8. Performance Evaluation and Comparative Analysis
Performance evaluation in aircraft trajectory prediction is influenced by the predic-

tion method, dataset or operational scenario, prediction horizon, sampling interval, target
cardinality, output formulation, and evaluation metric. Following the performance syn-
thesis criteria described in Section 2.6, 55 of the 198 primary studies entered the formal
performance synthesis. These studies comprise 9 physics-based, 6 state estimation, 11
classical statistical and machine learning, 24 deep learning, and 5 hybrid studies. This
55-study set is a performance-evidence subset with an identifiable horizon, evaluation
metric, and quantitative result. Its category distribution describes the composition of the
quantifiable evidence and should not be interpreted as the distribution of the 198 primary
studies or of the field as a whole.

The quantitative evidence is synthesized in a stratified manner using the distribution
of study counts, within-study baseline comparisons, changes in error across prediction
horizons, and the reported distributions of target cardinality, output formulation, and met-
ric families. Because datasets, scenarios, sampling intervals, coordinate representations,
prediction horizons, and metric definitions differ across studies, cross-study numerical
results are interpreted to identify condition-specific performance patterns, with direct
comparisons restricted to sufficiently comparable experimental settings. Studies with
incomplete performance reporting remain part of the methodological and task-oriented
synthesis but are not included in the formal quantitative synthesis presented here.

This section first summarizes the evaluation metrics and experimental data conditions
represented in the literature, then organizes quantitative performance evidence by the five
modeling paradigms, and finally identifies cross-paradigm findings concerning prediction
horizon, target cardinality and interaction context, deterministic and probabilistic output,
and engineering performance.

8.1. Evaluation Metrics

Evaluation metrics determine which aspects of trajectory prediction performance are
observed and therefore affect the interpretation of reported results. The metrics identified
in the reviewed studies are organized into three complementary families: point-wise and
trajectory-level error metrics, probabilistic and uncertainty metrics, and engineering or
task-specific metrics. Point or state errors quantify deviations from observed aircraft states,
trajectory-level metrics describe errors over a predicted sequence or at its endpoint, proba-
bilistic metrics assess the accuracy, calibration, and sharpness of predictive distributions,
and engineering or task-specific metrics characterize operational consequences. Metric
values must be interpreted in relation to the prediction horizon, coordinate representation,
output formulation, and experimental setting.

8.1.1. Error Metrics

MAE and RMSE are commonly reported for longitude, latitude, horizontal position,
altitude, velocity, and arrival time errors. MAE summarizes the average absolute deviation,
whereas RMSE gives greater weight to larger deviations and is more sensitive to occasional
large errors [85]. For multi-step prediction, ADE summarizes displacement over the
predicted sequence and FDE emphasizes the final predicted point [86]. These measures can
therefore lead to different interpretations when the application prioritizes trajectory-wide
accuracy or endpoint accuracy.

ATE and CTE describe deviations parallel and perpendicular to a reference route and
are useful in route-following and terminal area analyses [8]. MAPE and DTW occur as
complementary measures in specific settings, respectively describing relative error and
sequence similarity; MAPE becomes difficult to interpret when the reference quantity
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approaches zero [87,88]. For multimodal or generative prediction, minADE and minFDE
report the minimum ADE and FDE, respectively, among K generated trajectories [89]. These
best-of-K errors characterize the accuracy of the closest candidates but do not establish the
reliability or calibration of the complete predictive distribution.

8.1.2. Probabilistic and Uncertainty Metrics

Probabilistic trajectory prediction methods represent future motion through predictive
distributions, confidence or prediction intervals, covariance structures, ensembles, or multi-
ple trajectory hypotheses. Their evaluation should distinguish trajectory accuracy from the
reliability, calibration, and concentration of the represented uncertainty.

When an explicit predictive density is available, NLL evaluates the negative log pre-
dictive density assigned to the realized outcome, while CRPS measures the discrepancy
between a predictive cumulative distribution and the observed outcome [90,91]. Conven-
tional CRPS is defined for a univariate predictive distribution. When it is applied separately
to longitude, latitude, altitude, or another state component, it provides component-wise
evidence. If a study reports a joint distribution for future states or a complete trajec-
tory, it should specify the multivariate scoring rule used, including any explicitly defined
multivariate extension of CRPS. Component-wise CRPS values should not be treated as
equivalent to a score for the full joint trajectory distribution.

Prediction-interval coverage measures the proportion of realized values contained
within a specified interval, while interval width characterizes its sharpness [92]. These
quantities should be interpreted together because high coverage may be obtained with
excessively broad intervals, while narrow intervals are uninformative if realized trajectories
frequently fall outside them. Reliability curves, calibration errors, and related calibration
analyses provide additional evidence on the agreement between predicted probabilities
and observed frequencies.

Some studies characterize uncertainty using covariance matrices, confidence regions,
Monte Carlo envelopes, empirical error distributions, or sample-based trajectory sets. These
representations provide useful quantitative evidence but are not numerically interchange-
able with standardized probabilistic scores. For generative prediction, best-of-K errors,
sample diversity, and distributional similarity measures describe candidate coverage or
sample characteristics; they do not replace NLL, CRPS, coverage, or calibration assessment.

8.1.3. Engineering and Task-Specific Metrics

Trajectory accuracy does not fully characterize the computational or operational prop-
erties of a prediction method. Some studies report inference latency, throughput, execution
time, parameter count, or computational complexity, which are relevant when predictions
must be updated repeatedly in real time. These quantities depend on the hardware platform,
software implementation, input size, output horizon, and model configuration [93].

Task-specific measures depend on the operational function associated with trajectory
prediction. Arrival-oriented studies may report estimated-time-of-arrival (ETA) error or
waypoint time error, whereas conflict-oriented studies may report conflict probability,
loss-of-separation indicators, false alarms, or missed detections. These measures describe
downstream operational effects and should be reported separately from geometric trajec-
tory accuracy.

Table 9 summarizes the principal metric families encountered across the reviewed
trajectory prediction settings.
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Table 9. Evaluation metric families for different aircraft trajectory prediction settings.

Prediction Setting Primary Evaluation Metrics Complementary Metrics

Shorter-horizon prediction MAE, RMSE, ATE/CTE,
position error

Inference latency, covariance
or confidence bounds

Longer-horizon or full-flight
prediction

ADE, FDE, horizon-specific
MAE/RMSE, ETA error

ATE/CTE, endpoint error,
uncertainty measures

Probabilistic or multimodal
prediction NLL, CRPS, coverage

Interval width,
minADE/minFDE, calibration
or reliability measures

Interaction-aware or joint
multi-aircraft prediction

Per-aircraft ADE/FDE,
position error

Joint or dependency measures
when cross-aircraft
dependence is explicitly
modeled; downstream conflict
or separation measures

Phase- or procedure-specific
prediction

Position or altitude error,
ATE/CTE, ETA or waypoint
time error

Phase-specific uncertainty and
operational
constraint measures

Deterministic trajectory accuracy, probabilistic reliability, and engineering or task-
specific performance represent distinct but complementary evaluation dimensions. Proba-
bilistic or generative outputs require attention to accuracy, candidate coverage, distribu-
tional reliability, and calibration. For interaction-aware or joint multi-aircraft prediction,
per-aircraft errors may be supplemented by relational, dependency, or joint-uncertainty
measures when these structures are explicitly represented. The choice of metrics should
therefore remain consistent with the prediction task, output formulation, horizon, and op-
erational setting.

8.2. Evaluation Data and Experimental Context

The data used for model development and evaluation determine the information
available to the predictor and affect the applicability and comparability of reported per-
formance. The formal performance evidence uses different types of data and contextual
information, including historical trajectory observations, environmental and flight intent
information, and simulated or synthetic data. These sources differ in spatial coverage, tem-
poral resolution, measurement quality, flight phase, traffic environment, and availability
of auxiliary operational information. Table 10 summarizes their representative sources,
typical information, and roles in trajectory prediction.

Table 10. Principal data and contextual information used in aircraft trajectory prediction.

Data/Context
Category

Representative
Sources Typical Information Main Characteristics Typical Roles in

Trajectory Prediction

Historical
trajectory data

ADS-B, OpenSky,
surveillance radar,
operational
ATC records

Position, altitude,
speed, heading, vertical
rate, time stamp

Direct observations of
aircraft motion; may
contain noise, missing
reports, irregular
sampling, and regional
coverage differences

Model development and
evaluation, state
estimation, shorter- and
longer-horizon prediction

Environmental
information

Numerical weather
prediction products,
wind fields,
meteorological
observations

Wind, temperature,
pressure, convective
weather, and related
atmospheric variables

Describes exogenous
conditions that influence
aircraft motion and
trajectory deviation

Weather-aware prediction,
uncertainty analysis,
and extended-
horizon prediction
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Table 10. Cont.

Data/Context
Category

Representative
Sources Typical Information Main Characteristics Typical Roles in

Trajectory Prediction

Flight intent
information

Flight plans,
waypoints, SID/STAR
procedures, target
flight levels, ATC
instructions

Planned route,
procedural constraints,
target conditions,
and control intent

Represents intended
future behavior that may
not be recoverable from
recent motion alone

Intent-aware,
route-constrained,
arrival/departure,
and full-flight prediction

Simulated or
synthetic data

BlueSky, AirTOp,
aircraft
performance-based
simulation, and other
civil aviation
simulation
environments

Configurable
trajectories, aircraft
states, traffic scenarios,
environmental and
operational variables

Controllable and
reproducible but
dependent on the fidelity
of simulated dynamics
and operations

Controlled evaluation,
sensitivity analysis, rare
scenario generation,
and uncertainty
experiments

8.2.1. Historical Trajectory Data

Historical trajectory data provide the main empirical basis for aircraft trajectory pre-
diction. Common sources include Automatic Dependent Surveillance–Broadcast (ADS-B),
surveillance radar, and operational air traffic control records. ADS-B can provide aircraft
identification, position, altitude, ground speed, vertical rate, ground-track or heading infor-
mation where available, and timestamps for reconstructing aircraft trajectories. The Open-
Sky Network provides a representative open infrastructure for large-scale ADS-B research
data [94].

Surveillance data commonly require filtering, interpolation, resampling, anomaly
handling, and trajectory segmentation to address missing reports, irregular sampling,
duplicated messages, and measurement noise [95]. These operations affect the effective
sampling interval, input sequence, and reported evaluation results. Radar data are fre-
quently used in terminal area, shorter-horizon, and state estimation studies and may
provide comparatively controlled surveillance coverage, although operational radar data
are generally less accessible than open ADS-B records [96].

Datasets may cover terminal arrivals or departures, en-route sectors, particular city
pairs, specific procedures, or complete flights. Differences in route regularity, flight phase
composition, traffic density, aircraft type, geographical region, and observation period
affect the scope of model applicability and performance comparisons.

8.2.2. Environmental and Flight Intent Information

Observed aircraft states alone do not uniquely determine future motion. Meteorolog-
ical and operational information can provide additional constraints and influence both
model inputs and reported performance.

Meteorological inputs include wind speed and direction, temperature, pressure, con-
vective activity, and related atmospheric variables. Wind affects the relationship between
air-relative motion and ground trajectory, and errors in wind information can lead to
substantial along-track or arrival time prediction errors over longer horizons. Such infor-
mation may come from numerical weather prediction products, gridded meteorological
fields, or operational weather databases and may be used in physics-based, statistical,
or learning-based predictors [97,98].

Flight intent information includes flight plans, waypoint sequences, Standard Instru-
ment Departures (SIDs), Standard Terminal Arrival Routes (STARs), target flight levels,
speed or altitude constraints, and air traffic control instructions. These inputs can constrain
trajectory propagation, provide variables for statistical models, or condition learned tra-
jectory representations [20,21,24,99]. Dynamic operational information may also capture
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changes not reflected in a filed plan or recent motion; for example, spoken controller instruc-
tions have been combined with observed trajectories to condition future prediction [10].
Performance comparisons should therefore account for the type, availability, and timing of
contextual information.

8.2.3. Simulated and Synthetic Data

Simulated and synthetic trajectories provide controllable experimental conditions for
sensitivity analysis, rare scenario generation, and evaluation of prediction methods under
specified operating conditions. Aircraft type, route, traffic demand, weather, maneuver
patterns, and operational constraints can be configured to support sensitivity analysis, rare
scenario generation, and controlled evaluation of probabilistic or generative models.

Civil air traffic simulation platforms such as BlueSky can generate trajectories and
reproduce traffic scenarios [100], while AirTOp-based environments can be used to eval-
uate air traffic management concepts and trajectory-related procedures [101]. Aircraft
performance models can also be combined with flight plans and meteorological informa-
tion to construct controlled trajectory and uncertainty experiments. Simulated data are
controllable and reproducible, but their validity depends on the fidelity of the modeled
dynamics, traffic, and environmental processes. Results based on simulated trajectories
should therefore be distinguished from evaluations based on operational flights.

Table 10 summarizes representative data sources and contextual information used to
interpret the formal performance evidence. Dataset source, preprocessing, contextual in-
puts, and operational scenario should be interpreted jointly with prediction horizon, output
formulation, and evaluation metric. The comparative analysis retains these conditions to
distinguish differences associated with the prediction method from differences associated
with data and scenario.

8.3. Comparative Performance Analysis

The formal performance synthesis subset contains 55 studies: 9 physics-based, 6 state
estimation, 11 classical statistical and machine learning, 24 deep learning, and 5 hybrid
studies. Each included study provides an identifiable civil aircraft prediction scenario,
an explicit prediction horizon, a defined evaluation metric, and at least one aircraft-specific
quantitative result. This is the quantifiable evidence subset of the 198 primary studies,
and its category counts do not represent the distribution of the full evidence base or of the
field as a whole. Sampling information is retained when reported.

The synthesis is organized by modeling paradigm while preserving the experimental
context of individual results. Target cardinality is coded as single-target (S) or joint multi-
aircraft (J), consistent with Section 7; interaction-aware prediction does not by itself change
this coding. Output formulation is coded as deterministic (D) or probabilistic/generative
(P). The tables provide the study-level evidence, while the accompanying text emphasizes
category-level patterns and within-study comparisons. Given these differences, the analysis
emphasizes within-study comparisons and performance patterns under specific experi-
mental conditions.

8.3.1. Performance of Physics-Based Models

The nine physics-based studies in the formal performance subset use single-target
deterministic prediction. Their evaluation settings cover climb- and descent-specific pre-
diction and extended lookahead scenarios. Reported outcomes are dominated by altitude,
along-track, position, and time-related errors, while aircraft performance parameters,
weather information, and operational intent recur as major experimental factors. The
corresponding quantitative evidence is summarized in Table 11.
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Table 11. Stratified quantitative performance evidence for physics-based models.

Study/Method Dataset/Scenario Horizon/Sampling T O Metric Family Aircraft-Specific Quantitative Result

Alligier et al. [16]
PMM with learned mass/thrust

EUROCONTROL/BADA, radar and
Mode-S climb data 10 min; 15 s S D Point/position

At 10 min, altitude RMSE was reduced by about
40% relative to the standard BADA setting;
reductions approaching 50% were reported against
the reduced-power reference.

Yepes et al. [20]
Intent inference trajectory predictor

Civil surveillance, flight plan and
intent data

14 min reported result;
sampling NR S D Point/position

At a 14 min lookahead, the intent-based predictor
reduced along-track error by about 20% relative to
the comparison predictor.

Warren and Ebrahimi [102]
Vertical path trajectory predictor

B737-400 climb/FMS-based
ATM scenario 20 min; sampling NR S D Point/position;

ETA/time

A 5% thrust profile difference produced about
1 NM along-track divergence, roughly 2000 ft
maximum altitude divergence, and about 2.0 min
difference in time to top of climb.

Zammit and Zammit-Mangion [103]
Idle-descent physics model

A320-231 descent scenario with
aircraft performance data

about 2 min (16 NM);
sampling NR S D Point/position;

ETA/time

Absolute energy error remained below about 100 ft
(approximately 2%); maximum time-of-arrival
error was about 9 s (approximately 8%).

Bronsvoort et al. [33]
Descent predictor with
longitudinal intent

237 civil descents from US, European
and Australian operations Descent phase; sampling NR S D Point/position;

ETA/time

Reported altitude error IQRs were about 6900 ft
(Europe), 3100 ft (US), and 1900 ft (Australia),
illustrating the effect of missing
longitudinal intent.

Cásek et al. [104]
FMS-generated trajectory predictor

FMS-generated trajectories with
radar/surveillance comparison 5–15 min; 20 s S D ETA/time;

Point/position

For 10–15 min lookahead, average time error was
typically below 5 s and the reported confidence
interval was below 10 s.

Legrand et al. [34]
Wind-networked trajectory predictor

French airspace, approximately
8000 flights with networked wind
observations

5–45 min; 10 s S D ETA/time;
Point/position

At 30 min, time error decreased from about 20.3 s
to 2.2 s after the networked wind update; at 45 min
it decreased from about 22.4 s to 2.7 s.

Paglione et al. [105]
RTA descent trajectory prediction
experiment

FMS/surveillance simulation, 24 RTA
descent scenarios up to 20 min; 30 s S D Point/position;

ETA/time

Under altered RTA conditions, meter-fix altitude
errors were approximately 500–550 ft on average
in the reported descent experiments.

Thipphavong et al. [32]
Adaptive climb PMM

Cleveland Center departures with
NASA/EUROCONTROL/
BADA inputs

5 min; sampling NR S D Point/position;
ETA/time

At 5 min, altitude RMSE was 1545 ft (about 20%
lower) and top-of-climb time RMSE was 112 s
(about 19% lower).

Notes: T denotes target cardinality (S: single-target); O denotes output formulation (D: deterministic). Interaction-aware single-target prediction remains coded S.
Approximate values identified as figure-read were extracted from aircraft-specific figures when no scalar table value was reported.
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Within-study comparisons indicate that refining the information used to initialize and
constrain trajectory propagation can improve prediction performance. Learning aircraft
mass and thrust reduced 10 min altitude RMSE by about 40%, intent inference reduced a re-
ported 14 min along-track error by about 20%, and updated wind information substantially
reduced time error at longer horizons [16,20,34]. The evidence therefore links physics-
based performance to the fidelity of aircraft performance, meteorological, and operational
intent information.

8.3.2. Performance of State Estimation Models

The six state estimation studies include five single-target formulations and one joint
multi-aircraft formulation. Two produce deterministic outputs and four use probabilistic
or stochastic representations. Evaluated horizons range from seconds to approximately
40 min, with position or state error and uncertainty propagation forming the principal
quantitative outcomes. The corresponding quantitative evidence is summarized in Table 12.

Table 12. Stratified quantitative performance evidence for state estimation models.

Study/Method Dataset/Scenario Horizon/Sampling T O Metric Family Aircraft-Specific Quantitative Result

Baumgartner and
Maeder [43]
Low-cost
collision-avoidance
state estimator

Real glider/aircraft
flight dataset (about
600 flights; >1700 h)

0–20 s;
sampling NR S D Point/position

From the reported RMS error curves,
the proposed predictor is about 100 m at
20 s in circling flight, versus roughly
145–285 m for the legacy predictor
depending on wind condition.

Chatterji [38]
Short-term KF/hybrid
estimator

NASA/NOAA/
radar/GPS
surveillance data

1–6 min;
12 s update S D Point/position

Ground-speed RMS error was 15.10 kt,
track-angle RMS error 6.00 degrees,
and turn prediction RMS error about
1.5–2.5 NM.

Liu and Hwang [44]
Probabilistic 4D
trajectory predictor

Civil aircraft conflict
detection simulation
with radar and
flight plan
information

120 s; 5 s S P Point/position;
Safety/conflict

From the aircraft-specific RMS error curve,
at about 60 s prediction depth the
intent-based method is approximately
550 m versus about 1050 m without intent.

Lymperopoulos and
Lygeros [40]
Adaptive particle filter

Radar-based aircraft
trajectories with
NASA/
EUROCONTROL/
BADA inputs

40 min; 30 s S P
Point/position;
Probabilis-
tic/uncertainty

Along-track uncertainty decreased from
about ±3 km to ±0.3 km in climb and from
about ±40 km to ±2 km in cruise; vertical
error decreased from about ±200 m to
±50 m.

Pan et al. [35]
Online stochastic
trajectory predictor

OpenSky ADS-B
trajectories over the
USA with NOAA
information

20 min;
sampling NR S P Point/position

The reported 20 min evaluation improved
horizontal error by 26.3% and vertical error
by 31.8% relative to the comparison setting.

Lymperopoulos and
Lygeros [41]
Structured conditional
particle filter

Multi-aircraft
simulation using
NASA/
EUROCONTROL/
BADA and
weather inputs

20 min; 30 s J P Point/position;
Safety/conflict

The SCPF reported aircraft state RMS error
of about 60 m for the 20 min joint
multi-aircraft prediction experiment.

Notes: T denotes target cardinality (S: single-target; J: joint multi-aircraft); O denotes output formulation (D:
deterministic; P: probabilistic/generative). Interaction-aware single-target prediction remains coded S. Approxi-
mate values identified as figure-read were extracted from aircraft-specific figures when no scalar table value was
reported.

The reviewed studies span short-horizon recursive estimation based on repeated
surveillance updates and longer-horizon particle filtering with explicit uncertainty prop-
agation. Adaptive filtering substantially narrowed reported along-track uncertainty in
both climb and cruise, while the structured conditional particle filter provided a joint
multi-aircraft state estimate over a 20 min experiment [40,41]. State estimation performance
is therefore characterized by the interaction between update frequency, state uncertainty,
and prediction horizon.
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8.3.3. Performance of Classical Statistical and Machine Learning Models

The 11 classical statistical and machine learning studies use single-target prediction
in the formal performance subset. Nine produce deterministic outputs and two use prob-
abilistic formulations. Their experimental settings include final approach, minute-based
prediction horizons, flight phase-specific forecasting, distance-defined arrival prediction,
and strategic ATM tasks. The corresponding quantitative evidence is summarized in
Table 13.

Table 13. Stratified quantitative performance evidence for classical statistical and machine learning models.

Study/Method Dataset/Scenario Horizon/Sampling T O Metric Family Aircraft-Specific Quantitative Result

Gong and Sadovsky [47]
Final-approach
regression model

NASA/METAR
final-approach data

45–120 s;
sampling NR S D Point/position;

ETA/time

At 120 s lookahead, the mean inter-arrival
separation prediction error was about 0.2
NM, corresponding to roughly 33%
improvement over dead reckoning.

Ramchandra et al. [106]
kNN trajectory
regressor

OpenSky DFW
event data
(2557 flights;
23,314 windows)

30 s; sampling NR S D Point/position
With the selected 18 s input window,
the 30 s forecast reported mean position
error of 92.41 m.

Christien et al. [107]
Supervised conflict-free
trajectory predictor

Recorded
Maastricht UAC
traffic and flight
plan data

5 min;
sampling NR S D Point/position

Absolute model deviation remained
below about 1.3 NM horizontally and
about 540 ft vertically, compared with
roughly 2760 ft vertical error for
the baseline.

de Leege et al. [108]
Supervised arrival time
predictor

Operational arrival
trajectories with
wind and
surveillance
information

45 NM;
sampling NR S D ETA/time

At the runway threshold, the full-input
model reported MAE 18.3 s and RMSE
23.4 s, corresponding to a 43%
MAE reduction.

Song et al. [49]
Probabilistic trajectory
data mining

North China ATM
Bureau radar and
flight plan data

10 min; 15 s S P Point/position

Across nine 10 min prediction sets,
average prediction accuracy improved by
about 7.7%, with a maximum
improvement of 10.2% (about 1.6 NM at
10 min).

Tastambekov et al. [46]
Local functional
regression

EUROCONTROL
radar trajectories 10–30 min; 10 s S D Point/position

Relative prediction error ranged from
about 2% to 16%, with a final altitude
error of 72 ft in the reported experiment.

Ayhan and Samet [45]
Predictive analytics
for descent

EUROCONTROL/
NOAA radar and
flight plan data

Descent phase; 60 s S D Point/position
Mean cross-track error was approximately
12.601 km on the evaluated
real-trajectory dataset.

Hernández et al. [50]
Ensemble
meta-estimators

ADS-B/
EUROCONTROL/
BADA climb data
with weather
variables

10 min lookahead
task; 1 Hz S D ETA/time;

Point/position

The selected gradient boosting model
reported an estimated-time RMSE of
9.96 s; latitude/longitude RMSE values
were 0.0220/0.0367 in the reported
coordinate representation.

Petrou et al. [109]
Route-pattern mining

Madrid/Barcelona
aviation trajectories

1, 2, 4, 8, 16, 32 min;
10 s S D Point/position

From the reported aviation error boxplots,
mean horizontal error rises from about
3 km at 1 min to about 35 km at 32 min.

Rocha and De [110]
Probabilistic terminal
airspace trajectory
model

ADS-
B/Flightradar24
terminal arrival
trajectories

60 NM arrival
horizon;
sampling NR

S P ETA/time;
Point/position

Landing time MAE decreased from 82.3 s
to 66.4 s, while horizontal error decreased
from 4.1 NM to 3.3 NM at 60 NM.

Arnaldo et al. [111]
Strategic AI regression

Historical Madrid
ACC strategic
ATM data

Strategic/sector
transit time;
sampling NR

S D ETA/time
For time-to-sector prediction, MAE was
3.24, RMSE 5.80, relative error 0.0446,
and R2 = 0.9956.

Notes: T denotes target cardinality (S: single-target); O denotes output formulation (D: deterministic; P: proba-
bilistic/generative). Interaction-aware single-target prediction remains coded S. Approximate values identified as
figure-read were extracted from aircraft-specific figures when no scalar table value was reported.

Within-study comparisons indicate improvements when trajectory, weather, route,
or procedural information is incorporated, including gains in altitude, position, arrival
time, and terminal airspace prediction. The reported outcomes are concentrated on position
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and time variables, while multimodal output and joint multi-aircraft prediction remain
sparsely represented. This category therefore provides evidence for feature-informed
single-target prediction across several operational settings, with limited coverage of richer
output structures.

8.3.4. Performance of Deep Learning Models

Deep learning constitutes the largest category in the formal performance subset,
with 24 studies. Under the output-cardinality definition adopted in Section 7, 21 use single-
target output and three provide confirmed joint multi-aircraft prediction. Sixteen produce
deterministic outputs and eight use probabilistic or generative formulations. The studies
cover a broad range of prediction horizons, interaction settings, and evaluation measures.
The corresponding quantitative evidence is summarized in Table 14.

Table 14. Stratified quantitative performance evidence for deep learning models.

Study/Method Dataset/Scenario Horizon/Sampling T O Metric Family Aircraft-Specific Quantitative Result

Guo et al. [55]
FlightBERT

Real Chinese ATC
trajectories

20 s/1/3/5 min;
20 s S D Point/position

Longitude/latitude MAE was
0.0039/0.0033 degrees at one step and
0.0208/0.0187 degrees at 15 steps (5 min).

Guo et al. [56]
FlightBERT++
non-autoregressive
predictor

Historical civil
flight trajectories

20 s/1/3/5 min;
20 s S D Point/position

At the 5 min horizon, FlightBERT++
reported mean deviation error of
1.97 NM.

Guo et al. [112]
Wavelet multi-horizon
predictor (WTFTP+)

Civil trajectory data
used for
multi-horizon
FlightBERT-family
evaluation

20 s/1/3/5 min;
20 s S D Point/position At the 5 min horizon, WTFTP+ reported

mean deviation error of 1.06 NM.

Guo et al. [10]
Controller-instruction-
aware predictor

Civil trajectories
with spoken
controller
instructions

1–10 min (5 min
reported result);
20 s

S D Point/position
At 5 min, the instruction-aware model
reduced mean deviation error by 20.25%
relative to the LSTM+Attention baseline.

Ma et al. [113]
CNN-BiGRU terminal
area predictor

Real ADS-B
terminal area
trajectories

1 step;
sampling NR S D Point/position

CNN-BiGRU reported RMSE 1.004679
and MAPE 0.028814, compared with
GRU RMSE 2.889301 and LSTM RMSE
4.165763.

Zeng et al. [54]
Seq2Seq terminal area
predictor

Guangzhou
terminal area
ADS-B trajectories

90 s
departure/150 s
arrival;
sampling NR

S D Point/position

Reported endpoint errors were 206.1 m
for departure and 330.1 m for arrival;
average errors were 33.6 m and 45.3 m,
respectively.

Lu et al. [114]
Seq2Seq-Attention
terminal predictor

Terminal area
ADS-B trajectories

1/3/5/10 min;
sampling NR S D Point/position

At 10 min, MAE reductions for
altitude/longitude/latitude were
66.30%/54.62%/36.59%; RMSE
reductions were 65.45%/38.16%/20.57%.

Tran et al. [21]
Encoder-decoder with
enriched intent

ADS-B trajectories
with flight plan/
intent information

1–10 min;
sampling NR S D Point/position

At 10 min, enriched intent RMSE was
about 2.6 NM versus about 4.9 NM for
ordinary intent; 50% of cross-track errors
were below 1 NM.

Kuang et al. [60]
MTDA-STGCN

Multi-aircraft
ADS-B trajectories
with flight plan
information

60/90/120 s; 10 s S P
ADE/FDE;
Probabilis-
tic/uncertainty

At 60 s, ADE decreased by about 13%
and FDE by about 16% relative to
Social-STGCNN.

Yoon and Lee [58]
Inverted Transformer

Incheon arrival
ADS-B trajectories 120 s; 6 s S D Point/position

Compared with the standard
Transformer, average MAE reductions
were 7.7%, 4.9%, and 3.1% in the east,
north, and up components, respectively.

Yoon and Lee [115]
Multi-Agent Inverted
Transformer
(MAIFormer)

Incheon terminal
area ADS-B
trajectories

2 min (20 steps); 6 s J D Point/position
MAIFormer reduced MAPE by 16.67%,
3.66%, and 22.08% for latitude, longitude,
and altitude, respectively.
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Table 14. Cont.

Study/Method Dataset/Scenario Horizon/Sampling T O Metric Family Aircraft-Specific Quantitative Result

Yang et al. [69]
GooDFlight
goal-oriented diffusion

TrajAir,
Pittsburgh-Butler
non-towered
terminal airspace

120 s; sampling NR S P
ADE/FDE;
Probabilistic/
uncertainty

GooDFlight reported ADE/FDE/GLeV
of approximately 0.29/0.39/0.08 km for
the 120 s prediction task.

Yin et al. [11]
Context-aware diffusion

Singapore Changi
arrival ADS-B data 120 s; 5 s S P

ADE/FDE;
Probabilistic/
uncertainty

Best-of-5 3D ADE/FDE was
approximately 0.528/1.003 km for the
120 s prediction task.

Chu et al. [63]
Flight pattern-guided
Social LSTM

Real terminal area
multi-aircraft
trajectories

up to 6 min; 4 s J D Point/position

For the 6 min horizon, horizontal
prediction accuracy improved by 14.5%
and height prediction accuracy by 29.5%
on average.

Zhang et al. [116]
SWIFT dual
cross-attention

OpenSky Europe
and US
multi-aircraft
datasets

20 s/1/3/5 min;
10 s S D Point/position

At 5 min, reported composite
MAE/RMSE/SMAPE was
0.1178/0.2476/25.21% for Europe and
0.1174/0.2181/25.87% for the US.

Wang et al. [117]
IDEA-FastTEN real-time
predictor

Real ADS-B
trajectory dataset
(RTFT)

Phase-
specific/descent;
20 s

S D Point/position;
Engineering

Reported trajectory distance error was
below 1 km, with inference throughput
close to 60 FPS.

Zhang and Liu [118]
Improved CTGAN +
LSTM under severe
weather

Civil 4D trajectories
with severe-weather
augmentation

5 min;
sampling NR S D Point/position

Increasing the minority severe-weather
data share from 4.7% to 13% reduced
average RMSE by 20.46%; longitude
RMSE decreased by about 35.93%.

Zhu et al. [119]
Boosted spatiotemporal
convective weather
ensemble

Sherlock/ADS-B
cruise trajectories
with convective
weather information

500 km/
1000 km/full route;
sampling NR

S D Point/position

At 1000 km on the full test set, MAE was
6.96 km and MAPE 11.0%; under
convective weather conditions, MAPE at
1000 km was about 14.1%.

Acharya et al. [120]
VAE generative predictor

Towered and
non-towered airport
trajectories

1/5/10 steps;
4 s/12 s S P Point/position

VAE total MAE for towered data was
0.1091/0.3409/0.5714 at 1/5/10 steps;
corresponding non-towered values were
0.1546/0.4014/0.7239.

Zhang and Mahadevan [121]
Bayesian neural network

FAA SWIM/SFDPS
commercial-
flight data

60 s (5 future steps);
12 s S P Point/position;

Safety/conflict

The integrated Bayesian model reported
RMSE reductions of 49% and 58% on the
two evaluated response variables relative
to the comparison models.

Wu et al. [67]
Conv1D-GAN long-term
4D generator

Historical 4D civil
trajectories with
BADA information

Full 4D trajectory;
4 s S P

Probabilistic/
uncertainty;
Point/position

Conv1D-GAN reported FID 0.022, MMD
0.200, and MED 0.0006; generation of
1825 trajectories took about 0.192 s.

He et al. [122]
FlightDiff
diffusion predictor

Civil
flight-trajectory and
arrival time datasets

10 min FTP;
15–60 min arrival
time task; 20 s for
FTP

S P Point/position;
ETA/time

For 10 min trajectory prediction,
FlightDiff reported MDE 7.240 km; for
the 20–30 min arrival time task, MAE
was 3.321 min versus 5.242 min for
FlightBERT++.

Ye and Gombolay [123]
Conditional flow
matching (T-CFM)

OpenSky data,
single Cessna,
474 trajectories

up to 30 min;
sampling NR S P

Point/position;
Probabilis-
tic/uncertainty

At 30 min, T-CFM
longitude/latitude/altitude MAE was
0.130 degrees/0.075 degrees/782.6 m; the
aircraft experiment reported 35.4%
average improvement.

Zhu et al. [124]
DST-GAT joint
multi-aircraft predictor

Joint multi-aircraft
approach
trajectories with
flight plan
information

5 and 10 min
reported; 30 s J D Point/position

At 5 min, mean/final 3D errors were
about 3.95/5.09 km; at 10 min they were
about 5.37/6.98 km.

Notes: T denotes target cardinality (S: single-target; J: joint multi-aircraft); O denotes output formulation (D:
deterministic; P: probabilistic/generative). Interaction-aware single-target prediction remains coded S. Approxi-
mate values identified as figure-read were extracted from aircraft-specific figures when no scalar table value was
reported.

Multi-horizon evaluations indicate that prediction error can increase with the looka-
head interval, as illustrated by the FlightBERT results [55]. Additional operational context
can improve horizon-specific predictions. For example, incorporating spoken controller
instructions reduced the reported 5 min mean deviation error by 20.25% relative to an
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LSTM-attention baseline [10]. Interaction-aware and joint output studies provide a second
evidence stream: MTDA-STGCN reported reductions of approximately 13% in ADE and
16% in FDE at 60 s, while a flight pattern-guided Social LSTM reported average horizontal
and height improvements of 14.5% and 29.5%, respectively, at 6 min [60,63]. These results
describe study-specific contributions of operational context or coupled output and should
not be interpreted as a common architecture ranking.

Probabilistic and generative studies extend the output beyond a single deterministic
path and report ADE/FDE, sample-based, distributional, or task-specific measures over
horizons ranging from seconds to approximately 30 min. The deep learning studies cover
diverse deterministic and probabilistic output structures, interaction settings, and con-
firmed joint multi-aircraft prediction, although their heterogeneous evaluation conditions
limit direct numerical comparison.

8.3.5. Performance of Hybrid Models

Five studies are classified as hybrid because their prediction chains integrate distinct
mechanisms across modeling paradigms, such as learned trajectory representations coupled
with recursive estimation, data-driven components combined with physical dynamics,
or explicit operational intent integrated with probabilistic state propagation. Under the
target-cardinality definition used in this review, all five retain single-target trajectory output,
although one study subsequently propagates predicted trajectory uncertainty into a two-
aircraft conflict analysis setting. Two studies produce deterministic outputs and three use
probabilistic formulations. The corresponding quantitative evidence is summarized in
Table 15.

Table 15. Stratified quantitative performance evidence for hybrid models.

Study/Method Dataset/Scenario Horizon/Sampling T O Metric Family Aircraft-Specific Quantitative Result

Choi et al. [74]
Machine learning +
residual mean IMM

Incheon
International
Airport arrival
surveillance data

120 s; 5 s S D Point/position

Relative to the GMM comparison,
horizontal/along-track/cross-
track/vertical errors were reduced by
46.8%/48.6%/24.2%/1.2%, respectively.

Jarry et al. [73]
Neural ODE flight
dynamics model

Operational A320
QAR/BADA
descent data

Descent phase;
4 Hz QAR S D Point/position

True airspeed MAE over the evaluated
phases was about 1.35 m/s versus
2.73 m/s for BADA; descent altitude MAE
was about 182 m versus 560 m for BADA.

Liu et al. [75]
LSTM-IMM

Historical climb
trajectories

Climb phase;
sampling NR S P Point/position;

ETA/time

Test RMSE was 0.01041 degrees longitude,
0.01032 degrees latitude, 61.91 m altitude,
and 4.54 s time.

Hwang and Seah [79]
Intent-based
probabilistic trajectory
prediction and
conflict detection

Civil two-aircraft
conflict scenario
with flight plan and
surveillance
information

20 min; 10 s
prediction steps S P Safety/conflict;

Engineering

The intent-based method identified the
future conflict about 4.5 min before
occurrence versus about 45 s for the
non-intent method; 20 min
trajectory/conflict computation took
about 0.26 s for the two-aircraft case.

Mueller et al. [125]
Physics-data strategic
uncertainty model

Civil DFW–EWR
MD-80 trajectory
simulation

1 h reported
trajectory
uncertainty;
sampling NR

S P
Point/position;
Probabilis-
tic/uncertainty

From the one-hour uncertainty profile,
the 1σ along-path/range error grows to
about 5 NM at 60 min; climb altitude
uncertainty peaks at roughly 1700–1800 ft.

Notes: T denotes target cardinality (S: single-target); O denotes output formulation (D: deterministic; P: proba-
bilistic/generative). Downstream comparison or conflict analysis of separately predicted aircraft does not by itself
constitute joint multi-aircraft trajectory prediction. Approximate values identified as figure-read were extracted
from aircraft-specific figures when no scalar table value was reported.

The reported gains arise from different forms of cross-paradigm integration. Within-
study comparisons indicate improvements from combining learned trajectory information
with recursive estimation, learned components with aircraft dynamics, or intent and state-
mode estimation with probabilistic propagation [73,74,79]. The five studies cover different
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horizons, data sources, output forms, and task-specific outcomes. The available evidence
therefore supports the benefits of hybrid coupling under the specific experimental condi-
tions evaluated in these studies.

Table 16 summarizes the evidence profile of the five modeling categories. Physics-
based and classical statistical and machine learning studies are dominated by deterministic
single-target evaluation, whereas probabilistic output is more common in state estimation,
deep learning, and hybrid studies. Confirmed joint multi-aircraft quantitative evidence
remains limited and is concentrated in state estimation and deep learning. These distribu-
tions describe the formal performance subset and provide the basis for the cross-paradigm
findings in the next section.

Table 16. Evidence profile of modeling categories in the formal performance synthesis subset (n = 55).

Modeling Category n Target S/J Output D/P Horizon Coverage Main Metric Families Evidence Profile

Physics-based 9 9/0 9/0

Flight phase-specific
and approximately
2–45 min lookahead
settings

Point/position, altitude,
along-track, ETA/time

Deterministic structured
prediction; aircraft
performance, weather,
and intent fidelity recur as
performance factors.

State estimation 6 5/1 2/4 Seconds to about 40 min Point/position, uncertainty,
safety/conflict

Recursive prediction with
explicit stochastic or
probabilistic uncertainty
propagation in four studies.

Classical statistical
and machine
learning

11 11/0 9/2 Seconds to strategic or
route-based settings

Point/position, ETA/time,
probabilistic/uncertainty

Regression, statistical
learning, trajectory pattern
modeling, and probabilistic
terminal prediction.

Deep learning 24 21/3 16/8
Shorter- to
longer-horizon and
full-trajectory settings

Point/position, ADE/FDE,
probabilistic/uncertainty,
engineering

Broad coverage of horizons,
interaction-aware modeling,
joint prediction, and
generative outputs.

Hybrid 5 5/0 2/3

Shorter-horizon,
phase-specific,
and longer-horizon
settings

Point/position, ETA/time,
uncertainty, safety/conflict

Heterogeneous
cross-paradigm coupling of
learned or data-derived,
physical, state estimation,
intent/prior, and
uncertainty-propagation
components.

Total 55 51/4 38/17 – – –

Note. S denotes single-target prediction and J denotes joint multi-aircraft prediction. D denotes deterministic
output and P denotes probabilistic or generative output. Interaction-aware prediction is represented separately
from target cardinality and therefore does not automatically imply J.

8.4. Cross-Cutting Performance Findings

The paradigm-specific tables reveal several performance patterns that cut across
modeling categories. These patterns concern prediction horizon, target cardinality and
interaction context, output formulation, and engineering evidence. They provide a more
appropriate basis for cross-study synthesis than direct comparison of numerical errors
obtained under heterogeneous experimental conditions.

8.4.1. Horizon-Dependent Performance

Several within-study comparisons show increasing prediction errors as the looka-
head interval extends. FlightBERT reports longitude/latitude MAE increasing from
0.0039/0.0033 degrees at one prediction step to 0.0208/0.0187 degrees at 5 min [55]; route-
pattern prediction reports mean horizontal error increasing from approximately 3 km at
1 min to approximately 35 km at 32 min [109]; and joint multi-aircraft DST-GAT errors
increase from approximately 3.95/5.09 km mean/final 3D error at 5 min to approximately
5.37/6.98 km at 10 min [124].
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The magnitude of degradation depends on the flight phase, sampling interval, contex-
tual information, model structure, and metric definition. Longer-horizon performance is
particularly sensitive to wind, operational intent, aircraft performance parameters, and con-
troller information [10,21,34]. Prediction horizon should therefore be interpreted as an
experimental condition that interacts with the available information and model structure.
Horizon-dependent performance is most informative when evaluated under comparable
experimental conditions.

8.4.2. Target Cardinality and Interaction Context

The formal performance subset is dominated by single-target prediction: 51 of 55 stud-
ies (92.7%) use single-target output, whereas four (7.3%) provide confirmed joint multi-
aircraft prediction. The joint output evidence consists of one state estimation study and
three deep learning studies; no confirmed joint output study occurs in the physics-based,
classical statistical and machine learning, or hybrid categories.

The four joint studies provide limited evidence for a global performance comparison
with single-target prediction. The reviewed literature nevertheless reveals two distinct
prediction settings. Coupled state estimation and neural joint output formulations repre-
sent the future trajectories of several aircraft within one prediction problem [41,63,115,124].
Interaction-aware methods such as MTDA-STGCN and context-aware diffusion incorpo-
rate surrounding aircraft information while retaining focal or per-aircraft output [11,60].
Reported improvements associated with graph, attention, social pooling, and related
interaction mechanisms illustrate the contributions of traffic context under specific experi-
mental conditions.

8.4.3. Deterministic and Probabilistic Output

Across the 55-study formal subset, 38 studies produce deterministic outputs and
17 use probabilistic or generative formulations. Probabilistic or generative output is more
common in state estimation, deep learning, and hybrid studies, whereas all physics-based
studies in the subset use deterministic output. The reported probabilistic representations
include state covariances, prediction intervals, uncertainty envelopes, sampled trajectories,
and multimodal candidate sets.

The evaluation of these outputs remains heterogeneous. Best-of-K metrics, such as
minADE and minFDE, quantify the minimum corresponding trajectory errors among K
generated candidates, while coverage, NLL, CRPS, and related measures evaluate comple-
mentary aspects of probabilistic predictive performance. Sample diversity and distribu-
tional similarity do not by themselves establish calibration. Consequently, probabilistic
performance should be interpreted jointly with the output representation and the metric
used to evaluate accuracy, uncertainty, and calibration.

8.4.4. Engineering Evidence

Computational performance is reported much less consistently than trajectory ac-
curacy. Only a limited portion of the formal subset reports inference time, throughput,
generation speed, or related implementation properties. Representative results include
inference throughput close to 60 FPS for IDEA-FastTEN [117], generation of 1825 trajecto-
ries in approximately 0.192 s for Conv1D-GAN [67], and approximately 0.26 s for a 20 min
two-aircraft trajectory and conflict computation [79]. These values depend on hardware,
software implementation, input size, output horizon, batch configuration, sampling proce-
dure, and the number of aircraft or hypotheses processed. The current evidence is therefore
stronger for trajectory accuracy than for computational efficiency and does not support a
cross-paradigm efficiency ranking.

https://doi.org/10.3390/aerospace13111016

https://doi.org/10.3390/aerospace13111016


Aerospace 2026, 13, 1016 40 of 49

The formal performance evidence shows that prediction error varies with horizon
and scenario, joint multi-aircraft evidence remains limited, probabilistic outputs require
evaluation of both accuracy and uncertainty quality, and engineering results are reported
less consistently than trajectory accuracy. These findings highlight the importance of
task- and condition-specific performance evaluation and inform the synthesis presented in
Section 9.

9. Synthesis and Future Directions
The preceding sections examine aircraft trajectory prediction from system-level,

methodological, task-formulation, and performance evaluation perspectives. This sec-
tion discusses the implications of these findings for method selection and experimental
design, identifies limitations and gaps in the available evidence, and outlines priorities for
future research.

9.1. Implications of the Review

The PPUO framework provides a system-level organization for trajectory prediction
by distinguishing preparation of inputs and operational information, inference of future
states or trajectories, online revision as new information arrives, and delivery of results for
downstream use. This organization helps identify the functional problem addressed by
each study and relate predictor design to air traffic management applications, without pre-
scribing a particular software architecture.

Physics-based, state estimation, data-driven, and hybrid methods have different input
requirements, modeling assumptions, and operating conditions. Method selection should
therefore account for the prediction horizon, available information, operating scenario,
output formulation, and computational constraints. The evidence supports task-specific
selection, but does not establish a single method as superior across all scenarios.

Prediction horizon, target cardinality, and interaction context influence task formula-
tion. Short-horizon prediction generally relies more strongly on recent states and motion
history, while longer-horizon prediction often places greater importance on flight intent,
route and procedure information, meteorological conditions, and aircraft performance
information. Interaction awareness describes the use of neighboring aircraft information
and can be incorporated into either single-target or joint multi-aircraft prediction. Target
cardinality specifies the number of aircraft represented in the predicted output.

Performance results should be interpreted in relation to experimental conditions and
output formulation. The formal synthesis covers 55 of the 198 primary evidence studies,
and these studies differ in data sources, operating scenarios, flight phases, sampling
intervals, prediction horizons, coordinate representations, contextual inputs, and evaluation
metrics. Within-study controlled comparisons are therefore more informative for assessing
a modeling choice or information source, whereas cross-study synthesis is more useful for
identifying recurring patterns and evaluation gaps. Trajectory accuracy, uncertainty quality,
computational efficiency, and operational assurance should be treated as complementary
evaluation dimensions.

9.2. Evidence Limitations and Research Gaps

Studies differ substantially in trajectory data filtering, segmentation, resampling,
observation windows, train–test partitions, prediction horizons, coordinate representations,
and metric definitions. Even metrics with the same name may therefore correspond to
different experimental tasks. Public data improve accessibility, but do not by themselves
ensure comparability. Complete reporting of experimental conditions and evaluation
protocols remains necessary for reproducibility and evidence integration.
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Many predictors are developed and evaluated within restricted airports, routes, flight
phases, aircraft populations, weather regimes, or observation periods. Such results do
not establish robustness under distributional change. Further evidence is needed to dis-
tinguish transferable aircraft motion structure from features that primarily encode local
operational regularities and to quantify the contribution of each contextual information
source across scenarios.

Uncertainty evaluation and multimodal prediction also lack a common evidence base.
Studies use covariance estimates, prediction intervals, sampled trajectories, or candidate
sets, but report likelihood, coverage, distributional similarity, and calibration inconsistently.
Displacement error, sample diversity, and probabilistic reliability describe different proper-
ties and cannot be represented adequately by one metric. Confirmed joint multi-aircraft
quantitative evidence remains limited, and simultaneous output for several aircraft does
not by itself represent correlated uncertainty among their futures.

Engineering and operational evidence is similarly incomplete. Inference latency,
throughput, missing-input handling, abnormal-state behavior, failure modes, traceability,
and the operational effects of erroneous predictions are not reported consistently. These
gaps limit judgments about real-time feasibility, computational trade-offs, and opera-
tional risk.

9.3. Future Research Directions

Reproducible and context-aware benchmarking. Future benchmarking should report
the observation window, prediction horizon, sampling interval, coordinate representation,
preprocessing and segmentation procedures, data split, flight phase, available context,
target cardinality, output formulation, and metric definitions together with quantitative
results. Benchmark suites spanning multiple airports, routes, flight phases, meteorological
conditions, and traffic density regimes would support both controlled within-scenario
comparison and explicit evaluation of cross-scenario transfer.

Generalizable prediction and explicit context evaluation. Future models should
separately assess the contributions of recent motion, flight intent, procedures, meteorologi-
cal information, controller instructions, aircraft performance variables, and surrounding
traffic. These contributions should be tested across airports, routes, weather conditions,
and operational regimes to determine which contextual representations transfer and which
require scenario-specific adaptation or updating [10,11,21].

Calibrated probabilistic and dependency-aware prediction. Probabilistic prediction
should evaluate uncertainty quality together with trajectory accuracy. Evaluations of single-
target multimodal prediction should combine displacement-error measures with calibration,
coverage, likelihood-based, or other distribution-sensitive scores. Joint multi-aircraft pre-
diction should distinguish per-aircraft uncertainty from cross-aircraft dependence and
evaluate the latter when a joint probabilistic structure is explicitly represented [11,63,69,84].

Physics-guided and adaptively updated prediction. Hybrid methods can couple
data-driven components with physical dynamics, state estimation mechanisms, or explicit
intent-based priors and constraints. Future studies should evaluate geometric accuracy
together with physical and procedural consistency, horizon-dependent behavior, robustness
to changing inputs, and the ability to revise predictions when model assumptions no longer
hold [73,74].

Efficiency and operational assurance. Studies intended for online or operational use
should report computational conditions, inference latency, throughput, input sequence
length, prediction horizon, target cardinality, and sampling or generation procedures. Ro-
bustness experiments should examine missing observations, degraded surveillance quality,
changing weather or intent, and other departures from nominal conditions. Uncertainty
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communication, failure behavior, traceability, and the effects of erroneous predictions
should be evaluated alongside geometric accuracy.

9.4. Review Limitations

Several limitations should be considered when interpreting the synthesized evidence.
First, the literature search was limited to Scopus, Web of Science Core Collection, Engi-
neering Village–Compendex, and IEEE Xplore on 29–30 July 2026; relevant studies outside
these sources or published subsequently may have been missed.

Second, the initial study screening and data extraction were conducted by one re-
viewer following predefined eligibility criteria. During manuscript revision, a second
author reviewed all 55 studies included in the formal performance synthesis for eligibil-
ity, methodological quality, and evidence confidence, while a third author independently
rechecked the exclusion decisions for the 226 studies excluded during full-text assessment
and the 19 studies excluded during the final evidence assessment. Nevertheless, the as-
sessment of methodological quality and confidence in the evidence was conducted using
a structured qualitative approach, without applying a standardized risk-of-bias tool or a
formal certainty-of-evidence grading framework.

Finally, the 55 performance synthesis studies represented a subset of the 198 primary
studies. Differences in datasets, prediction tasks, output formulations, and evaluation
metrics constrained direct numerical comparisons and limited the feasibility of pooled
statistical synthesis.

9.5. Concluding Remarks

Regarding RQ1, the PPUO framework organizes aircraft trajectory prediction into
preparation, prediction, update, and output stages, providing a system-level view of the
relationship between observations, operational context, prediction mechanisms, and down-
stream use.

Regarding RQ2, physics-based, state estimation, data-driven, and hybrid methods
have different input requirements, modeling assumptions, and operating conditions.
The evidence supports selecting a method according to the prediction task and operating
conditions, but does not establish a universal ordering of these approaches.

Regarding RQ3, prediction horizon, target cardinality, and interaction context jointly
affect task formulation, input information, output structure, and method selection. Short-
horizon prediction relies more strongly on recent motion, while longer-horizon prediction
often places greater importance on intent, procedures, meteorology, and aircraft perfor-
mance information. Interaction awareness describes the use of surrounding aircraft infor-
mation, while joint multi-aircraft prediction specifies a coupled multi-target output.

Regarding RQ4, the reviewed studies employ trajectory error, probabilistic, calibration,
and engineering metrics, although experimental conditions and reporting practices remain
heterogeneous. In the 55-study formal performance subset, 51 studies use single-target
prediction and four use joint multi-aircraft prediction; 38 report deterministic outputs and
17 use probabilistic or generative formulations. Within-study comparisons reveal horizon-
dependent error patterns, while uncertainty calibration and engineering performance
remain inconsistently reported. These findings emphasize the importance of task- and
condition-specific performance evaluation.

Overall, this review establishes an evidence framework spanning system-level organi-
zation, modeling methodology, task dimensions, and performance evaluation. Future work
should improve experimental reproducibility and cross-scenario validation while advanc-
ing uncertainty calibration, inter-aircraft dependency modeling, computational reporting,
and operational assurance. These priorities provide a basis for trajectory prediction systems
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that are accurate, transferable, uncertainty-aware, computationally feasible, and suitable
for civil air traffic management applications.
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