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Abstract
Recent advances in Neural Ordinary Differential Equations (Neural ODE) have shown that high-fidelity

aircraft dynamics can be learned from flight recorder data, but such proprietary datasets remain largely in-

accessible. In this study, we extend these principles to open trajectory data by training aNeural ODEmodel

on Automatic Dependent Surveillance–Broadcast (ADS-B) and Mode S Enhanced Surveillance (EHS) in-

formation retrieved from the OpenSky Network. The model focuses on reconstructing the vertical dy-

namics of transport aircraft using only openly available surveillance variables. The resulting framework

learns continuous-time dynamics that remain physically consistent through embedded kinematic rela-

tions, demonstrating that realistic vertical profiles can be generated solely from open surveillance data.

This work contributes to reproducible, data-driven performancemodelling and supports the broader adop-

tion of open, physics-guided learning methods in aviation research.
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1. Introduction

Accurate trajectory prediction and generation are essential to modern air trafficmanagement (ATM),

airline operations, and environmental performance modelling. Reliable forecasts of aircraft motion

have applications in conflict detection and resolution, sector capacity planning, and the implemen-

tation of trajectory-based operations. Beyond operational safety and efficiency, realistic trajectory

models also enable quantitative assessments of fuel consumption, emissions, and noise exposure

which are key metrics in the transition toward sustainable aviation.

Traditional approaches to aircraft performance modelling rely on analytical formulations of the

point-mass equations of motion, such as those implemented in the Base of Aircraft Data (BADA) [1,

2]. These models provide interpretable and physically consistent representations of nominal aircraft

behaviour but depend on manufacturer-supplied performance parameters and simplifying assump-

tions that can limit their fidelity under real-world conditions. Empirical analyses of surveillance

data often reveal systematic deviations between simulated and observed trajectories, particularly in

the climb and descent phases, where speed management and mass evolution exert strong influence.

Open-source initiatives such as OpenAP [3, 4] have addressed some of these limitations by offering

transparent, data-driven performance parametrizations derived from large-scale ADS-B data.
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In parallel, the increasing availability of digital flight data has enabled a new generation of data-

driven performance models. Studies using Quick Access Recorder (QAR) data demonstrate that

neural networks and continuous-time formulations such as Neural Ordinary Differential Equations

(Neural ODEs) can reconstruct high-fidelity dynamics directly from measured flight parameters [5].

These approaches capture both deterministic aircraft physics and operational variability, producing

continuous and differentiable representations of real flight behaviour.

However, QAR data remain proprietary and inaccessible to most researchers and operational stake-

holders. This work aims to extend the same methodological principles to open trajectory data col-

lected through the OpenSky Network [6]. By leveraging globally available ADS-B and Mode S En-

hanced Surveillance (EHS) information, we demonstrate that it is possible to approximate the ver-

tical, longitudinal dynamics of transport aircraft with a Neural ODE trained solely on open data.

The proposed framework reconstructs altitude and speed evolution along the flight path while pre-

serving physical consistency through analytical kinematic relations. Methodologically, this work

demonstrates how hybrid architectures combining analytical constraints with learnable dynamics

can compensate for the lack of observability (e.g., unknown mass, thrust) inherent to open datasets.

Compared with QAR-based approaches, this study emphasizes the challenges and opportunities spe-

cific to open surveillance data: hidden control inputs, incomplete coverage of Mode S registers, and

the need for careful preprocessing and intent inference. Despite these constraints, our findings show

that open data can reproduce key dynamical patterns observed in QAR-based studies, thereby con-

tributing to transparent, reproducible, and scalable aircraft performance modelling.

The remainder of this paper is organized as follows. Section 2 reviews existing work onmodel-based,

data-driven, and hybrid approaches to aircraft trajectory prediction. Section 3 describes the data

sources and preprocessing steps used to construct the training dataset. Section 4 presents the Neural

ODE formulation and its integration with analytical kinematic relations. Results and evaluation

metrics are discussed in Section 5, followed by limitations and perspectives in Section 6.

2. Literature review

Trajectory prediction and generation underpin a wide range of ATM and airline operations, from

conflict detection and sequencing to environmental assessment and strategic planning. Two comple-

mentary approaches dominate: model-based methods based on aircraft performance and point-mass

dynamics, and data-driven methods that learn spatio-temporal regularities from large-scale surveil-

lance and weather datasets.

Physics-based point-mass formulations and performance databases remain the historical backbone

of operational trajectory prediction. The EUROCONTROL BADA model provides aircraft-type pa-

rameters and procedures for 4D trajectory computation under forecast conditions [1, 2], while OpenAP

extends these capabilities to the research community with an open-source framework [3, 4]. Beyond

canonical models, the literature formalizes trajectory representation, compression, and optimization

using splines, principal component analysis, and connections to optimal control andwavefront prop-

agation under constraints [7]. Recent efforts by Poll and Schumann refine performance character-

istics and cruise fuel modelling from aerodynamic theory and empirical data [8]. These approaches

provide interpretability and controllability, but rely on accurate state and intent estimates and may

under-represent operational variability.

Data-drivenmethods have achieved notable gains in 4D trajectory prediction using supervised learn-

ing with surveillance and meteorological features. Early work by Ayhan and Samet demonstrated

machine-learning-based prediction of arrival times and trajectories using historical and weather

data [9]. Sequence models then became prevalent: Liu and Hansen proposed a seq2seq long short-
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term memory (LSTM) [10], Pang et al. combined convolutional encoders of convective weather

“cubes” with recurrent decoders [11], and Ma and Tian introduced a convolutional neural net-

works (CNN)-LSTM on ADS-B data [12]. Online frameworks fuse point-mass physics, BADA pa-

rameters, and ADS-B conformance to update intent and improve estimated time of arrival preci-

sion [13]. Generative models address multi-modality and error accumulation: generative adversar-

ial network (GAN)-based forecasters produce full-sequence 4D trajectories [14], variational autoen-

coders (VAE)/GAN generators improve realism in sparse regimes [15], privacy-preserving LSTM-

GANs synthesize flows while mitigating re-identification risk [16], and imitation-learning methods

such as TrajGAIL learn realistic route choices and flow-level statistics [17]. Data-driven models ex-

cel at capturing variability and airline-specific practices, though generalization off-distribution and

flyability remain challenging [18].

Hybrid strategies combine the adaptability of data-driven approacheswith the consistency of physics-

based models, either by calibrating physics-based predictors using data or by embedding known

dynamics into neural architectures. Calibration work has improved climb predictions by inferring

aircraft-specific parameters from radar data [19]. Physics-informed learning enforces equations of

motion and aerodynamic limits via loss functions or architectural constraints. Neural ODEs formal-

ize these approaches as continuous-time dynamical systems, trained efficiently with adjoint methods

and evaluated using ODE solvers [20, 21]. Aerospace applications include learning residual dynam-

ics under icing [22], hypersonic glide vehicle prediction [23], and differentiable predictive control

for unmanned aerial vehicles [24]. Practical challenges remain regarding stiffness, training cost,

stability, and hybrid dynamics with discrete modes [25]. Recently, a study introduced the NODE-

FDM architecture [5], demonstrating that Neural ODEs trained on Quick Access Recorder (QAR)

data can accurately reconstruct high-fidelity aircraft dynamics. Building on this foundation, the

present study investigates whether comparable continuous-time formulations can be learned from

open surveillance data alone.

Beyond prediction, ATM applications also require the generation of realistic trajectories and flows

with quantified realism and flyability. Statistical density models, such as Gaussian mixture models

and vine copulas, combined with dimensionality reduction, reproduce flow statistics and go-around

patterns while balancing realism and tractability [26, 27]. Evaluation frameworks assess operational

realism, statistical coherence, similarity to observations, and flyability via simulator replay [28]. In-

teractive FPCA-based pipelines support clustering, deformation, and consistent generation for what-

if analyses, for instance in noise footprint studies [29]. Aviation-focused GANs synthesize approach

paths and identify atypical trajectories for safety management [30], while recent adversarial maxi-

mization–minimization methods assemble trajectories from mined manoeuvres under performance

constraints, improving fidelity, diversity, and controller consistency [31].

Overall, model-based methods provide transparency and physical consistency but struggle with la-

tent intent and operational diversity, while data-driven predictors capture variability and multi-

modality yet must address generalization, uncertainty, and physical plausibility, and physics-guided

hybrids, including Neural ODE frameworks, offer a promising middle ground for robustness and

realism. Within this spectrum, our approach falls into the physics-guided hybrid category, com-

bining large-scale ADS-B data with analytical kinematics, regression-based propulsion modeling,

and a Neural ODE formulation. Compared with purely model-based approaches such as BADA, it

emphasizes accurate reconstruction of altitude and speed trajectories while remaining suitable for

environmental impact assessments. Furthermore, unlike discrete sequence models (e.g., LSTMs), the

continuous-time Neural ODE formulation naturally handles irregular sampling inherent to surveil-

lance data and allows for the seamless integration of physical constraints, ensuring both operational

realism and kinematic consistency.
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3. Data sources

The dataset used in this study was extracted from the historical databases of the OpenSky Net-

work [6]. We selected a representative subset of aircraft covering multiple ICAO aircraft type des-

ignators (typecode), with particular care to include a broad spectrum of airline operators so as to

mitigate any operator-specific biases in flight practices or configuration preferences. The final sam-

ple comprises eleven major categories, summarized in Table 1. For each selected aircraft type, we

retrieved ADS-B trajectories recorded worldwide at 20-day intervals between 1 October 2024 and 15

October 2025, providing a temporally balanced dataset across one year of operations.

Table 1. Number of selected aircraft and airlines by typecode

typecode unique aircraft unique airlines

A320 99 60

B738 98 39

A20N 97 46

B38M 97 24

A21N 97 38

A321 96 39

A333 95 36

A359 90 24

A319 87 28

AT76 85 28

E190 84 18

Each trajectory was matched with metadata on departure and destination airports using the flights

table from the OpenSky Network database. For the same set of flights, we retrieved corresponding

Enhanced Mode S (EHS) messages, specifically those containing downlinked reports for registers

BDS 4,0, BDS 5,0, and BDS 6,0, which were decoded following the logic detailed in [32] and imple-

mented in rs10901. The variables available in these data blocks are summarized in Table 2.

Since EHS data availability depends on Secondary Surveillance Radar (SSR) configurations and in-

terrogation schemes, only trajectory segments where these reports were present were retained. The

resulting data were filtered to remove anomalous or inconsistent samples, using criteria similar to

those in [33], and segments with missing values or durations shorter than four minutes were dis-

carded. All valid trajectories were then resampled at 4-second intervals to obtain a uniform temporal

resolution suitable for subsequent analysis.

Table 2. Information available for each Broadcast Data Selector (BDS)

ADS-B available in broadcast mode
BDS0,5 latitude, longitude, barometric altitude

BDS0,8 callsign

BDS0,9 ground speed, true track angle, vertical rate

EHS available upon query by a SSR
BDS4,0 selected altitude (FMS or MCP)

BDS5,0 true air speed (TAS), roll angle

BDS6,0 indicated air speed (IAS), Mach number

1
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To complement the Mode S and ADS-B data, each trajectory was cross-matched with meteorological

fields from the ERA5 reanalysis dataset [34], provided by the European Centre for Medium-Range

Weather Forecasts (ECMWF). The matching was performed using the fastmeteo Python library

[35], which enables efficient spatiotemporal interpolation of meteorological variables along aircraft

trajectories. Wind components and ambient temperature were extracted at the aircraft’s position

and time. Using these variables, the true airspeed (TAS), Mach number, and calibrated airspeed

(CAS) were consistently recalculated.

The Mode S EHS data directly provided the selected altitude (BDS 4,0), but not the commanded

targets for speed or vertical rate. To infer these quantities, an automated plateau detection algorithm

was developed and applied to the time series of Mach number, calibrated airspeed (CAS), and vertical

speed. Each signal was optionally smoothed using either a Savitzky–Golay filter or a rolling mean

to suppress short-term fluctuations while preserving the general trend.

The smoothed series were then differentiated, and quasi-steady intervals were identified when the

absolute first derivative remained below a fixed tolerance for at least a minimum duration. For

each such plateau, the mean signal value was assigned as the representative selected or commanded

parameter. Mach plateaus detected above 20,000 ft were labelled as mach_sel. To avoid redundancy,
these intervals were excluded from the subsequent CAS analysis so that constant calibrated airspeed

segments (cas_sel) were only detected in climb and descent phases.

The same procedure was applied to the vertical-speed series to identify sustained climb or descent

segments with a mean vertical rate magnitude exceeding 50 ft/min for at least 30 s. When no stable

phase was detected, the selected vertical rate (vz_sel) was set to zero. This process yielded three

continuous variables, mach_sel, cas_sel, and vz_sel, representing the estimated commanded tar-

gets for the aircraft’s longitudinal and vertical dynamics.

Aircraft mass is a key determinant of climb performance and overall energy management, yet it

cannot be directly observed from ADS-B or Mode S Enhanced Surveillance (EHS) data. Moreover,

fuel flow information is generally unavailable in open datasets. To provide themodel with contextual

information related to the flight mission and an indirect indicator of the aircraft mass evolution, we

introduce two geometric proxies: (i) the great-circle distance from the current aircraft position to the

departure airport, and (ii) the great-circle distance to the destination airport. As a result, the model

can implicitly account for mass-dependent effects without relying on proprietary or non-observable

parameters.

After all filtering, enrichment, and resampling steps, we obtained a curated set of trajectories for

each aircraft type, summarized in Table 3. The training and test sets were split by aircraft identifier

to avoid data leakage across subsets. Each type includes approximately one hundred unseen flights

reserved for testing, while the remainderwere used for training. Flight-hour statistics are provided to

illustrate the total data volume and ensure that both short- and long-range aircraft are proportionally

represented in the final dataset.

4. Methodology

We used a simplified version of the NODE-FDM architecture [5]. This architecture is organised

as a modular, physics-informed architecture designed to estimate the temporal evolution of aircraft

states (Figure 1). The simplified model combines analytical equations and a Neural ODE formulation

to ensure both physical consistency and flexibility, with a focus on the vertical profile and speed

management. In this study, the scope is limited to the longitudinal dimensions of the trajectory:

altitude, true airspeed, flight path angle, and along-track distance. Lateral dynamics (e.g. track angle

and horizontal position) are not included at this stage and are left for future investigation.
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Table 3. Training, validation, and test dataset composition by aircraft type.

Type Train Validation Test

Traj. Hours Traj. Hours Traj. Hours

A320 1925 2184.7 476 533.3 139 143.2

A20N 1879 2161.1 449 564.1 159 151.4

A21N 1637 2223.3 404 514.2 108 144.9

A319 2714 2582.0 671 768.7 175 189.6

A321 1874 2159.3 443 584.7 146 173.2

A333 956 778.0 222 175.3 105 105.9

A359 916 792.7 223 206.0 102 83.0

AT76 1980 1079.3 477 253.0 172 105.2

B38M 1349 1921.0 300 467.9 115 179.7

B738 2125 2461.2 470 585.6 154 191.1

E190 3948 3498.5 903 864.9 208 161.3

ODE
(Euler integration)

x(t)
h, d, γ, VTAS

u(t)
hsel, Msel,

VCAS,sel, Vz,sel

e0(t)
T, V||,

dADEP, dADES

dx(t)
VZ, VGS, dγ,
dVTAS

Trajectory
Layer

e1(t)
M, VCAS,

Vz, VGS, hsel - h

Derivative
Layer

Loss

Data variables Computational blocks

State

Control

Context

Derivative

Analytical

Neural Regression

Figure 1. Architecture of the model representing the single-step derivative estimation. The full trajectory is built autore-
gressively through ODE integration.

The state vector is defined as:

x(t) =
{
h(t), d(t),γ(t),VTAS(t)

}
, (1)

where h denotes the altitude, d the along-track distance, γ the flight path angle, VTAS the true air-
speed. This state vector corresponds to the a simplified standard point-mass formulation (without

mass), widely applied in aircraft trajectory prediction and optimization.
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Table 4. List of parameters used in the model with source units and converted SI units.

Feature Symbol Source Unit SI Unit Description

State variables x(t)

altitude h ft m Standard altitude above mean sea level

distance along track d nm m Along-track distance from departure

flight path angle γ deg rad Angle between velocity vector and horizon

true airspeed VTAS kt m/s Speed relative to the surrounding air mass

Control variables u(t)

selected altitude hsel ft m Altitude target extracted from EHSmessages

selected Mach Msel kt m/s Estimated Mach control

selected speed VCAS,sel kt m/s Estimated CAS control

selected vertical speed Vz,sel ft/min m/s Estimated vertical speed control

Context and intermediate variables e(t)

Context variables e0(t)
Air temperature T K K Ambient static air temperature (ERA5)

headwind component V∥ kt m/s Wind component along the trajectory (ERA5)

departure airport distance dADEP nm m Great circle distance to departure airport from current position

arrival airport distance dADES nm m Great circle distance to arrival airport from current position

Trajectory variables e1(t)
Mach number M – – Ratio of VTAS to speed of sound

Calibrated airspeed VCAS kt m/s Airspeed derived from dynamic pressure

vertical speed Vz ft/min m/s Rate of climb or descent

ground speed VGS kt m/s Speed relative to the ground

selected altitude difference hsel − h ft m Difference between selected and current altitude

The model architecture (Figure 1) processes this state vector through two sequential layers to com-

pute the state derivatives dx/dt needed for trajectory integration:

• A trajectory layer (analytical): Given the current state x(t), control inputs u(t), and context vari-
ables e0(t), it analytically derives intermediate kinematic variables e1(t) (Mach number, CAS, ver-

tical speed, ground speed).

• A derivative layer (neural network): Implemented as a structured layer (detailed below), it takes

these intermediate variables to estimate dVTAS and dγ, while Vz and VGS are passed directly. These
derivatives are then integrated using an ODE solver (Euler scheme in this work) to generate

continuous-time trajectories.
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The evolution of the state vector is modelled as:

dx
dt

= fθ
(
x(t), u(t), e(t)

)
, (2)

where x(t) denotes the aircraft state vector at time t, u(t) represents the control variables, and e(t)
corresponds to the context and intermediate variables (see Table 4 for a complete list). Note that the

control inputs u(t) and context variables e0(t) are exogenous inputs available for all t, and thus do not
need to be estimated autoregressively. fθ is represented by the derivative layer (a neural network).
We compute the predicted trajectories through numerical integration of the ODE using an explicit

Euler solver, implemented via the odeint function from the torchdiffeq library [20]. In this work,

we use an explicit Euler scheme to integrate the Neural ODE, as the effective temporal resolution of

the data (1–4 s after interpolation) and the smooth, non-stiff nature of aircraft dynamicsmake higher-

order solvers such as 4th order Runge–Kutta (RK4) unnecessary. Euler integration was found to be

numerically stable and computationally efficient, though future work could explore higher-order

methods to assess whether noticeable gains in accuracy can be achieved at this sampling rate.

The trajectory layer provides deterministic conversions from the state variables and context con-

ditions to additional kinematic variables, ensuring consistency with physical laws. Notably, vertical

speed Vz and ground speed VGS are computed analytically in this layer and passed directly to the

derivative layer without further transformation. Specifically:

Vz = VTAS · sin(γ), (3)

M =

VTAS
a

, a =

√︁
γair R T , (4)

VGS = VTAS − V∥ , (5)

where Vz is the vertical speed, M the Mach number, a the local speed of sound, γair the ratio of

specific heats, R the perfect gas constant, TOAT the outside air temperature, and V∥ the headwind

component.

The derivative layer is implemented using a structured layer [5], which serves as a reusable build-

ing blockwithin themodel architecture. Each structured layer consists of threemain components: an

input normalizer, a backbone, and multiple output heads. The inputs are first normalized according

to their empirical statistics and concatenated into a fixed-size representation. This representation is

processed by the backbone, a three-layer fully connected network with 48 hidden neurons per layer,

followed by ReLU activations. The extracted features are then passed to task-specific output heads,

each implemented as a two-layer perceptron with 48 neurons per layer. This design allows the model

to share a common latent representation while adapting flexibly to heterogeneous output variables

(continuous or binary). Finally, the outputs of each head are denormalized to recover values on the

original physical scale. We deliberately excluded dropout layers from our Neural ODE architecture.

Unlike in discrete architectures (e.g., ResNets), applying standard dropout within continuous-time

models is known to destabilize training, as the stochastic masking conflicts with the smooth dynam-

ics required for stable ODE integration [36].

The model is trained by minimizing the difference between predicted and observed trajectories over

autoregressive sequences of N = 60 time steps. For each training sample, the ODE is integrated

forward from an initial state x(t0) to generate a sequence of state predictions. The composite loss

function aggregates errors across all time steps and output groups (state variables, aircraft angles,

and engine parameters):

https://orcid.org/0000-0002-7294-4217
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L =

N∑︁
k=1

∑︁
i∈C

αi ℓi
(
ypredi (tk), ytruei (tk)

)
, (6)

where ℓi is the error metric for feature i, αi is a weighting coefficient, and C = {x(t), } (see Table 4). In
other words, the loss function directly compares the model’s predicted variables with those recorded

by the ADS-B data. The resulting error signals are then used to adjust the weights of the derivative
layer, gradually improving its prediction accuracy.

In this paper, ℓi corresponds to a mean squared error (MSE) and the weighting coefficients αi are

chosen inversely proportional to the empirical standard deviation of each variable, in order to miti-

gate differences in scale and absolute value. This formulation allows balancing between accuracy in

integrated state values, and regressed engine and aircraft variables.

The model is trained on one GPU (RTX A6000 Ada Gen) using PyTorch for 40000 gradient steps with
batch size of 512 and checkpoints on a validation set composed of 20% of the train set. Optimization

was performed with the AdamW optimizer (lr = 1 × 10
−4
, weight_decay = 1 × 10

−4
corresponding to

L2 regularization).

5. Results

To generate physically consistent benchmark trajectories from flight data, we used a BADA-based

methodology combining the pyBADA library, in particular routines from the TCL.py (Trajectory Cal-

culation Library) module, and the BADA 4.2 performance coefficients, together with control in-

puts mapped from the ADS-B data. In this setup, the BADA4 aircraft performance model was

instantiated for each aircraft typecode, while trajectory propagation relied on the TCL routines

accDec_time, constantSpeedLevel, constantSpeedRating_time, and constantSpeedROCD_time, ap-
plied over fixed 4-second intervals. For each ADS-B record, the current aircraft state (altitude, true

airspeed, Mach number, temperature deviation from ISA, configuration, andmass) was extracted and

mapped to the corresponding BADA4 input variables. Calibrated airspeed and Mach number were

derived from standard atmosphere relationships, and along-track wind is also incorporated to ensure

consistency with the recorded operational conditions. Importantly, the evaluation presented here

concerns the entire BADA-based trajectory generation pipeline, not only the underlying BADA4

performance model.

Depending on the identified flight attitude (climb, level, or descent) and the difference between

commanded and actual speeds, the appropriate TCL routine was selected: constantSpeedLevel for
cruise, constantSpeedRating_time for climb or descent at constant speed, accDec_timewhen speed

adjustments were required, and constantSpeedROCD_timewhen a vertical speed target had been en-

gaged. At each integration step, the most recent simulated state of altitude, airspeed, rate of climb

or descent, and mass was fed back into the subsequent computation, thereby ensuring a continuous

and dynamically consistent simulation of the trajectory. Since aircraft mass is not directly avail-

able from ADS-B or Mode S data, the BADA default assumption of 85% of the Maximum Take-Off

Weight (MTOW) was applied at the first available point of the recorded trajectory (depending on

ADS-B coverage).

Figure 2 presents a quantitative comparison of mean absolute errors (MAE) between BADA and the

proposed neural model for four representative aircraft types (A319, A359, and B738, E190), evalu-

ated across flight phases (all phases, climb, level flight, and descent) and variables (altitude, flight

path angle, and true airspeed). Specifically, evaluation is performed on full trajectories generated

autoregressively from the initial state (t = 0 to T ), ensuring that the metrics capture the long-term

accumulation of errors. Overall, the proposed model achieves slightly lower errors than BADA for
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Figure 2. Comparison of mean absolute errors (MAE) between BADA and the proposed model for four aircraft types (A319,
A359, B738, E190). Results are reported for altitude, flight path angle, and true airspeed (TAS), averaged over all phases,
climb, level flight, and descent. Instances where BADA achieves lower errors are highlighted with full opacity.
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Figure 3. Example of trajectory reproduction from A319 ADS-B data. The figure compares the recorded ADS-B trajectory
(orange) with the model prediction (blue) and the BADA-based benchmark (green) across altitude, CAS and vertical speed.
The selected altitude, CAS and vertical speed is shown as a red dashed-line. Time is represented on the x-axis in seconds
(one point every 4 s).
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most metrics and flight phases. For instance, for the A319, the MAE in altitude over all phases

decreases from approximately 1,650 ft with BADA to 872 ft with the proposed approach, while the

error in flight path angle is reduced from 0.75° to 0.40°. A similar trend is observed for the A359, con-

firming the improved capability of the neural model to reproduce vertical dynamics across aircraft

categories.

However, during level flight, BADA performs slightly better. For example, for the A319, the MAE in

true airspeed is about 3.8 kt for BADA compared to 14.0kt for the proposed model, and similar pat-

terns are found for the A359, B738 and E190. This phase corresponds to long, steady cruise segments,

often at constant Mach, where the neural model exhibits small drifts in maintaining target speeds

and perfectly flat altitude segments. These local deviations, while minor in magnitude, highlight the

inherent difficulty for data-driven models to reproduce stable control regimes governed by subtle

autopilot dynamics. The general trends observed in the quantitative analysis are further illustrated

by the example trajectory of an A319 shown in Figure 3.

6. Discussion and limitations

The present study demonstrates that Neural ODE models can learn physically consistent vertical

aircraft dynamics directly from open surveillance data. While the results confirm the feasibility and

potential of such an approach, several limitations must be acknowledged regarding the scope of the

model, the data quality, and the methodological assumptions.

6.1 Interpretation of Benchmarking Results

It is important to emphasize that BADA is a well-established and physically consistent performance

model, widely used in both operational and simulation contexts. Its comparatively higher errors in

this benchmark do not indicate a lack of validity, but rather reflect methodological differences. In

this analysis, the evaluation concerns the entire BADA-based trajectory generation pipeline, cou-

pling the BADA 4 performance model with trajectory control routines driven by operational inputs,

rather than the performance equations alone. BADA is not designed to replicate individual recorded

flights with noisy control input, but to provide a reliable and generalisable description of aircraft

performance across a wide envelope of flight conditions. In contrast, the proposed architecture is

directly trained on the ADS-B data used for evaluation, which naturally gives it an advantage in

reproducing the observed flight dynamics.

The comparison also reflects differences in mass modelling assumptions. A default reference mass

corresponding to 0.85 × MTOW was used for BADA, while the neural model might have learned a

latent representation of aircraft mass as a function of city-pair distance and other contextual features.

This additional flexibility likely contributes to its improved performance in reproducing climb and

descent profiles across different aircraft and operational contexts.

6.2 Limitations

A first limitation is that the current model is restricted to the longitudinal dynamics of the trajec-

tory, i.e., the evolution of altitude and speed along the aircraft’s longitudinal axis, expressed through

true airspeed. In this formulation, the aircraft is effectively represented in a body-fixed reference

frame aligned with its nose, so only motion in the vertical plane is captured. Consequently, lateral

behaviour, including variations in track angle, banking, and turn dynamics, is not represented. The

framework therefore cannot yet support fully four-dimensional trajectory prediction, nor opera-

tional applications in which lateral manoeuvres and route choices play a decisive role. Extending

the model to incorporate lateral dynamics represents a natural direction for future research.

The focus on vertical-longitudinal dynamics was a deliberate choice, as this axis encompasses the

https://orcid.org/0000-0002-7294-4217
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most critical unobservable physical dependencies. In particular, modelling the energy share factor,

how an aircraft partitions its surplus power between climbing and accelerating, represents a sig-

nificantly higher challenge for data-driven models than lateral kinematics. While lateral motion in-

volves specific hurdles such as turn detection and the modelling of orthodromic navigation patterns,

the vertical axis remains the primary bottleneck for physically-consistent trajectory reconstruction

from surveillance data.

A second limitation lies in the observability and reconstruction of control inputs. Many key param-

eters, such as the selected speed or vertical rate, are not directly available from surveillance data

and must be inferred from the temporal evolution of Mode S Enhanced Surveillance (EHS) signals

through plateau detection algorithms. While these heuristics enable the reconstruction of plausible

targets, they remain sensitive to noise, resolution, and local turbulence, potentially introducing un-

certainty in the estimated control variables. Furthermore, the coverage of EHS messages is uneven

across regions and dependent on secondary surveillance radar (SSR) configurations, which may bias

the dataset toward well-instrumented airspaces such as Europe and North America.

A third limitation concerns the quality of the selected altitude variable derived from Mode S EHS

reports (BDS 4,0). As noted in the results analysis, this parameter is often affected by decoding

artefacts, inconsistencies, and spurious step changes that propagate into evaluation metrics and

can distort apparent accuracy in altitude reproduction. Part of the discrepancy in BADA’s tracking

performance originates from this imperfect reference. In principle, this issue could be mitigated

by re-estimating selected altitudes from trajectory patterns, following the same logic as for speed

targets. However, the objective of this workwas primarily to assess the feasibility of learning vertical

dynamics from open surveillance data, rather than to refine individual control parameters. Future

developments will aim to integrate more robust methods for reconstructing and validating Mode S

variables, improving the reliability of altitude-related evaluations.

It is worth noting that a similar Neural ODE methodology was previously applied to high-fidelity

Quick Access Recorder (QAR) data [5]. QAR data provides significantly higher temporal resolu-

tion (4–25 Hz) and direct access to propulsion parameters such as engine thrust settings (N1), fuel

flow, and aircraft mass, as well as precise autopilot targets recorded by the flight management sys-

tem. In contrast, the present study relies on reconstructed control intent from Mode S EHS signals,

which are subject to the noise and decoding artefacts discussed earlier. As a result, the QAR-based

approach benefits from cleaner inputs and richer physical observability, enabling more accurate

performance estimation and fuel consumption modelling. Despite these differences, the present

ADS-B-based framework achieves promising vertical trajectory reconstruction, suggesting that the

continuous-time formulation and embedded kinematic constraints provide sufficient regularization

to compensate for input uncertainty. The main trade-off lies in scalability versus interpretability:

ADS-B enables global, open-access trajectory modelling, while QAR supports detailed performance

analysis but requires proprietary airline data.

From a modelling perspective, the proposed architecture is only partially physics-informed. Beyond

the analytical kinematic relations embedded in the trajectory layer, the Neural ODE component is

not explicitly constrained by aerodynamic or performance equations. While this formulation en-

sures smooth and continuous-time dynamics, it does not guarantee adherence to physical limits,

such as thrust or drag bounds. Although no unrealistic behaviours were observed in the experi-

ments, such effects cannot be entirely ruled out when extrapolating outside the training distribution

or under atypical control conditions. Introducing stronger physics-based regularisation, such as

energy-balance constraints or aerodynamic envelopes, would enhance generalisation and robust-

ness. In particular, penalizing energy changes during level-flight segments could help reduce the

small drifts observed in cruise (Section 5), forcing the model to better respect steady-state equilib-

rium conditions.
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Another structural limitation is that the model learns relative motion patterns but cannot infer ab-

solute performance quantities. Since aircraft mass, thrust, and fuel flow are unobservable in open

datasets, the model does not capture the underlying energy or propulsion balance governing climb

performance. Consequently, while the generated trajectories are realistic in shape, they cannot di-

rectly support quantitative assessments of fuel consumption or emissions at this stage. Combining

open data with partial physical calibration or probabilistic mass estimation could help bridge this

gap.

Overall, the proposed framework demonstrates that continuous-time aircraft dynamics can be learned

from open surveillance data while preserving physical consistency through embedded kinematic re-

lations. Nonetheless, the above limitations underline that this approach remains a research proto-

type rather than an operational model. Addressing these challenges, through improved observabil-

ity, stronger physical constraints, uncertainty quantification, and domain adaptation, will be key to

advancing the use of open data for reliable, interpretable, and reproducible trajectory modelling.

7. Conclusion

This paper presented a physics-guided neural framework for generating vertical aircraft profiles

from open surveillance data using Neural Ordinary Differential Equations (Neural ODEs). The pro-

posed approach combines analytical kinematic relations with a learnable continuous-time dynamical

model trained on ADS-B and Mode S Enhanced Surveillance (EHS) data retrieved from the OpenSky

Network. Despite the inherent limitations of open data, the model shows promising performance

for altitude reconstruction, while further work is required to better capture speed profiles.

Evaluation against BADA-based benchmarks showed that the Neural ODE model reproduced verti-

cal dynamics with overall good absolute errors across most flight phases, particularly during climb

and descent. However, the comparison with BADA was partly blurred by the limited quality of sev-

eral Mode S-derived control variables, notably the selected altitude and the estimated speed andMach
targets. These parameters, reconstructed from noisy and irregular signals, introduce uncertainty in

both training and evaluation, making precise phase alignment and control-law interpretation chal-

lenging. Despite these data imperfections, the Neural ODE framework exhibited notable robustness

to noisy or incomplete inputs, maintaining stable predictions and smooth state evolution. This re-

silience suggests that continuous-time learning, coupled with embedded physical relations, can help

absorb inconsistencies in open surveillance data.

Future work will focus on improving the reconstruction and filtering of Mode S-derived features to

reduce uncertainty in control-related variables. Better estimates of selected targets, applied consis-

tently in both training and evaluation, should sharpen the comparison with reference performance

models such as BADA. Beyond this, extending the model toward lateral dynamics and incorporating

stronger physical constraints, for instance through energy-balance or aerodynamic regularisation,

will be key to achieving higher realism and generalisation.
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