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Abstract

Automated aircraft guidance during the approach phase typically relies on optimal control or neural ar-
chitectures. We combine the strengths of both paradigms with ApproachNet, a hybrid framework enforc-
ing physical and operational hard constraints while retaining the computational efficiency of data-driven
methods. Grounded in an aircraft dynamics model and control barrier functions, ApproachNet employs a
neural backbone and supports end-to-end training on historical ADS-B data. We demonstrate generaliza-
tion across multiple airports, runways, and aircraft types in single- and multi-aircraft approach control.

Keywords: deep learning, quadratic programming, physics-based modeling, approach control

1. Introduction

The approach remains one of the most demanding phases of flight, with high workload, dense traffic,
and operations near the limits of the flight envelope contributing to a disproportionate share of
incidents and accidents [1, 2]. Traditional autopilots, such as Garmin’s GFC 600 [3], provide reliable
guidance and control but cannot fully address these risks because they lack the operational context
required for holistic approach planning. Consequently, modern flight automation increasingly relies
on integrated systems modeling the entire approach trajectory [4].

Frameworks based on optimal control express the approach trajectory as a constrained objective [5,
6]. While such methods allow for an explicit specification of operational constraints, they are compu-
tationally expensive and not guaranteed to converge [7], preventing their use in time-critical in-flight
scenarios. A growing body of work thus relies on data-driven modeling with neural architectures,
which learn approach trajectories directly from historical ADS-B data [8, 9]. Although these meth-
ods scale more favourably to complex environments, their probabilistic nature and lack of a physical
foundation can result in unsafe or infeasible trajectories. They also typically model each aircraft in

isolation, ignoring the separation requirements between simultaneously approaching aircraft.

We address these challenges with ApproachNet, a deep learning architecture for approach trajectory
generation that combines a modern neural backbone with explicit flight mechanics and operational
hard constraints incorporated during training and enforced at inference. We first consider a single
aircraft, using ApproachNet to predict low-level control parameters of an aircraft dynamics model.
We demonstrate that the resulting trajectories are feasible, safe, and computable at interactive rates.
We then extend ApproachNet to multiple simultaneously approaching aircraft by enabling informa-
tion exchange between them and enforcing pairwise separation in a joint safety layer.

Contributions. We make four contributions: (i) a neural architecture for approach trajectory gen-
eration that integrates an aircraft dynamics model and a differentiable safety layer [10, 11] to account
for physical and operational constraints; (ii) a multi-aircraft extension combining graph attention
with a joint separation layer; (iii) a reusable OpenSky-based pipeline for learning approach control
from ADS-B data (Appendix 2); and (iv) a comparison with state-of-the-art optimization- and learn-

ing-based approaches, demonstrating generalization across airports, runways, and aircraft types.
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2. Related Work

The use of artificial intelligence in aviation includes a variety of surveillance, prediction, and op-
timization tasks [12]. Constrained approach trajectory planning, in particular, has been addressed
using several structure-exploiting methods and nonlinear programming solvers [13, 14, 15, 16]. To
reduce computational cost, fully data-driven trajectory forecasting based on ADS-B data has been
extensively studied but typically lacks a physical and procedural foundation [17, 18, 19, 8]. Alterna-
tives include reinforcement learning, which has been used for end-to-end action prediction during
landing operations, albeit only for a single aircraft type and landing site [20, 21, 22]. To embed hard
constraints into learned models, control barrier functions (CBFs) have been unified with performance
objectives in quadratic-program (QP) formulations [10, 23]. Such CBF-QP filters have been combined

with reinforcement learning [24] and applied to collision avoidance and geofencing for fixed-wing

aircraft [25]. Building on differentiable optimization layers [11, 26], CBF-QPs have further been em-

bedded as end-to-end trainable layers in neural network controllers [27, 28], while decentralized and
graph-based neural barrier certificates have been learned for multi-agent settings [29, 30, 31].

3. Approach Net

ApproachNet addresses the task of guiding aircraft from the boundary of the approach region to
the runway threshold by predicting explicit control commands that satisfy physical and operational
constraints. Our method comprises three components: a neural backbone (ResNet-101 [32] or FT-
Transformer [33]) predicting control commands; a hard constraint layer (H), formulated as a control
barrier function quadratic program (CBF-QP) [10, 23], projecting these commands onto the set of
safe and feasible controls; and an aircraft dynamics model (D) propagating the aircraft state forward
in time (— Appendix 7.1). We first introduce the feature representation provided as input to the
neural backbone, then describe the three components for a single aircraft, and finally extend the

framework to multiple simultaneously approaching aircraft (Figure 1).

3.1 Model Architecture

Physical &
Operational

. Neural a eror )
ke Backbone e

(b) Multiple aircraft

Feature Representation. The neural backbone
predicts control commands based on a feature
representation x € R! used by both single-
and multi-aircraft models. This representa-
tion comprises: (1) five aircraft-specific aerody-
namic parameters sourced from OpenAP [35]

(a) single aircraft

:
Rl

(— Appendix 6); (2) six aircraft state variables
Figure 1. ApproachNet Architecture. The neural backbone Armondiv 7). i
is given either by a ResNet-101 [32] or a FT-Transformer [33], (_) APLW)’ and (3) four runway descrlp

whereas the graph attention and QP implementations fol-  tOTS specifying its threshold position, orthome-
low [34] and [26], respectively. Finally, the aircraft dynamics ~ tric height, and bearing angle. Aircraft and run-
model (— Appendix 7.1) integrates it forward in time. way positions are expressed as UTM coordinate
offsets from the airport center, with aircraft elevations expressed in meters relative to the runway
threshold’s absolute orthometric height, which is obtained by subtracting the geoid undulation [36]

from its WGS84 ellipsoidal height. This relative representation facilitates learning across airports.
All features are subsequently z-score normalized using statistics computed from the training dataset.

Single-Aircraft Control. For a single aircraft, the neural backbone maps the feature vector x to
predicted normalized controls it = (T, n, )" comprising thrust, load factor, and bank angle. To this
end, we adapt ResNet-101’s stem convolution and regression head to our input and control dimen-
sions, and configure the FT-Transformer with an equivalent regression head on its [CLS] token. The
predicted controls then pass through a hard constraint layer comprising two groups of CBF con-
straints: an operational group using high-order CBFs [23] to enforce lateral and vertical track-error
bounds in the form of an LPV funnel (FAA Order 8260.58D [37]; RTCA DO-229D [38]), and a phys-
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Table 1: Quantitative Evaluation (Single Aircraft). Approach performance by neural Figure 2: Qualitative Insights .
backbone and presence of D/H/T modules, averaged across 3 airports and 791 test @ Ipopt-Optimizer ® ApproachNet (FT-Transformer)
approaches. succ@s = success ratio at s times reference tolerances. ® FT-Transformer @ Tolerancs Window @ LPV Funnel

AUC = /01 auc@s ds. See Appendix 5 for details.

succ@l succ@? succ@3 AUC  Lateral Vertical HDG(x) GP(y) Velocity Landing Solving

Model D H T (%) (%) (%) (%) Dev.(m) Dev.(m) Dev.() Dev.() Dev.(m/s) Time(s) Time(s)
ResNet-101 [32] - - - 0.25 0.38 139 272 6620.31  1331.60 93.92 3243 73.83 1037.59 15.85
- /- - 000 038 10l 2525 183637 69825 2566 243 2406  76L74 1170
ApproachNet (ResNet-101) -/ - 253 405 494 798 502645 113553 7567 3219 7582 90499 2038
(ours) v v - 38.56 68.27 72.44 61.86 3829.90 161.08 15.49 246 62.90 511.06 10.38
v v/ 4266 66.84 73.29 62.43 3759.40 112.88 14.94 241 62.53 484.21 10.05
FT-Transformer [33] - - - 000 000 000 000 579026 88374 8960 055 5134 141911 279
- v - - 0.00 0.38 0.63 2296 3556.49 1127.98 40.04 226 32.84 1145.22 321
ApproachNet (FT-Transformer) - - 000 025 076 1271 272213 47867 6808 069 5737 114993 772
(ours) v v - 21.04 41.06 53.99 46.95 4998.42 352.15 26.81 3.26 86.51 533.93 411
v v v 3287 59.04 67.76  57.30 4117.14 189.50 15.79 3.15 75.48 534.47 3.74
Ipopt-Optimizer [13] /- 9368 9368 9368 6270 1042 1456 356 153 1873 58483 TL6T

D = aircraft dynamics model; H = hard constraint layer (CBF-QP); T = integration of H into training;
Ipoptincluded as reference at non-interactive rates; evaluated on a single AMD Ryzen 9 7900X3D.

ical group using a standard CBF [10] to enforce a stall-speed margin. These constraints, together
with control bounds and approach information (— Appendix 3), define a differentiable CBF-QP [11]
formulated in reparameterized controls with input-affine dynamics. The solution is mapped back to
corrected controls ., which the aircraft dynamics model uses to integrate the equations of motion

and obtain the next state. Figure 1a illustrates this pipeline.

Multi-Aircraft Control. For N simultaneously active aircraft, a shared neural backbone encodes
each feature vector x; into a 192-dimensional latent embedding z;. These embeddings interact
through graph attention [34, 39] over a fully connected graph, providing each aircraft’s control
prediction #; with situational awareness of the surrounding traffic. As in the single-aircraft case,
each predicted control first passes through its own CBF-QP. Since separation constraints couple the
control inputs of multiple aircraft, a subsequent separation QP jointly refines these controls while
retaining all unary constraints. Specifically, it adds one pairwise HO-CBF [23] per aircraft pair to en-
force the FAA cylindrical separation minima (2.5 NM horizontal, 1000 ft vertical)! through a smooth
superellipsoidal relaxation that fully contains the cylinder. Pairwise constraints are included only
for aircraft within 10 NM of each other, since more distant pairs cannot create a conflict within the
planning horizon and would unnecessarily increase the QP size [41]. The aircraft dynamics model
then integrates the equations of motion using the corrected controls .5, . . ., it.y to obtain the sub-
sequent states. See Figure 1b for an overview.

3.2 Training

We train the backbone using a loss on (7, n, ) controls recovered from ADS-B trajectories via inverse
dynamics (— Appendix 7.2). The loss is applied either to raw predictions i (D & D+H in Tables 1 & 2)
or travels through the CBF-QP modules, integrating safety layers into end-to-end training (D+H+T).

Training with Hard-Constraint Layer. Let u") = (T®, n® $®) be the control label of sample i,
#? the raw prediction produced by the neural backbone, and TT(it?) = it(ci) its correction by the
CBF-QP safety layer TI. Since the CBF-QP is differentiable [26], we can perform end-to-end training
by backpropagating gradients through both the safety layer and the neural backbone. However, in
situations where the constraints are highly active, TT can significantly alter the raw prediction @),
which can cause training instability and convergence issues. To address this, we calculate losses on
both @ and TT(&?), with a weight reflecting the extent of intervention by the safety layer:

. ; NTHs . . 50
5 = 1rea®) - a(l)Hz’ W = @ eXp(_T)’ (1)

1 B ; 2 ,
- (i) 1 )1
‘E_BZH[W 3 z+(1 W)3

IThese thresholds serve as illustrative separation criteria [40]; context-specific requirements can be readily incorporated.

oD = 4@
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Table 2: Quantitative Evaluation (Multi-Aircraft). Approach performance by neural  Figure 3: Qualitative Insights II.
backbone and presence of D/H/T modules, averaged across 3 airports and 791 test
approaches. Metrics as in Table 1.

succel succé2 succe3 AUC  Lateral Vertical HDG(x) GP(y) Velocity Landing Solving

Model H T (%) (%) (%) (%) Dev.(m) Dev.(m) Dev.() Dev.(°) Dev.(m/s) Time(s) Time(s)

000 013 013 275 5537.59 326271 8379  10.70 9147 118418  3.82

- 759 2351 3198 2461 680353 127579 6134 6.98 10749 59072 6.66
V1555 3426 4311 3488 640416 75130  52.90 3.74 85.62 48170 587

ResNet-101-GNN
ApproachNet (ResNet-101-GNN)

v
v

000 013 025 613 5279.85 159341  70.06 497 56.23  1066.55  2.06

/- 1302 2642 3439 2817 656248 89861  55.43 5.70 99.07 590.73 476
/ / 2048 3654 4501 36.93 5549.86 633.82  42.83  3.83 90.39 54920 466

FT-Transformer-GNN

AN EN ENEN

ApproachNet (FT-Transformer-GNN)

D = aircraft dynamics model; H = hard constraint layer (CBF-QP + separation QP);
T = integration of H into training; evaluated on a single NVIDIA GeForce RTX 4080 Super. o2

0131 01:35

simulation time (UTC)

o1:39 on:43

where B is the batch size, m® € {0,1} indicates if the QP for sample i was successfully solved,
and T > 0 is a weighting temperature. For samples that remain unsolved, training proceeds solely
based on the raw prediction. The weight w(® is held constant during backpropagation by applying a
stop-gradient operator. For successfully solved samples, small interventions (§¢) — 0, w') — 1) em-
phasize supervision through the safety layer, whereas large interventions (w” — 0) shift the focus
to direct supervision of the backbone’s raw predictions. In the multi-aircraft scenario, T denotes the
composition of individual aircraft CBF-QPs and the subsequent joint separation QP, through which
gradients are also propagated. The overall loss is computed as an average over all aircraft and time
steps within the batch after a warm-start training of the backbone with the raw-prediction loss.

Choice of the Temperature. The temperature T controls how quickly the weight w(® decays with
the size of the intervention. We calibrate T once before training: each ground truth label is passed
through the safety layer, and the resulting normalized label shift A?) measures how strongly the
constraints disagree with the demonstrated behaviour. We then choose T such that a label shift at
the g-quantile Ay of {A(i)}i receives a prescribed reference weight wyer. Note that wr.r is a calibration
constant only; during training, T is kept fixed and the sample-specific weights w) follow Equation 1.

Ag)

AD =1 =7
3 1n(l/Wref)

q=0.9, wer=0.15.
3)

uld) - (z)H exp(_ﬁ):wref —
T

4. Experiments

We evaluate ApproachNet’s single- and multi-aircraft models on a test dataset comprising 791 ap-
proach trajectories across 3 airport geometries and 36 aircraft types, with trajectories starting ap-
proximately 30 km from the respective airport; see Appendix 2 for data details. We compare against
two data-driven baselines [32, 33] and perform ablation studies assessing the contributions of flight
mechanics (D), inference with hard constraints (H), and training with hard constraints (T). The re-
sults demonstrate favourable performance in both the single-aircraft (Table 1) and multi-aircraft
(Table 2) settings; see Appendix 5 for the evaluation tolerances. For reference, we also include Ipopt
as an optimal control baseline [13, 14], which achieves a higher approach success rate but requires
substantially more computation time and does not support the dynamic addition of aircraft, limit-
ing its suitability for time-critical applications compared with ApproachNet’s interactive inference
speed. We supplement these quantitative results with visualizations of approach trajectories illus-
trating adherence to LPV bounds (Figure 2) and separation criteria (Figure 3).

5. Conclusion

We showed that enforcing hard constraints via a differentiable CBF-QP safety layer grounded in
an aircraft dynamics model consistently outperforms purely data-driven neural architectures for
approach control while keeping the predicted trajectories feasible, safe, and efficient. Extending the
safety layer with a separation CBF-QP and the backbone with graph attention transfers these benefits
to multiple simultaneously approaching aircraft, with the integration of the safety layer into training
being particularly beneficial. Future work could investigate synthetically generated approaches to
enhance generalisation, as well as further assess scalability in increasingly dense approach scenarios.
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Appendix 1. Author Contributions
« Justin Groh: conceptualization, data collection, implementation, evaluation, and writing/editing.

« Andreas Lehrmann: conceptualization, technical foundation, and writing/editing.

Appendix 2. Open Data Statement

We use ADS-B trajectories from the OpenSky Network, accessed through its Trino cluster [42];

digital elevation data from the Copernicus Data Space Ecosystem”; runway geometry from the X-
Plane Scenery Gateway”; additional airport infrastructure, including taxiways and terminal build-
ings, from OpenStreetMap*; and approach plates and fixes from the AIRAC APP. Aircraft types are
identified from ICAO 24-bit addresses using the adsbdb API’, and their performance parameters are
obtained from OpenAP [35]. All data is publicly available” and has been anonymized by replacing
ICAO 24-bit addresses, Mode-S codes, and call signs with keyed HMAC-SHA256 hashes, and by

removing any auxiliary identifiers (registration, owner, squawk, receiver serials, photo URLSs).

Contributions to the OpenSky community. This work contributes four reusable resources for
the OpenSky community: (i) an approach extraction pipeline that queries the OpenSky Trino database
and associates each trajectory with its runway and approach procedure (— Appendix 3); (ii) ADS-B-
derived control labels obtained through an inverse dynamics model (— Appendix 7.2); (iii) a repro-
ducible benchmarking setup with fixed train/test splits, evaluation metrics, and tolerances (— Ap-
pendix 5); and (iv) data preprocessing and filtering routines integrated into the pipeline to address
OpenSky’s low-altitude coverage gaps, correct geometric altitudes using geoid undulation, and mit-
igate noise in derived rates.

Appendix 3. Dataset and Preprocessing

The dataset covers ADS-B trajectories within a radius of 30 km around each airport. Across the three
evaluated airports, the training set contains 12 252 approaches, comprising 7 360 173 aircraft states.
Trajectories were selected and processed as follows:

1. Only flights in the approach phase were considered.
2. Only complete trajectories that reached a runway were retained.
3. Irregularly sampled trajectories were resampled at a fixed rate of 1 Hz.

Each trajectory also includes auxiliary information passed to the CBF-QP safety layer:

1. The assigned landing runway and approach procedure, from which the intermediate fix (IF) and
final approach fix (FAF) positions, runway threshold position, runway bearing, threshold crossing
height (TCH), and runway length are extracted.

2. Aircraft-type-specific aerodynamic parameters (— Appendix 6).

3. Aircraft-type-specific control limits (Tinax, "mins Pmax> Pmax)-

Zhttps://dataspace.copernicus.eu/

https://gateway.x-plane.com

“https://www.openstreetmap.org

>https://airac.net/

Shttps://www.adsbdb.com
https://projects.cairo.thws.de/asml/papers/approach_net/
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Appendix 4. Reproducibility Statement

A repository with our code and scripts reproducing our quantitative results is publicly available.®

Appendix 5. Reference Tolerances

succ@s and auc@s measure the fraction of successful approaches at scale s. We consider an approach
at scale s successful if all five component deviations are less than s times the reference tolerances in
Table 3 used to calculate a successful approach at scale 1. All deviations are measured at the aircraft’s
closest point to the runway threshold.

Table 3. Reference Tolerances. We show the reference tolerances used to calculate succ@1 and auce@1; tolerances for other
values of s can be obtained by linear scaling.

Metric Reference Tolerance
succ@1 auc@l
Lateral deviation centerline 15m 2500 m
Vertical deviation threshold crossing height 20m 1000 m
Heading (HDG; x) deviation runway bearing 10° 10°
Glide path (GP; y) deviation =~ -3° 3° 3°
Approach speed deviation 1.3 Vitanl 50 % 250 %

Appendix 6. Aircraft Specification

Each aircraft type is characterized by the following parameters, sourced and calculated from Ope-
nAP [35] and used in both the backbone’s feature representation and the aircraft dynamics model
(— Appendix 7):

Table 4. Aircraft Specification. Definitions of aircraft mass and aerodynamic parameters.

Variable  Unit Description Included in Feature Representation
m kg Aircraft landing mass v
S m? Wing planform area v
Cr dimensionless  Lift coefficient X
CL max dimensionless  Maximum lift coefficient v
Cp dimensionless  Drag coefficient X
Cp, dimensionless  Zero-lift drag coefficient v
k dimensionless  Induced drag factorin Cp = Cp, + k Ci v

Aerodynamic parameters refer to the landing configuration.

8https://projects.cairo.thws.de/asml/papers/approach_net/
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Appendix 7. Aircraft Dynamics Model

Appendix 7.1 Forward Dynamics Model

We model each aircraft using a translational point-mass model under zero-wind conditions. The
state s = [x,y, h,v,y,X]" comprises the position (x, y, h), the true airspeed v, the flight path angle
7, and the track angle X. The control u = [T, n, $]" comprises thrust T, load factor n = L/(mg),
and bank angle ¢. The coordinates x, y, and h point east, north, and upward, respectively, and X is
measured clockwise from north.

Decomposing the velocity along vy and x gives
cosysiny

X
v=|y|=v|cosycosx]|, (4)
h siny

with unit flight direction t = v/||v||. Assuming thrust and drag act along the flight direction, New-
ton’s second law yields

T-D L
V= t+—ng+g, ng = ngcos G + (t X ng) sin P, (5)
m m
with .
tXz .
g=1[0,0,-g]", ny=bxt, b= ——, z2=10,0,1]". (6)
Il x z||

The lift direction ngy, is thus obtained by rotating the zero-bank lift direction ny about ¢ through the
bank angle ¢. Drag follows D = %p(h)vZS(CD0 + ka), with p(h) = poe ", where py is the air density
at sea level, h is the altitude above sea level, and H is the atmospheric density scale height. The lift
coefficient is C; = 2nmg/(p(h)v2S), with 0 < n < p(h)v2SCL max/(2mg) enforcing nonnegative lift and
the stall limit.

Differentiating X = atan2(vy, vy) and y = arcsin(v./v) gives

Vy Uy = V¥ Vi, — v ¥

. yVx — VxVy . 2~ Vg
x= 122 V==, Vv, = VoS, (7)

v2 v2 cosy

where v = t" V.

Appendix 7.2 Inverse Dynamics Model

To obtain supervision for the neural backbone, we estimate model-consistent control labels (T, n, $)
from ADS-B trajectories. We first estimate ¥, V, and x from smoothed trajectories. We then recover
the bank angle from the angular rates and invert Equation 5 by projecting the non-gravitational
acceleration v — g onto the lift and flight directions. Since the lift direction ng depends on ¢ and
drag D depends on n, the inverse model is evaluated sequentially in the order ¢ — n — T, with D
evaluated using the recovered load factor.

¢ =atan2(vy X, vY + gcosy), (8)
:(V_g)'nfb, (9)
g

T=m((v-g)-t)+D. (10)
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Appendix 8. Additional Qualitative Insights

@ Ipopt-Optimizer @ ApproachNet (FT-Transformer)
® FT-Transformer @ Tolerance Window @ LPV Funnel

(a) Close-up View (Airport Geometry). (b) Top-down View (Whole Trajectory).

(c) Side View (Final Approach). (d) Close-up View (Runway Threshold).

Figure 4. We show auto-regressively generated trajectories of a single approach from multiple camera views.
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