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Abstract
The increasing availability of open surveillance data has facilitated the development of data-driven trajectory-

prediction and conflict-detection models. However, the development of learning-based conflict-resolution

agents requires interactive training environments in which resolution actions and their consequences can

be explored. Since such training cannot currently be conducted in operational air traffic, simulation envi-

ronments provide a practical alternative. Nevertheless, discrepancies between simulated and operational

aircraft behaviour may affect the transferability of the trajectory-prediction and conflict-detection com-

ponents on which these agents rely, potentially limiting their performance in operational conditions. This

paper investigates the sim-to-real transferability of two probabilistic horizontal conflict-detection formu-

lations: a spatial approach based on predicted aircraft positions and a temporal approach based on arrival

times at predefined critical points. Both formulations are trained using trajectories generated with the

BlueSky simulator and evaluated on operational scenarios obtained from OpenSky Network data and

their corresponding simulated reconstructions to compare in-domain and out-of-domain performance.

Detection performance is assessed through missed-alert and false-alert rates across probability thresh-

olds, while prediction errors are examined to interpret cross-domain differences. The results show less

favourable overall conflict-detection performance under sim-to-real transfer, associated with increased

prediction errors. The spatial formulation exhibits pronounced differences in detection outcomes at cor-

responding probability thresholds, reaching high missed-alert rates at relatively low thresholds, whereas

the temporal formulation retains alerts over a broader threshold range and shows smaller changes in

threshold-dependent behaviour between domains. Differences in route geometry and aircraft speed evolu-

tion are identified as potential contributors to prediction degradation, with their relative influence depend-

ing on the underlying formulation. These findings highlight the importance of representative simulation

environments for developing transferable conflict-detection components and subsequent learning-based

conflict-resolution systems.
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1. Introduction 12

The development of advanced conflict-resolution support systems relies on trajectory prediction 13

and conflict detection to identify aircraft encounters that may lead to a loss of separation. Recent 14

advances in machine learning and artificial intelligence have encouraged increasingly data-driven 15

approaches to these functions. Large volumes of open Automatic Dependent Surveillance–Broadcast 16

(ADS-B) data, such as those provided by the OpenSky Network, facilitate the development and eval- 17

uation of trajectory-prediction and conflict-detection models [1]. However, operational surveillance 18

data contain relatively few encounters approaching a separation infringement, as air traffic con- 19

trollers generally intervene to prevent losses of separation. Furthermore, developing learning-based 20
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conflict-resolution agents, particularly those relying on reinforcement learning, requires interactive 21

environments in which resolution actions can be applied and their consequences evaluated. Since 22

such training cannot currently be conducted in operational air traffic, simulation provides a practi- 23

cal alternative, enabling controlled scenario generation, systematic variation of traffic, aircraft and 24

environmental conditions, and interactive training of conflict-resolution agents [2]. 25

Nevertheless, the applicability of simulation-trained resolution agents to operational conditions 26

depends, among other factors, on the transferability of their underlying data-driven components. 27

Discrepancies between simulated and operational aircraft behaviour, including differences in route 28

tracking, aircraft-performance characteristics, meteorological conditions and simulator dynamics, 29

may affect trajectory predictions and, consequently, conflict-probability estimates and detection de- 30

cisions. Assessing sim-to-real transferability is therefore an important step towards understanding 31

the limitations of simulation-based conflict-detection components. In particular, examining formu- 32

lations that represent predicted aircraft behaviour differently can provide insight into how domain 33

discrepancies influence conflict-detection performance. 34

This paper investigates the sim-to-real transferability of two complementary probabilistic horizon- 35

tal conflict-detection formulations. The first is a spatial formulation that estimates conflict prob- 36

ability from predicted aircraft positions and their associated uncertainty, considering a prescribed 37

horizontal-separation threshold [3]. The second is a temporal critical-point formulation that esti- 38

mates conflict probability from predicted aircraft arrival times at predefined critical points, consid- 39

ering a prescribed temporal-separation threshold [4]. Although both formulations provide conflict- 40

probability estimates, they differ in their prediction variables, uncertainty representations and sepa- 41

ration criteria. Their evaluationwithin a common experimental framework allows these formulation- 42

dependent characteristics to be considered when examining sim-to-real transferability. 43

The study evaluates both formulations, trained exclusively on simulated trajectories, using oper- 44

ational aircraft encounters and their corresponding simulated reconstructions. Detection perfor- 45

mance is evaluated through missed-alert and false-alert rates across probability thresholds, while 46

prediction errors are analysed to investigate potential sources of cross-domain differences. Particular 47

attention is given to differences in overall detection trade-offs and probability-threshold sensitivity, 48

as well as simulation characteristics that may limit transferability. 49

2. Conflict-Probability Estimation Methods 50

Two complementary conflict-probability estimation formulations are considered in this study: a spa- 51

tial formulation based on predicted aircraft positions and a temporal formulation based on predicted 52

arrival times at critical points. Both approaches incorporate prediction uncertainty to estimate con- 53

flict probabilities between 0 and 1. 54

2.0.1 Spatial Formulation 55

The spatial formulation is adapted from the Gaussian-SE-WTFTP+ trajectory-prediction framework, 56

which incorporates a Squeeze-and-Excitation module and Wavelet Transform-based trajectory pre- 57

diction [5]. For this study, the approach is adapted to en-route traffic, predicting future horizontal 58

aircraft positions over a 35-minute horizon using the preceding five minutes of observed trajectory 59

data. 60

Conflict probability estimation is performed from the predicted horizontal positions and their as- 61

sociated uncertainty, considering the relative-position distribution between aircraft and a horizon- 62

tal separation threshold of 5 NM. Conflict probability is evaluated at 1 s intervals throughout the 63

available prediction horizon, up to a maximum of 35 minutes. The maximum instantaneous con- 64

flict probability across these target prediction steps is retained as the conflict probability used for 65
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detection. 66

2.0.2 Temporal Formulation 67

The temporal formulation estimates conflict probability from the temporal separation between flights 68

at predefined critical points, corresponding to locations where the planned trajectories interact. This 69

approach is consistent with the use of critical points in air traffic controllers’ conflict reasoning [6] 70

and follows the temporal conflict-detection methodology proposed in [4]. 71

The formulation employs a multilayer perceptron model to predict the time required for an aircraft 72

to reach a predefined critical point along its reference trajectory, whose position is specified by the 73

arc-length variable γ [4, 7]. The predicted arrival-time uncertainty is then used to estimate the 74

probability that the temporal separation between aircraft at a predefined critical point falls below 60 75

s, following the conflict criterion adopted in [4]. The same predefined critical points are used for the 76

corresponding aircraft encounters in Sim-SCN and Real-SCN to ensure consistency in the temporal 77

conflict-probability estimation. Although the temporal formulation uses a 60 s separation threshold, 78

the subsequent detection evaluation uses observed horizontal separation infringements below 5 NM 79

as reference events for both formulations. 80

Unlike the spatial formulation, which uses predicted horizontal positions and their uncertainty, the 81

temporal formulation represents predictions and their associated uncertainty in terms of arrival 82

times and requires predefined critical points for conflict-probability estimation. 83

3. Experiment Plan 84

This section describes the experimental framework used to assess the sim-to-real transferability of 85

the two conflict-probability estimation formulations. Both models are trained exclusively on simu- 86

lated trajectories and evaluated on operational traffic scenarios and their corresponding simulated 87

reconstructions. 88

3.1 Airspace and Operational Dataset 89

The area of interest (AoI) is the LECMBDP collapsed sector in Spanish upper airspace, comprising 90

three elementary sectors: LECMBLU, LECMDGU and LECMPAU. Two intersecting cruise traffic 91

flows are selected for the analysis: a West–East flow (WE) and a South–North flow (SN). Their 92

representative planned routes intersect within LECMPAU. 93

Historical aircraft trajectories are obtained from the OpenSky Network and processed to identify the 94

selected flows using a clustering procedure based on principal component analysis and Recursive 95

Density-Based Clustering Algorithm with Noise [8, 9]. The extracted trajectories are used to charac- 96

terise the operational traffic and construct the real-domain evaluation scenarios, hereafter denoted 97

as Real-SCN. 98

The operational trajectories also provide the traffic characteristics used to construct the correspond- 99

ing simulated evaluation scenarios (Sim-SCN). Both evaluation datasets are derived from the same 100

underlying traffic demand, with comparable initial flight conditions and entry times, but differ in 101

their subsequent trajectory evolution. Real-SCN therefore constitutes the out-of-domain evaluation 102

dataset, whereas Sim-SCN constitutes the in-domain evaluation dataset. 103

3.2 Simulated Training Dataset 104

The training dataset is generated using the BlueSky air traffic simulator [10]. For each selected traffic 105

flow, 3,000 flights are simulated for model training and native testing. 106
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Aircraft follow representative waypoint sequences identified from recurrent route structures in the 107

operational data. For each flow, the aircraft type is randomly assigned and the Mach number is 108

randomly sampled between 0.70 and 0.88. Flight levels and initial conditions are specified in the 109

simulation scenarios, with aircraft performance modelled using the Base of Aircraft Data (BADA). 110

Lateral and vertical navigation (LNAV and VNAV) are enabled. 111

To ensure complete trajectories within the AoI, aircraft are introduced outside its boundary when 112

necessary. A simulation boundary extending 50 NM beyond the AoI is used to retain the relevant 113

trajectory segments before spatial filtering. 114

Meteorological conditions are obtained from ERA5 reanalysis data [11]. Wind fields are derived 115

from the zonal and meridional wind components at pressure levels of 300, 250, 225 and 200 hPa, and 116

vertically interpolated to FL350, FL360, FL370 and FL380. The resulting wind fields have an hourly 117

temporal resolution and a horizontal grid resolution of 0.5 degrees. 118

For each simulation scenario, a wind field is sampled and applied consistently to all simulated flights 119

throughout the scenario. In the current implementation, wind affects aircraft speed along the as- 120

signed route without changing its geometry. Meteorological variability therefore primarily affects 121

the temporal evolution of the generated trajectories. 122

The resulting synthetic dataset is used exclusively for model development, including training and 123

native testing, and remains separate from the scenarios used for the transferability evaluation. 124

3.3 Matched Simulated Evaluation Dataset 125

To assess transferability under comparable traffic conditions, the simulated evaluation dataset (Sim- 126

SCN) is constructed by reproducing selected operational traffic scenarios in BlueSky. Unlike the 127

simulated training dataset, the evaluation scenarios preserve the temporal overlap between traffic 128

flows, allowing horizontal infringements to be analysed. 129

Each simulated aircraft is initialised using information from its corresponding operational trajec- 130

tory. The reconstruction preserves the reference route, requested flight level and entry time into 131

the AoI. As aircraft-type information is unavailable, the A320 is assigned by default to all simulated 132

flights. Initial speed is approximated from the observed ground speed, flight level, heading and wind 133

conditions. 134

Simulations are performed with a time step of 1 s. Meteorological conditions are selected from ERA5 135

wind fields corresponding to the operational scenario dates. For each scenario, the wind field nearest 136

to the median aircraft entry time is selected and held fixed throughout the simulation. 137

After aircraft injection, trajectories evolve according to BlueSky’s aircraft-performance and navi- 138

gation models. Consequently, differences in initial-condition approximations, route representation 139

and aircraft-performance assumptions may produce different trajectory evolution and encounter 140

geometries across domains. 141

For the conflict-detection evaluation, encounters are selected according to the horizontal proximity 142

of aircraft belonging to the two flows. The selected sample includes aircraft pairs with a minimum 143

horizontal separation below 10 NM, including encounters in which the horizontal separation falls 144

below 5 NM while adequate vertical separation is maintained. Such encounters allow horizontal 145

conflict-detection performance to be examined without requiring an operational loss of separation. 146

3.4 Transferability Evaluation Protocol 147

The transferability analysis compares the conflict-detection performance of both formulations in 148

Sim-SCN and Real-SCN without retraining the models. Predictions are initiated at the earliest eval- 149
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Figure 1. Operational trajectories of the selected evaluation flights in the two intersecting traffic flows.

uation point for which the corresponding model inputs are available, generally near aircraft entry 150

into the AoI. For the spatial formulation, prediction requires five minutes of historical trajectory 151

observations, which may delay its evaluation point relative to the temporal formulation. 152

3.4.1 Conflict-detection evaluation 153

For each encounter, an estimated conflict probability is converted into a binary detection decision 154

using a probability threshold pthr. An alert is issued when the estimated probability exceeds the 155

threshold; otherwise, the alert is suppressed. 156

Reference infringement labels are determined using the complete realised trajectories of the corre- 157

sponding flight pairs. An encounter is labelled positive when its horizontal separation falls below 158

the prescribed 5 NM threshold and negative otherwise. 159

Detection performance is evaluated through correct alerts (CA), false alerts (FA), correct suppres- 160

sions (CS) and missed alerts (MA). A MA corresponds to an observed horizontal separation infringe- 161

ment for which no alert is issued, whereas a FA corresponds to an alert issued for an encounter 162

without an observed horizontal separation infringement. The missed-alert and false-alert rates are 163

defined as MA/(CA+MA) and FA/(FA+CS), respectively. These rates are used instead of absolute 164

counts to facilitate comparisons between datasets containing different numbers of positive and neg- 165

ative detections. 166

The probability threshold is varied from 0.01 to 0.99 to examine the trade-off between missed alerts 167

and false alerts. 168

The analysis is conducted separately for the spatial and temporal formulations and for the two eval- 169

uation domains. Differences in detection performance between Sim-SCN and Real-SCN are used to 170

assess sim-to-real transferability. 171

3.4.2 Supporting trajectory-prediction evaluation 172

To support the interpretation of conflict-detection results, trajectory-prediction errors are also eval- 173

uated in both domains. 174

For the spatial formulation, prediction errors are expressed as horizontal-position deviations be- 175

tween predicted and observed positions in nautical miles, whereas the temporal formulation uses 176

signed arrival-time prediction errors in seconds. The global µ and σ are calculated as the arithmetic 177
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averages of the corresponding residual means and standard deviations across the evaluated target 178

points. Additionally, the global root mean squared error (RMSE) is computed by equally weighting 179

the mean squared prediction errors across the evaluated target points. 180

For the spatial formulation, errors are additionally reported at prediction horizons of 45 and 900 s, 181

while temporal errors are examined at reference-trajectory distances of 5 and 100 NM. 182

Because the formulations predict different variables, their prediction errors are not compared di- 183

rectly. Instead, their changes between simulated and operational domains are examined to help 184

explain the corresponding differences in conflict-detection performance. 185

4. Results and Analysis 186

4.1 Conflict-Detection Transferability 187

Conflict-detection transferability is assessed by comparing the MA rates and FA rates obtained with 188

both formulations in the simulated (Sim-SCN) and operational (Real-SCN) evaluation datasets. De- 189

tection outcomes are evaluated against horizontal separation infringement labels determined sep- 190

arately from the realised trajectories in each domain. The same 52 flight pairs are considered in 191

Sim-SCN and Real-SCN, ensuring consistent encounter selection. 192

Figure 2 illustrates the trade-off between MA and FA rates across the considered probability thresh- 193

olds for both formulations and evaluation domains. 194

Figure 2. MA/FA trade-offs by probability threshold for the spatial and temporal formulations in Sim-SCN and Real-SCN.

Regarding sim-to-real transferability, both formulations exhibit less favourable conflict-detection 195

performance in the out-of-domain operational scenarios, Real-SCN, as reflected in the observed 196

MA/FA trade-offs. The differences between domains are more pronounced for the spatial formu- 197

lation. In particular, the spatial formulation exhibits an MA rate of approximately 20% in Real-SCN 198

even at the lowest evaluated probability threshold of 0.01, indicating that a proportion of observed 199

horizontal separation infringements are assigned very low estimated conflict probabilities and re- 200

main undetected within the evaluated threshold range. 201

Beyond the overallMA/FA trade-offs, Figure 3 and Table 1 reveal substantial differences in probability- 202

threshold sensitivity between the two formulations that are not directly observable from the trade-off 203

curves. For the spatial formulation in particular, both the MA and FA rates change markedly at rela- 204

tively low probability thresholds. The MA rate reaches 100% at thresholds of approximately 0.4–0.5, 205
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while the FA rate has already decreased to zero. This behaviour indicates that the spatial formulation 206

generally produces lower estimated conflict probabilities for the evaluated samples, with relatively 207

modest probability thresholds resulting in the suppression of most alerts. The transition towards 208

complete alert suppression also occurs at lower thresholds in Real-SCN than in Sim-SCN. 209

Table 1 provides a quantitative comparison of detection outcomes at a probability threshold of 0.35. 210

At this threshold, both formulations exhibit higher MA and FA rates in Real-SCN, illustrating a 211

change in the detection outcomes. These results complement the overall trade-off curves and high- 212

light the importance of considering both detection metrics when assessing domain-dependent per- 213

formance. 214

Figure 3. Missed-alert (left) and false-alert (right) rates by probability threshold for the spatial and temporal formulations
in Sim-SCN and Real-SCN.

Table 1. Conflict-detection performance at a probability threshold of 0.35.

Formulation Scenario CA FA CS MA MA rate (%) FA rate (%)

Spatial Sim-SCN 13 3 20 16 55.17 13.04

Spatial Real-SCN 6 5 18 23 79.31 21.74

Temporal Sim-SCN 28 14 9 1 3.45 60.87

Temporal Real-SCN 24 16 7 5 17.24 69.57

In comparison, the temporal formulation maintains relatively low MA rates over a broader range of 215

probability thresholds, approaching 100% MA only near the upper end of the evaluated threshold 216

range. Its FA rate also decreases progressively with increasing thresholds, reaching zero at slightly 217

different thresholds in Sim-SCN and Real-SCN. Consequently, the spatial formulation reaches the 218

limiting combination of 100% MA and 0% FA at substantially lower thresholds than the temporal 219

formulation. However, this combination does not represent improved detection performance, as it 220

indicates the suppression of alerts for both encounters with and without observed horizontal sepa- 221

ration infringements. 222

The distinct threshold-dependent behaviour of the two formulations and the deterioration observed 223

under sim-to-real transfer may be partly associated with differences in their prediction represen- 224

tations and uncertainty characteristics (see Section 4.2). Larger prediction errors may affect the 225

reliability of estimated conflict probabilities and reduce the ability to distinguish encounters with 226

and without observed horizontal separation infringements. Nevertheless, differences in encounter 227

composition and reference infringement labels between Sim-SCN and Real-SCNmay also contribute 228

to the observed performance differences between domains. 229
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Overall, both formulations exhibit degraded conflict-detection trade-offs when transferred from 230

simulated to operational scenarios, although they differ substantially in their probability-threshold 231

sensitivity. The spatial formulation generally produces lower estimated conflict probabilities and 232

reaches complete alert suppression at comparatively low thresholds, whereas the temporal formula- 233

tion retains alerts over a wider threshold range. These findings highlight the importance of consider- 234

ing both the overall MA/FA trade-off and threshold-dependent detection behaviour when assessing 235

the sim-to-real transferability of probabilistic conflict-detection formulations. 236

4.2 Trajectory-Prediction Transferability 237

To support the analysis of conflict-detection transferability, the prediction accuracy of both formu- 238

lations is evaluated in Sim-SCN and Real-SCN (see Tables 2 and 3). For the spatial formulation, 239

prediction errors are measured as horizontal-position deviations in nautical miles, whereas the tem- 240

poral formulation uses arrival-time errors in seconds. The µ and σ of these errors are reported 241

globally and at two representative prediction points, corresponding to shorter and longer prediction 242

horizons for the spatial formulation and reference-trajectory distances for the temporal formulation. 243

These statistics illustrate how prediction errors vary with the prediction target. 244

For the spatial formulation, subscripts 45 and 900 denote prediction horizons of 45 and 900 s, respec- 245

tively. For the temporal formulation, subscripts 5 and 100 denote distances of 5 and 100 NM along 246

the reference trajectory. 247

Table 2. Spatial formulation: horizontal-position-error statistics (NM).

Domain Flow RMSE µt σt µ45 σ45 µ900 σ900

Real-SCN South-North 25.87 17.16 17.97 9.86 27.39 19.78 14.36

Sim-SCN South-North 9.60 6.98 5.17 4.11 2.13 4.51 6.13

Real-SCN West-East 30.57 24.89 16.03 15.48 17.83 29.64 16.49

Sim-SCN West-East 9.82 7.75 2.66 1.85 0.31 9.43 2.88

The spatial formulation exhibits substantially larger prediction errors in Real-SCN than in Sim-SCN 248

for both traffic flows, as shown in Table 2. For the South–North flow, the global mean horizontal- 249

position error increases from 6.98 to 17.16 NM, while the RMSE increases from 9.60 to 25.87 NM. 250

Similarly, for the West–East flow, the global mean error increases from 7.75 to 24.89 NM, accompa- 251

nied by an RMSE increase from 9.82 to 30.57 NM. The average error standard deviations also increase, 252

indicating greater variability in the prediction residuals at the evaluated target points. 253

Table 3. Temporal formulation: signed arrival-time-error statistics (s).

Domain Flow RMSE µγ σγ µ5 σ5 µ100 σ100

Real-SCN South-North 46.68 -34.13 6.04 1.50 2.51 -37.44 6.76

Real-SCN West-East 17.46 -1.50 1.22 0.99 0.40 -0.92 1.25

Sim-SCN South-North 27.52 -15.90 5.20 -3.13 0.62 -16.65 6.27

Sim-SCN West-East 16.53 0.02 0.82 1.01 0.18 0.76 0.73

The temporal formulation also exhibits differences between domains, although their magnitude 254

varies between flows (Table 3). For the South–North flow, the global mean arrival-time error changes 255

from -15.90 s in Sim-SCN to -34.13 s in Real-SCN, accompanied by an RMSE increase from 27.52 to 256

46.68 s. This indicates both a larger negative prediction bias and greater overall error magnitude in 257

the operational domain. In contrast, the West–East flow exhibits smaller changes in the global mean 258

error, from 0.02 to -1.50 s, and in RMSE, from 16.53 to 17.46 s. These results suggest that temporal 259
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prediction transferability is flow-dependent, with substantially greater degradation observed for the 260

South–North flow. 261

Overall, both formulations exhibit reduced prediction accuracy when applied to operational trajec- 262

tories, although the magnitude and characteristics of the differences vary across formulations and 263

traffic flows. These results support the interpretation of the conflict-detection results and motivate 264

a closer examination of the discrepancies between simulated and operational aircraft behaviour. 265

4.3 Analysis of Domain-Shift Effects 266

The differences in conflict-detection performance observed in Section 4.1 can be examined in rela- 267

tion to the prediction uncertainty and the discrepancies between simulated and operational flight 268

behaviour. In particular, discrepancies in route geometry and speed profile may contribute to the ob- 269

served transferability differences of both formulations, although their relative influence may depend 270

on the underlying prediction representation. Route-geometry discrepancies are expected to have a 271

more direct influence on the spatial formulation, which predicts future aircraft positions based on 272

past positions, whereas speed-evolution discrepancies are particularly relevant to the temporal for- 273

mulation, which predicts arrival times along reference trajectories. Nevertheless, these effects are 274

not independent, as aircraft speed also influences spatial trajectory evolution, while route geome- 275

try can affect predicted arrival times. The following analysis examines these potential mechanisms 276

through representative trajectory and prediction examples. 277

Prediction uncertainty plays an important role in both conflict-probability formulations, particularly 278

at longer prediction horizons. For the spatial formulation, the predicted positional uncertainty can 279

extend considerably beyond the 5 NMhorizontal separation threshold. Consequently, evenwhen the 280

predictedmean positions indicate a horizontal separation below this threshold, the estimated conflict 281

probability may remain relatively low depending on the dispersion of the predicted relative-position 282

distribution. This may result in missed alerts when the estimated probability falls below the alert 283

threshold despite an observed horizontal separation infringement. The temporal formulation instead 284

considers uncertainty in arrival times at a predefined critical point, using a temporal separation 285

threshold of 60 s. Differences in uncertainty representation may therefore contribute to the distinct 286

conflict-probability distributions and detection behaviours observed in Section 4.1. 287

As both formulations are based on data-driven algorithms, another relevant factor is the discrep- 288

ancy between the trajectory patterns represented in the simulated training data and those observed 289

operationally in the evaluation data. In the simulated dataset, aircraft follow predefined waypoint 290

sequences under LNAV and VNAV guidance, resulting in consistent route geometries. Operational 291

trajectories, however, may deviate from these representative routes due to differences in flight execu- 292

tion, air traffic control instructions or meteorological conditions. Consequently, the spatial predictor 293

may encounter trajectory patterns in Real-SCN that are not adequately represented during training. 294

Figure 4 illustrates this behaviour for a selected flight pair. In Sim-SCN, the predicted and simulated 295

trajectories remain relatively close during the initial segments, with deviations becoming more no- 296

ticeable around subsequent heading changes. In Real-SCN, larger discrepancies between predicted 297

and observed trajectories are apparent. These differences are consistent with the larger spatial pre- 298

diction errors reported in Section 4.2. The green markers indicate the prediction evaluation points, 299

which occur after entry into the AoIwhen the five-minute observation history required by the spatial 300

formulation becomes available. 301

Differences between domains are also observed in aircraft speed evolution. Figure 5(a) compares 302

the ground-speed profiles of the selected flight pair. Although speed variations are present in both 303

domains, partly associated with heading changes, the simulated trajectories exhibit more abrupt 304

speed changes than their operational counterparts. These discrepancies are particularly noticeable 305
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Figure 4. Comparison of spatial trajectory predictions for a selected aircraft pair in simulated (left) and operational (right)
scenarios.

for the South–North flight, whereas the West–East flight shows comparatively smaller differences.

Figure 5. Aircraft speed evolution: (a) ground-speed profiles of the selected aircraft pair in simulated and operational sce-
narios; (b) Mach-number adjustment in BlueSky for flights initialised below and above the assigned maximum operating
Mach number, without wind.

306

An additional source of speed variation in Sim-SCN arises from BlueSky’s aircraft-performance con- 307

straints. When an aircraft is initialised at a speed exceeding the maximum operating Mach number 308

(MMO) or maximum operating speed of its assigned aircraft model, the simulator adjusts its speed 309

automatically to satisfy the corresponding limit. This behaviour is illustrated in Figure 5(b), which 310

compares two additional flights simulated without wind. The flight initialised below the Mach limit 311

maintains its assigned speed across the whole trajectory, whereas the flight initialised above the 312

limit undergoes a speed reduction until the maximum operating Mach number is reached. 313

Since theA320 is assigned by default in Sim-SCN, some aircraftmay be initialised at speeds exceeding 314

the performance limits of the assigned model. The resulting speed adjustments may not occur in 315

their operational counterparts, contributing to cross-domain speed-profile discrepancies. 316
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These speed-profile discrepancies are particularly relevant to the temporal formulation, which esti- 317

mates arrival times along reference trajectories. Figure 6 presents the temporal prediction residuals 318

for the same aircraft pair. For the West–East flight, the residuals remain comparatively similar be- 319

tween Sim-SCN and Real-SCN, reaching approximately 20 s towards the end of the evaluated trajec- 320

tory. In contrast, the South–North flight exhibits a considerably larger difference between domains. 321

While the simulated residual remains relatively small, reaching approximately -20 s, the operational 322

residual decreases progressively to approximately -120 s. This behaviour is consistent with the larger 323

differences in speed evolution observed for the South–North flight and the flow-dependent temporal 324

prediction errors reported in Section 4.2. 325

Figure 6. Comparisonof temporal trajectory predictions for a selected aircraft pair in simulated (left) andoperational (right)
scenarios.

Although the presented examples do not isolate the individual contribution of each factor to conflict- 326

detection performance, they illustrate mechanisms that may help explain the domain-dependent 327

detection behaviour reported in Section 4.1. 328

5. Discussion 329

The results indicate that the spatial and temporal formulations both exhibit less-favourable conflict 330

detection performance in operational scenarios than in simulated scenarios, associated with reduced 331

trajectory-prediction accuracy in operational scenarios. In addition, the threshold-response curves 332

show that spatial conflict probabilities are generally lower than those produced by the temporal for- 333

mulation, especially for the operational sample. Consequently, the spatial MA rate rises to 100% and 334

its FA rate falls to zero at comparatively low probability thresholds. The temporal formulation retains 335

nonzero detection rates over a much broader threshold range, even though its operational MA/FA 336

trade-off also deteriorates. Thus, both discrimination and threshold sensitivity must be considered 337

when assessing transferability; a reduction in false alerts that arises solely from suppressing nearly 338

all alerts does not indicate improved conflict detection. These findings suggest that sim-to-real trans- 339

ferability depends not only on the prediction model but also on how its outputs are translated into 340

conflict probabilities and detection decisions. 341

Nevertheless, as the two formulations employ different conflict representations and separation thresh- 342

olds, their comparison is intended to illustrate formulation-dependent transferability rather than 343

establish the general superiority of either approach. 344

The differences between domains may be partly related to the characteristics of the simulated train- 345

ing data. Aircraft in the training scenarios follow representative waypoint sequences, whereas oper- 346
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ational trajectories exhibit greater variability and deviations from these routes. This discrepancy is 347

particularly relevant to the spatial formulation, which relies on learned trajectory patterns and may 348

therefore struggle to predict manoeuvres that are insufficiently represented during training. Fur- 349

thermore, the spatial formulation was originally developed for shorter prediction horizons during 350

climb and descent, and its direct adaptation to longer-horizon en-route prediction may contribute 351

to the observed prediction errors. 352

For the temporal formulation, route deviations have a less direct influence because predictions are 353

expressed in terms of distance along a reference trajectory rather than geographical position. Nev- 354

ertheless, the formulation remains dependent on the assumed route geometry and the location of 355

the critical point. Differences in aircraft speed evolution are particularly relevant because the model 356

predicts arrival times along the reference trajectory. The simulated evaluation scenarios exhibit 357

speed-profile discrepancies associated with aircraft-performance constraints and assumptions used 358

during scenario reconstruction. In particular, assigning a default aircraft model when the actual type 359

is unavailable may introduce speed adjustments that differ from operational behaviour. Such dis- 360

crepancies can affect arrival-time predictions and, consequently, the estimated temporal separation 361

between aircraft. 362

Several limitations should be considered when interpreting these findings. First, the simulated train- 363

ing trajectories follow predefined routes without conflict-resolution interventions, limiting the rep- 364

resentation of manoeuvring behaviour observed in operational traffic. Introducing a wider variety of 365

route patterns and simulated manoeuvres could improve the representativeness of the training data. 366

Second, aircraft-performance assumptions and simplified meteorological effects may contribute to 367

discrepancies between domains. Third, predictions are evaluated at relatively early encounter stages, 368

when long prediction horizons can produce substantial uncertainty. Evaluating predictions closer to 369

the potential conflict could provide additional insight into detection performance at shorter horizons. 370

The evaluation design also introduces limitations. The analysis is restricted to two en-route traf- 371

fic flows, limiting the generalisability of the findings. Another consideration is that the temporal 372

formulation adopts a 60 s temporal-separation criterion from the reference formulation, whereas 373

detection performance is evaluated against observed horizontal separation infringements below 5 374

NM. As these criteria are not strictly equivalent, their differences may also contribute to the result- 375

ing detection outcomes. Finally, the analysis considers only sim-to-real transferability. Evaluating 376

the reverse transfer direction, from operationally trained models to simulated scenarios, could pro- 377

vide complementary insights into the suitability of simulation environments for training conflict- 378

resolution agents, with the ultimate goal of improving their transferability to operational conditions. 379

Overall, the results highlight the importance of representing operational trajectory variability and 380

aircraft-performance characteristics when developing simulation-based training environments for 381

learning-based conflict-resolution systems that rely on probabilistic conflict-detection components. 382

Improving the representativeness of simulated trajectories, refining aircraft-model assignment, and 383

examining the sensitivity of the conflict-probability formulations to prediction uncertainty and critical- 384

point selection are therefore relevant directions for improving sim-to-real transferability. 385

6. Conclusions 386

This study evaluated the sim-to-real transferability of two probabilistic aircraft conflict-detection 387

formulations trained exclusively on simulated trajectories and evaluated on simulated and oper- 388

ational scenarios. The results show less favourable conflict-detection performance in operational 389

scenarios, accompanied by increased trajectory-prediction errors. The spatial formulation addition- 390

ally produces generally lower estimated conflict probabilities for the evaluated encounters, reaching 391

complete alert suppression at comparatively low probability thresholds. This behaviour is especially 392
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pronounced in operational scenarios and demonstrates the importance of examining probability- 393

threshold responses as well as overall detection trade-offs. The temporal formulation retains alerts 394

over a broader threshold range but also exhibits degradation in its operational trade-off. 395

Both formulations exhibit reduced prediction accuracy in operational scenarios, although the char- 396

acteristics of the degradation differ. Route-geometry and speed-evolution discrepancies may affect 397

both formulations, with their relative influence depending on the underlying prediction represen- 398

tation. The observed results suggest that route-pattern discrepancies may be particularly relevant 399

to the spatial formulation, whereas speed-evolution discrepancies may be especially relevant to the 400

temporal formulation. However, the present analysis does not isolate or quantify the individual 401

contributions of these factors to the observed transferability differences. The findings highlight the 402

importance of improving the representativeness of simulated trajectories and aircraft-performance 403

characteristics to enhance the transferability of simulation-trained conflict-detection components 404

intended for learning-based conflict-resolution systems. 405
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