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Abstract
Characterizing an unknown aerial object from motion alone can provide an early evidence layer for
broader situational- and intent-assessment systems, especially when imagery, aircraft dimensions, or
reliable identity metadata are unavailable. This work studies whether broad aircraft categories can be
identified progressively from OpenSky Automatic Dependent Surveillance–Broadcast (ADS-B) trajecto-
ries using only causal kinematic information. We consider three classes—helicopter, jet, and propeller—
and generate a new class probability vector at every eligible observation as the observed trajectory prefix
grows. The benchmark is built from a flight-balanced OpenSky cohort containing approximately 4.21
million observations and 30,276 flights collected from January 1 to May 2, 2023 over an Ohio–Kentucky–
Indiana region. Aircraft identities, absolute latitude/longitude, and category metadata are excluded from
predictive inputs, and all retained flights from one aircraft remain in a single data partition. Linear SVM,
XGBoost, recurrent sequence models, a causal Transformer, and a stacked probability ensemble are eval-
uated using conventional classification and calibration measures together with flight-centric measures of
first correctness, prediction switching, short-term stability, and long-term correct stability. On 5,102 test
flights from 255 aircraft excluded from all model-development partitions, the strongest models achieve
approximately 95% macro-F1. The stacked ensemble reaches 95.33% macro-F1, while XGBoost reaches
95.13% with the lowest log loss (0.155) and ECE (0.007). Among flights that become correct at least once,
the median first-correct prediction for the strongest models occurs at the first eligible position, corre-
sponding to approximately 40 seconds of retained trajectory history; roughly 94–95% of all test flights
eventually reach a correct prediction that remains unchanged through the end of the retained trajectory.
The results show that aircraft category can often be inferred early from kinematics alone, while models
with similar aggregate accuracy can differ materially in probability quality and temporal stability.
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1. Introduction 13

Airspace monitoring increasingly involves a mixture of commercial aircraft, general aviation, rotor- 14

craft, and emerging unmanned systems. In a high-uncertainty setting, a surveillance system may 15

observe motion before it has trustworthy information about the object’s identity, mission, or in- 16

tent. Aircraft category is not itself a threat label, but it can provide a useful first evidence layer: the 17

interpretation of speed, altitude, maneuvering, geographic context, and later anomalous behavior 18

depends strongly on what kind of vehicle is being observed. 19

We deliberately isolate a first question relevant to broader surveillance and situational assessment: 20

can a broad aircraft category be inferred from observed kinematics alone, without imagery, physical 21
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dimensions, or identity-based predictive features? OpenSky ADS-B trajectories provide a large real- 22

world test bed for this question. The longer-term motivation is sensor-agnostic: radar can also 23

provide position andmotion histories, so a representation centered on kinematics may transfer more 24

naturally than one tied to self-reported identity fields or visual appearance. 25

The paper focuses on three broad aircraft categories—helicopter, jet, and propeller—and on a 26

progressive inference setting. Rather than waiting for a complete trajectory, a model produces a 27

class probability distribution repeatedly as new observations arrive. This changes the evaluation 28

question from only “Was the final classification correct?” to “How early did the model become 29

correct, did it stay correct, how often did it switch, and how did confidence evolve?” 30

The contributions of this work are fourfold: 31

• a causal progressive aircraft-category classification formulation in which a new prediction is pro- 32

duced for every eligible ADS-B observation; 33

• an aircraft-disjoint benchmark on real OpenSky trajectories, with absolute geography and aircraft 34

identity excluded from predictive inputs; 35

• flight-centric evaluation measures that distinguish first correctness, prediction switching, short- 36

term stability, and a correct prediction that remains stable through the rest of the flight; and 37

• a comparison of engineered-feature and sequence-model approaches showing that greater model 38

complexity does not necessarily provide a substantial practical advantage over a calibrated, inter- 39

pretable XGBoost model. 40

The intended scope is deliberately limited. The method does not infer hostile intent, authorization 41

status, or threat. It estimates broad aircraft category from motion and provides a progressively up- 42

dated probability distribution that can later be combined with geographic, airspace, mission, and 43

anomaly evidence in a broader assessment system. The contribution is therefore not a new classi- 44

fier architecture; it is the causal progressive formulation, leakage-resistant benchmark design, and 45

evaluation protocol for measuring when a decision becomes correct, stable, and probabilistically 46

trustworthy. 47

2. Related Work 48

The OpenSky Network was developed to provide the research community with large-scale access to 49

real-world air-traffic surveillance data, particularly ADS-B and Mode S observations [1]. OpenSky 50

data have since supported work on trajectory prediction, traffic analysis, operational-event detec- 51

tion, anomaly detection, and aircraft characterization. Reviews of four-dimensional trajectory pre- 52

diction highlight the broad use of surveillance trajectories in data-driven aviation research [2], while 53

recent work has also emphasized the importance of preprocessing noisy and uncertain crowdsourced 54

ADS-B data [3]. 55

A closely related problem is inferring aircraft metadata from behavior. Classi-Fly demonstrated that 56

aircraft categories can be estimated from open trajectory data using behavior-derived features, re- 57

porting that movement patterns contain substantial category information even when self-reported 58

metadata are unreliable [4]. Bolton et al. used multivariate LSTM–fully convolutional networks 59

for aircraft engine-type classification from public ADS-B data and showed the importance of fea- 60

ture selection and data quality [5]. Other work has explored unsupervised aircraft categorization 61

from motion features [6]. Together, these studies establish that aircraft motion is informative about 62

aircraft type or operating category. 63

Our focus is complementary but different. Prior behavior-based classification studies primarily ask 64

whether an aircraft can be categorized from a trajectory or collection of trajectories. We ask how 65
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the prediction behaves while the trajectory is still unfolding. The model is re-evaluated at every 66

eligible observation using only a causal prefix, and the evaluation is performed at the flight level to 67

quantify correctness onset, switching, stability, and confidence evolution. This distinction matters 68

in operational settings because two models with nearly identical aggregate accuracy can behave 69

differently during the first minutes of observation. 70

OpenSky trajectories have also been used for anomaly and event detection. Olive et al. compared 71

rule-based and data-driven approaches for recognizing operational events in aircraft trajectories [7]; 72

Corrado et al. studied spatial and energy anomalies in ADS-B trajectories [8]; and Baege et al. 73

demonstrated scalable timing-based anomaly detection on real OpenSky data [9]. These efforts mo- 74

tivate the broader context of this paper: category inference is one component that can eventually 75

inform how unusual motion is interpreted, but category classification and anomaly or intent assess- 76

ment should remain separate tasks. 77

3. Data and Experimental Design 78

3.1 OpenSky study region and source data 79

The study uses OpenSky historical state vectors over approximately 38◦–42◦ N and 86◦–82◦ W, cov- 80

ering Ohio and portions of Kentucky and Indiana. Hourly Trino queries retained latitude, longitude, 81

barometric altitude, ground speed, heading, callsign, and ground status; sampled timestamps satis- 82

fying time % 10 = 0; removed stale states with time-lastcontact > 15 seconds; and required at 83

least 30 sampled observations for an aircraft within an hourly query. The archived study snapshot 84

contains 2,912 hourly partitions from January 1 through May 2, 2023. After metadata labeling, flight 85

construction, target-class filtering, and benchmark cohort selection, the analysis snapshot contains 86

4,211,511 observations from 1,776 aircraft and 30,276 flight records. The 10-second query cadence is 87

reflected in a 10-second median within-flight interval after cleaning. 88

Supervised category labels were established before model fitting by joining telemetry to OpenSky 89

aircraft metadata on normalized icao24, after deduplicating the metadata to one row per aircraft. 90

The labeling script uses icaoaircrafttype, typecode, manufacturername, and model in a fixed prece- 91

dence order. It first identifies non-target UAV, glider, balloon/LTA, and selected military records. 92

Among the remaining aircraft, an icaoaircrafttype beginning with H or typecode=UHEL maps to 93

helicopter; an icaoaircrafttype ending in J, or a type code containing B7, A3, GLF, LJ, or CL, 94

maps to jet; and an icaoaircrafttype ending in P or T maps to propeller. Other records map to 95

unknown. Only the three target labels are retained. The complete executable mapping, including 96

preceding non-target rules, is supplied with the reproducibility material. Thus metadata establishes 97

the supervised target but is not a predictive input. 98

The benchmark cohort is intentionally balanced by flight count before the final aircraft-disjoint split. 99

After removing flights shorter than 30 observations, all eligible helicopter flights are retained and 100

jet and propeller flights are selected with a seeded aircraft-first procedure until each class matches 101

the helicopter count (10,092 flights per class in the analysis snapshot). This design reduces class- 102

frequency dominance for model comparison but does not represent real-world class prevalence. Pre- 103

dictive inputs exclude icao24, callsign, category metadata, and absolute latitude/longitude. Relative 104

displacement from the start of the retained airborne segment remains available as a causal kinematic 105

feature. 106

3.2 Flight construction and causal cleaning 107

Continuous records from the same aircraft are first segmented into upstream flights whenever the 108

observation gap exceeds 600 seconds. Each upstream flight is then ordered by timestamp, duplicate 109

timestamps are removed, and required numeric state fields are forward-filled; no backward fill or 110
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interpolation of numeric kinematics from future rows is used. Airborne-segment construction is 111

an offline preprocessing step. To avoid fragmenting an otherwise continuous segment because of 112

brief status glitches, an internal ground-status run of at most two observations is repaired when it 113

is bounded on both sides by airborne observations. That specific status repair inspects a following 114

observation and therefore should not be interpreted as strictly online preprocessing. The longest 115

continuous airborne run is then retained, and a flight must contain at least 30 airborne observations 116

to remain in the study. After the retained segment is fixed, every engineered feature and everymodel 117

prediction at position t uses only observations at or before t. After this cleaning, 30,160 flights from 118

1,774 aircraft and 4,173,175 airborne observations remain. 119

Predictions begin at airborne position 5. Positions 1–4 are preserved as history, but they are not 120

individually scored because the engineered representation uses a five-observation rolling window. 121

At the nominal 10-second cadence, position 5 corresponds to approximately 40 seconds after the 122

first retained observation. 123

3.3 Aircraft-disjoint data partitions 124

All retained flights from a single aircraft identity (icao24) are assigned to one partition. This prevents 125

observations or flights from the same physical aircraft from appearing in both training and test data. 126

The partition roles are separated so that model fitting, tuning, probability calibration, ensemble 127

fitting, and final testing use disjoint aircraft sets. Table 1 summarizes the final partitions. “Eligible 128

observations” exclude positions 1–4 from each retained flight. 129

Table 1. Aircraft-disjoint data partitions.

Partition Aircraft Flights Eligible observations

Train 1,268 19,877 2,377,090
Tune 151 3,147 501,321
Calibration 50 1,009 187,304
Ensemble development 50 1,025 182,307
Test 255 5,102 804,513

Within the test partition, the 804,513 eligible observations comprise 224,431 helicopter, 232,180 jet, 130

and 347,902 propeller observations from 1,636, 1,753, and 1,713 flights, respectively. During fitting, 131

tuning, calibration, and ensemble development, sample weights give flights equal total weight within 132

each class and balance the classes. The headline test metrics reported below are unweighted over 133

eligible observations; separate flight-centric metrics prevent long flights from being the only view 134

of performance. 135

4. Progressive Classification Method 136

4.1 Problem formulation 137

For flight i, let xi,1:Ti denote the retained airborne sequence and yi ∈ {1, 2, 3} the aircraft category. At 138

each eligible position t ≥ 5, the classifier receives only the causal prefix xi,1:t and produces 139

pi,t = f (xi,1:t ), ŷi,t = argmax
c

pi,t,c , (1)

where pi,t is a three-class probability vector. No observation after t is available to the model or to 140

any derived feature at that point. 141
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The engineered-featuremodels use a causal transformationϕ(xi,1:t ) of the prefix. The sequencemod- 142

els instead receive the instantaneous feature sequence up to t and learn the temporal representation 143

directly. 144

4.2 Causal feature representations 145

XGBoost and the Linear SVM use 50 engineered features. The features are grouped in Table 2. 146

They include instantaneous motion, cumulative behavior, running statistics, five-observation rolling 147

variability, and behavioral indicators. Relative east/north displacement is measured from the first 148

retained airborne point rather than from an absolute geographic coordinate. 149

Table 2. Feature groups used by the engineered-feature models. All quantities are causal.

Group Examples

Instantaneous motion Relative east/north displacement, altitude, speed, heading sine/cosine,
time delta, speed change, acceleration, altitude change, climb rate, head-
ing change, turn rate, step distance

Cumulative behavior Radial distance, cumulative distance, cumulative absolute alti-
tude/heading/speed change, net altitude change, elapsed time

Running statistics Expanding speed and altitude mean/std/min/max, running maximum al-
titude

Recent variability Five-observation speed, climb, turn, altitude, and distance statistics; in-
terquartile ranges

Behavioral indicators Hover flag/count, high-variability flag/count, composite behavior score

The GRU, LSTM, and Transformer use a smaller 16-dimensional instantaneous representation: rel- 150

ative displacement, altitude, speed, heading sine/cosine, time delta, first differences, acceleration, 151

climb rate, turn rate, step distance, elapsed time, and airborne position. They do not receive the cu- 152

mulative, rolling-window, hover, or composite behavioral features used by XGBoost and the SVM. 153

All preprocessing parameters are fitted using training data only. Numeric features are median- 154

imputed when necessary and clipped to the 0.001 and 0.999 training quantiles. XGBoost uses the 155

clipped features directly, whereas the SVM and sequence models use standardized features. 156

4.3 Model families 157

The principal standalone models evaluated in the study are: 158

• Linear SVM: a linear margin-based baseline using the 50 engineered features. The regularization 159

parameter is tuned on the dedicated tuning partition and the output is probability calibrated. 160

• XGBoost: gradient-boosted decision trees using the 50 engineered features, allowing nonlinear 161

interactions among interpretable kinematic and behavioral quantities [10]. The final run uses 162

learning rate 0.04, maximumdepth 8, subsampling and column sampling of 0.85, and early stopping 163

on tuning-set macro-F1; the selected best iteration is 106. 164

• GRU: a two-layer gated recurrent network with hidden size 192 that processes the available in- 165

stantaneous sequence prefix [11]. 166

• Causal Transformer: a four-layer attention model (dmodel = 128, eight heads) using a causal 167

mask so a prediction cannot attend to future observations [12]. 168

• Stacked probability ensemble: multinomial logistic regression trained on a reserved ensemble- 169

development partition. For full transparency, the stacker uses 18 probability inputs from six cal- 170
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ibrated base learners: XGBoost, Linear SVM, LSTM, GRU, causal Transformer, and a GRU fusion 171

model that combines sequence and engineered features. Standalone LSTM and GRU-fusion results 172

are included in Appendix 1. 173

The sequence models use dropout and early stopping on the tuning partition. XGBoost and the 174

deep models are temperature calibrated using only the calibration partition; temperature scaling is a 175

standard post-hoc approach for improving probabilistic calibration [13]. The XGBoost temperature 176

in the final run is 0.8602. The stacked ensemble is then fitted on the separate ensemble-development 177

partition, avoiding the reuse of test data for model combination. 178

4.4 Use of AI 179

OpenAI ChatGPT was used as an interactive assistance tool during portions of software debug- 180

ging, documentation and reproducibility-package auditing, preparation of manuscript figures from 181

author-verified result tables, andmanuscript language/organization. It was not used to collect Open- 182

Sky observations or to generate the reported trained-model outputs. The authors reviewed and ver- 183

ified the executed analyses, numerical results, methodological descriptions, figures, and scientific 184

interpretation. 185

5. Evaluation 186

5.1 Observation-level metrics 187

We report unweighted test-set accuracy, balanced accuracy, macro-F1, multiclass log loss, and ex- 188

pected calibration error (ECE). Balanced accuracy and macro-F1 reduce the influence of class imbal- 189

ance by giving each class equal importance. Log loss evaluates the complete probability distribution 190

and penalizes confident wrong predictions more strongly than low-confidence errors. ECE is com- 191

puted with 15 confidence bins and measures the gap between predicted confidence and empirical 192

accuracy. 193

Because successive predictions from the same flight are dependent, headline observation-level met- 194

rics are supplemented with flight-centric measures rather than treated as independent samples. 195

5.2 Flight-centric progressive metrics 196

For each test flight, we evaluate the ordered prediction sequence beginning at airborne position 5. 197

First correct prediction. The first eligible position at which ŷi,t = yi: 198

tFCi = min{t : ŷi,t = yi}. (2)

If the model is already correct at position 5, elapsed timemeasured from the first eligible prediction is 199

zero; in this paperwe therefore report the airborne position and interpret position 5 as approximately 200

40 seconds after the first retained observation at the nominal cadence. 201

Prediction switching. For a flight with eligible predictions t = 5, . . . , Ti, the switch count is 202

Si =
Ti∑︁
t=6

⊮[ŷi,t ≠ ŷi,t−1]. (3)

A low switch count indicates temporal consistency, although a consistently wrong model can also 203

have few switches. 204
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Short-term stable correct. A short-term stable-correct onset is the first position that begins a run 205

of at least five consecutive correct predictions. This captures a locally stable decision while allowing 206

later destabilization to be measured explicitly. 207

Long-term stable correct. A long-term stable-correct onset is the first position after which every 208

remaining eligible prediction is correct, with at least five predictions available in the stable run. The 209

corresponding rate is the fraction of test flights for which such an onset exists. This metric distin- 210

guishes temporary correctness from a decision that remains dependable as more evidence arrives. 211

We also report the fraction of short-term stable-correct flights that later destabilize and the 212

confidence at stabilization onset. Separate analysis records stable incorrect runs, because a high- 213

confidence wrong decision can be more operationally consequential than a visibly uncertain 214

one. 215

The stability-onset quantities are retrospective evaluation descriptors rather than online stopping 216

rules. A short-term onset at position t can only be confirmed after the fifth consecutive correct pre- 217

diction has been observed, while a long-term stable-correct onset is known only after the remainder 218

of the retained flight has been evaluated. 219

5.3 Paired flight bootstrap 220

To compare models while respecting within-flight dependence, uncertainty is estimated using 1,000 221

paired bootstrap resamples at the flight level with 95% confidence intervals. The same sampled flights 222

are used for both models in each paired comparison. The resampling unit is a flight rather than an 223

observation. Because some unseen test aircraft contribute multiple flights, this bootstrap does not 224

additionally cluster at the aircraft level; its intervals therefore account for within-flight dependence 225

butmay be less conservative than an aircraft-level bootstrap. We use it as a paired sensitivity analysis 226

for small model differences rather than as evidence of complete statistical independence among 227

flights. 228

6. Results 229

6.1 Observation-level classification and calibration 230

Table 3 reports the main five model results. All nonlinear and sequence-based approaches achieve 231

approximately 95% macro-F1, while the Linear SVM trails at 91.41%. The stacked ensemble has the 232

highest macro-F1 point estimate (95.33%), only 0.20 percentage points above XGBoost (95.13%). XG- 233

Boost, however, has the lowest log loss (0.1548) and lowest ECE (0.0070), indicating substantially 234

better probability quality than the stacked ensemble despite nearly identical classification perfor- 235

mance. 236

Table 3. Unweighted observation-level performance on 804,513 eligible observations from 5,102 test flights belonging to
aircraft excluded from all model-development partitions.

Model Accuracy Balanced acc. Macro-F1 Log loss ECE

Stacked ensemble 95.30% 95.52% 95.33% 0.2879 0.0354
XGBoost 95.12% 95.11% 95.13% 0.1548 0.0070
Transformer 94.96% 95.48% 95.00% 0.1791 0.0114
GRU 94.95% 95.27% 94.99% 0.1702 0.0077
Linear SVM 91.32% 91.65% 91.41% 0.4382 0.0380
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The paired flight bootstrap supports the interpretation that the ensemble and XGBoost are very close 237

on headline classification. For macro-F1, XGBoost minus ensemble is −0.20 percentage points with a 238

95% interval of approximately [−0.58, 0.17], and for accuracy the interval also crosses zero. Balanced 239

accuracy is a small exception: the ensemble exceeds XGBoost by about 0.41 percentage points, with 240

the paired interval narrowly excluding zero. Thus, the ensemble has amodest advantage on balanced 241

recall, but there is no broad statistical separation on the main accuracy and macro-F1 measures. 242

Figure 1 shows the XGBoost row-normalized confusion matrix. Recall is 94.55% for helicopters, 243

95.66% for jets, and 95.13% for propeller aircraft. The Transformer attains the highest helicopter and 244

jet recall among the evaluated models (96.70% and 97.73%), but its propeller recall is lower (92.00%), 245

illustrating a class-specific trade-off that is obscured by a single aggregate score. 246

HELICOPTER JET PROPELLER
Predicted category

HELICOPTER

JET

PROPELLER

Tr
ue

 c
at

eg
or

y

94.6% 1.9% 3.5%

0.5% 95.7% 3.8%

1.5% 3.4% 95.1%

Figure 1. XGBoost row-normalized confusion matrix on the unseen-aircraft test partition. Rows are true categories and sum
to 100%; cells show row percentages.

6.2 Progressive accuracy and probability evolution 247

XGBoost is already strong early in the retained trajectory. In the first 5% trajectory-progress bin, 248

its observation-level accuracy is 93.43% and mean true-class probability is 89.65%. Accuracy rises to 249

roughly 95% as additional evidence accumulates, while the mean true-class probability rises above 250

92% and remains stable over much of the later trajectory (Figure 2). The progressive contribution 251

is therefore not a claim that category recognition begins from a low-accuracy regime and improves 252

dramatically. Instead, it measures whether an already strong early decision becomes dependable: 253

whether it switches, destabilizes, remains calibrated, or settles permanently on the correct class as 254

evidence accumulates. 255

6.3 First correctness, switching, and stability 256

Table 4 summarizes the main flight-centric behavior. The median first-correct position is 5 for every 257

model shown, meaning that among flights that become correct, the median onset occurs at the first 258



Journal of Open Aviation Science 9

Figure 2. XGBoost accuracy and mean probability assigned to the true class as a function of observed trajectory fraction.
Bins are computed over eligible progressive observations.

eligible prediction. With nominal 10-second sampling, position 5 corresponds to approximately 40 259

seconds after the first retained observation. 260

Figure 3 shows two deliberately selected, illustrative XGBoost propeller test flights; they are used 261

to make the stability definitions concrete rather than to represent the overall test-set distribution. In 262

panel (a), the prediction is correct from position 5 through flight end: short- and long-term stable- 263

correct onset are both position 5, while short-term stability is confirmed at position 9. In panel (b), 264

a five-correct run also begins at position 5, but one wrong prediction occurs at position 11 (Ptrue = 265

0.300, top wrong-class confidence = 0.689). Correctness resumes at position 12 and persists to flight 266

end, making position 12 the retrospective long-term stable-correct onset. 267

The differences appear in what happens after that first correct prediction. XGBoost averages 0.58 268

prediction switches per flight, compared with 0.22 for the Transformer and 0.19 for the GRU; the 269

Linear SVM averages 1.24. Long-term stable-correct rates are approximately 94–95% for the non- 270

linear and temporal models, while the Linear SVM reaches 89.18%. The Transformer has the lowest 271

conditional rate of later destabilization among flights that first reach short-term stable correctness 272

(1.67%); XGBoost is higher at 6.14%, and the Linear SVM is substantially higher at 15.81%. Notably, 273

the Linear SVM is correct at least once on 96.90% of flights despite its much lower long-term rate, 274

illustrating why first correctness alone is an incomplete measure of reliability. 275

Figure 4 shows the cumulative fraction of XGBoost flights that have reached a first correct predic- 276

tion and the fraction that have already entered their final permanently correct run as more of the 277

trajectory is observed. By 10% of the retained airborne trajectory, about 80.7% of flights have been 278

correct at least once and about 75.7% have already entered their permanently correct run. The curve 279

then approaches the final long-term stable-correct rate near 95%. 280

The distinction between confidence and correctness is also important. XGBoost’s one-vs-rest cali- 281

bration curves track the ideal diagonal closely (Figure 5), consistent with its low ECE. Nevertheless, 282

240 XGBoost test flights (4.70%) contain a final wrong-class run lasting at least five observations 283

through the end of the retained trajectory. At the onset of those long-term stable wrong runs, mean 284
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(a) Stable from the first eligible prediction

5 9 11 12 195
Selected observation snapshots

ST onset
ST confirmed
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P(true)=0.300
P(wrong top)=0.689
P(other)=0.011

LT onset*

(b) Short-term stable, then destabilizes

*Long-term stable onset is retrospective: it is known only after the remaining predictions are observed.

Figure 3. Selected illustrative XGBoost test-flight examples. Both examples are propeller flights chosen to make the pro-
gressive stability definitions concrete, not to represent the overall test-set distribution. Navy markers show P(true class) at
reported snapshots; the orange diamond is the top wrong-class probability at the destabilizing observation. ST onset is the
retrospective start of a five-correct run; LT onset is the retrospective start of the final all-correct run.

Table 4. Flight-centric progressive behavior on 5,102 test flights. Ever correct is a rate over all flights; First pos. is the median
among flights that become correct at least once. Destabilized is conditional on first reaching short-term stable correctness.

Model Ever correct First pos. Switches Long-term Destabilized

Stacked ensemble 96.69% 5 0.31 94.61% 3.30%
XGBoost 97.26% 5 0.58 94.53% 6.14%
Transformer 95.67% 5 0.22 94.32% 1.67%
GRU 96.55% 5 0.19 94.59% 2.65%
Linear SVM 96.90% 5 1.24 89.18% 15.81%

Figure 4. Cumulative XGBoost first-correct and permanently-correct stabilization rates versus observed trajectory fraction.
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wrong-class confidence is about 75.1%, and the correct class is still ranked second in 83.3% of cases. 285

High confidence therefore cannot be treated as a substitute for temporal validation and calibration. 286

Figure 5. XGBoost one-vs-rest calibration on the unseen-aircraft test partition.

7. Discussion 287

7.1 What progressive evaluation adds 288

A conventional test table suggests a simple conclusion: several modern classifiers are all near 95% 289

macro-F1. The progressive analysis reveals a more operationally meaningful picture. Models differ 290

in how often they switch, how often an apparently stable decision later changes, and how reliable 291

their probabilities are. A recurrent model can be temporally smoother than XGBoost even when its 292

overall macro-F1 is nearly identical; the ensemble can have the best balanced accuracy while still 293

being less well calibrated; and a linear model can achieve a correct prediction early on many flights 294

but remain substantially less reliable over the full trajectory. 295

This distinction is especially relevant for systems intended to characterize an aerial object as ob- 296

servations accumulate. A decision support system may need to expose not only the most likely 297

class, but also whether the prediction has been stable, whether competing classes remain plausible, 298

and whether confidence is calibrated. The progressive framework provides these quantities directly 299

rather than reducing an entire trajectory to one final decision. 300

7.2 Architecture versus feature representation 301

The model comparison is a systems-level comparison rather than a controlled architecture-only ab- 302

lation. XGBoost and the Linear SVM receive 50 engineered causal features, whereas the GRU, LSTM, 303

and Transformer receive a 16-dimensional instantaneous representation and must learn longer- 304
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horizon structure from the sequence itself. Consequently, a performance difference can reflect both 305

model architecture and feature representation. This design is intentional because it compares prac- 306

tical end-to-end alternatives for progressive classification, but it should not be read as evidence that 307

one architecture is intrinsically superior when all models are given identical inputs. 308

7.3 Why XGBoost is a strong practical baseline 309

The stacked ensemble has the highest point-estimate macro-F1, but its gain over XGBoost is small 310

and not statistically separated on macro-F1 or overall accuracy in the paired flight bootstrap. XG- 311

Boost has the best log loss and ECE, uses one model instead of a six-model probability stack, and 312

operates on explicit physical-motion features such as acceleration, climb rate, turn rate, cumulative 313

distance, and variability. This makes individual predictions amenable to feature-level interpretation 314

and simplifies deployment and maintenance. The sequence models offer lower switching, which 315

may be valuable when temporal smoothness is the dominant requirement, but they do not provide 316

a clear headline classification advantage in this benchmark. 317

Accordingly, the result is not that one architecture dominates in every dimension. Rather, the study 318

exposes a trade space: the ensemble maximizes aggregate classification, recurrent/attention models 319

reduce temporal switching, and XGBoost provides a favorable combination of near-best classifica- 320

tion, strong calibration, interpretability, and implementation simplicity. 321

7.4 Limitations 322

Several limitations constrain the interpretation of these results. 323

First, the supervised category labels are metadata-derived using deterministic rules rather than inde- 324

pendently adjudicated airframe labels. The exact mapping is documented and supplied as executable 325

supplementary code, but errors or ambiguities in the underlying OpenSkymetadata or in broad type- 326

code heuristics can still become label noise. The three targets are intentionally coarse; in particular, 327

the propeller label combines the metadata rule’s P- and T-suffix aircraft. 328

Second, the study cohort is deliberately balanced to the helicopter flight count rather than sampled 329

according to operational prevalence. Accuracy, calibration, and class proportions should therefore 330

be interpreted as benchmark results for this cohort, not estimates under real-world traffic priors. 331

Third, the study does not include a deliberately minimal speed/altitude-only heuristic baseline. The 332

fact that XGBoost already reaches 93.43% accuracy in the first 5% trajectory-progress bin suggests 333

that broad category separability is strong early in many flights. The principal contribution should 334

therefore be interpreted as the progressive reliability benchmark—correctness onset, switching, cal- 335

ibration, and stability—rather than a claim that complex temporal modeling is required to make the 336

classes separable. 337

Fourth, as discussed above, the model-family comparison also changes feature representation: 338

engineered-feature models receive 50 causal features, while the sequence models receive 16 instan- 339

taneous features. The experiment therefore compares practical modeling pipelines, not architecture 340

under strictly identical representations. 341

Fifth, the paired bootstrap resamples flights. Although the train/test partition is aircraft-disjoint, 342

multiple test flights can come from the same aircraft, so residual within-aircraft dependence is not 343

represented by the bootstrap unit. An aircraft-level resampling analysis would provide a more con- 344

servative uncertainty check. 345

Sixth, the study covers one geographic region and approximately four months in 2023. Receiver 346

coverage, fleet mix, weather, and operational patterns may differ in other regions or seasons, and 347

no separate geographic, seasonal, or radar-domain test is included. Excluding absolute coordinates 348
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reduces direct geographicmemorization, but relative displacement, cumulative distance, andmaneu- 349

ver history can still encode route or mission patterns that correlate with class. Crowdsourced ADS-B 350

data also contain noise, missing observations, quantization, and uneven coverage [3]. The prepro- 351

cessing addresses basic continuity and missing-value issues but does not remove all surveillance 352

uncertainty. Airborne-segment construction includes the bounded status-glitch repair described in 353

Section 3.2, which is an offline cleaning operation rather than a strictly online step. 354

Finally, the first prediction occurs at position 5, so “early” does not mean zero history: roughly 40 355

seconds of retained trajectory have already been observed at the nominal cadence. Category infer- 356

ence should also not be interpreted as intent or threat detection. A jet-like or helicopter-like motion 357

pattern is descriptive evidence about vehicle category; higher-level assessment requires additional 358

context such as airspace, geography, expected mission, authorization, and anomalous behavior. 359

8. Conclusion and Future Work 360

This paper introduces and evaluates a progressive framework for identifying broad aircraft cate- 361

gories from OpenSky ADS-B kinematics. On 5,102 test flights from aircraft excluded from model de- 362

velopment, nonlinear, temporal, and ensemble methods reach approximately 95% macro-F1. Among 363

flights that become correct at least once, the median first-correct prediction for the strongest models 364

occurs at the first eligible point, approximately 40 seconds after the first retained observation. The 365

results also show why aggregate classification alone is incomplete: models with similar macro-F1 366

differ in probability calibration, prediction switching, destabilization, and long-term stability. XG- 367

Boost is a particularly strong practical baseline because it combines near-best classification with the 368

best log loss and ECE and with interpretable causal kinematic features. 369

The broader motivation is to characterize an aerial object when only motion is initially available. 370

In that setting, aircraft category is one evidence layer, not the final decision. Future work will test 371

whether the causal representation transfers from ADS-B to radar trajectories, extend the category 372

set to additional aircraft and unmanned-system types, and combine category probabilities with ge- 373

ographic, airspace, mission, and behavior context. A natural next step is to treat unusual trajectory 374

behavior as a separate anomaly-evidence channel and study how quickly that evidence becomes 375

reliable. Such extensions move from “what kind of object does this motion resemble?” toward the 376

larger problem of situational and intent assessment while preserving the uncertainty and progressive 377

evidence accumulation emphasized here. 378

Appendix 1. Auxiliary Standalone Models 379

The final stacked ensemble uses calibrated probabilities from six base learners, including an LSTM 380

and a GRU-fusion model in addition to the principal standalone models emphasized in the main text. 381

Their standalone results are reported here for transparency. 382

Appendix 2. Engineered Feature List 383

The engineered representation contains 50 causal features spanning the five groups in Table 2: in- 384

stantaneous motion, cumulative behavior, running statistics, recent variability, and behavioral indi- 385

cators. The exact ordered feature list used by XGBoost and the Linear SVM is implemented directly 386

in the packaged code at final_pipeline/opensky_compare/features.py. 387
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Table 5. Complete standalone and ensemble observation-level results.

Model Accuracy Balanced acc. Macro-F1 Log loss ECE

Stacked ensemble 95.30% 95.52% 95.33% 0.2879 0.0354
XGBoost 95.12% 95.11% 95.13% 0.1548 0.0070
GRU fusion 95.05% 95.33% 95.06% 0.1703 0.0109
Transformer 94.96% 95.48% 95.00% 0.1791 0.0114
GRU 94.95% 95.27% 94.99% 0.1702 0.0077
LSTM 94.75% 94.88% 94.76% 0.1935 0.0205
Linear SVM 91.32% 91.65% 91.41% 0.4382 0.0380
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