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Abstract

As safety systems like the Airborne Collision Avoidance System X (ACAS X)
increasingly depend on Automatic Dependent Surveillance-Broadcast (ADS-
B), the structural reliability of these data streams is critical. Traditional
monitors assume independent, stochastic failures. This study challenges that
assumption by building a global baseline of longitudinal degradation from
229.0 billion state vectors. The framework integrates multiscale permutation
testing with day-resolution, exposure-adjusted survival analysis. Significant
temporal clustering appears in 98.9% of the high-utilization commercial cohort
(≥20 flight-hours/month; N=30,716) and in 67.2% of the sparser remainder
under the uniform null; 81.3% of sparse-cohort detections survive a stricter
block-preserving null. Clustering peaks at a 3-second characteristic scale,
and the mean sustained duration of 28.83 seconds exceeds the 5-second fault
tolerance of decentralized fusion trackers. Across the fleet, 58.4% of aircraft
record clustered anomalies on two or more distinct observation days, and
55.5% across two or more calendar months. With follow-up censored at the
first >30-day observation gap, 56.0% of aircraft experience a first clustered
anomaly, with a median of 9 observed days. A recurrent-event hazard model
links recurrence to recent utilization (hazard ratio 1.19 per standard deviation)
and, more strongly, to network observability coverage (hazard ratio 1.52).
The negative time-to-first exposure coefficient is largely an artifact of onset
timing. These results shift integrity monitoring from point-in-time anomaly
detection to predictive system health management.
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Nomenclature1

Acronyms
AAM Advanced Air Mobility
ACAS X Airborne Collision Avoidance System X
ADS-B Automatic Dependent Surveillance-Broadcast
ANSP Air Navigation Service Provider
FDR /
FWER

False Discovery Rate / Family-Wise Error Rate

GET Global Envelope Thresholding
O/E Observed/Expected Ratio
RSP Required Surveillance Performance
TBO Trajectory-Based Operations
UTM Unmanned Aircraft Systems Traffic Management

Symbols
Cobs Cumulative cluster-window mass (observed clustering)
Dmax Worst-case integrity loss (maximum duration)
D̄cluster Sustained degradation duration (mean)
E[Csim] Expected clustering baseline
Ḡgap Recovery time between clusters (mean)
Ti Discrete time to first clustered anomaly (days)
Xexp Cumulative surveillance exposure (tracking hours)

Xcov
Pre-event observability coverage (share of at-risk days ob-
served)

w∗ Characteristic degradation temporal scale (peak clustering)
W Evaluated temporal window scales {3, 5, 7, 10, 15}
β Cox Proportional Hazards regression coefficient
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1. Introduction4

1.1. Background and Motivation5

The transition toward 4D Trajectory-Based Operations (TBO) under6

global modernization frameworks such as NextGen and SESAR fundamentally7

relies on the continuous, high-fidelity transmission of cooperative surveillance8

data [1, 2, 3]. Automatic Dependent Surveillance-Broadcast (ADS-B) serves9

as the primary data link for these predictive systems. However, as established10

in the foundational GET-25 global baseline, crowdsourced and terrestrial11

ADS-B networks are subject to severe, localized kinematic inconsistencies,12

ranging from geometric teleportation to altitude sensor divergence [4, 5].13

While the spatial distribution and macro-temporal volatility of these errors14

have been quantified at the systemic level, the trajectory-level structure of15

this degradation remains uncharacterized. ICAO Annex 10 and RTCA DO-16

260B specify stringent integrity requirements for ADS-B OUT performance.17

Determining whether kinematic instability manifests as isolated, stochasti-18

cally distributed measurement noise, or as persistent, temporally clustered19

degradation is critical for assessing compliance with Required Surveillance20

Performance (RSP) standards. Modern 4D-TBO relies on extrapolating ADS-21

B position reports for conflict prediction and metering. Temporally clustered22

kinematic anomalies introduce systematic rather than random errors into23

these predictions, potentially degrading separation assurance algorithms such24

as the Airborne Collision Avoidance System X (ACAS X) below required25

levels of safety [6, 7].26

1.2. Analytical Framework and Scope27

This study shifts the unit of analysis from the macro-level airspace to28

the longitudinal trajectory of the individual aircraft to systematically in-29

vestigate the integrity and availability of cooperative surveillance data over30

time. Persistent anomaly patterns from specific aircraft or geographic regions31

may indicate degraded surveillance coverage that compromises controller32

situational awareness, even when individual error magnitudes periodically33

return to tolerance bounds.34

The analytical framework remains entirely descriptive, non-causal, and35

non-attributional. The methodology isolates structural degradation from36

usage-driven confounding by evaluating the longitudinal persistence of these37

anomalies across the global fleet. Root-cause diagnosis of specific anomalies38

(e.g., intentional GNSS spoofing or electromagnetic interference [8, 9, 10, 11])39
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is deferred to the discussion of unobserved environmental variables; the focus40

remains on the degradation of surveillance integrity as perceived by the ground41

network.42

1.3. Study Objectives and Organization43

To address the critical gap in surveillance integrity monitoring, this study is44

driven by four primary research questions. First, it evaluates how the frequency45

of temporally clustered kinematic events within individual aircraft trajectories46

compares to the expectation of isolated, independent measurement noise.47

Second, it aims to determine the characteristic temporal scale of anomaly48

clustering and how cluster duration and inter-cluster intervals distribute49

across the fleet. Third, it assesses what proportion of the global fleet exhibits50

persistent kinematic inconsistencies over the operational year, and how stable51

these recurrent patterns are. Finally, it investigates whether recurrence risk52

remains statistically significant after controlling for cumulative surveillance53

exposure (in hours) and network observability coverage (Xcov).54

This study makes four contributions. First, it establishes a global, day-55

resolution baseline of clustered-anomaly onset and persistence across 233,85956

aircraft and a full calendar year. Second, it introduces a dual-null significance57

framework, pairing a uniform null with a block-preserving null and validating58

both with an empirical calibration study. Third, it specifies a survival design59

with explicit, contrasted censoring conventions anchored to observation gaps.60

Fourth, it separates utilization from network observability in recurrence61

modeling, showing that observability coverage, not flight hours, dominates62

the hazard.63

The remainder of this paper is organized as follows. Section 2 reviews64

the existing literature and characterizes the gap in longitudinal anomaly65

persistence modeling. Section 3 details the data architecture and outlines66

the sequential phases of the analytical framework, from permutation testing67

to survival modeling. Section 4 presents the multi-scale temporal clustering68

results and the exposure-adjusted recurrence risk. Section 5 discusses the op-69

erational implications for aviation certification and automated safety systems,70

alongside methodological limitations. Finally, Section 6 concludes the study71

and outlines directions for future research.72
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2. Literature Review73

The expansion of crowdsourced surveillance networks, such as the OpenSky74

Network [12, 13], has facilitated extensive research into the vulnerabilities75

of unencrypted ADS-B protocols. Most existing literature approaches ADS-76

B kinematic inconsistency as a tactical, point-in-time detection problem.77

Numerous studies propose anomaly-detection frameworks based on Deep78

Neural Networks [14], Gaussian Mixture Models [15], and two-step Kalman79

filters [16] to identify discrete GNSS spoofing events and trajectory deviations.80

While these highly localized, tactical models offer superior predictive sen-81

sitivity for individual state vector corruption, they frequently rely on heavily82

pre-filtered training datasets bounded to specific airspace sectors over short83

temporal windows [17]. Standard preprocessing techniques systematically84

discard incomplete or malformed packets (e.g., enforcing non-null velocity85

constraints) prior to analysis [18, 19]. As established in recent global baselines,86

this introduces a profound survivorship bias, inadvertently masking the true87

systemic observability of the network and ignoring severe structural anomalies88

such as “Ghost Records” [4, 5].89

Furthermore, a critical methodological gap remains regarding the lon-90

gitudinal structure of these anomalies. While the spatial distribution and91

cross-sectional macro-volatility of ADS-B errors have been quantified [20],92

there is a distinct lack of research tracking the persistence of kinematic93

degradation across individual aircraft trajectories over extended operational94

horizons. The GET-25 baseline established the anomaly thresholds, the sever-95

ity taxonomy, and the cross-sectional spatial distribution of these errors. What96

it could not address is whether individual aircraft repeat: the onset timing,97

recurrence, and hazard structure of anomalies at the trajectory level. Those98

longitudinal questions are the subject of this study. In aerospace reliability99

engineering, survival analysis techniques, such as Kaplan-Meier estimators100

[21] and Cox Proportional Hazards models [22], are standard paradigms for101

evaluating component fatigue and maintenance intervals. However, these102

time-to-event frameworks have not yet been applied to evaluate the continuous103

integrity of cooperative digital surveillance streams.104

This gap in longitudinal characterization has direct operational conse-105

quences. Modern decentralized tracking algorithms, including those un-106

derpinning ACAS X and AAM/UTM frameworks [23], rely on probabilistic107

state-transition matrices to extrapolate aircraft positions. If kinematic anoma-108

lies manifest as isolated, independent measurement noise, they can often be109
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mitigated through standard mathematical smoothing or coasting algorithms.110

However, if anomalies exhibit non-random temporal clustering or persist111

across multiple flights for specific airframes, they introduce systematic errors112

that can severely degrade collision prediction accuracy. Consequently, estab-113

lishing a multi-scale, exposure-adjusted baseline of anomaly persistence is a114

prerequisite for hardening the integrity monitoring frameworks of NextGen115

and SESAR infrastructures.116

For readers prioritizing results: primary clustering findings appear in117

Section 4 (Tables 2 and 3), longitudinal persistence in Section 4.3 (Fig. 2),118

and exposure-adjusted risk in Section 4.4 (Fig. 3). Methodological details for119

each phase are outlined sequentially in Section 3, with supporting sensitivity120

analyses provided in Appendix A.121

3. Data Architecture and Methodology122

3.1. Phases of the Analytical Framework123

The analytical framework is implemented via a modular three-stage com-124

putational pipeline designed to process 229.0 billion records while preserving125

trajectory-level kinematic integrity, as illustrated in Fig. 1.126

3.1.1. Phase I: Database Architecture and Sequential Streaming127

Data Extraction Pipeline. The gross 2025 volume comprises 246.7 billion ADS-128

B messages, spanning January 1, 2025, 00:00:00 UTC through December 31,129

2025, 23:59:59 UTC (January 1, 2026 is the exclusive upper bound, for SQL130

partition efficiency). From this volume, an optimized out-of-core sequential131

streaming architecture isolates 229.0 billion filtered, airborne state vectors.132

To extract the data, a custom pipeline was engineered to execute initial133

data sanitation, temporal sorting, and sequential state-pairing via native134

SQL window functions directly within the OpenSky Network’s Trino cluster.135

The extraction enforces a 60-second maximum gap constraint to preserve136

kinematic continuity.137

Kinematic Thresholding. Trajectories were evaluated against the Global En-138

velope Thresholding (GET-25) P99 baseline constraints established in prior139

global analysis [4], utilizing the open-access GET-25 replication dataset [5].140

To ensure self-contained reproducibility, the kinematic thresholds defining141

an anomalous state vector are: derived speed > 6670.3 m/s, geometric-142

barometric altitude divergence > 2323.1 m, sequential heading delta > 170.7◦,143

sequential speed delta > 84.9 m/s, and vertical rate delta > 13.0 m/s.144
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OPENSKY NETWORK HISTORICAL DATABASE

STAGE 1: TRAJECTORY-LEVEL EXTRACTION

STAGE 2: LONGITUDINAL & SURVIVAL DATA GENERATION PIPELINE

STAGE 3: VISUALIZATION & TABLES

• Stitches daily sharded trajectories into longitudinal sequences.
• JIT permutation tests under uniform and block-preserving nulls.
• Builds day-grain survival cohorts under two censoring conventions.
• Fits time-to-first Cox and Andersen-Gill recurrent-event models.

•Ingests pre-computed Parquet  matrices behind an integrity gate.
• Decoupled from computation for rapid figure iteration.
• Renders publication-ready vector graphics and manuscript tables.

• SQL-native pipeline on Trino bypasses server memory exhaustion.
• Extracts raw kinematic anomaly vectors for sharded Parquet ledger.
• Avoids pre-clustering to ensure unbiased multi-scale analysis.

• Scale: 229.0 Billion ADS-B messages
• January - December 2025

Figure 1: Conceptual architecture of the three-stage computational pipeline, illustrating
the transition from distributed SQL extraction to longitudinal survival modeling.
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Data Sanitization Protocols. To ensure dataset integrity and reproducibility,145

the pipeline applies POSIX regular expression filtering to validate structural146

formatting. It incorporates wildcard exclusions (0000% and FFFF%) along-147

side specific target exclusions (000000, FFFFFF, and 123456) to eliminate148

known malformed, unallocated, or factory-default transponder hex blocks.149

Furthermore, to ensure mathematical stability during cluster evaluation,150

aircraft-day cross-sections (the daily extraction grain) containing fewer than151

5 valid sequential message pairs were excluded from the analysis cohort. All152

deterministic permutation seeds were cryptographically salted to sever any153

theoretical correlation with sequential ICAO24 manufacturer block allocations.154

A full-key integrity scan across all 229.0 billion rows found zero duplicate155

(icao24, timestamp) pairs, so no aircraft-second is counted twice. Because156

every kinematic test compares fields within a single message pair, shared157

network-timing artifacts cannot manufacture divergence between those fields.158

Spatial Pre-filtering. To prevent GPS micro-jitter and float-precision errors159

from spuriously triggering the vderived teleportation threshold during near-160

stationary ground movements, an orthogonal bounding-box spatial pre-filter of161

0.004◦ (maintaining an approximate 444-meter longitudinal boundary globally162

via cosine-scaling) was enforced. This was applied prior to the heavy Haversine163

kinematic evaluation to computationally reject stationary jitter.164

Memory Management. To prevent worker-node memory exhaustion during165

the map-reduce phase of global aggregation, trajectory sequences are chunked166

into discrete daily bounds, utilizing atomic writes and full-file MD5 checksums167

to guarantee data integrity and support robust state-recovery. The resulting168

high-dimensional trajectory matrices are processed locally via the PyArrow169

engine. To bypass the out-of-memory (OOM) failures typical of monolithic170

data ingestion, the pipeline dynamically downscales ingestion batch sizes (e.g.,171

from 500,000 rows during database extraction to 50,000 rows during localized172

evaluation) to safely stream Parquet row groups.173

During this trajectory reconstruction, to prevent sliding analytical windows174

from bridging independent observations across midnight boundaries, a precise175

buffer equal to the maximum evaluated window scale (wmax = 15) is injected176

between daily arrays. This halts cross-day window bleeding. The buffer slots177

are counted inside the total trajectory length L. Simulated anomalies can178

land in them; observed anomalies never can. The buffer share of L is small179

(mean 0.4% of slots; 90th percentile 0.8%), so its dilution of the uniform180
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null is negligible. The injected-independence calibration study confirms this181

empirically: the unconditional false-positive rate is 0.040 against the nominal182

0.05 in every density stratum (Fig. A.5).183

3.1.2. Phase II: Scrambled-Temporal Permutation Test184

To test for temporal clustering while controlling for non-stationary flight185

phases (e.g., altitude-dependent maneuvering variance), observed clustering186

is evaluated against a distribution-free scrambled-temporal control group.187

Algorithm Optimization. Shuffling full binary arrays of length L scales at188

O(N × L) and is computationally prohibitive. The methodology therefore189

exploits the sparsity of kinematic errors. The algorithm isolates the k indices190

where anomalies occur and redraws these positions as independent uniform191

draws across the interval L, sampling with replacement. Position collisions,192

possible in principle, render the null marginally more clustered and the test193

correspondingly conservative; a dedicated sensitivity re-test of the 500 densest194

FDR-significant aircraft using exact without-replacement sampling (N=1,000)195

produced zero significance changes and a maximum |∆p| of 0.000. Re-running196

the cluster classification with duration-standardized windows (w′ = 5 s/∆t197

per aircraft-day) reproduces the fixed-index classification across all 18,243,276198

aircraft-days: 60 discordant aircraft-days out of 4,391,404 flagged (Jaccard199

0.99999). Index windows therefore correspond to wall-clock seconds for this200

fleet.201

By deploying a highly optimized two-pointer sliding window algorithm202

across the sorted anomaly arrays, this formulation bounds computational203

complexity to O(N × k log k). To ensure computational feasibility across the204

global fleet, this core simulation loop is accelerated via pure C-level Just-In-205

Time (JIT) compilation using Numba, enabling the execution of N = 10,000206

permutations per aircraft in milliseconds rather than seconds.207

Statistical Thresholding and FDR Correction. Sustained duration metrics208

(Section 3.1.3) use strict 1D array convolution to capture total cumulative209

sliding-window mass, but executing N = 10,000 such convolutions per aircraft210

is computationally prohibitive. The permutation engine therefore deploys211

the two-pointer boundary heuristic to tally distinct cluster occurrences. This212

tally slightly undercounts true convolution mass, so the significance threshold213

it supports is conservative while remaining computationally feasible.214

For each aircraft, N = 10,000 permutations are executed without early215

stopping, giving a minimum resolvable p-value of 0.0001 and ample headroom216
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for the Benjamini-Hochberg False Discovery Rate (FDR) correction (α = 0.05)217

[24], so that highly kinematically unstable aircraft are ranked accurately.218

Furthermore, because testing identical aircraft across expanding window219

scales (W = {3, 5, 7, 10, 15}) inherently tests the same structural temporal220

hypothesis, applying the FDR correction independently within each scale risks221

inflating the Family-Wise Error Rate (FWER) [24]. To control the expected222

proportion of false rejections across the entire study, the Benjamini-Hochberg223

FDR correction (α = 0.05) is applied globally across the concatenated pool224

of all evaluated window sizes, rather than attempting overly conservative225

FWER control that would severely degrade statistical power.226

Effect Size Quantification. The statistical difference between observed clus-227

tering (Cobs) and expected clustering (E[Csim]) is quantified using the Ob-228

served/Expected (O/E) ratio and the standardized Z-statistic, defined as229

Z = (Cobs − E[Csim])/σsim. To prevent division-by-zero instability when230

E[Csim] approaches zero (common among sparse operators with few expected231

clusters), expected counts are floor-clamped at ϵ = 0.1 prior to O/E ratio cal-232

culation. This preserves ordinal rankings while ensuring finite ratios. Under233

this formulation, a positive Z-statistic directionally indicates excess temporal234

clustering beyond the independent noise baseline.235

Conservatism of the Uniform Null Model Under Non-Stationarity. A known236

characteristic of crowdsourced ADS-B surveillance is the presence of strong237

temporal non-stationarity, driven primarily by diurnal traffic cycles and238

regional operational constraints (e.g., nighttime cargo flights). The uniform239

scrambled-temporal null model acts as a highly conservative benchmark for240

cluster detection under these conditions.241

Consider an aircraft experiencing k legitimate kinematic anomalies con-242

centrated entirely within a narrow operational subinterval I ⊂ [1, L] (such as243

a 4-hour nighttime flight). Under a block-preserving null model that restricts244

permutations strictly to interval I, the probability of a cluster forming by245

random chance is governed by the dense binomial coefficient
(|I|
w

)
. Conversely,246

under the deployed uniform null, the k anomalies are distributed across the247

vastly larger global timeframe L, significantly lowering the baseline probability248

of dense cluster formation. Because the uniform null disperses the baseline249

hazard, the observed data must exhibit high clustering density to achieve sta-250

tistical significance (p < 0.05). Consequently, this approach may overestimate251

the significance threshold for aircraft with non-uniform observation patterns.252
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The reported proportions of kinematically unstable aircraft should therefore253

be interpreted as conservative lower bounds on systemic prevalence.254

Two structural properties of the index space merit explicit statement.255

First, the permutation universe comprises the 190,830 aircraft with at least256

one anomaly, L ≥ 20, and k ≤ 50,000. Anomaly-free aircraft are untestable257

by construction and are excluded from all significance denominators. Second,258

sequential pairs with ∆t > 60 s are removed before indexing. Same-day flights259

separated by ground time therefore sit adjacent in index space, less one pair,260

and observed windows can span such gaps. The block-preserving null bounds261

this exposure by confining permutation to one-hour operational blocks. It262

retains 83.2% of uniform-null detections at w∗=5 (Fig. A.6).263

To address the potential for anti-conservatism among low-utilization op-264

erators (e.g., business jets with sparse observation patterns), the analytical265

framework executed a supplementary block-preserving sensitivity analysis.266

This localized test restricted permutation shuffling within contiguous active267

flight blocks. To guarantee comparability across heterogeneous transponder268

equipment, block boundaries were standardized to absolute time rather than269

raw index counts. The permutation engine dynamically defined the math-270

ematical boundaries by dividing a one-hour temporal separation threshold271

(3,600 seconds) by the aircraft’s specific median update interval (∆t). Permu-272

tation shuffling within these active flight blocks was bounded to a symmetric273

boundary envelope of ±w indices applied to the absolute outermost observed274

anomalies (yielding a total padding of 2w indices), strictly clamped to the275

trajectory limits.276

Because this boundary scales dynamically with the evaluated window size,277

for the maximum evaluated scale of w = 15, this symmetric padding represents278

a total buffer of 30 seconds for commercial aircraft operating at a standard 1279

Hz update rate (scaling up to 150 seconds for sparse operators transmitting280

at 0.2 Hz). Rather than preventing ground-gap bleeding (which is natively281

handled by the block segmentation itself), this localized margin preserves282

true intra-block temporal density across heterogeneous equipment profiles by283

confining simulated anomalies to the immediate operational neighborhood284

of the actual events. Independent flights are thereby isolated consistently285

across the fleet, whether an aircraft broadcasts at 1 Hz or 0.2 Hz, and the286

block-preserving null partitions operations in true wall-clock time across287

heterogeneous equipment profiles.288

While this conservatism is robust for high-utilization commercial airliners,289

it inverts for highly sparse operators (e.g., business jets logging only 10 hours290
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per month), where the uniform null can become artificially anti-conservative.291

To neutralize this localized bias, final incidence rates are dual-reported under292

both the uniform-null and the block-preserving null assumptions. As an293

interpretation guideline, the uniform-null model is primary for continuous,294

high-utilization commercial fleets, where its artificial dispersion acts as a295

conservative lower bound. For sparse, low-utilization operators (e.g., general296

aviation and business jets), the block-preserving null is treated as primary,297

protecting against artificial inflation of statistical significance. To keep the298

two null assumptions comparable, the block-preserving analysis mirrors the299

primary model by applying the Benjamini-Hochberg FDR correction globally300

across the concatenated W pool.301

Empirical Subset Validation. To empirically validate that reduced permuta-302

tion counts suffice for identifying extreme outliers, a supplementary study303

compared classification concordance between N = 200 and N = 10, 000 per-304

mutations on a stratified subset of 500 aircraft. On this subset, the reduced305

N = 200 benchmark reproduced the full-run significance classifications with306

100.0% concordance at the standard α = 0.05 threshold. While N = 200307

lacks the mathematical resolution to achieve the p < 0.0001 margin required308

for rigorous global FDR headroom, it provided sufficient baseline stability to309

validate the permutation architecture prior to deploying the full N = 10,000310

global execution.311

3.1.3. Phase III: Multi-Scale Rolling Window Analysis312

A custom computational pipeline developed by the author replicates the313

permutation test across a predefined set of window sizes W = {3, 5, 7, 10, 15}.314

These window scales span operational regimes from rapid burst detection (w =315

3, approximately 3 seconds at a 1 Hz update rate) to sustained degradation316

identification (w = 15, approximately 15 seconds). Intermediate values317

capture the characteristic ACAS X coasting threshold (w = 5) and typical318

maneuvering durations (w = 7, w = 10). Formally, a temporal window of319

size w is classified as clustered if it contains τ ≥ 2 anomalous observations, a320

threshold specifically selected to mirror the fault-tolerance limits of α−β fusion321

trackers in automated collision avoidance systems [7]. For each w ∈ W, the322

Cobs(w) and empirical distributions are recalculated to identify the dominant323

granularity (characteristic scale) of integrity loss.324

Crucially, while this clustering analysis strictly evaluates the binary pres-325

ence of systemic degradation (independent of specific physical failure modes),326
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the subsequent survival modeling framework evaluates the persistence of327

distinct severity classes to identify distinct hardware failure modes. This328

dual-resolution approach intentionally separates the detection of systemic329

integrity loss from the etiological tracking of localized failures.330

The methodology further decomposes clustering into four orthogonal331

temporal metrics: Cobs (cumulative cluster-window mass), D̄cluster (sustained332

degradation duration), Dmax (worst-case integrity loss), and Ḡgap (recovery333

time). By defining Cobs as the cumulative sum of valid sliding-window positions334

rather than a discrete event frequency, the metric accurately captures the total335

volumetric severity of the clustered anomalies. To provide a standardized336

operational baseline, the pipeline extracts these sustained duration metrics337

consistently at the w = 5 window scale. This scale was selected a priori from338

operational safety thresholds, not from post-hoc statistical optimization. It339

mirrors the fault-tolerance limits of decentralized collision avoidance systems340

such as ACAS X, where an airborne α-β fusion tracker mandates degraded341

coasting after two consecutive corrupted target hits within a 5-second horizon342

[7].343

Algorithmically, the sequential rolling evaluation in Python (utilizing344

zero-padded convolution) mathematically replicates the logic of a backward-345

looking ROWS BETWEEN 4 PRECEDING SQL window function. Executing this346

rolling evaluation locally in Python, rather than during the initial database347

extraction, prevents pre-aggregation bias and enables true independent multi-348

scale testing. Furthermore, to prevent computational memory exhaustion349

without inducing selection bias against high-frequency commercial airliners,350

trajectories exceeding 100,000 observation windows were evaluated utilizing a351

randomly sampled, contiguous 100,000-window slice to accurately estimate352

these duration metrics.353

3.1.4. Phase IV: Time-to-First Anomaly Probability Modeling354

To evaluate the longitudinal persistence of kinematic instability, the analy-355

sis shifts from static point-in-time anomaly detection to time-to-event survival356

analysis. The methodology deploys a prevalent cohort design, evaluated via357

time-to-first-event modeling from the onset of observation. In this frame-358

work, “Time Zero” (t0) is anchored at each aircraft’s first observed day of359

transmission within the dataset. Just as the foundational GET-25 framework360

resolved kinematic survivorship bias by actively retrieving malformed state361

vectors [4], this longitudinal design must address observational survival bi-362

ases. Because the cohort evaluates aircraft already in active operation, the363
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design acknowledges the left-truncation bias inherent to unobservable early364

equipment failures (true hardware inception dates remain unobservable).365

By conditioning survival from first sight, the analysis bypasses the need for366

delayed-entry risk set modifications (e.g., the Tsai-Wang estimator [25]), mea-367

suring the survival probability from the onset of network observability. While368

the multi-scale permutation test identifies the theoretical structural peak of369

clustering (w∗), the longitudinal survival modeling evaluates time-to-anomaly370

at a fixed operational baseline of w = 5 with a minimum cluster threshold of371

τ ≥ 2. As established in Phase III (Section 3.1.3), these constraints mirror372

ACAS X fault-tolerance thresholds, anchoring the survival probabilities to a373

physical operational reality rather than a shifting statistical optimum.374

The time-to-event scale T is measured in days from each aircraft’s first375

observed day, reconstructed from the daily extraction ledgers whose calendar376

dates are preserved in the shard naming; monthly aggregation is retained only377

as a reported sensitivity. Day resolution keeps the tie mass of the discrete-time378

estimators roughly thirtyfold below monthly aggregation, while the estimators379

remain actuarial life-table approximations at the daily level.380

Let Ti denote the discrete time to the first clustered kinematic anomaly381

for aircraft i, measured in days from t0. Because the observational horizon382

is bounded to a single 12-month calendar year (2025), chronological year-383

boundary wrap-around cannot occur, ensuring all computed discrete intervals384

remain positive. To account for aircraft that exit the observation window385

before experiencing a clustered anomaly, the survival model employs right-386

censoring. The censoring indicator δi is defined such that δi = 1 if the anomaly387

is observed, and δi = 0 if the observation is right-censored. Censoring occurs388

either due to the administrative end of the study period (December 31, 2025)389

or due to severe network dropouts.390

To prevent immortal time bias [26], in which an aircraft appears at391

risk while it is unobservable, dropout censoring is anchored to the first392

inter-observation gap that exceeds the 30-day absence threshold; follow-up393

ends there. This convention, termed gap-anchored censoring, is the primary394

specification. A second convention, event-priority censoring, lets a later395

clustered anomaly count as an event even when such a gap precedes it; it is396

reported as a sensitivity (Fig. A.1). The two conventions differ for 33,703397

aircraft: gap-anchored censoring yields 131,067 events (56.0%), while event-398

priority censoring yields 164,770 (70.5%). The observation calendar used399

for gap detection is the same valid-position, ≥5-pair daily universe in which400

anomalies are defined. This choice is conservative relative to any-message401

14



daily spans.402

The survival framework non-parametrically estimates the baseline time-to-403

first-anomaly survival function using the Kaplan-Meier product-limit estimator404

[21]:405

S(t) =
∏
tj≤t

(
1− dj

nj

)
(1)

where S(t) represents the probability that an aircraft maintains surveillance406

integrity (i.e., experiences no clustered anomaly) beyond day t. The term407

dj denotes the number of aircraft experiencing a first clustered anomaly at408

time tj, and nj denotes the risk set, representing the number of aircraft409

still active and under observation just prior to tj. To test for structural410

differences in degradation trajectories among different physical error modes,411

the analytical framework stratifies the failed cohort by severity class and412

statistically compares the onset curves using the non-parametric log-rank test.413

Because permanent survivors (aircraft with zero lifetime anomalies) inherently414

lack a localized error mode, this specific log-rank evaluation compares the415

conditional time-to-onset distributions among the sub-cohort of aircraft that416

ultimately experience kinematic degradation.417

3.1.5. Phase V: Exposure-Adjusted Risk Modeling418

While the Kaplan-Meier estimator provides a robust descriptive baseline,419

raw time-to-onset profiles fail to account for differential aircraft utilization. An420

aircraft operating 300 hours per month naturally presents more mathematical421

opportunities to encounter localized RF interference or coverage gaps than422

an aircraft operating 20 hours per month.423

To isolate intrinsic structural tracking vulnerabilities from usage-driven424

exposure confounding, this study deploys an Exposure-Adjusted Risk Model425

utilizing the Cox Proportional Hazards architecture [22]. The hazard function426

h(t | X), which represents the instantaneous risk of a clustered anomaly at427

time t given a set of covariates X, is formulated as:428

h(t | X) = h0(t) exp
(
β1Xexp + β2(Xexp − X̃exp)

2 + β3Xcov

)
(2)

where h0(t) is the unspecified baseline hazard function. To assess non-linear429

threshold effects, the model incorporates a quadratic exposure term. Raw430

linear and quadratic terms correlate heavily, so the linear exposure covariate431

is median-centered (X̃exp) before polynomial expansion (β2(Xexp − X̃exp)
2).432

15



This orthogonalization bounds the Variance Inflation Factor (VIF) and the433

condition number of the design matrix. It resolves multicollinearity while434

preserving the detection of non-linear risk. Predictive discrimination is435

quantified with the concordance index (C-index), read a priori on standard436

conventions: 0.5 is random chance, 0.5–0.7 poor to moderate, 0.7–0.8 good,437

and > 0.8 excellent. The baseline (time-to-first) model evaluates all covariates438

strictly on the pre-event history, which prevents contemporaneous look-ahead439

bias. To capture dynamics and recurrence beyond the first event, an Andersen–440

Gill counting-process model [27] complements it over the aircraft-month panel.441

Exposure enters lagged by one month, and coverage enters as a running442

pre-period share, so the covariates stay strictly predictable while utilization443

varies through time. Recurrent cluster-months constitute its events.444

Cumulative Surveillance Exposure (Xexp). This covariate captures the tracking445

exposure (in hours) strictly prior to the initial event. To prevent non-linear446

scaling errors caused by heterogeneous transponder equipment, the daily447

volumetric exposure is first calculated independently for each active day448

(total consecutive message pairs multiplied by the median update interval ∆t,449

divided by 3,600). To eliminate contemporaneous look-ahead bias, the overall450

exposure covariate is derived as the cumulative sum of daily surveillance hours451

strictly before the event day for event aircraft, and through the censoring day452

for censored aircraft. Aircraft failing on their first observed day accumulate453

0.0 pre-exposure hours.454

Missing observation days (e.g., extended unobservable oceanic routing)455

contribute zero exposure, which may slightly conflate routing-based unobserv-456

ability with true non-usage. Because aircraft failing early in their observation457

history inherently accumulate near-zero pre-exposure hours, a supplementary458

sensitivity analysis excluded all first-interval failures (events in an aircraft’s459

first observed month) to verify that the Cox coefficients are not distorted by460

this zero-exposure subpopulation.461

Because this extraction explicitly drops inter-message gaps exceeding462

60 seconds, this metric rigorously captures cumulative continuous sequence463

duration rather than gross chronological observation time. It isolates un-464

interrupted network tracking exposure and is distinct from actual airborne465

flight-hours (Hobbs time). Furthermore, to protect the Cox model from severe466

outlier values induced by data artifacts, the preprocessing script winsorizes467

this covariate at the 99th percentile. While a logarithmic transformation468

(log(Xexp)) is a standard statistical approach for right-skewed utilization469
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data, it could not be applied to this framework due to two fundamental470

constraints. Mathematically, aircraft failing on their first observed day accu-471

mulate exactly 0.0 pre-exposure hours; a log(0) transformation yields −∞,472

and shifted alternatives (e.g., log(X + 1)) introduce arbitrary scaling distor-473

tions for fractional hours. Physically, in unencrypted crowdsourced ADS-B474

networks, extreme upper-tail outliers frequently do not represent genuine475

high-utilization fleets (e.g., long-haul cargo). Instead, they represent hex-code476

duplication or transponder spoofing, in which multiple emitters transmitting477

the same identifier concurrently accrue physically impossible flight times (e.g.,478

> 744 hours in a single 31-day month). Winsorization effectively clamps479

these physically impossible artifacts to the maximum plausible utilization480

boundary without permanently excluding the corrupted airframes from the481

survival cohort.482

Pre-Event Observability Coverage (Xcov). This covariate captures how com-483

pletely the network observed the aircraft during its at-risk interval: the share484

of at-risk days on which the aircraft was actually observed, computed strictly485

on the pre-event history. The median update interval itself is uninformative486

here. After the retention filters, its 10th, 50th, and 90th percentiles all equal487

1.00 s across 18.24 million aircraft-days (99th percentile: 1.017 s), so it carries488

essentially no variance. Coverage is therefore the operative observability489

dimension. It separates continuously tracked continental operations from490

intermittently observed routing.491

Because the temporal interval to first clustered anomaly T is evaluated as492

a discrete, integer-valued daily metric to maintain computational feasibility493

across 229.0 billion records, heavily tied event times are expected across494

the fleet. During the maximization of the partial likelihood, these ties495

induce matrix singularities. To resolve this collinearity across the tied daily496

bounds, the Cox model implementation relies on standard baseline tie-handling497

methods (Breslow’s approximation [28]) in conjunction with an L2 (Ridge)498

regression penalizer (penalty coefficient λ = 0.1). This penalizer is applied499

uniformly across all evaluated covariates, mitigating variance inflation arising500

specifically from the correlation between the centered linear and quadratic501

exposure terms. The penalty value was selected after a sensitivity analysis502

across λ ∈ {0.01, 0.05, 0.1, 0.5, 1.0}, with Breslow tie-handling held fixed for503

comparability. Across this grid (Fig. A.3), coefficient magnitudes shrink504

monotonically with λ, as expected under L2 regularization, while signs and505

rank ordering do not change. All coefficients in the text are reported at506
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λ = 0.1.507

Additionally, a supplementary analysis confirmed the robustness of the508

survival estimates to the network dropout censoring threshold, evaluated509

concurrently at 15, 30, 45, and 60 days (Fig. A.2). To assess whether510

informative censoring (e.g., oceanic dropouts) masks the true kinematic511

hazard rate, the comprehensive demographic profiles of the censored cohort512

versus the event cohort are explicitly tracked and fully reported in Table 1.513

Visual comparison between the two censoring conventions is provided in514

Fig. A.1. Table 1 confirms that exposure and operational profiles remain515

systematically characterized across survival states under both conventions.516

Table 1: Demographic Profiles of Censored vs. Event Cohorts

Status Aircraft Median Time Median Exposure
Count (T , days) (hrs)

Gap-anchored censoring (primary)
Event Observed 131,067 9 4.33
Network Dropout (>30 d) 97,386 2 1.28
Administrative Censoring 5,406 18 3.79

Event-priority censoring (sensitivity)
Event Observed 164,770 19 3.58
Network Dropout (>30 d) 63,683 1 0.91
Administrative Censoring 5,406 18 3.79

Note: Median follow-up and pre-endpoint surveillance exposure by survival state,
under both censoring conventions. Dropout-censored aircraft show short follow-up
and low exposure, consistent with early departure from network coverage rather than
with hidden events.

Furthermore, to provide intuitive visual analytics, the continuous Cox517

model is decoupled from the categorical visual representation. The fleet is518

discretized into equal-sized exposure tertiles (light, moderate, heavy). To519

resolve the boundary overlap inherent to highly zero-inflated cumulative expo-520

sure data, the algorithm attempts strict quantile discretization, dynamically521

falling back to rank-based percentage binning (Xexp → Tertiles) where tied522

bounds trigger matrix singularities. These tertiles are subsequently plotted523

as purely descriptive, exposure-stratified Kaplan-Meier curves, ensuring that524

the visual representations remain independent of the continuous parametric525

constraints.526

Regarding the proportional hazards assumption, scaled Schoenfeld residual527
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tests [29] were computed on the day-grain model for all covariates (full outputs528

in model_schoenfeld_daygrain.txt). All three covariates formally reject529

proportionality (p < 5× 10−5). At n=233,859, even modest time-variation in530

effects is decisive. A sensitivity fit that excludes first-interval events localizes531

the source. The exposure coefficient attenuates from −0.431 to −0.272 per532

standard deviation, while the coverage coefficient strengthens to +1.268. The533

baseline-model hazard ratios are therefore read as time-averaged associations534

over the year. The Andersen–Gill companion model absorbs this drift through535

its time-varying covariates and carries the dynamic interpretation.536

3.2. Computational Infrastructure and Reproducibility537

Processing 229.0 billion ADS-B surveillance messages required a highly538

optimized out-of-core architecture to prevent memory exhaustion. Stage 1 data539

sanitization and sequential state-pairing were executed utilizing native SQL540

window functions on a distributed Trino cluster. To ensure total scientific541

and computational reproducibility, the subsequent localized analysis was542

decoupled into two distinct processing stages. Stage 2 (Data Generation)543

executes the multi-scale permutation tests and survival modeling, utilizing544

process-based parallelization to bypass memory constraints during CPU-545

bound matrix evaluations. The pipeline then saves these intermediate results546

to disk. Stage 3 (Visualization and Reporting) subsequently ingests these547

pre-computed Parquet matrices to generate all tables, statistical models,548

and figures. This architectural decoupling explicitly separates the massive549

computational loads from the aesthetic iteration of results.550

All extraction scripts, configuration ledgers, and synthesized matrices551

are made openly available via the project’s repository. While optimal per-552

formance scales with available hardware, the localized pipeline integrates553

dynamic RAM auto-throttling (via psutil), systematically stepping down554

loky worker-process parallelization to prevent crashes on machines with as555

little as 8 GB of system memory. Under unthrottled conditions, Stage 1556

extraction requires approximately 72 hours on the Trino cluster, and Stage 2557

requires approximately 48 hours, depending on fleet volume and hardware.558

All exact library dependencies (including numba, joblib, psutil, lifelines559

[30], statsmodels, pyarrow, and trino) are pinned within the repository’s560

requirements.txt environment specification.561
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4. Results562

The findings are derived from the evaluation of 233,859 unique aircraft563

trajectories observable via crowdsourced networks, spanning 229.0 billion564

filtered state vectors and 63.6 million tracked surveillance hours across the565

2025 calendar year. The results characterize both the short-term clustering566

of kinematic anomalies and their longitudinal persistence.567

4.1. Temporal Clustering of Kinematic Noise568

To evaluate whether kinematic inconsistencies manifest as isolated mea-569

surement errors or structured bursts, the scrambled-temporal permutation570

test was executed across the global fleet. To explicitly prevent the uniform571

null model from artificially inflating significance rates among sparse, low-572

utilization operators (e.g., general aviation), the headline clustering prevalence573

was strictly stratified by utilization intensity. Among the high-utilization574

commercial cohort (≥ 20 flight hours/month; N=30,716), 98.9% of aircraft575

exhibited significant temporal clustering under the uniform independent noise576

model (FDR-corrected p < 0.05). In the sparse operator cohort (N=160,114),577

67.2% were significant under the same null, and 81.3% of those detections578

were retained under the stricter block-preserving null.579

As detailed in Table 2, which reports the aggregate uniform baseline, the580

median Z-statistic was positive at 45.13: the shift is toward excess clustering,581

not anti-clustering. The median Observed/Expected (O/E) ratio was 33.69582

(IQR: 18.88–51.91). When anomalies occur, they concentrate within discrete583

temporal windows rather than spreading through the flight path.584

As described in Section 3, because the uniform null distributes proba-585

bility mass across the entire trajectory, the expected baseline (E[Csim]) can586

approach zero for sparse operators. With expected simulation counts floor-587

clamped at 0.1 to resolve division instability, the reported median O/E ratio588

characterizes the full, representative sample of significant aircraft, serving589

as a descriptive magnitude of deviation, while formal statistical significance590

remains gated exclusively by the FDR-corrected p-values and standardized591

Z-statistics. At this sample size, statistical power is effectively unlimited, and592

even trivial deviations reach p < 0.001. The O/E ratio therefore carries the593

operational interpretation: it establishes the physical magnitude of clustering594

that threatens ACAS X fault-tolerance limits, independently of raw sample595

size. The dual-reported incidence rates are aggregated and compared across596

all window scales in Table 3.597
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Table 2: Per-Aircraft Temporal Clustering Statistics Across Multi-Scale Window Analysis.
Median O/E ratios exceeding unity across all scales confirm systematic temporal clustering,
with peak deviation at w = 3 indicating multi-second anomaly burst structure.

Window Size (w) w = 3 w = 5 w = 7 w = 10 w = 15

Total Aircraft Evaluated 190,830 190,830 190,830 190,830 190,830
Significant Aircraft (p < 0.05, FDR) 71.1% 72.3% 72.8% 73.1% 73.2%
Median Z-statistic 71.84 45.13 35.19 28.68 24.70
Median O/E Ratio† 64.13 33.69 23.84 17.82 14.03

O/E IQR 36.45–
100.70

18.88–
51.91

13.00–
37.96

9.33–
30.39

7.03–
25.87

Mean Cobs 328.88 430.97 548.99 750.82 1151.96
Mean E[Csim] 9.89 25.75 48.37 94.38 201.22

†O/E ratios reported only for aircraft with E[Csim] ≥ 1.0 to prevent division instability.
Note: All statistical tests used N = 10,000 permutations with global FDR correction at
α = 0.05.

Table 3: Comparison of Significance Rates (Uniform vs. Block-Preserving Null)

Window Total Significant Significant Block
Retention

Size (w) Tested (Uniform) (Block) Rate

w = 3 135,922 133,138 117,845 88.51%
w = 5 138,311 135,591 114,106 84.15%
w = 7 139,402 136,927 107,118 78.23%
w = 10 140,055 138,088 98,755 71.51%
w = 15 140,484 139,771 93,213 66.69%

Note: Retention of statistical significance when permutations are confined to contiguous active flight blocks,
insulating sparse operators from uniform-null assumptions.
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Across all windows, the stratified significance rates span 98.8–99.0% for598

the high-utilization cohort (N=30,716) and 65.7–68.3% for the sparser cohort599

(N=160,114). Among uniform-significant aircraft, the block-preserving null600

retains 89.8% of the high-utilization cohort and 81.3% of the sparse cohort601

at w∗=5 (Fig. A.6). The headline prevalence is therefore robust to the null602

geometry in the stratum where the uniform null is least conservative.603

4.2. Multi-Scale Degradation Signatures604

To eliminate pre-aggregation bias, the data extraction pipeline evaluated605

trajectories for raw, instantaneous kinematic violations. The multi-scale606

rolling window permutation test was then executed independently across W =607

{3, 5, 7, 10, 15} to identify the characteristic temporal scale of surveillance608

degradation without circular dimensionality constraints. The fleet-aggregate609

O/E ratio peaked at w∗ = 3, showing that kinematic corruption is most highly610

structured at the 3-second granularity.611

While w∗ = 3 represents the statistically dominant clustering scale globally,612

duration metrics are reported at the w = 5 operational baseline. At this scale,613

the sequential scan revealed that the mean sustained degradation duration614

(D̄cluster) was 28.83 seconds, with the worst-case integrity loss (Dmax) spanning615

4,930 seconds. Because Phase I bounds kinematic evaluation to sequential616

messages received within 60 seconds of one another, this Dmax represents 82617

minutes of continuous corrupted transmission without the transponder ever618

going silent for more than a minute. The operational danger is that these619

transponders fail active rather than silent: instead of dropping out, which620

tracking systems can safely coast through, they keep injecting severe geometric621

and velocity errors into the network. The mean recovery time between clusters622

(Ḡgap) averaged 11,825.07 seconds (approximately 3.28 hours), reflecting the623

episodic nature of these severe tracking failures.624

4.3. Longitudinal Persistence and Time-to-Anomaly625

Moving beyond intra-flight clustering, the longitudinal analysis follows626

each aircraft day by day from its first observed transmission. The Time-627

to-Onset Survival Function (Kaplan–Meier estimator, Fig. 2) shows the628

probability that an aircraft remains free of clustered anomalies as observed629

days accumulate. To prevent conditioning-on-event bias during the visual630

stratification of specific failure phenotypes, the plot incorporates the global631

baseline curve. This curve retains the right-censored permanent survival632
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cohort (aircraft maintaining perfect integrity with zero clustered anomalies)633

to ensure an unbiased representation of systemic onset probabilities.634
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log-rank A vs B: p < 0.001

Anomaly-free survival by severity at onset (day grain)

Full fleet (n=233,859)
Onset C1-C2 (kinematic-only) (n=22,399)
Onset C3-C4 (altitude/multi-mode) (n=108,668)

Figure 2: Time-to-First Clustered Anomaly by Severity at Onset (day-grain Kaplan–Meier;
gap-anchored censoring). Onset class is the maximum severity on each aircraft’s first
cluster-day; all 131,067 events are classified.

Note: The global baseline curve retains the right-censored permanent survival cohort to ensure
unbiased representation of systemic onset probabilities. Shaded regions denote 95% confidence
intervals.

To prevent arbitrary calendar demarcations from masking high-frequency635

degradation, longitudinal persistence was evaluated using two co-primary636

endpoints. Under the strict definition, 58.4% of the fleet (N=136,584) fell637

into the recurrent cohort, experiencing clustered anomalies on two or more638

distinct observation days; evaluated across two or more distinct calendar639

months, the persistent share is 55.5% (N=129,885). However, evaluating640

the relaxed co-primary endpoint (≥ 2 total clusters regardless of calendar641

boundaries) expanded the persistent cohort by an additional 27,046 aircraft642
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(N = 163, 630). This confirms that true anomaly persistence, inclusive of643

rapid same-day sequential degradation, is structurally higher than distinct-day644

counting implies. Under gap-anchored censoring, the probability of remaining645

free of clustered anomalies is 0.463 at 30 observed days, 0.204 at 90 days, and646

0.037 at 365 days. Under the event-priority convention, the 365-day value is647

0.004.648

The log-rank test between onset cohorts A (Classes 1–2) and B (Classes 3–649

4) yields χ2=634.5, p=5.3× 10−140 (global four-class test p < 10−300); median650

time-to-first is 9 observed days for Cohort B versus 11 for Cohort A. Aircraft651

whose first cluster-day involved severe geometric divergence or multi-vector652

corruption (Severity Classes 3 and 4) degraded much faster than those starting653

with isolated kinematic jumps (Classes 1 and 2). At 90 observed days, the654

severe-onset cohort retains a 20.5% probability of remaining anomaly-free,655

against 54.8% for the milder cohort.656

Crucially, these internal severity classifications directly map to the struc-657

tural anomalies identified in the foundational GET-25 baseline. To guarantee658

standalone interpretability, the severity classes are defined by their physi-659

cal kinematic failure modes, using the quantitative thresholds of Section 3.660

Severity Class 1 (COVERAGE_LATENCY) covers isolated derived-speed661

exceedances (Teleportation). Severity Class 2 (AVIONICS_VELOCITY)662

covers extreme, physically impossible jumps in transmitted ground speed663

(Avionics Velocity Jump) or vertical rate (Vertical Jolt). Severity Class 3664

(AVIONICS_SENSOR) covers severe kinematic divergence, including unphys-665

ical heading reversals (Directional Jitter) and 3D geometric decoupling such as666

large barometric-geometric altitude mismatches (Sensor Divergence). Sever-667

ity Class 4 (MULTIMODE) covers simultaneous multi-vector corruption, for668

example concurrent teleportation and altitude failure. Within this taxonomy,669

Severity Classes 3 and 4 encapsulate the “Ghost Record” phenomenon [4].670

A Ghost Record is severe geometric teleportation in which the broadcast671

position decouples from the actual aerodynamic trajectory, often with zeroed672

or frozen avionics telemetry. It is distinct from null-packet omissions, which673

the extraction architecture bypasses structurally. To remain aligned with the674

non-attributional analytical framework of this study, these cohorts utilize675

purely neutral physical severity descriptors, avoiding the attribution of these676

kinematic discrepancies to specific root-cause hardware failures (e.g., RF677

jamming versus altimeter degradation).678

The survival analysis maintains an effective sample size of 131,067 events679

under gap-anchored censoring. Across the three continuous predictors of the680
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multivariable Cox model (linear exposure, quadratic exposure, and observ-681

ability coverage), this yields an Events-Per-Variable (EPV) ratio of 43,689.682

This exceeds the recommended minimum threshold of 10, ensuring robust683

coefficient estimation and preventing statistical overfitting of the polynomial684

hazard term [31].685

4.4. Exposure-Adjusted Risk686

To isolate structural hardware and routing vulnerabilities from simple687

usage-driven confounding, an Exposure-Adjusted Cox Proportional Hazards688

Model was fitted to the survival data (Fig. 3). The model controlled for cu-689

mulative pre-event surveillance exposure (Xexp, linear and centered-quadratic)690

and pre-event observability coverage (Xcov), with robust (sandwich) standard691

errors.692
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Figure 3: Exposure-Stratified Time-to-First Clustered Anomaly (cumulative surveillance-
hour tertiles; day-grain, gap-anchored censoring). Tertiles are descriptive strata, decoupled
from the continuous model.
Note: Curves are descriptive visualizations of anomaly-free probability by observed exposure tertile. They
are distinct from the continuous exposure-adjusted Cox proportional hazards model.
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In the day-grain time-to-first model, the standardized exposure coefficient693

is β= − 0.431 per standard deviation (HR 0.650; robust p < 10−3). The694

centered quadratic term is +0.158. Observability coverage carries +0.264 per695

standard deviation (HR 1.302). Concordance is C=0.627, moderate under the696

a-priori scale of Section 3.1.5. All coefficients are reported at λ=0.1 (Fig. A.3).697

Three companion analyses fix the interpretation of the negative exposure698

sign. First, excluding first-interval events attenuates it by 37%, to −0.272,699

while coverage strengthens to +1.268. Aircraft that fail early necessarily700

accrue little pre-event exposure, so the timing of onset drives much of the701

sign. Second, a placebo suite permutes the covariate vectors across aircraft702

(100 refits). The null exposure coefficient is 0.0001 (SD 0.0027) and null703

concordance is 0.501. The observed coefficient lies about 160 null standard704

deviations away, which excludes fitting artifact.705

Third, the Andersen–Gill recurrent-event model spans 1,146,596 aircraft-706

months with 655,588 recurrent cluster-months. Once exposure varies through707

time, the sign reverses. Lagged monthly utilization carries HR 1.19 per708

standard deviation, and running observability coverage carries HR 1.52, the709

dominant term. Recurrence therefore tracks how recently and how completely710

the network observes an aircraft. It does not reflect a protective effect of711

flying more.712

5. Discussion713

5.1. Aerospace Operational Implications of Characteristic Scaling714

The multi-scale analysis (Section 3.1.3) fundamentally recharacterizes how715

kinematic instability manifests within the global airspace. If surveillance716

degradation were simply a product of isolated, stochastic measurement noise717

(e.g., random transponder bit-flips), the Observed/Expected (O/E) ratio718

would remain relatively flat across all evaluated window sizes (W). However,719

the identification of a distinct peak at the w∗ characteristic scale indicates720

that kinematic corruption is highly structured.721

From an operational perspective, this structural clustering has direct impli-722

cations for the design of ground-station receiver algorithms and decentralized723

collision avoidance systems. The empirical identification of a characteristic724

scale peaking at w∗ = 3, coupled with sustained duration metrics exceeding725

the w = 5 fault-tolerance limits, suggests that short-term degradation is726

primarily driven by transient environmental factors. These likely include727

localized RF packet collisions in high-density terminal maneuvering areas728
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or momentary GPS multipath interference, rather than extended, systemic729

infrastructure failures.730

Current tactical tracking algorithms typically rely on simple moving-731

average smoothing or coasting logic designed to reject single-point outliers.732

However, the empirical presence of dense, multi-second anomaly bursts in-733

dicates these foundational filters are insufficient. To maintain Required734

Surveillance Performance (RSP) compliance, ANSPs and developers of next-735

generation ACAS X and UTM frameworks should deploy multi-scale, rolling-736

window integrity monitors. Such monitors need to quarantine corrupted737

bursts spanning the identified w∗ duration before those errors propagate into738

4D trajectory predictions.739

Furthermore, current ADS-B integrity requirements specified in RTCA740

DO-260B and DO-260C [32, 33] mandate that uncontained position errors741

must be alerted within strict Time-to-Alert (TTA) bounds, typically 2 to 10742

seconds depending on the phase of flight. The finding that mean sustained743

degradation duration reaches 28.83 seconds, with worst-case events spanning744

4,930 seconds (approximately 82 minutes), suggests that a subset of the global745

fleet may operate outside DO-260B and DO-260C compliance parameters for746

extended intervals. However, because the kinematic thresholds detect anoma-747

lies exceeding GET-25 P99 bounds, substantially more stringent than baseline748

RTCA geometric limits, direct equivalence to certification non-compliance749

requires additional calibration.750

5.2. Aviation Certification and the Nature of Persistence751

While transient environmental interference explains short-term clustering,752

the longitudinal survival analysis (Section 4.3) reveals a more concerning753

pattern: the persistence of kinematic instability across multi-month horizons.754

The Kaplan-Meier onset curves show that a distinct sub-cohort of the global755

fleet fails to maintain surveillance integrity over time.756

The exposure-adjusted models isolate the nature of this persistence. Were757

recurrence usage-driven, utilization would carry a positive hazard: aircraft758

that fly more would simply meet more environmental hazard. The evidence759

is more specific. In the time-to-first frame the exposure coefficient is negative,760

but the companion diagnostics show this is largely a consequence of onset761

timing rather than a protective effect. Excluding first-interval events removes762

a third of the coefficient. A covariate-permutation placebo shows the fitted763

machinery contributes essentially nothing.764
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Once exposure varies through time, the Andersen–Gill model reverses765

the sign. Recent monthly utilization raises the recurrence hazard (HR 1.19766

per standard deviation). Pre-period observability coverage dominates both767

frames (HR 1.52 recurrent; 1.30 time-to-first). The picture is one of network-768

perceived integrity. Clustered-anomaly persistence concentrates where and769

when the surveillance network observes an aircraft most completely and most770

recently. Observability structure and routing exposure matter more than771

airframe wear in these data. For monitoring practice, fleet-health indicators772

built on these data must therefore be conditioned on coverage; otherwise,773

apparent degradation trends will partly mirror the network’s own visibility774

field.775

Based on these findings, the following measures are recommended for776

ANSPs and tracking system developers:777

1. Implement rolling-window cluster detection (w ∈ {3, 5}) in ground778

station processing chains;779

2. Establish fleet-level persistence tracking using exposure-adjusted sur-780

vival frameworks;781

3. Prioritize inspection of aircraft exceeding the 95th percentile O/E ratio782

for three or more consecutive months.783

5.3. Methodological Limitations784

To ensure rigorous interpretation of the findings, the following method-785

ological constraints must be acknowledged.786

Three statistical limitations bound the survival inferences. First, pro-787

portional hazards is formally rejected for all covariates at day grain. The788

reported baseline-model ratios are time-averaged associations, and the time-789

varying recurrent-event model carries the dynamic interpretation. Second,790

day resolution reduces tie mass by roughly thirtyfold, but T remains discrete791

at the daily level. Third, for sparse aircraft the significance of any single792

cluster is weak evidence on its own. Under injected independence, a sparse793

aircraft forms a cluster only 12.8% of the time, so conditioning on an observed794

cluster already conditions on a rare outcome (Fig. A.5). The persistence795

endpoints and the pooled FDR therefore carry the sparse-cohort inference.796

The unconditional false-positive rate of the deployed test is 0.040 against the797

nominal 0.05.798
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5.3.1. Exclusion of Ground-Based Kinematics799

To prevent stationary GPS micro-jitter and terminal multipath interference800

from inducing artificial derived speeds, the analysis excluded all ground-based801

position reports (onground = true). The transponder-derived onground flag802

can misreport; older transponders sometimes stay in airborne status while803

taxiing. A supplementary altitude filter, such as > 1000 ft AGL, was rejected804

because it would blind the analysis to initial climbs and final approaches,805

where low-altitude multipath is prevalent. Instead, the pipeline requires a806

minimum spatial displacement of 0.004◦ (about 444 meters) between sequential807

coordinates before kinematic evaluation is triggered. This safeguard ensures808

that stationary taxiway jitter cannot be misclassified as a high-speed airborne809

anomaly. This study therefore quantifies airborne surveillance integrity.810

5.3.2. High-Utilization Aircraft Sampling and Seeding811

To prevent fatal worker-node JVM memory exhaustion within the SQL812

extraction cluster, the export of raw anomaly arrays was capped via a SLICE813

limit of 250,000 indices per aircraft, per month. For scale, 250,000 corrupted814

events at a standard 1 Hz update rate equate to approximately 69.4 hours815

of continuous kinematic failure. Aircraft exceeding this ceiling are catego-816

rized at the maximum tier of degradation. Pipeline execution logs confirm817

that zero airframes (0.00%) within the global fleet triggered this truncation818

threshold. Because survival modeling (Section 4.3) evaluates the time to the819

first clustered anomaly, capping subsequent anomalies beyond 250,000 events820

does not alter the aircraft’s entry into the “Persistent” cohort.821

However, to prevent worker-node memory crashes within the loky mul-822

tiprocessing environment during Phase II, an explicit computational safety823

limit was implemented. Aircraft exceeding 50,000 cumulative anomalies are824

completely skipped during the multi-scale permutation test. Consequently,825

while the SQL truncation preserves initial entry into the persistent survival co-826

hort, the most severely degraded trajectories (>50,000 anomalies) are entirely827

excluded from the temporal clustering metrics. The reported permutation828

metrics (Z-statistic and O/E ratio) therefore represent a conservative lower829

bound of systemic network instability.830

Furthermore, to prevent computational memory exhaustion during the831

localized execution of duration metrics (Section 3.1.3), trajectories exceeding832

100,000 contiguous observation windows (L > 100, 000) were evaluated using a833

randomly sampled 100,000-window slice. For context, this threshold represents834

approximately 27.8 hours of continuous tracking at a standard 1 Hz update835
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rate, or nearly 139 hours for operators transmitting at 0.2 Hz. While this836

ensures that the most safety-relevant, high-utilization commercial airliners837

are retained in the characteristic timescale (w∗) analysis, it introduces a838

localized sampling constraint. To mitigate phase-dependent sampling bias839

(e.g., anomalies clustering predominantly during terminal approach), the840

algorithm evaluates aircraft triggering this memory guard across up to three841

randomly sampled contiguous slices across the trajectory. However, because842

the computational algorithm inherently bounds the maximum random starting843

index at L − 100, 000 to ensure a full slice is extracted, this methodology844

systematically under-samples the absolute final observation windows for these845

extended trajectories. The aggregated worst-case maximum reported for846

Dmax must therefore be interpreted as a conservative lower bound that may847

inadvertently suppress terminal-phase dropouts. Approximately 57% of the848

evaluated fleet triggered this memory guard threshold. To preserve statistical849

independence across the fleet, the random slice boundaries were generated from850

a deterministic SHA-256 seed combining each aircraft’s icao24 identifier with851

the global configuration salt (salt_aerospace_42), preventing correlated852

slice positions across sequentially allocated ICAO24 blocks.853

5.3.3. Two-Sided Sensitivity of Block-Preserving Permutations854

As detailed in Section 3.1.2, a block-preserving null model was deployed855

to validate the robustness of the uniform permutation test. To evaluate both856

Type I and Type II error rates among low-utilization operators, this sensitivity857

analysis covered every aircraft that reached statistical significance, plus a858

stratified random sample of non-significant aircraft (N = 5,000 per window859

scale; N = 25,000 globally). This two-sided design tests whether uniform-null860

anti-conservatism suppressed the significance of sparsely operating fleets, so861

that true clustering is not masked by the baseline assumptions.862

5.3.4. Discrete Survival Evaluation and Sub-Daily Persistence863

Time-to-event is evaluated on discrete calendar days reconstructed from864

the daily extraction ledgers. Recurrence within a single day is therefore not865

separable from one cluster-day, and a day boundary can split a rapid sequence:866

clusters late on one day and early on the next count as two cluster-days, while867

an equally rapid pair inside a single day counts as one.868

The two co-primary persistence endpoints defined in Section 4 bracket869

the operational recurrence rate and prevent calendar demarcations from870

masking short-term sequential degradation. Day-level resolution captures871
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rapid recurrence; sub-daily dynamics remain a target for localized continuous-872

time follow-up studies.873

5.3.5. Informative Censoring and Oceanic Dropouts874

A fundamental challenge in longitudinal surveillance analysis is distin-875

guishing between an aircraft ceasing anomalous behavior and an aircraft876

simply becoming unobservable. In the survival framework, aircraft were right-877

censored if they experienced a network dropout exceeding 30 consecutive days.878

While this prevents “missing data” from artificially inflating apparent compli-879

ance, it introduces the potential for informative censoring. Aircraft operating880

predominantly in oceanic or remote airspace (e.g., the NAT corridor) are more881

likely to experience these 30-day dropouts due to the line-of-sight limitations882

of terrestrial crowdsourced receivers. If these remote regions inherently cause883

higher rates of geometric teleportation anomalies, censoring these aircraft884

could mathematically suppress the true systemic hazard rate.885

The observability-coverage covariate (Xcov) mitigates this bias by adjust-886

ing the hazard for how completely the network observed each aircraft before887

its endpoint. However, to test whether reported results are robust to oceanic888

censoring patterns, a supplementary “continental-only” sensitivity analysis889

was executed. This analysis restricted the cohort strictly to aircraft that890

never experienced an inter-observation gap exceeding 7 days, thereby com-891

pletely isolating the model from trans-oceanic line-of-sight dropouts. Results892

confirmed that the longitudinal hazard trajectories remained structurally893

consistent when oceanic aircraft were excluded, indicating that informative894

censoring does not materially distort the primary conclusions (Fig. A.4).895

Because the dataset is bounded to the 2025 calendar year, mid-flight896

gaps crossing the December 31 boundary are truncated. Year-end dropouts897

are therefore treated as administrative right-censoring rather than network898

dropout censoring; the aggregate impact on the longitudinal survival esti-899

mates is negligible. Additionally, because the discrete risk-set evaluates inter-900

observation gaps on daily bounding timestamps, a large intra-day dropout (an901

aircraft observed briefly at 00:01 UTC and again at 23:59 UTC) is recorded as902

a continuous tracking day. This intra-day blindness marginally overestimates903

true hourly network coverage.904

5.3.6. Proportional Hazards Assumption Viability905

As detailed in Section 3.1.5, survival times are discrete at the daily level,906

and tied event times are handled with Breslow’s approximation during partial907
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likelihood maximization. Day resolution keeps the tie mass roughly thirtyfold908

below monthly aggregation, which allowed the scaled Schoenfeld residuals909

to be evaluated for every covariate. Those tests reject strict proportionality.910

The continuous Cox coefficients are therefore presented as time-averaged911

hazard effects across the longitudinal horizon. Should the true baseline912

hazard fluctuate with seasonal flight volumes, these coefficients represent the913

weighted mean of that varying risk rather than a fixed constant.914

6. Conclusion915

As global airspace modernization increasingly relies on unencrypted, de-916

centralized cooperative surveillance, the structural integrity of the Automatic917

Dependent Surveillance-Broadcast (ADS-B) network is paramount. This918

study extends the planetary-scale spatial baseline of GET-25 into the tempo-919

ral domain, providing a trajectory-level characterization of kinematic anomaly920

persistence.921

By analyzing 229.0 billion state vectors through an optimized out-of-core922

computational pipeline, this study shows that kinematic inconsistencies are923

not merely isolated, stochastic measurement errors. Instead, they manifest as924

highly structured, temporally clustered bursts, with a characteristic degrada-925

tion scale of 3 seconds. Furthermore, the application of exposure-adjusted926

survival analysis revealed that 58.4% of the global fleet records clustered927

anomalies on two or more distinct observation days (55.5% across two or928

more calendar months), a persistence that cannot be explained by flight-hour929

exposure alone.930

These findings have direct operational implications for the deployment of931

4D Trajectory-Based Operations (TBO) and automated collision avoidance932

frameworks such as ACAS X. Tactical tracking algorithms need to evolve933

beyond simple single-point outlier rejection to incorporate multi-scale, rolling-934

window integrity monitors capable of quarantining sustained data corruption.935

Additionally, the baseline recurrence probabilities established herein provide936

aviation regulatory bodies and Air Navigation Service Providers (ANSPs) with937

an empirical, traffic-normalized framework to identify specific airframes or938

transponder configurations that routinely fail to meet ICAO and RTCA DO-939

260B performance standards. Future research can build on these longitudinal940

baselines to train multi-parameter machine learning classifiers capable of941

attributing these persistent degradation signatures to their root physical or942

electromagnetic causes.943
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From a certification perspective, current RTCA DO-260B and DO-260C944

compliance testing evaluates ADS-B OUT performance under static, con-945

trolled conditions and may not capture the dynamic, longitudinal degradation946

patterns observed here. Aviation regulatory bodies should consider sup-947

plementing laboratory-based type certification with continuous monitoring948

requirements derived from operational surveillance baselines.949

33



Appendix A. Supplementary Figures950
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Figure A.1: Sensitivity Analysis: Censoring Convention. Baseline Kaplan–Meier curves
under gap-anchored censoring (131,067 events) and event-priority censoring (164,770
events).

Note: The conventions differ only in whether a cluster occurring after a qualifying >30-day gap
counts as an event.
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Figure A.2: Sensitivity Analysis: Network Dropout Censoring Thresholds (15, 30, 45, and
60 days; gap-anchored censoring).

Note: Event counts are 105,591, 131,067, 144,730, and 152,364. The event-priority count is 164,770
at every threshold. The threshold moves only the censor, never the clusters, and the survival profile
keeps its shape.
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Figure A.3: Cox Coefficient Behavior vs. Ridge Penalizer (λ), day-grain model.
Note: Coefficient magnitudes shrink monotonically with λ, as expected under L2 regularization. Signs
and covariate ordering do not change anywhere on the grid. All coefficients in the text are reported
at λ=0.1.
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Figure A.4: Sensitivity Analysis: Continuously Observed (Continental) Subset.
Note: The subset holds aircraft whose maximum internal observation gap is at most 7 days (n=40,055;
14,782 events). Its survival profile tracks the full fleet. This rules out oceanic line-of-sight dropout as
the driver of the headline curves.
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Figure A.5: Null Calibration Under Injected Independent Anomalies.
Note: 1,250 simulated aircraft; 50 injections each; N=1,000 permutations. The production engine
and the observed-slot comparator sit below the nominal α=0.05 in every density quartile and agree
to about 0.001. The day-boundary buffer slots are immaterial, and the deployed test is slightly
conservative.
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Figure A.6: Block-Preserving Retention Among Uniform-Significant Aircraft.
Note: Retention by window size and utilization stratum. At w∗=5: 89.8% for the ≥20
flight-hours/month cohort, 81.3% below it, and 83.2% overall.
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