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Abstract 1

The Galileo Project operates three autonomous multi-camera observing sites near Las 2

Vegas, Nevada, separated by baselines of 2 and 10 km, with the goal of characterizing the 3

populations of natural and human-made objects that cross the sky and thereby isolating 4

any event that fits none of them. Each site carries an array of eight long-wave infrared 5

(LWIR) cameras arranged in a fixed dome-like structure, an IR-Dalek, providing 360◦ 6

azimuthal coverage. We report the commissioning of the three arrays and present the 7

triangulation pipeline built on them. Because our targets are not assumed to follow any 8

particular trajectory, we depart from the parametric fits standard in meteor work and 9

estimate the instantaneous three-dimensional position at each time step as the point that 10

minimizes the weighted sum of squared distances to the simultaneous lines of sight, 11

weighting each camera by its own pointing uncertainty and by its range to the object. We 12

describe the intrinsic and extrinsic calibration procedure, which uses Automatic Dependent 13

Surveillance–Broadcast (ADS-B) aircraft as reference sources in the absence of stars or 14

fixed landmarks in the LWIR field of view, and the multi-sensor track association scheme 15

that decides which detections belong to the same object. Using one week of data (2026 16

May 24–30; 1,650 camera-hours, 2.1 × 108 detections and 5.3 × 106 tracks), we validate the 17

recovered positions, speeds and accelerations against ADS-B records, recovering distances 18

to within 5% for 99% of the aircraft solved from three sites and for 83% of those solved 19

from a single site pair and speeds to within 5% for 78% and 63% of them respectively. We 20

characterize the identification completeness of the array, which is set by apparent size: the 21

50% identification threshold falls at 1.8 pixels of apparent wingspan. 22

Keywords: unidentified aerial phenomena; triangulation; multi-site sensor networks; 23

long-wave infrared imaging; camera calibration; ADS-B; track association; trajectory recon- 24

struction 25

1. Introduction 26

In the effort to obtain science-quality data for the analysis of unidentified aerial 27

phenomena (UAP), the Galileo Project has designed and deployed five observing sites to 28

monitor the skies [1]. The project aims to characterize the overall distribution of human- 29

made and natural phenomena, so as to distinguish any anomalous event that does not fit 30

any of these known populations [2]. 31

In this work we focus on the three sites located in Las Vegas, Nevada (United States). 32

Each of these sites has an array of eight long-wave infrared (LWIR) wide-field cameras 33

that continuously observe the sky. Four visible wide-field cameras per site are installed 34
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but not yet commissioned, and are not used here. Each site operates autonomously, with 35

onboard edge computing, local data storage, GPS-disciplined timing, and automated 36

thermal management. Separated by baselines of 2 km and 10 km, this configuration enables 37

the combination of detections from the different sites to reliably determine 3D positions, 38

velocities and accelerations of an object that is simultaneously detected by two different 39

sites. Characterizing the triangulated 3D trajectories allows us to further separate the 40

dynamical properties of known objects (e.g. solar system bodies, aircraft, clouds) in the 41

search for outliers. 42

The triangulation of 3D positions from directional data has been extensively explored 43

for meteor trajectory reconstruction. Pioneer works like [3] proposed that a meteor’s tra- 44

jectory can be estimated as the intersection of the planes formed by the sites and the lines 45

of sight of the source observed at different times, from each site. To avoid reconciling 46

different planes when more than two sites observe the event, [4] proposed an approach that 47

naturally combines multi-site observations. This consists of finding the linear trajectory 48

that minimizes the squared distances between the different lines of sight and the trajectory. 49

In more recent works, instrument uncertainties and distances to the observation sites have 50

been introduced to weight the directional contributions (Jeanne et al. 5, Vida et al. 6, Mar- 51

gonis et al. 7). A common assumption across all of these works is that the observed objects 52

describe linear trajectories. This is a valid approximation for bolides and a reasonable 53

choice when simultaneous data points are not available ([8]). 54

Since our goal is to track arbitrary trajectories, we depart from these approaches 55

by computing the object’s instantaneous position at each time step, rather than fitting a 56

parametric trajectory. We leverage our multi-site synchronized setup to approximate the 57

object’s instantaneous position by finding the 3D position that minimizes the sum of the 58

weighted squared distances from all visual rays, at a given time. This weighted approach 59

takes into account the direction uncertainties intrinsic to our observing system and the 60

distance from which each site observes the object. This choice yields noisier per-point 61

estimates, which we address in Sec. 3.2.3 by fitting a smooth curve to the reconstructed 62

track. 63

This work continues the triangulation analysis projected in [9], and follows our first 64

commissioning experience with our development site in Massachusetts [10]. 65

Building on the recent availability of LWIR data from these sites, we present the 66

commissioning results of the camera arrays installed at each site (Sec. 3.1), and illustrate 67

our triangulation approach using the LWIR-instruments across the network. For this, we 68

define our triangulation method (Sec. 2.4.1) and the multi-sensor track association approach 69

(Sec. 2.4.2). We test our triangulation calculations against ADS-B aircraft records (Sec. 3.2.3), 70

and close by discussing the selection effects the array imposes and the limits they place on 71

any search for anomalous objects (Sec. 4). 72

2. Materials and Methods 73

The Galileo Project has installed 3 observing sites in Nevada, to which we refer 74

as Sphere (Lat: 36.121, Lon: -115.161), Hideout (Lat: 36.072, Lon: -115.066) and Wildhorse 75

(Lat: 36.057, Lon: -115.079). Sphere lies 10.1 km from each of the other two, which are only 76

2.0 km apart, so the array is strongly asymmetric: the Hideout–Wildhorse pair constrains 77

range far more weakly than either does against Sphere. Each of these stations is equipped 78

with long wave infrared (LWIR) wide angle cameras that continuously record the skies 79

of each site 10◦ above the horizon. Each site operates autonomously, with onboard edge 80

computing, GPS-disciplined timing, and automated thermal management. In one of the 81

sites, Hideout, an ADS-B receiver (RTL-SDR dongle) tracks aircraft positions. 82
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Figure 1. IR-Dalek: the eight-camera LWIR array at the Sphere site. Seven cameras point outwards
around a circle at ∼ 30◦ elevation and an eighth, wider-field camera points at the zenith.

In this section, we give an overview of the instruments, the data they produce, their 83

calibration, and the software pipeline implemented to obtain triangulated positions. 84

2.1. Instruments 85

2.1.1. The IR-Dalek 86

The LWIR cameras are arranged in dedicated fixed structures called Daleks to cover 87

different portions of the sky. The Daleks in Las Vegas sites replicate the first-generation 88

Dalek, which was commissioned at a Massachusetts observatory in February 2025 and is 89

described in detail in [10]. We briefly describe the Dalek set up. 90

The IR-Dalek has eight FLIR LWIR Boson 640 × 512 sensors (spectral band 7.5 - 91

13.5 µm). Seven of these have a 50◦ HFoV (focal length 8.7 mm, f /1) and are distributed 92

on a circle pointing outwards with a 30◦ elevation. An eighth IR Boson camera with a 93

4.9 mm lens ( f /1.1) located within the circle is oriented towards the zenith (Fig. 1). This 94

arrangement results in a 360◦ azimuthal and 160◦ elevation coverage. For all instruments, 95

the camera array is oriented clockwise from North, with Camera 1 pointing North. 96

The seven outward-looking cameras and the zenith camera are mounted on a custom 97

rigid aluminum honeycomb optical bench via FP90 Thorlabs flip platforms, allowing 98

accurate 30◦ elevation adjustment. A custom 20-inch (508 mm) diameter fiberglass dome 99

protects the cameras from wind, rain, dust, and wildlife. 100

The Boson cameras view the sky through germanium windows bonded to the dome 101

with UV-grade silicone adhesive, carrying a diamond-like carbon (DLC) anti-reflective 102

coating on the outer surface and an AR coating on the inner surface. Additionally, each 103

camera is equipped with a servo-actuated shade that opens and closes on a per-camera 104

schedule, tracking the sun across the sky, protecting the microbolometer sensors from 105

sustained direct solar exposure. 106

The shades are each driven by a ZOSKAY DS3218 270◦ full-metal-gear digital servo 107

with closed-state confirmation from a D2HW-C202M normally-closed micro-switch. Shade 108

state is evaluated continuously from solar ephemeris data computed onboard via the 109

SolarCalculator library, synchronized to UTC via NTP, running on an Arduino Mega 110

with Ethernet shield. 111

While we report some blocked shades and the Sun is seen in some recordings, we do 112

not find any permanent damage in the instruments. 113

https://doi.org/10.3390/s1010000

https://doi.org/10.3390/s1010000


Version September 24, 2026 submitted to Sensors 4 of 25

Figure 2. Garmin GPS custom cable and DB9 connector wiring.

2.1.2. The Garmin GPS 114

Each site has a Garmin GPS receiver, which is connected to the main edge computer at 115

each site via a custom DB9 serial interface and USB-to-serial adapter (Fig. 2). This provides 116

a pulse per second (PPS) GPS-disciplined UTC reference on the main computer. Then, the 117

instrument edge computers are synchronized through the Network Time Protocol (NTP). 118

The resulting timestamp synchronization between each camera instrument and the 119

GPS-disciplined edge computer has been measured at 0.25–0.30 ms. Since all instruments 120

synchronize to the same edge computer, the inter-instrument timestamp offset across the 121

full network remains below ∼ 0.6 ms. This is well within the timing budget imposed by 122

the 60 fps recording rate of the Dalek cameras (frame interval ∼ 16.7 ms). 123

2.1.3. The ADS-B receiver 124

For control and calibration purposes, we use ADS-B data. The Hideout ADS-B sub- 125

system consists of a FlightAware USB software-defined radio (SDR) dongle (1090 MHz, 126

Mode-S) connected to a dedicated Raspberry Pi edge computer with a local 1090 MHz 127

antenna and local data storage. The data is stored using the readsb open software [11]. 128

The centralized single-receiver architecture reduces reliance on third-party flight-tracking 129

services and preserves raw packet-level timing. 130

Due to physical objects blocking the receiver’s FoV and limited range of our receiver, 131

we complement our locally acquired ADS-B data with historical data pulled from OpenSky 132

[12]. Over the week analyzed here the Hideout ADS-B receiver recovers 81% of the aircraft 133

that OpenSky reports within 40 km (4,475 of 5,368 distinct airframes), however it does so 134

with a more limited range (see Fig. 3). Its share of the individual position reports falls 135

monotonically with range, from 33% inside 5 km to 9% at 20–25 km and under 3% beyond 136

25 km, so OpenSky supplies almost all of the coverage at the far end of the array’s useful 137

volume. 138

The Hideout local receiver also contributes other aircraft data not present in the 139

OpenSky dataset (610 airframes over this week). This corresponds to aircraft that do not 140

broadcast their own position, but nearby ground stations identify them and broadcast an 141

additional signal. 142

2.2. Data 143

To illustrate the triangulation pipeline set up for the LWIR-Daleks, we use one week of 144

data: from May 24 through May 30 of 2026 (UTC). During this week, the sites have recorded 145

1,650 camera-hours, of which 1,611 were processed through the detection pipeline. Each 146

camera has a simultaneous 11-hour-long uptime window per day (downtime through 1 147
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Figure 3. Coverage of the Hideout ADS-B receiver compared with the OpenSky archive over the same
period. The local receiver is limited in range by the horizon and by obstructions around the antenna,
but recovers aircraft that OpenSky does not.

a.m. to 2 p.m. UTC). We exclude from the analysis the recordings corresponding to cameras 148

3 and 6 at Hideout, and camera 8 in Wildhorse, where we report issues with the shades 149

blocking the field of view over these dates. This leaves 21 of the 24 cameras in the analysis. 150

The data consists of 15 minutes-long RGB video recordings at 60 frames per sec- 151

ond with 640 × 512 px2 produced using the Gstreamer open media framework [13]. The 152

recordings are synchronized across the cameras and sites to cover the same time windows. 153

This raw data has been further processed with our YOLO11-tracking pipeline to 154

identify moving objects in the FoV [14]. This output determines the per frame pixel 155

positions of an object within the camera’s FoV (cx , cy), a bounding box size, and a confidence 156

level for the detection ranging from 0 to 1. Additionally, it groups the detections over time 157

identifying distinct tracks. This way, an object observed by one camera is associated to one 158

1 time series of the 2D projected position in the camera’s detector. 159

For the analysis, we filter tracks to keep only those that have at least 30 detections 160

with confidence level greater or equal to 0.5. This is equivalent to half a second of confident 161

detections if they had been seen in consecutive frames. The detector returned 213,621,108 162

detections in total, of which 117,378,644 (55%) carry a confidence above 0.5, grouped into 163

5,313,389 distinct tracks. The length-and-confidence filter above is applied downstream, 164

when the tracks are passed to the identification stage. 165

As the triangulation sites are located between two and ten kilometers from each other, 166

most of the observed objects are expected to appear different sizes when seen from the 167

different sites. For this reason, we limit the analysis to their positions in the camera’s FoV, 168

instead of including any other visual information (e.g. object bounding box size) to aid the 169

object matching. 170

The combined ADS-B data from Opensky and our local receiver was further processed 171

to derive positions in ECEF, speeds and accelerations. Speeds are taken from the transpon- 172

der’s own reported quantities, v =
√

v2
gs + v2

z , combining ground speed and vertical rate, 173

rather than by differencing reported positions. Accelerations are obtained by differentiating 174

that reported velocity vector once, rather than by differencing position twice; this lowers 175

the noise floor of the reference from tens of m s−2 to ∼1 m s−2. We note that ground speed, 176

track and vertical rate are not refreshed with every position report: reports arrive about 177

once per second, and roughly half of them repeat the previous velocity unchanged, so a 178

1 An object can be associated with more than a track when the visibility of the object is discontinuous.
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Figure 4. Dalek FoV: the union of the eight cameras’ fields of view for a single Dalek, and the overlap
between neighboring cameras.

large fraction (83%) of the differenced acceleration samples are exactly zero. The fields are 179

also quantized — 0.1 kt in ground speed and 64 ft min−1 in vertical rate — which sets the 180

smallest change the reference can express, but it is the repetition rather than the step size 181

that empties the differenced sample. Where we score acceleration against this reference 182

we therefore restrict to the samples at which the transponder actually reported a change in 183

velocity, which are the only ones that carry information. 184

2.3. Calibration 185

The calibration of the instruments is essential to accurately establish directions in 186

which an object is observed and at what time, to effectively crossmatch the directions of 187

different simultaneous observations. 188

While the time sync is achieved synchronizing the instrument’s clock to a reliable 189

GPS clock, the cameras require two distinct steps: intrinsic and extrinsic calibrations. The 190

intrinsic calibration models the camera’s lens distortions, and the extrinsic calibration 191

positions the camera in an Earth reference system. 192

2.3.1. Dalek cameras calibration 193

The intrinsic calibration consists of finding the focal length, optical image center and 194

distortion coefficients that model the camera lens. These parameters are approximated 195

by Standard Lens and Fisheye models for the 50◦ HFoV and wide-field zenith sensors, 196

respectively. To calculate these parameters, we first image a heated checker board in 197

different angles and distances across the field of view of each camera (between 20-80 198

images). Then, the images are processed with the Open cv2 library [15] to identify the 199

checker board and calculate the distortions. 200

For the outward-looking cameras the angle subtended by a pixel is not constant across 201

the frame: at the mid-field radius of a typical detection it is some 30% larger than on the 202

optical axis. We find an intrinsic median re-projection error [9] per camera between 0.5 and 203

1.7 pixels (median 1.1 px over the 24 cameras) for the IR cameras. 204

Once the camera lens is modelled, we can convert pixel measurements (cx , cy) to 205

unit line-of-sight vectors in the camera frame d ∝ K−1(ux, uy, 1)T, where (ux, uy) are the 206

undistorted pixel coordinates and K is the intrinsic matrix. 207

The extrinsic calibration aims to find the position and orientation of the camera in 208

space and in reference to an Earth reference frame. On the one hand, we need to know 209

where the instrument is and, on the other, where are the cameras pointing at. 210

To determine the cameras’ positions, we use the Dalek’s GPS position, which has 211

an expected error of 1 − 3 m. For the spatial orientation, we require a minimum of six 212

observable sources with known positions to determine a rotation matrix that converts 213
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between the camera frame to a world frame. Due to the lack of fixed landmarks in the field 214

of view and stars not being observable with the IR-cameras, we rely on aircraft positions 215

tracked by the ADS-B. Finding the rotation matrix R is a known problem [16], for which 216

we follow the solution procedure described in [9] (Sec. 4.2.1). 217

Due to unsystematic uncertainty in the ADS-B timestamps (e.g. uncompensated 218

latency of −0.2 to +0.4 s, constant along a given aircraft’s track but varying between 219

aircraft, George et al. 17), we aimed to maximize the number of identified aircraft tracks 220

to smooth the dependence with tracks timestamp uncertainty. To automate the track 221

identification, we perform the calibration in an iterative fashion. 222

Initially, we set the rotation matrices to the design camera orientations (Fig. 4). We 223

then match the observed tracks to the known aircraft ground truth tracks. As the initial 224

estimate might lead to wrong detections and other objects could be confused with aircraft, 225

we proceeded to attempt to triangulate the aircraft as a further verification that the object 226

in sight has been identified correctly. When the aircraft tracks could be recovered with a 227

position error smaller than 1 km, we store the observation-ground truth matches and used 228

these to compute the new camera’s rotation matrix. 229

After refining the rotation matrix, some of the cameras may still exhibit large re- 230

projection errors of the selected tracks. The cameras that have a re-projection error lower 231

than five pixels become the trusted cameras that define the structural orientation of the 232

Dalek. When a camera has a median re-projection error that exceeds 5px, we assign it its 233

corresponding structural rotation matrix. At this point, we restart the process by matching 234

the observed tracks with the ADS-B aircraft tracks. We repeat until the cameras show no 235

re-projection error improvement. To minimize the direction uncertainty impact in our 236

calibration, we restrict to aircraft at over 5 km from the instrument. 237

Finally, we store the rotation matrix for each camera and the median re-projection 238

error of all their observed identified tracks to estimate the camera pointing uncertainty. 239

The uncertainty in the triangulated positions lies essentially in the time latency un- 240

certainty and the direction uncertainty of the visual ray and the distance at which the 241

object is from the camera. This includes the intrinsic, extrinsic, and timestamp camera 242

uncertainties, the YOLO consistency at finding the center of the object (if resolved or the 243

image spatial discretization otherwise). Overall, we estimate this error as the difference 244

between where we expect to see the ADS-B position projected on to the camera plane and 245

the detected position. This is the re-projection error. Expressed as an angle, the median 246

extrinsic re-projection residual, converted to a Gaussian σ under the Rayleigh assumption 247

of Sec. 2.4.1 and divided by the camera’s own focal length, corresponds to a pointing 248

uncertainty of ∼ 4.7 mrad for a typical outward-looking camera, or ∼ 56 m of transverse 249

position error at 12 km. 250

The extrinsic rotations were fit from 2,645 identified aircraft tracks recorded over the 251

two days immediately before the analysis data (2026 May 22 and 23), a median of 82 tracks 252

per camera. Of the 24 cameras, 21 were solved and the three whose shades stalled closed 253

were excluded; 11 of the 21 reach a median re-projection error below 5 px on their calibration 254

sample. The final solve replaced the rotation of 16 cameras and kept the previous iteration’s 255

rotation for the remaining five, where the new solution did not improve the re-projection 256

error. Further details on the extrinsic calibration results can be found in Appendix A. 257

2.4. Triangulation 258

In the context of 2D imaging, the calculation of distance is possible if we can accurately 259

estimate the direction towards the same object as seen in two images taken simultaneously 260

from known (and different) positions. In other words, we need to know the deformation, 261

location and orientation of two cameras, as well as identifying that the object seen from 262
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both cameras is in fact the same object. While finding object directions has already been 263

covered in Sec. 2.3.1, in this section we focus on the triangulation calculation itself. First, 264

we define how the positions are calculated when an object is tracked by different cameras. 265

Second, we describe the approach taken to identify a unique object and match its tracks 266

observed by the different cameras. 267

2.4.1. From object detection to 3D positions, velocities and accelerations 268

Triangulating positions of objects is a geometric problem. We use the Earth-Centered, 269

Earth-Fixed (ECEF) reference frame, in which we locate the sites S1, S2 and S3 (i.e. Sphere, 270

Hideout and Wildhorse). The previous calibration efforts allow us to convert a position of 271

a detection in an image (x, y) taken from Si to a unitary vector in space vECEF
i that extends 272

from site Si to the detected object: 273

vECEF
i =

RT
i K−1

i ũi∥∥∥RT
i K−1

i ũi

∥∥∥ (1) 274

where ũi = (ux, uy, 1)T are the homogeneous undistorted pixel coordinates of the detection, 275

obtained by inverting the intrinsic lens model of Sec. 2.3.1; Ki is the intrinsic matrix, whose 276

inverse carries pixels into normalized camera coordinates; and Ri is the rotation matrix 277

taking world coordinates into the camera frame, so its transpose returns the ray to ECEF. 278

The result is dimensionless by construction and no separate unit conversion is required. 279

We can then express the position of the object from the ECEF origin as 280

ri(t) = Si + t vECEF
i , t > 0. (2) 281

Given the pixel positions of the same object observed at the same time from different 282

sites, we can project the vectors that point towards the object. Ideally, these would intersect 283

at the position of the object. However, due to uncertainties in the measured directions to 284

the object from the cameras, we estimate the 3D position X as the point that minimizes the 285

sum of the weighted squared distances from all visual rays as a first order correction. 286

To calculate the distance from the camera ray vi, we use the matrix that projects a 3D 287

point to its perpendicular plane 288

Pi = I − vi vi
T (3) 289

Then, we minimize the squared sum of such distances across all sites. 290

J(X) = ∑
i

wi ∥Pi(X − Si)∥2 (4) 291

where the weights wi = f 2
i (σiRi)

−2 are estimated from the camera’s focal length fi for 292

unit conversion to angle, the σi inferred from each camera’s median extrinsic re-projection 293

residual on the assumption that the residuals are Rayleigh distributed, and the distance 294

from the camera to the object Ri. Setting ∇J = 0, we obtain the normal equations exactly, 295

since Pi is a symmetric idempotent projector and J is quadratic in X. 296

X = M−1b, M = ∑
i

wiPi, b = ∑
i

wiPiSi 297

Because Ri depends on the unknown position, the weights are applied in two passes: 298

a first solve with wi = 1 supplies the ranges, and a second solve uses wi = f 2
i (σiRi)

−2. The 299

matrix M is singular when all rays are parallel, which is the degenerate single-site case 300

and why SSBs positions are poorly constrained in this system. Additionally, solutions are 301

rejected when the mean re-projection error of the recovered point exceeds 10 px. 302
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Furthermore, we can estimate the expected error of a given triangulated position X 303

from the same normal equations. Propagating a perturbation of the ray directions through 304

∇J = 0 gives δX = M−1 ∑i wiRi δvi, so 305

Cov(X) = M−1

(
∑

i
w2

i σ2
i R2

i JiJTi

)
M−1 = M−1, (5) 306

where Ji is the Jacobian that maps a pixel perturbation to a ray-direction shift in 3D space. 307

The collapse to M−1 follows because JiJTi = Pi/ f 2
i , so the bracket reduces to ∑i wiPi = M. 308

This holds only under the inverse-variance weights above, that is, only because the weights 309

carry the f 2
i . The matrix M is therefore the inverse position covariance and no separate 310

error propagation is required. 311

Cov(X) is expressed in ECEF, where “horizontal” and “vertical” are undefined, so we 312

rotate it into the local East-North-Up frame at the object’s own geodetic position. We then 313

quote the 1σ semi-major axis of the East–North block as the horizontal error and the square 314

root of the Up–Up element as the vertical error. We stress that this propagates random 315

pointing noise through the observing geometry alone: it carries no calibration bias, and is 316

therefore a lower bound on the true position error rather than a prediction of the residual 317

against ADS-B. 318

Once we compute time series of the track’s 3D point, we consider different smoothing 319

and fitting approaches that yield different velocity and acceleration estimations. The 320

starting point is always the time series of 3D point in the ECEF reference frame, and in 321

all cases, the velocity and accelerations are calculated as the numerical differentiation of 322

the 3D point time series (once or twice, respectively). In the first approach, we consider a 323

low degree polynomial curve fit of the 3D positions. Specifically, we consider linear and 324

quadratic models, differentiated analytically once and twice; a linear fit therefore asserts a 325

constant velocity and exactly zero acceleration, and a quadratic fit a constant acceleration. 326

Second, we apply Savitzky–Golay smoothing (S-G, Savitzky and Golay 18) with degrees 327

1 and 2 to the 3D positions. We evaluate different smoothing windows: 21, 51, 101 and 328

201 samples. Finally, the last approach does not assume any global curve nor applies 329

any smoothing to the positions; the velocities and accelerations are obtained by central 330

differences taken on the recorded timestamps. 331

Because detections are missed intermittently, the sampling is not perfectly uniform, 332

and we therefore evaluate the S-G polynomial in the samples’ actual timestamps rather 333

than through the equally spaced convolution coefficients. This reproduces the standard 334

filter exactly when the frame interval is constant and remains correct when it is not, so no 335

track has to be split at dropouts and no frames are discarded. 336

2.4.2. Track association 337

While triangulating objects’ positions can be solved as a geometric problem, one of 338

the greatest triangulation challenges is associating the same object as seen across different 339

cameras. When we have objects with known ground truth positions (e.g. aircraft, the 340

Moon or the Sun), we can first identify them in our observed tracks by projecting their 3D 341

positions to the 2D camera pixel map and then match these to our detected tracks. Once 342

identified, we can perform the triangulation of these objects if they share ids and overlap 343

over time. However, this approach is restricted to identified objects, limiting the discovery 344

of UAP. To extend the position triangulation to any object we present the strategy used to 345

triangulate the position of any observed object. 346

To enable any object triangulation, we first need to associate the observed tracks that 347

correspond to the same object. For this purpose, we perform a pairwise comparison of all 348
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Figure 5. Track association by line of sight intersection diagram. Correctly associated detections of
the same object X from different sites Sj are seen in the left panel. On the right panel, an unfavorable
case where the intersecting lines of sight of different objects Oj locate a virtual object in 3D space.

tracks seen from cameras of different sites across an overlapping time window. To reduce 349

the number of comparisons, we restrict to camera pairs that have a shared FoV. 350

Singling out objects seen simultaneously by different cameras poses the challenge of 351

avoiding depth confusion, as objects with intersecting or nearly intersecting lines of sights 352

may result in false positive matches. This projection confusion is inherent to the method 353

and is amplified by the uncertainty of the sensor set up, since a near-coincidence falls 354

inside the same tolerance that a genuine object does. As a result of mismatched detections, 355

the position of a virtual object is calculated instead (see Fig. 5). To reduce the number of 356

spurious matches, we leverage the time-series information of the track to link tracks that 357

have consistent trajectories over overlapping time windows. 358

For the comparison, we set a number of different gates that reduce the chance of 359

matching two distinct objects. These include: temporal overlap, geometric agreement and 360

velocity constraints. In detail, these gates are (in order): 361

1. Temporal overlap: The pair of tracks must overlap over a span of at least one second 362

and share at least 75% of the detections of the sparser track within that window; a 363

pair failing this is still admitted if both tracks contribute at least 10 detections in the 364

overlap window. 365

2. Coplanarity: The two camera rays and the baseline vector must be nearly coplanar. 366

This condition ensures that the camera rays intersect, within the expected error 367

given by the re-projection error of the camera combination. The threshold is set per 368

camera pair as min
(

3
√

ϵ2
90th A + ϵ2

90th B, 0.05
)

, with ϵ90th the 90th-percentile extrinsic 369

re-projection error expressed as an angle [rad]. The points where the camera rays are 370

closest to each other should also be in front of the camera. 371

3. 3D speed match: If we follow the movement described by the points within the 372

camera rays nearest each other, we can compute a 3D velocity of such points per 373

camera. The velocity magnitudes must be within 20% of each other, and their average 374

velocity directions must have a cosine > 0.95. This aids the removal of spurious virtual 375

objects. 376

These gates seem redundant for a real object, however they are aimed to restrict 377

the wrong projection pairs: coplanarity is a single-frame test and by construction can 378

easily be satisfied by a virtual object, whereas the speed and direction gates use the whole 379

overlapping time window and are what actually break the degeneracy. 380
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Figure 6. Detections per camera, 2026-05-24 to 2026-05-30 UTC. Grey is the total; the coloured portion
is the subset above confidence 0.5.

The pairs of tracks that pass these gates become matching candidates. As an object’s 381

track might be split in different segments in one of the cameras but not in the other, we 382

allow multiple matches for a single track as long as their time windows do not overlap. 383

The final associated tracks are selected to maximize the number of simultaneous detections 384

and minimize the median re-projection error among all candidates. Pairwise matches are 385

then closed transitively, so that a track matched to a second camera and independently to a 386

third places all three in one object. 387

Multi-sensor fusion may also reduce spurious matches. While also subject to unfor- 388

tunate projection confusion, a third (or more) sensor detecting the same virtual object is 389

unlikely. Validating an object triangulation with three or more cameras depends, however, 390

on advantageous observing geometry. In other words, that the object is observable from 391

the three sites simultaneously. We consider pair-wise and three-site results in Sec. 3.2.3. 392

3. Results 393

In this section we present, on the one hand, the commissioning results of the Las Vegas 394

IR Daleks and, on the other, the triangulation results. In the first, we focus on the results 395

per camera, while in the second we focus on the analysis that requires an interconnection 396

of the network. 397

3.1. Commissioning results 398

3.1.1. Detections and tracks 399

The first part of our processing pipeline consists of running the YOLO detector and 400

tracker on every recorded frame. Over the analyzed week the 21 active cameras produced 401

213,621,108 detections, of which 55% carry a confidence level above 0.5. Grouping these in 402

time yields 5,313,389 tracks. Fig. 6 shows the detection counts per camera and Fig. 7 the 403

corresponding track counts. 404

3.1.2. Object identification 405

While our primary goal is to study UAP, part of our analysis requires the identification 406

of known objects for different purposes. On the one hand, it serves as a ground truth 407

verification of the approach taken. As the nature of the objects is well-known, we can study 408

the limits of our instruments. On the other hand, recognizing an identified object in our 409

dataset discards the possibility of considering it a UAP. 410

Among the analyzed tracks, we found several natural objects, like birds, bees, leaves, 411

the Sun or the Moon, and human-made objects like airplanes or helicopters. We do not 412

report any sightings of satellites nor Solar System bodies, besides the Sun and the Moon. 413
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Figure 7. Tracks per camera over the analyzed week. In grey are the tracks that pass the confidence
and length filter, while the coloured portion are those matched to an identified object. The white
shades indicate the identified tracks found within the expected camera re-projection error.

To avoid spurious identifications, we restrict the identifications to aircraft and solar system 414

bodies. Additionally, we only test for position, velocities and acceleration using identified 415

aircraft, as we can better test our method with a wider range of speeds, sizes, and distances. 416

From the 5, 313, 389 relevant tracks analyzed, 44, 417 were matched to an identified 417

object (Moon, Sun or aircraft): 41,337 aircraft, 2,706 Sun and 374 Moon. This represents 418

0.84% of the total, and 70% of these were found within the expected camera re-projection 419

error, meaning that the track’s median residual falls within that camera’s 90th-percentile 420

extrinsic re-projection error. Each camera detected over 1, 000 identifiable objects during 421

this period, as seen in Fig. 7. 422

We note that not all ADS-B transmitting aircraft that pass geometrically in the cameras’ 423

FOV within 30 km during their recording time are detected. We analyze how the objects’ 424

detectability depends on their apparent size. For this, we calculate the percentage of aircraft 425

passes that are identified per camera at the closest approach to the site and per aircraft’s 426

wingspan, as a size proxy2. As seen in Fig. 8, when the aircraft size in the camera is between 427

1-2 pixels, the detection is not certain. Above this limit, missed aircraft are rare, and under 428

the 1 pixel limit any detection is also scarce: the identification fraction crosses 50% at an 429

apparent wingspan of 1.8 on-axis-equivalent pixels, falling to 1.5 pixels once passes near the 430

horizon are excluded. Roughly a fifth of the apparent size threshold is therefore atmosphere 431

and terrain rather than target size, confirming the estimations from our design [9]. 432

3.2. Triangulation results 433

All the triangulation results in this section correspond to tracks associated with the 434

method presented in Sec. 2.4.2. In the case of identified objects, the identifications were 435

transferred to the triangulated object if it was identified in at least two cameras contributing 436

to the triangulation. 437

We use the mid-point position among all three sites to estimate relative distance 438

uncertainties: 36.083680◦ N, 115.102134◦ W, 636.2 m. 439

3.2.1. Triangulation coverage 440

While each camera observes a solid angle of 40 ◦ × 50 ◦ (and 72 ◦ × 95 ◦ for zenith 441

cameras), the combination of all the cameras from a Dalek array form a more complex 442

volume (see Fig. 4). Using the intrinsic and extrinsic calibration of the IR-Daleks, we 443

2 The aircraft wingspan is derived from ADS-B data, and could only be determined for 76% of the aircraft
geometrically in the field of view.
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Figure 8. Percentage of identified aircraft per size and distance to detector. Cells with less than 10
elements are kept blank (total objects in blank cells: 13). Aircraft with apparent size smaller than
1 pix is hardly identified by our cameras. The white contours show constant apparent sizes for the
outward-looking cameras; the zenith cameras, whose pixels are 1.8× coarser, need 1.8× the wingspan
to present the same apparent size.

calculated the final sky coverage as the intersection of such volumes. In other words, the 444

volume where triangulation could be geometrically performed if the object were observable 445

from the respective sites. 446

To represent this volume, we used horizontal cuts at different altitudes: 2.5 km, 5 km 447

and 10 km. For a 3-site triangulation, the volume is the intersection of each Dalek’s FoV, 448

while a pair-wise triangulation only requires an object to be seen by two cameras from 449

different sites, resulting in a more extended common FoV as seen in Fig. 9. 450

Due to the upward pointing of the cameras, the common FoV at lower altitudes is 451

the most limited of the three heights shown. Conversely, at 10 km the FoV coverage is 452

only restricted by the 30 km radius limit. It is worth noticing that for an object at greater 453

distances, the camera resolution has a larger impact on the object detectability, and therefore 454

on the ability of triangulating the position of such object. 455

Geometric coverage says where a position can be recovered at all; the same calibration 456

also says how well. Evaluating Cov(X) = M−1 of Sec. 2.4.1 on a grid over the 10 km plane 457

gives the predicted 1σ position error of a single detection everywhere in the common field 458

of view (Fig. 10). Over the region seen by all three sites the predicted horizontal error has 459

a median of 230 m and a 90th percentile of 0.6 km, whereas over the region seen by only 460

two the median is 285 m and the 90th percentile 4.3 km: the long tail of the error budget 461

lives entirely in the two-site part of the volume, where the cross-site rays meet at a shallow 462

angle. The vertical error is consistently the smaller of the two, at 0.56 times the horizontal 463

at the median, because the array’s baselines are horizontal while the targets are seen well 464

above the horizon. This is a statement about what the geometry and the calibration allow, 465

not about what any particular detection achieved. 466
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Figure 9. Combined geometric sky coverage of the Sphere, Hideout and Wildhorse sites at different
altitudes. On the left-hand side panel, the intersection of the three sites’ FoV. On the right-hand side,
the FoV where there is coverage from at least two sites.

3.2.2. Associated tracks 467

Applying the association scheme of Sec. 2.4.2 to the analyzed week yields 18,176 468

cross-site matched track pairs, of which 2,213 are supported by all three sites and joined as 469

739 unique objects (Table 1). 470

Of the total number of pairs, 9,894 (54.4%) were identified in one or both cameras: 471

in most cases (58.3%) the tracks have the same id in both cameras, while 3,917 were only 472

identified in one camera (39.6%) and 204 have mismatching ids across cameras (2.1%). 473

These groups could be subject to a mislabeling of the object or a wrong track association. To 474

solve this difference, we further compare the triangulated position to the matched ground 475

truth aircraft in Sec. 3.2.3. 476

When only considering associated tracks from three sites, those identified as an 477

airplane are 598 from the 739 total. This 19.1% reduction contrasts with that of the pairwise 478

track associations, where 45.6% of the matches carry no identification at all. 479

The tracks are associated pairwise, however the further linkage of the tracks through 480

transitive match allows us to recover tracks of a unique object across multiple cameras 481

and sites. Fig. 11 shows one object recovered across the three sites and seen in six cameras. 482

It moves at 202 m/s and an average altitude of 5.0 km. With a median distance from the 483

array midpoint of 6.9 km (closest approach 6.6 km), this object could not be identified with 484

the available ground truth data. However, the trajectory shape, altitude and speed are 485

compatible with an airplane. 486

3.2.3. Recovering triangulated positions, speeds and accelerations 487

To measure the accuracy of the triangulated positions, velocities and speeds of objects, 488

we compare to the ground truth provided by the ADS-B records of identified aircraft. 489

In this section, we consider that an object has been correctly identified if it was identi- 490

fied simultaneously in at least two sites. This is aimed to avoid assuming a triangulation 491

error, when this is the effect that we aim to analyze. Additionally, we require a minimum 492

of 10 data points to calculate their dynamical properties. 493

Fig. 12 compares the triangulated distance against the distance implied by the transpon- 494

der, and Fig. 13 does the same for speed. In this case we consider the quadratic fit of the full 495

3D track to estimate the velocity. This allows us to extend the number of objects analyzed 496

beyond those with n−samples, n defined by the smoothing samples over the time window. 497
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Figure 10. Predicted position error of a single triangulated detection on the 10 km altitude plane, in
metres: the horizontal error (left) and the vertical error (right), on a common colour scale. Both are
1σ, read off Cov(X) = M−1 rotated into the local East–North–Up frame. The horizontal value is the
semi-major axis of the East–North block and the vertical value the square root of the Up–Up element.
The per-camera pointing noise driving them is that camera’s median extrinsic re-projection residual
divided by its own focal length. White contours mark the best cross-site ray-intersection angle and
triangles the three sites; blank areas are seen by fewer than two sites or lie beyond the 30 km detection
range.

In both figures, the left-hand-side panel shows triangulations where 3 sites contributed, 498

while the right-hand-side one shows only pairs of sites triangulations. 499

Among 5,773 pairs of tracks where the identification agrees across cameras, only 500

167 correspond to SSB. The ADS-B records further verify the airplane identifications and 501

associated tracks as 83% of all pairs have been linked to an aircraft whose position has been 502

retrieved within 5% distance accuracy and 40% show a distance accuracy within 1%. The 503

3,917 pairs named by only one of the two cameras carry no per-frame ADS-B position at all, 504

so they receive no external check: 5,605 of the 5,627 scored matches come from pairs whose 505

two cameras agreed, and the remaining 22 from pairs with conflicting names. 506

Given that other objects like the Sun, Moon, or clouds can be correctly associated 507

across cameras, but do not provide a reliable measure for verification, these values estimate 508

an upper limit to how much projection contamination we can expect in the pairwise sample. 509

99% of all 3-site triangulated objects have been retrieved within 5% of the ground 510

truth distance, and 66% of them within 1%. 511

When the triangulated positions are constrained by the three sites simultaneously, 588 512

of the 593 aircraft distances were estimated within ± 5% of the ground truth (99%), and 513

66% of the objects are within ± 1%. 514

An analogue comparison regarding the objects’ speeds recovered shows that most 515

objects (78%) get speeds recovered within ± 5% of their ground truth value when the 516

position calculation originates from the three sites, and only 5% of the objects get speed 517

errors beyond 10% of the ground truth values. When only two sites contribute to the speed 518

determination, 63% of the objects have speeds recovered within ± 5%. We note that some 519

objects have supersonic recovered speeds while this limit is never exceeded by the ground 520

truth data: the fastest three-site solution reaches 637 m s−1 and the fastest pairwise one is 521

unphysical, against a maximum reported ADS-B speed of 308 m s−1. 522

The pairwise overestimates are not spread evenly over the array. Of the 5,626 scored 523

pairwise speeds, 614 (11%) exceed the transponder value by more than 25%, and 93% of 524

those come from the Hideout–Wildhorse pair, which supplies only 45% of the sample. Their 525
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Table 1. Every stage from a pairwise triangulation to a distance that can be checked against ADS-B,
over 2026-05-24 to 2026-05-30. The unit in the upper block is one pairwise triangulation — one object
solved from one cross-site camera pair — so an object seen by all three sites contributes three rows to
it. The lower block counts objects instead. The median relative distance error over the scored sample
is 0.014.

Stage N % of pairwise % of parent

Pairwise triangulations 18,176 100.0 –
also solved from three sites 2,213 12.2 –
identified in ≥1 camera 9,894 54.4 –

same object in both cameras 5,773 31.8 58.3
named by one camera only 3,917 21.6 39.6
conflicting names 204 1.1 2.1

aircraft scored against ADS-B 5,627 31.0 –
distance within 5 % 4,681 25.8 83.2
distance 5–10 % 500 2.8 8.9
distance beyond 10 % 446 2.5 7.9

Distinct objects 16,278 – –
solved from three sites 739 – –

with an ADS-B reference 598 – –
with ≥201 samples 365 – –

The last column is a percentage of the parent row. “Also solved from three sites” is a property of the
object, not a step towards the accuracy rows: an aircraft is scored on its pairwise solution whether or not
a third site saw it. The three name rows partition the identified count. Only a pair whose two cameras
agreed carries a per-frame ADS-B position, so 5,605 of the scored matches come from the first of them
and 22 from the third; the 3,917 named by a single camera receive no external check at all. Conflicting
names are a lower bound on false association: they are only visible when both cameras named
something.

2 km separation is five times shorter than the other two baselines and admits proportionally 526

more range error; the distance residuals of that pair are correspondingly wider but stay 527

symmetric, while speed, as the magnitude of a velocity vector, rectifies that scatter upward 528

and so places it above the diagonal. 529

A quadratic fit is normally a sensible choice for an aircraft track being followed for up 530

to 1 minute. However, as we aim to extend the analysis we further explored how accurately 531

the kinematic properties of such aircraft can be retrieved when smoothing the raw tracks 532

with a linear or quadratic local fit. Furthermore, the results of different smoothing windows 533

are compared in Fig. 14. This figure shows how the recovered kinematics depend on the 534

estimator and on the smoothing scale, for the whole family of estimators described in 535

Sec. 2.4.1. 536

As the smoothing is performed only on the positions, the averaged positions do not 537

reflect any improvement from the smoothing. However, the speed and acceleration average 538

residuals are visibly reduced as the smoothing window increases. For reference, we include 539

the residual between the global fits and the ground truth tracks, which sets a limit to 540

the track recovery based on our system set up. The locally-linear curves are flat in the 541

acceleration panel because a degree-1 fit asserts a ≡ 0 by construction, so what they trace 542

is the magnitude of the reference acceleration itself (0.71 m s−2 for the three-site sample, 543

0.99 m s−2 pairwise) and not an estimator result. 544

The kinematic residuals, when retrieved by differences from the raw data, are large: 545

a median speed error of 67 m s−1 for the three-site sample and 80 m s−1 pairwise, against 546

targets moving at 94–307 m s−1, and acceleration fluctuations of ∼ 5,100 and ∼ 5,600 m s−2
547

respectively, against recovered values that should be close to 0–1 m s−2. The speed retrieval 548

stabilizes in the 101-201 window samples regime under 10 m/s (7.1 m s−1 three-site and 549

9.0 m s−1 pairwise at w = 201, degree 2), for aircraft that usually move at hundreds of 550
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Figure 11. One object seen simultaneously across the network. Each panel is the view from one
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Hideout and Wildhorse.

meters per second. The accelerations, although greatly reduced after smoothing, still sit 551

above the reference acceleration at the 201-sample window, at 0.69 m s−2 three-site and 552

1.88 m s−2 pairwise against 0.51 and 0.80 m s−2 for the whole-track quadratic; the three-site 553

curve has, however, essentially converged by that window. 554

3.3. Triangulated objects during 2026-05-24 to 2026-05-30 UTC 555

We consider now all the objects for which we could reliably calculate their positions 556

and speeds, without assuming a global trajectory. These are 365 tracks that have been 557

simultaneously observed from the three sites and each 3D track has over 201 points. 558

With the goal of finding true outliers, we relaxed the object identification requirements 559

from those used in Sec. 3.2.3. Here, we consider that the object is correctly identified if at 560

least one camera track was linked to a ground truth object, where the triangulation error is 561

within 5 km. 562

To characterize the triangulated tracks, we display the average kinematic properties of 563

such objects in four different planes: i) speed vs acceleration, ii) path length vs speed, iii) 564

path length vs acceleration, and iv) speed vs altitude (Fig. 15). The tracks span in speeds up 565

to 298 m/s at the 99th percentile. Only two objects exceed 306 m/s: one reaching 993 m/s 566

carries a single-camera label whose aircraft lies 9 km from the triangulated track, and is 567

discarded as a mismatch, while the other, at 377 m/s, is named in agreement by all three 568

sites, sits 435 m from that aircraft and still overshoots its transponder speed of 267 m/s, for 569

the reason given in Sec. 4. Neither is a fast target. Furthermore, although mostly under 570

5 m/s2 (25 of the 365 exceed it), accelerations reach 17.5 m/s2 at the 99th percentile. The 571

tracks were followed up to 28 km (median 4.1 km) and were seen at altitudes between 3.1 572

and 12.5 km. 573

We found that two distinct populations separate from each other in the kinematic 574

phase space. One of the groups was primarily identified aircraft (284), although we also 575

found 17 unidentified objects that have similar features. The other group had only objects 576

that could not be linked to known aircraft or SSBs (64). After inspection, we found that 577

these objects were small clouds (see examples in Fig. 16). The separation is clean rather than 578

merely visual: no object at all in this sample has a median speed between 30 and 100 m s−1. 579
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Figure 12. Triangulated distance against the distance implied by the ADS-B record, for identified
aircraft. The diagonal is equality and the bands mark fixed fractional errors.
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Figure 13. As Fig.12, the triangulated speed against the transponder’s reported speed, for the same
aircraft.

The identified aircraft show speeds between 116 m/s and 298 m/s, while the clouds 580

move in agreement with wind speeds and remain under 30 m/s. This speed difference 581

is also reflected in the path length difference, where the aircraft are tracked for over a 582

kilometer (median 4.8 km) while the clouds are rarely followed beyond 1 km (median 583

0.18 km). The small clouds are normally moving at 3 to 5 km of altitude, while aircraft are 584

mostly seen at the cruise altitude of around 10 km(median 10.5 km). 585

4. Discussion 586

The previous analyses allowed us to illustrate and quantify the capabilities of our 587

triangulation sites. We highlight that geometric coverage does not guarantee visibility, as 588

other factors may be involved; the object may not be resolved, there might be other objects 589

obstructing the view (e.g. trees) or unfavorable weather conditions like clouds or haze. 590

We note that the sites had reduced cloud coverage over the week of data analyzed. 591

However, weather variations may affect the object detection and triangulation completeness. 592

Other seasonal variations, as the varying angle of the Sun combined with the protecting 593

shades scheduling, could introduce additional yearly fluctuations. Furthermore, the in- 594
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Figure 14. Median error in recovered speed and acceleration against smoothing scale, for the local
polynomial estimators of degree 1 and 2, the whole-track linear and quadratic fits, and unsmoothed
differentiation. All levels are measured on the same objects so that the comparison reflects the
estimator and not a change of population. Position and speed: 3-site n = 292, pairwise n = 5,530;
acceleration, scored only where the transponder reported a velocity change: 3-site n = 262, pairwise
n = 5,171.

101 102

speed (m s−1)

10−1

100

101

ac
ce

le
ra

tio
n 

(m
 s−2

) 425 objects

Speed vs acceleration

10−1 100 101

path length (km)

101

102

sp
ee

d 
(m

 s−1
)

Path length vs speed

10−1 100 101

path length (km)

10−1

100

101

ac
ce

le
ra

tio
n 

(m
 s−2

)
Path length vs acceleration

101 102

speed (m s−1)

101

al
tit

ud
e 

(k
m

)

Speed vs altitude

Kinematic phase space of 3-site triangulated objects, 2026-05-24 to 2026-05-30 UTC

identified unidentified a = 60·v constant observation time

Figure 15. Kinematic phase space of the 365 objects solved from all three sites with at least 201
samples, in four projections of the same table: speed against acceleration, path length against speed,
path length against acceleration, and speed against altitude. Speed and acceleration come from a
local degree-2 polynomial over 201 samples fitted to the raw triangulated positions. Objects linked to
a ground-truth source are drawn apart from those that were not. Dashed lines mark a = 60 v, the
ceiling of what differencing a 60 fps track can produce, and the constant-observation-time diagonals.

struments may experience position shifts over time due to wind or precipitations. While 595

more data is necessary to report the sites’ changes over time, this work provides a snapshot 596

characterization of the sites and their capabilities for triangulation. 597

While aircraft detections under 1 pixel are possibly linked to misidentifications with 598

another object in the line of sight, larger than 2 pixels aircraft might be missed by obstruc- 599

tions in the line of sight, like clouds or trees. The aircraft identification completeness can 600

also vary over time due to the traffic mix. 601

In the search for UAP, we prioritize not assuming any global trajectory when tri- 602

angulating. While this avoids imposing a given trajectory for an object, it comes at the 603

cost of retrieving noisy tracks. In consequence, a traditional differentiation calculation of 604

velocity and acceleration results in an overestimation of such values. We have shown that 605

applying a simple smoothing function results in a better recovery of aircraft velocities and 606

accelerations. When the smoothing window is large enough, we can recover kinematics 607

comparable to those that assume a linear or quadratic curve for aircraft trajectories. This 608
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Figure 16. Cutouts of examples of triangulated objects, as seen from the three sites (from top to
bottom, Sphere, Hideout and Wildhorse). The panels show, from left to right, unidentified objects
with low speeds (<30 m/s), identified aircraft and unidentified objects with high speeds (>100 m/s).
For each object, the speed and distance to the sites’ midpoint are indicated above the object’s cutouts.

way, we identify what errors we can expect from the setup and calibration versus velocity 609

differentiation. 610

Our triangulation approach differs from that proposed in [9], in that it weights each 611

line of sight by its own pointing uncertainty and range rather than treating all cameras alike. 612

Furthermore, in this work we implement a track smoothing strategy to reduce the speed 613

and acceleration overestimations due to noisy tracks. A wide window carries one caveat 614

of its own. When the set of cameras solving a track changes mid-pass, the solution steps 615

between combinations whose systematic offsets differ, and a window spanning the change 616

absorbs that step as motion. The fastest identified object of Fig. 15 is solved successively by 617

three camera combinations offset by 290, 458 and 521 m from the aircraft’s ADS-B position: 618

a degree-2 fit over 201 samples returns 377 m s−1 against a reported 267 m s−1, while the 619

same fit applied to the ADS-B positions returns 274 m s−1 and removing each combination’s 620

mean offset returns 271 m s−1. Narrower windows sit inside a single combination and are 621

unaffected (271–280 m s−1 at w = 51–101). The effect is worst on fragmented tracks, where 622

201 samples span 11.6 s of real time rather than the 3.3 s a gap-free track would give, so the 623

window reaches across several combinations. While this results in a reliable estimation 624

of speeds, accelerations may still deviate from the real values by ∼ 0.7 m/s2 for three-site 625

solutions and ∼ 1.9 m/s2 for pairwise ones at the widest window we tested. While most 626

accelerations were well under this value, some reconstructed trajectories may be affected 627

by apparent jumps where an aircraft crossed from one camera’s field of view into the next. 628

Moreover, cloud tracks may introduce further variability to their reconstructed tracks, as 629

the detection center could quickly change due to their shape shifting over time. 630

The data is currently processed in distinct stages, after the full recording is complete. A 631

future extension could instead perform triangulation in real time. The S-G smoothing step 632

is unsuited to this setting, since its window is centered on the sample being estimated and 633

therefore requires future detections that are not yet available online. Recursive Bayesian 634

filters (Särkkä 19, Hartikainen and Särkkä 20) offer a natural alternative: rather than fitting 635

a polynomial to a completed position series, the Kalman filter and its variants perform 636

the same estimation recursively, updating position, velocity, and acceleration as each new 637

detection arrives, in effect acting as an online form of the same regression. Adopting such a 638

filter would also make the track association step correspondingly more time-critical, since 639

candidate matches would need to be scored and resolved as new track points are detected, 640

rather than in a single batch pass over the full observation window — motivating the shift 641

toward a probabilistic association scheme, that can assign or update a match incrementally 642

as new points arrive. 643
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The current association scheme uses a sequence of hard thresholds to discard candi- 644

dates. A future enhancement of the pipeline may replace this stage with a probabilistic data 645

association (Reid 21, Bar-Shalom et al. 22), replacing the binary decision with a continuous 646

probability. 647

At the Galileo site in Las Vegas, there are additional wide field visible cameras that 648

could complement the triangulation across these sites, both in wavelength range as well as 649

extending the multi-sensor approach [23] to validate and better constrain the positions of 650

the triangulated objects [24]. Also arranged in dome-like structures, the visible mini Daleks 651

have four cameras covering a ∼ 85 ◦ × 67 ◦ field of view each, on 4128 × 3008 px sensors 652

pointing north, east, south and west. With the upcoming commissioning of the visible 653

mini-Daleks, we expect to produce detections and tracks files that are directly comparable 654

with those of the IR-Daleks. From this common ground, we can directly add these sensors’ 655

detections to the triangulation pipeline. 656

5. Conclusions 657

We have commissioned three long-wave infrared camera arrays near Las Vegas and 658

built a triangulation pipeline on them that makes no assumption about the shape of an 659

object’s trajectory. Our main conclusions are: 660

1. The array recovers three-dimensional positions of objects seen simultaneously from 661

two or more sites by minimizing the weighted squared distance to the lines of sight at 662

each instant, weighting each camera by its own pointing uncertainty and by its range 663

to the target. Validated against ADS-B aircraft, this recovers distances within 5% for 664

99% of the 593 aircraft solved from three sites (66% of them within 1%) and for 83% of 665

the 5,626 solved from a single site pair (40% within 1%), at a median relative distance 666

error of 0.014; speeds are recovered within 5% for 78% and 63% of them respectively. 667

2. Not assuming a global trajectory model comes at the cost of noisier per-point estimates, 668

and naive differentiation of those points overestimates speed and acceleration (by 669

67 m s−1 and ∼ 5,100 m s−2 at the median for three-site tracks). A local polynomial 670

smoothing of sufficient window recovers kinematics comparable to those obtained 671

by imposing a linear or quadratic trajectory (on objects where this model is suitable), 672

without imposing one: a degree-2 fit over 201 samples reaches 7.1 m s−1 and 0.69 m s−2, 673

against 6.0 m s−1 and 0.51 m s−2 for a whole-track quadratic. 674

3. The array’s completeness is set by apparent size, with the 50% identification threshold 675

at 1.8 on-axis-equivalent pixels of wingspan, but is strongly modulated by elevation 676

and by how long a target dwells in the frame. Geometric coverage is therefore an 677

outside bound on what can be identified, not a prediction of it. 678

4. The triangulated population separates in kinematic phase space without any appeal 679

to identification. Of the 365 objects solved from three sites with at least 201 samples, 680

301 sit in an aircraft-like locus at 116–298 m s−1 and a median altitude of 10.5 km (284 681

of them confirmed by ADS-B and 17 unidentified) while 64 unidentified objects sit 682

under 30 m s−1 at 3–5 km and are, on inspection, small clouds. No object falls between 683

the two groups, so the array separates the dominant populations on dynamics alone. 684

5. Any statement about the population of unidentified objects must be made relative to a 685

stated size, range and contrast, since what the array can detect at all is set by apparent 686

size and by thermal contrast against the sky. 687

6. No object appears anomalous with a hypersonic speed or high acceleration during the 688

analyzed week. All objects reliably tracked appear ordinary natural or human-made 689

ones. The triangulation results are nonetheless promising: the accuracy demonstrated 690

here is what would be required to support a defensible claim about an anomalous 691

trajectory, were one to be found. Analysis of the recorded archive is ongoing. 692
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The natural extension of this work is to fold the visible-wavelength mini-Daleks 693

into the same association and triangulation pipeline, which both extends the wavelength 694

coverage and adds independent lines of sight to break the projection degeneracies described 695

in Sec. 2.4.2. 696
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Abbreviations 711

The following abbreviations are used in this manuscript: 712

713

ADS-B Automatic Dependent Surveillance–Broadcast
ECEF Earth-Centered, Earth-Fixed
FoV Field of view
HFoV Horizontal field of view
LWIR Long-wave infrared
NTP Network Time Protocol
PPS Pulse per second
SDR Software-defined radio
S-G Savitzky–Golay
UAP Unidentified aerial phenomena
UTC Coordinated Universal Time

714

Appendix A : IR-Dalek extrinsic calibration 715

Following the iterative strategy for the IR-Dalek extrinsic calibration (see Sec. 2.3.1), 716

we present further details on the metrics used, choices made and results. In total, the 717

calibration required three iterations to find minimal improvement between the last two 718

results. 719

Each iteration outputs a structural and a direct set of calibrations. The structural calibra- 720

tion is used as a base for the next calibration. The direct calibration is the individual camera 721

solve, while structural adds the rigid-body fallback for cameras above 5 px. Whenever a 722

camera re-projection regresses, the base calibration is used instead. 723

As different extrinsic calibrations may result in different aircraft identified, we used a 724

fixed sample of identified tracks to evaluate the different extrinsic calibrations. This sample 725

is the union of all the identified aircraft with the different calibrations, which were verified 726

by being simultaneously detected by two or more cameras and triangulated within 1km of 727

the ADS-B position. 728

Table A1 shows the median and 90th percentile of both re-projection and triangulation 729

errors. The direct calibrations are more accurate than the structural, however the structural 730

keep improving over the iterations. The percentage of identified aircraft versus the fixed 731

sample also increases over iterations, until a ∼ 78% plateau. 732

The best results lie between the second and third direct iteration, with better tail 733

behavior in the second iteration. Most cameras have almost identical rotation matrices 734

between these configurations, however cam-5 at Hideout deviates to a worse calibration in 735

the third iteration. For these reasons, we use the direct second iteration for the rest of the 736

analysis, whose details per camera can be found in Table A2. 737

Table A1. Extrinsic iterative calibrations fitted on 2026-05-22 and 2026-05-23, scored on one fixed
sample of verified aircraft tracks. Best value per column is shown in bold.

Reprojection (px) Triangulation (m)

Configuration Ident. (%) Median 90th Median 90th

Design 51.7 27.10 44.57 624 1,947

Iteration 1, direct 76.2 4.33 20.94 212 1,164
Iteration 1, structural 68.1 5.69 48.08 303 2,514

Iteration 2, direct 77.9 4.07 13.66 177 1,082
Iteration 2, structural 73.4 4.98 31.61 225 2,206

Iteration 3, direct 78.8 4.05 18.80 179 1,850
Iteration 3, structural 76.4 4.17 30.55 211 2,507
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Table A2. Per-camera performance of the iteration-2 direct calibration, scored on the same verified sample as Table A1. ∆θ is the angle
between each camera’s calibrated optical axis and its design orientation.

Reproj. (px) Triang. (m)

Site Cam. Pairs Ident. (%) Aircraft ADS-B pts. Med. 90th Med. 90th Elev. (◦) ∆θ (◦)

Sphere 1 83 73.5 53 2,086 5.06 12.46 535 800 27.3 2.76
2 403 92.8 229 8,736 2.81 6.59 169 338 28.3 1.81
3 174 92.0 108 3,861 4.88 7.88 158 392 30.8 2.33
4 163 85.9 76 3,111 4.56 7.99 145 757 34.3 5.48
5 197 93.4 119 3,925 3.45 7.08 62 150 30.1 0.85
6 5 100.0 5 171 1.90 3.96 154 469 32.7 2.67
7 11 72.7 7 347 7.25 19.68 197 1,372 29.4 0.92
8 82 95.1 59 2,299 2.79 6.25 128 231 86.4 3.47

Hideout 1 481 84.8 190 4,164 12.65 19.93 193 629 31.8 1.99
2 416 69.5 148 2,457 9.11 16.42 270 2,037 29.0 0.92
3 excluded (shade stalled closed)
4 378 90.7 212 6,104 3.88 8.30 163 539 30.8 0.63
5 481 28.9 111 1,591 20.44 63.15 889 1,981 27.6 2.90
6 excluded (shade stalled closed)
7 225 84.9 93 1,474 5.57 9.66 106 249 30.7 1.20
8 184 86.4 96 1,829 4.70 8.25 147 233 89.4 0.79

Wildhorse 1 178 83.7 81 1,385 9.42 12.91 114 336 32.6 2.86
2 347 76.9 166 4,550 4.03 9.55 162 537 31.2 1.75
3 151 90.1 96 2,635 6.01 9.85 120 440 31.2 3.08
4 394 90.6 210 4,206 4.82 12.26 234 700 26.9 3.38
5 370 50.5 135 4,358 1.84 4.11 798 1,951 32.5 2.38
6 265 86.4 127 3,900 2.03 5.27 68 180 32.0 1.93
7 183 88.5 58 707 2.04 6.13 105 351 31.0 1.45
8 excluded (shade stalled closed)

All 5,171 77.9 579 63,896 4.07 13.66 177 1,082 1.99

Pairs is the number of verified observed-track to ADS-B pairs for the camera; Ident. the share of them this calibration itself identified and
verified, and Aircraft and ADS-B pts. count the distinct aircraft and the ADS-B reports within those tracks. Reprojection and triangulation
errors are computed over all the camera’s verified pairs. A triangulated instant is attributed to every camera that contributed a ray, so the
All row counts each instant once and is not the mean of the camera rows; its ∆θ is the median over cameras. Elev. is the calibrated optical
axis above the local horizon.
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