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 Empirical orbit and solar radiation pressure (SRP) parameters estimated in precise e Two different orbit solutions used: DLR (German
orbit determination (e.g., Empirical CODE Orbit Model terms and constant-per- 4 ECOM (DO, YO, BO, BS, BC) BOX-WING Aerospace Center), ESA (European Space Agency).
revolution, CPR) capture distinct dynamical signatures of each GNSS satellite. © CPRAO, CPRAS, CPRAC ECOM (DO, YO, BO, BS, BC) * The a priori expectation is that, due to the absence of a
e These parameters encode effects of spacecraft design, attitude control, SRP o ECOM2 (DO, YO, BO, BS, BC, D2C, CPRAO, CPRAS, CPRAC box-wing model for DLR (except for Galileo), the
response, and orbital plane specifics, forming a stable “fingerprint” that o D2S) patterns in the ECOM parameters will be sharper, thus
distinguishes satellites across constellations and generations. more easily clusterable. On the other hand, for ESA, the
. . . . o ECOM (DO, YO, BO, BS, BC) . " . L
 Data-driven grouping of these parameter signatures reveals natural satellite ) identified groups should highlight deficiencies in the

families that go beyond official labels (e.g., the IGS satellite metadata file), box-wing model for specific satellite subgroups.
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highlighting physically meaningful structure in the constellations. -
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Fig. 1. Exemplary procedure for converting raw ECOM estimates of individual satellites into curves of mean and standard deviation of binned data points. Example of BDS satellites.
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Fig. 2. Dendrograms of GPS (top left), GLONASS (bottom left), Galileo (top right), and BDS (bottom right) satellites after clustering in two modes: SP (STATS) and CB (CURVES), using two datasets: DLR (inner left) and ESA (inner right), together with their correspondence to IGS metadata types.
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