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Abstract

For symmetric positive definite matrix manifolds, four kinds of Riemannian measurements and
typical properties are given by theoretical analysis, and the variation trend of distance between
sinusoidal signal and noise under different measurements is analyzed by simulation experiment
under the condition of superimposing Gaussian noise with different signal-to-noise ratio. The ex-
perimental results show that different Riemannian measures will show unique trends.
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Table 1. Comparison of four Riemannian metric properties of SPD matrix [10]
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Figure 1. Schematic diagram of sinusoidal waveform and sinusoidal wave-
form after superimposing noise
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Figure 2. Affine invariant distance change diagram under different SNR
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Figure 3. Changes in logarithmic Euclidean distance under different signal-to-noise ratios
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Figure 4. Stein divergence change diagram under different signal-to-noise ratios
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Figure 5. Jeffrey divergence change diagram under different signal-to-noise ratios
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