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ODbjective:

Nonmigrating tidal diagnostics of SABER temperature observations in the Mesosphere and lower Thermosphere(MLT) region reveal significant variability on time-scales of afew  (jnderstand the causes of

days to weeks. Therefore, it Is very important to assess short-term variability and see its role in the variability of various state variables in the MLT. This work presents a
statistical diagnostics of short term tidal variability using a novel approach leveraging Information Theory and Bayesian statistics. The overarching goal is to develop an empirical

short-term tidal variability

model, that is, to diagnose and predict short-term tidal variability as a function of atmospheric drivers such as QBO, ENSO, solar cycle, etc.; using time dependent probability ~ and Its response to atmos.
density functions, Shannon entropy and Kullback-Leibler divergence. In this paper, we show the statistical approach to establish the framework and exemplify initial results with  variability such as the QBO.
emphasis on how short-term tidal variability changes on annual and interannual timescales, including its response to the Quasi-Biennial Oscillation (QBO).

2. Methodology

How Is short-term ti

What is the short-term tidal variability as a function of year, season, latitude and altitude ?

studied using a sample of such large
window Iength (e,g_ 181 days)? .....................................................................................................................................
The key point is that we consider here 3

idal variability 3. KLD: Annual Variations

SABER DE3 Data @95 km and equator

Kullback-Leibler Divergence
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Empirical Orthogonal Function (EOF) analysis of the TDPDF, a) the plot shows the first 4 eigenmodes, b) 2-D PDF for the same day
corresponding principal components with eigenvalues (23.20, 12.37, 9.70, 6.19), c) the spectral analysis of the
components with predominant periodicities of days (367 (annual), 1977, 1861, and 703 (biannual, ~QBO or = ___

ENSQ)), and d) the simplified structure of the components after bandpass filtering across the most dominant
frequency-width, which reveals a beat-like structure, which is yet to be understood by application of varimax

rotation [5].
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v' Preliminary results show seasonal and interannual variations in short-term tidal variability in the MLT, _—
Including a QBO signal. The latter is possibly due to reduced (enhanced) tidal dissipation in the mesosphere el E | E
when the stratospheric QBO is westerly (easterly). This is because the mesospheric QBO is out of phase with — 3 08 , M A h E
the stratospheric one and eastward propagating tides are harder to dissipate in easterly mean winds due to : Boam ol o, A AN TR o f W A E
. . . Mutual Information ot L L ™V A e A N A l WA YAkl =
Doppler shift towards higher frequencies [6]. CEFY WA W F MV T J i N IE

v The KLD plot shows that the framework will potentially contribute in the setup of a forecast model,

particularly once the ongoing work on 2D optimum binning and mutual information is completed.
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