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Cea Context
— Selected GT events

Ground-Truth events as a function of distance (km)
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Context

Selected

GT events

Ground-Truth events as a function of distance (km)
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B 1, Stochastic simulation with reduced models

B 2. Bayesian calibration of selected GT events
B 3. The ‘weight’ of gravity waves in simulations
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CQZI e 0000 Stochastic simulation with RM

Available models

B [nfrasound propagation modeling
= In most modeling works, acoustic component is superimposed on a given
atmospheric state (provided by NOAA, ECMWEF, ...).
= Classical "full-wave" linear techniques are known from the 80’s: PE
method, normal modes, finite element method (FEM), ... All these
methods involve basically computing

AX =Y, (1)

with A € My(C); X: acoustic perturbation; Y: source.
= Solution: X = A=Y or through the eigenproblem

P1X =D (P 1Y) with D=diag(As,...,An).
B |mpact of small scales on infrasound signals

= Matching processes of atmospheric data and unresolved
variability in GCMs introduce large deviations and
subgrid-scale structures in the sound speed profile.

= FEM is suited to capture the effect of these structures,
but it requires a large amount of computer time (108
elements at 1 Hz for domains 1000 km x 180 km).
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Cea oeooo Stochastic simulation with RM

Finite Element Method for Sayarim Il (20110126)

B FEM useful as a tool for benchmarks (North-East direction)

¢ ‘—_\h—zwf\/\,H Signal at 240 km

Without GWs
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With GWs

0 10 20 30 40 50 €0 70 80 90

s0 80 Mo 120 W0 w0 w0 200 22
CT mgnsi’ﬁr'zmw elements, mass lumping procedure, use of MPI library.
BF e 2 i ifdrical coordinates with absorbing boundary conditions (PML).
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tea oo eoo Stochastic simulation with RM

Finite Element method vs observations at JOM (Sayarim lIl)

Effect of GWs?

B A single run is enough...
. JO M (165 km) /
For computing short-range — -
acoustic fields (up to 200 km); s >
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tea oo eoo Stochastic simulation with RM

Finite Element method vs observations at JOM (Sayarim lIl)

- . Effect of GWs?
B A single run is enough... /.

. JO M (165 ki
For computing short-range (reskem)

acoustic fields (up to 200 km); , R ; ' -
For predicting waveforms (and :“*‘M""‘W" e gy )

by-products) of W phases.
For estimating role of topography.
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CQZI oo eoo Stochastic simulation with RM

Finite Element method vs observations at JOM (Sayarim lIl)

- . Effect of GWs?
B A single run is enough...

. JO M (165 ki
For computing short-range (reskem) /

acoustic fields (up to 200 km); : (g
For predicting waveforms (and :‘\-—-—M*"—wi—r*r‘

by-products) of W phases.
For estimating role of topography.
B Need several runs in other cases. - — oy

. "
The larger the sample size, the ﬂ 1
smaller the confidence interval. FreeFemes

“aso 500
B What can we do in a finite world?

Useless to compute highly unlikely s | o2 i oprg ey
or vanishingly small wavepackets. )

Better to consider more plausible [
cases instead of computing 0.0’s.
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CQZI ooeoo Stochastic simulation with RM

Finite Element method vs observations at JOM (Sayarim lIl)

- . Effect of GWs?
B A single run is enough...

For computing short-range JOMUGS_kr:)W /
acoustic fields (up to 200 km); 5 Hu

For predicting waveforms (and
by-products) of W phases.

For estimating role of topography.
) T
B Need several runs in other cases. 5 —— comut i opogapty

. "
The larger the sample size, the ﬂ 1
smaller the confidence interval. FreeFemes

7
60!
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Time from T0 (s)

Tlaso 500 550
Time from T0 (s)

B What can we do in a finite world?

92 without topography

Useless to compute highly unlikely s | o5 v ooy
or vanishingly small wavepackets. [ )

Better to consider more plausible
cases instead of computing 0.0’s.

70 km

FreeFemi+

s 500

0 550
Time from T0 (5)

Given (numerical/physical) complexity, our goal is to extract most
relevant statistics from large dimensional problems at fixed CPU budget.
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Cea oooeo Stochastic simulation with RM

The reduced basis approach

B Analogy: atmosphere = wind instrument.

= The atmosphere is a vibrating medium.

= Atmospheric states are "fingerings" which are the
result of complex motions within the instrument.

= Sheet music is provided by ECMWF.
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= The atmosphere is a vibrating medium.
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B Principle of model reduction.

= Sound can be described by superposition of modes
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The reduced basis approach

B Analogy: atmosphere = wind instrument.

= The atmosphere is a vibrating medium.

= Atmospheric states are "fingerings" which are the
result of complex motions within the instrument.

= Sheet music is provided by ECMWF.

B Principle of model reduction.

= Sound can be described by superposition of modes
(harmonics) that depend on the instrument.

= The effect of given mode depends both on the
instrument and on the sheet music.

= Main idea of model reduction:

Only compute modes that have effect on the note...
... and repeat the process for N fingerings.
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CQZI oooeo Stochastic simulation with RM

The reduced basis approach

® Analogy: atmosphere = wind instrument.

= The atmosphere is a vibrating medium.

= Atmospheric states are "fingerings" which are the
result of complex motions within the instrument.

= Sheet music is provided by ECMWF.

B Principle of model reduction.

= Sound can be described by superposition of modes
(harmonics) that depend on the instrument.
= The effect of given mode depends both on the
instrument and on the sheet music.
= Main idea of model reduction:
Only compute modes that have effect on the note...
... and repeat the process for N fingerings.

These modes = reduced model of the instrument.
The reduced model can be used to identify the player (or
how the player’s lips vibrate), for given sheet musics.
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Cea oooo e Stochastic simulation with RM

lllustration: Sayarim Il event (20110126), IN1

Contribution .
80 —— 80 ——— B Sounds with reduced models.

= # Modes

B Computed signals.
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t@a oooo e Stochastic simulation with RM

lllustration: Sayarim Il event (20110126), IN1

5.3% at 0.8 Hz Contribution Modes .
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ooooe Stochastic simulation with RM

lllustration: Sayarim Il event (20110126), IN1
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t@a oooo e Stochastic simulation with RM

lllustration: Sayarim Il event (20110126), IN1

17.3% at 0.8 Hz Contribution Modes .
80 e 80— B Sounds with reduced models.
70 4 70 1
B Computed signals.
60 7 6o ] = IN1 station (322 km).
Source: Sayarim (2011)
— . o Eq. Yield: ~ 80 t TNT
50 \ 4 50F . 4
— J =T
B N
= 6 810 — Original signal
8 40— » 1 40k o 4
2 -
< i
§>
30F 4 30 4 b
) H‘AO 1160 1180 TéOO 1220 1240 TéSO 12‘80
—— Original signal 100%
20l 1 sl B —— Reduced signal 17.3%
10F 4 101 1 \ ’é . . . .
1140 1160 1180 1200 1220 1240 1260 1280
0 | mnd L L LN L 0 ®oag, | ‘
280 300 320 340 360 380 -4 -2 0 Sensitivity to atmosphere

CTBTO SnF2017

Bayesian calibration of GT events | Science & Technology Conference, June 2017, Vienna | PAGE 8



t@a oooo e Stochastic simulation with RM

lllustration: Sayarim Il event (20110126), IN1

19.2% at 0.8 Hz Contribution Modes .
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B 1, Stochastic simulation with reduced models

B 2. Bayesian calibration of selected GT events
B 3. The ‘weight’ of gravity waves in simulations
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CQZI e o000 Bayesian calibration of selected GT events

Quantities of interest for a signal at I37NO (Hukkakero, 20160818)

B Quantity of interest A = {ty, An, Tn } n—1
= t,: arrival time of wavetrain n;
= Ap: maximum amplitude of wavetrain n;
= 1,: duration of wavetrain n.
HUKKAKERO_20160818_123000 - I37NO0 record
¥ P1 ' P2 ! ' ‘ ; ' P4 '

..... 4-

! D: recorded t,A, ©

0 Ny

L s

2 ' ' L L L L .
950 1000 1050 1100 1150 1200 1250 1300 1350 1400

FLOWS Waveform - Range -Dependent Atmosphere
T T T T T T T

Le b3 il ] ArsnmulateAd‘tj,A,,rl
i .|'._ Iy Source specifications?
at ]

L L . L i

950 1000 1050 1100 1150 1200 1250 1300 1350 1400

B Uncertainties are described by pdfs that depend on hyperparameters 6;
For fixed plausible 6; the reduced model M can be used to provide signals
from which the pdfs of A are extracted.

Estimate the posterior pdf of 6;, given an observation D, through bayesian

inference. . B M
p(6;|D) = DIM ’
CTBTO SnT2017 PDIM)
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"Cea oeooo Bayesian calibration of GT events

1. Probability density functions (Pdfs)

B For 10° realizations (range-dependent reduced model M) for fixed 6;’s.

HUKKAKERO _20160818_123000 - I37NO record
T T T T T T

T
Pl P2 P4
go 4%
. L . . . . L . L
950 1000 1050 1100 1150 1200 1250 1300 1350 1400
Time (s)
t(s) oos Pl o1 P2l 01 0.02 "
0.02 0.05 0.05 0.01
0 o 0 o
910 930 950 1030 1040 1170 1180 1300 1350
Time (s) Time (s) Time (s} Time (s)
0.04
T(S) o004 P1 P2| o5 P4
002 0.02 0.02
0 o 0 o
0 20 40 0 50 100 0 20 40 0 50 100
Duration (s) Duration (s} Duration (s) Duration (s}
A (Pa) Pl P2 4 Pa
2 0.5
N 2
0 1] 0 1]
0 2 0 1 0 05 0 2 4
Amplitude (Pa) Amplitude (Pa) Amplitude (Pa) Amplitude (Pa)

CTBA OSSR 7ncertainty is given by a gaussian stationary process.
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ooeoo Bayesian calibration of GT events

2. A Markov Chain Monte Carlo approach to estimate energy

Tr ic Phase Amplitu
0.02 T T T T T T 3
0.018| 1
2
0.016f 9:(“E76E) . ]
0.014F 9j~ N(Gj,hﬁ ) 1 1
0012} 1 o
= 0 05 1 15 2 25
3 .
T ooip 1 Amplitude (Pa)
< s heric Phase
0.008 B 3
0.006 1
2
0.004
1
0.002 1
o . . . o
0.04 0.05 0.06 0.07 o 05 1 15 2 25
Amplitude (Pa)
150
|
100 1 ~ MMM\/\W
|
I 117458
.7£58t
31.0+8t
o . .
0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 _
i P(IE - gl < 20g) = 0.9545

Energy estimate: gaussian distribution of mean pg and std og.

16T, @t%ﬁéf@ iferations x 103 signals per iteration).
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oooeo Bayesian calibration of GT events

A FLOWS ‘bulletin’ obtained from 10° signals (Hukkakero, 20160818)

EVENT RECORD | UNCERTAINTIES I BAVESIAN CALIBRATION | RESULTS |

e Bulletin created on 19-Jun=2017 15:02:22 with FLOWS 1.1 %k Energy estimate

ORDED DATA POSTERIOR ESTIMATION(S) ——————

Event detected on 2016-06-18 12:30:00

Source Energy
PRIQR: Narmal, with a random Mean, a randem Standard Deviation.
POSTERIOR: Mean = 0.0167 [kt Standard Deviation = 0.00668 [kt]
Confidence Interval = [0.00597,0.0262] [kt], Median = 0.0164 [ki]

Source Cutoff Frequency

PRIOR: Uniform, with Lower Bound = 0.2 [Hz. Upper Bound = 0.7 [Hz]
POSTERIOR: Mean = 0.631 [Hz], Standard Deviation = 0.0248 [Hz),
Confidence Interval = [0.589.0.675] [Hz]. Median = 0.629 [tz]

Latitude [deg)

@

- — Perturbation small Scale [No Gravity Wavel
" Longitude [deg] PRIOR: Uniform, with Lower Bound = 0.5 [km], Upper Bound = S [km]
: POSTERIOR. Mean = 1.74 [k, Senderd Deviaion = 111 (k]
\rad n} [ ea | pe J‘ ""‘"‘ Confidence Interval = [0.58,3.85] [km], Median = 1.24 [km]
ST T R a T Gaussian Envelope Center [No Gravity Wavel

TR TT, 1o : FRIOR: Uniform, with Lower Bound = 10 [km], Upper Bound = 80 [km]
Waveform(s) charscteristils) used for the caliration ROSTERIOR. Mean = 52 5 (i), Standard Deviaton = 111 ]
sStation |IING, b1 Ldeteciod ol 337,5,s)i AMRLITUDE Confidence Interval = [36.7,70.2] (k. Median = 52.8 [km]

- Station I37NO - P2 (detected at 1039.8 S) - AMPLITUDE W om w w w e wom
- Station 137N - P4 (detected at 1286.4 5) - AMPLITUDE 2
LASS OF EVENT
o i Sden nerpected explosion | e
destruction explosion of CTETO interest P

}

L I e
0 w 1w
Eneray (k]

Low energy (<0.1 k) that suggests event of category

Quantity of interest

Gommonrammuition destruation:explasions Event
encountered 1 time in the database.

Save JPG | |
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Cea

ooooe Bayesian calibration of GT events
Other selected events: Benghazi, Antares, Sayarim | & Il ...

Filtered signal [0.1-4] Hz

B Other energy estimates and class of events.

Probability density of Energy

Event Characterization

027 BENGHAZI131K2 common ammunition Sudden explosion
0 Hestruction explosion of CTBTO interest
o2l SENGHAZI
1000 1500 2000 2500 3000 3500 05 {
0.1t L ENGHAZI 4R 0 H E]‘
0 1000 2000 3000 4000 5000
0.1f "
1000 1500 2000 2500 3000 3500
o5t HUKKAKERO 137NO 50 HUKKAKERO
1]
o2 i OD \ HE
300 400 500 600 50 100 150 200 250 300
0.5 ANTARES IS1GB
) A
-05 20 ANTARES
500 600 700 800 900 10 l
1 % ANTARES 164A 0
] + 4 -4 50 100 150 200 250 300
Al T
200 300 400 SO0 600 700 800
02 SAYARIM 1 48TN SAYARIN 1
% - e 10
02t o E
S00 1000 1500 2000 2500 100 200 300 400 SO0 600
0.1 AVARI (312 2 savaRim2
¢ 10 |JL_; H.H.|
-0.1 0
500 1000 1500 2000 2500 100 200 300 400 500 600
n,% b ‘ " L UKRAINE 13 1K2 56 UKRAINE
—0.2f T T o . 4._HI:LA_A_A
200 300 400 500 600 700 50 100 150 200 250 300 0% 100 107 10°  10%

Time from T_0(s)

Energy (t)

Energy (t)

Bayesian inference overestimates the energy for Sayarim Il event.
CIVBaT B mp20df GWs on the energy estimate?
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B 1, Simulation with reduced models

B 2. Bayesian calibration of selected GT events
B 3. The ‘weight’ of gravity waves in simulations
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CQZI eoooo The ‘weight’ of GWs

The relativity of small scales

B Stochastic GWs.

= GWs are an important driver of the circulation of
the middle atmosphere. Their spatial scales are

3
too smallto be represented in GCMs and thus, <‘%
their effects on resolved scales is parameterized. 100 <’
<

Wind
120 Wavepacket

= As the mechanisms of GW emissions are unclear,
sources can be seen as stochastic processes.

=
8

B Stochastic GW parameterizations.

= Recent observations (Wright et al., 2013) show
that GWs often travel as wave packets wy(x,z,t).
= Multiwave schemes are linked to GW sources.

Altitude (km)
3

w' 7ZCan with ZC 2
e? (2H) pi(kp.x—ont -
anRe(W (Z) / ) ( " n)) 0 -50 0 50
C%: probability that the field is realized entirely by the nth wave. Wind amplitude (m.s™')

Launched EP flux FZ, k, and phase velocity are randomly chosen.
= The typical vertical scale can be locally larger or
smaller than the acoustic wavelength.
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Cea oeocoo The ‘weight’ of GWs

A new GW model and its impact on simulated signals (Hukkakero, 20160818)

Normalized Standard deviation o (t) (Hukkakero, 20160818) Source central freq. f¢
. GW Param. #1 / N
08 I I I I I 0.05 HZ] GW Param. #1
0.6 b GW Param. #2
L f ) 0.5Hz |
gt I R = iin
: N N —
50 100 150 200 250 300 350 400 450 500 550 0
S 1 T T T T T T T _.50
Eos8f Signal at137NO  E !
<06 A A EI- EP(O)e”
g 1 5°
% ] I ] ] I I I 2
50 100 150 200 250 300 350 400 450 500 550 %
. 54 GW Param. #2
T N T T T T T .05 HL 20
0.8
06 L~ S
0.4 »A 0.5 Hz 4 10
02 B
50 100 (150 200 £50 300 350 400 550 o o a
] W Param #3 EP Flux (mPa)
o8l T 005HE]
06 eyian Observations* ~ 20 mPa at 20 km
8:‘2‘ :A \ 2z 1 Orography ~ 100 mPa
0 — 5 4 : In th del, the GW
50 100 300 350 400 450 500 550 n the new model, the GW sources are

Retarded time t-r/c, distributed over the troposphere

TG BRI SN 0202ahd arrival (phase S) depends on f; and on the GW sources.
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ocoeoo The ‘weight’ of GWs

From stationary processes to GW fields

B Uncertainties in the atmosphere.
= Stoch. processes are not stationary (two given altitudes are correlated).
= The "amount" of small-scales is essentially related to GW sources.
= In Numerical Weather Prediction models, only the orography is considered.

100 100

9 9

80 80

70 70

60 60

50 50

401 crit. level 40

30 30

20 20

10 GW source 10
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oooeo The ‘weight’ of GWs
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oooeo The ‘weight’ of GWs
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CZa ocoooe The ‘weight’ of GWs

FLOWS ‘bulletin’ for Sayarim 1 from I31KZ
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U5 ooocoe The ‘weight’ of GWs

Cea FLOWS ‘bulletin’ for Sayarim 1 from I31KZ

RESULTS
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cea Conclusion and perspectives

® Stochastic simulation with reduced models.
= Compute modes that most contribute to statistics with high resolution
methods (spectral method) and disgard unlikely/vanishingly small part.

B What have we learnt from the bayesian modulus FLOWS 1.1?
= The energy estimate depends on the quantities extracted from records, the
atmospheric perturbation model and the source model.
= Ignoring the effect of atmos. unknowns introduces a bias in the estimate.

B Next? Towards a new generation of climate models.
= Use the "background acoustic noise" recorded at the IMS stations and
machine learning techniques to calibrate the GW parameterization in
FLOWS 2.0 for each region covered by GT events.
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New atmos. specification
with NWP models



A summary of the impact of atmospheric uncertainties.
B Using atmospheric specifications provided by ECMWF overestimates the energy.
B Adding a stochastic stationary process underestimates the energy.

50 Energy estimate (Sayarim Il, 131KZ)

——Without atmos. uncertainties
96t — With station. stoch. process
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Energy (1)

What is the impact of the new GW parameterization? The answer will be
given at the Infrasound Technology Workshop.
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Reduced basis approach (extra material)

Signal # 2; Recorded signal
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