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An offline methodology is applied to estimate parameters
of a subgrid-scale non-orographic gravity-wave scheme us-
ing observations from constant-level balloons. The approach
integrates the Ensemble Kalman Filter (EnKF) with an itera-
tive parameter estimation method based on the expectation-
maximization (EM) algorithm. The meteorological fields re-
quired for the parameterization offline are taken from the
ERADS reanalysis, corresponding to the instantaneous mete-
orological conditions found underneath the Strateole-2 bal-
loon observations made in the lower tropical stratosphere
from November 2019 to February 2021 and October 2021
to January 2022. Compared to a direct approach that mini-
mizes a cost function and uses Bayesian inference of param-
eters, our analysis demonstrates that the EnKF/EM method
effectively characterizes the launching amplitudes and alti-
tudes of the parameterized gravity waves and while quanti-
fying their associated uncertainties. Furthermore, we illus-
trate how the method can help improving a scheme, specifi-
cally the results indicate that introducing a background wave

activity renders the convective wave parameterization more
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realistic.
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1 | INTRODUCTION

It is well known that large-scale circulation in the middle atmosphere is largely driven by gravity waves (GWs) that
transport horizontal momentum and modify large-scale flow when they break (Andrews et al., 1987). In the tropics, for
instance, non-orographic gravity waves contribute significantly to the forcing of the Quasi-Biennial Oscillation (QBO),
anearly 28-month oscillation of the zonal mean zonal winds that occurs in the lower part of the equatorial stratosphere
(Baldwin et al., 2001). These waves have horizontal scales much shorter than the 100 km typical horizontal resolution
of climate global models, and need to be parameterized. Accordingly, almost all state of the art global climate models
that simulate a QBO include non-orographic GWs parameterization schemes (Scinocca, 2003; Song and Chun, 2005;
Beres et al., 2005; Orr et al., 2010; Lott and Guez, 2013; Bushell et al., 2015; Anstey et al., 2016; Christiansen et al.,
2016; Serva et al., 2018). In these schemes, the parameters controlling GW forcing are tuned so that large-scale model
features, such as the period and amplitude of the QBO are close to the observed ones.

Although GWs parameterizations are now used in models successfully, their validation using direct in situ obser-
vations remains a challenge. Large horizontal-scale GWs can be obtained from global satellite observations of tem-
perature (Geller et al., 2013) and the corresponding momentum flux computed using polarization relations (Alexander
et al., 2010; Ern et al., 2014). However, in situ observations are required to observe the shorter horizontal scales that
also contribute to the QBO forcing and to obtain a direct measurement of the corresponding momentum flux. The
most precise measurements are provided by constant-level long-duration balloons, like those made in the deep tropics
during PreConcordiasi (Jewtoukoff et al., 2013), Strateole 2 (Haase et al., 2018) and some of the LOON commercial
flights (Green et al., 2023). Among the important results, these balloon observations have shown that the momentum
flux entering the stratosphere is extremely intermittent (Hertzog et al., 2012). This intermittency implies that the mean
momentum flux is mostly transported by few large-amplitude GWs that are expected to break at lower altitudes than
when it is transported by more uniform and smaller amplitude GWs. Also, Lott et al. (2023) and Green et al. (2023)
have shown, using Strateole-2 and Loon data respectively, that this intermittent character can be characterized by
log-normal distributions of the momentum fluxes. Lott et al. (2023) also showed that the MF evaluated offline using
LMDz parameterizations and ERA5 data colocated with the balloon locations provide MF estimates comparable in
amplitude to those needed in this GCM to simulate a QBO.

In the modeling community, it is well established that the tuning of the QBO is sensitive to GW scheme param-
eters, with all existing schemes having parameters directly related to the launched waves amplitude, phase speed
distribution, launching altitude, and breaking detection. These parameters control the modeled QBO amplitude and
periods (Giorgetta et al., 2006; Geller et al., 2016; Garfinkel et al., 2022), but are poorly constrained by observations.
For instance, in Garfinkel et al. (2022) varying the amplitude of the launch GWs by a factor near 5 does not significantly
affect the QBO period, whereas in Mansfield and Sheshadri (2024) the acceptable range of values is significantly nar-
rower. In Mansfield and Sheshadri (2024) the evaluation of the parameters and their uncertainties is conducted by

comparing model responses to large-scale observed QBO statistics. As in Annan et al. (2005); Dunbar et al. (2021);
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Cleary et al. (2021) they combine ensemble Kalman filters and Bayesian estimations, techniques that can also include
ensembles of high-resolution simulations of the parameterized processes (Couvreux et al., 2021). Despite these indi-
rect approaches, the direct use of gravity wave observations to tune parameterizations in an offline mode remains, to
our knowledge, limited. These considerations lead us to question whether the typically "chosen" parameter values are
consistent with direct measurements, and whether the parameter sensitivity observed in models reflects underlying
uncertainties in both the parameterizations and the observations.

For gravity waves, some benefits could arise since parameterizations in offline modes have skill in predicting as-
pects of the subgrid scale processes and are quite realistic in reproducing their online behavior (Lott et al., 2023).
Nevertheless, we can expect difficulties because the GW parameterizations used in offline modes driven by data are
still subject to substantial and nearly unquantifiable uncertainties. For instance, the sampling of the gravity wave
scheme by a balloon only concerns single trajectories and not an entire model grid cell, the collocation of the balloon
and the meteorological fields is only approximate. We can also question the technique used to characterize the eval-
uation of momentum fluxes from observations, despite the fact that the measurement errors are not perceived to be
large. Finally, the parameterizations are oversimplified; for instance, they often assume constant launching altitudes, a
uniform breaking criterion, simplifying relations with potential sources, if any, and neglect lateral propagation (Achatz
et al.,, 2023; Voelker et al., 2024). Their strength is that they are based on a few physically understood mechanisms,
like the Eliasen-Palm theorem or the WKB theory of monochromatic gravity wave vertical propagation.

In the general problem of parameter estimation using direct observations and a forecast model, conventional
techniques consist of using the Ensemble Kalman Filter (EnKF) and Ensemble Kalman Smoother (EnKS), which are re-
viewed in Evensen (2009) and Carrassi et al. (2018). The classic way is to use an augmented state formulation, allowing
the ensemble Kalman technique to identify correlations between the state of the system and the physical parameters
(Ruiz et al., 2013; Ruiz and Pulido, 2015). However, this approach is computationally demanding because the model
must be evaluated at each time step for each ensemble member. Moreover, tuning the model error covariance is
nontrivial and requires additional estimation techniques Tandeo et al. (2020).

In this article, as the parameterizations are estimated offline we cannot use augmented states of a GCMs to eval-
uate them. We therefore follow Tandeo et al. (2015) by considering that the physical parameters are the only state
variables that evolve. These parameters are assumed to follow a random walk, thereby incorporating non-negligible
errors. This technique infers the parameter statistics using an iterative maximum likelihood approach based on the
Expectation Maximization (EM) algorithm introduced by Dempster et al. (1977). In Tandeo et al. (2015) the method
was found to behave well in a synthetic setup, using the Lott and Miller (1997) subgrid scale orography parameteri-
zation scheme, assuming observations consisted of 30 days of parameterized drag with given values of the scheme
parameters. In this synthetic setup, the method converges and recovers the parameters. The purpose of the present
paper is to examine the methodology by applying it to a nonorographic gravity wave parameterization in a realistic
setup, e.g. using real observations containing uncertainties and assuming that the parameters can vary over time for
physical reasons. A key outcome of the method is the quantification of parameter uncertainties. To evaluate the
output of the technique, we compare the results of the EnKF/EM estimation with a direct Bayesian estimation. The
latter is based on probabilities built from kernel density estimates of the observations and model errors.

The plan of the paper is as follows, section 2 recalls the basic aspects of the gravity wave parameterization used,
and Section 3 provides a first "direct" appreciation of its sensitivity to parameter changes. As some parameters do not
produce much variation in GWs momentum fluxes and others affect GWs dynamics far aloft the balloon altitude, we
next select the parameters that directly control the launched momentum flux altitude and amplitude. In Section 4 we
present the EnKF/EM method applied to our data. Section 5 discusses the results from the EnKF/EM and compares its

outcomes to those of the direct Bayesian estimation. Section 6 summarizes the result, discuss the limits and potential
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future applications.

2 | PARAMETERIZATION AND DATA USED

The parameterization scheme we use follows the convective GWD parameterization scheme presented in Lott et al.
(2023) and that is operational in the IPSLCMé climate model (Boucher et al., 2020). The only change we test here
is the introduction of a background wave activity detailed below. In short, it is a multiwave stochastic scheme that
represents the GW field by a stochastic sum of monochromatic waves in the zonal direction (x) and time (¢) at each
physical time step and at each horizontal gridpoint. The induced vertical velocity by these monochromatic waves is

J .
w = Z Cjo(Z)eZ/ZH el(k/X7wjt)s (1)
Jj=1

where x points in the zonal direction, z is the log pressure coordinate, and H = 7 km is a characteristic scale height.
The vertical variations of the complex vertical velocity amplitude w; (z) vary according to the WKB approximation.
The induced horizontal velocity is derived from the local polarization relation. The intermittency coefficients, C;, are
chosen to satisfy Zf:‘] CJ? = 1. They could be chosen randomly, but we fixed them at C; = J~1/2, The sign of horizontal
wavenumbers determines the direction of propagation with respect to the zonal wind at the launch level, with k; > 0

and k; <0 for eastward and westward propagating waves, respectively. Their amplitudes are constrained to the range,
kmin < &1 < kmax, (2)

where kqip, is the horizontal wavenumber below which we consider that the GWs cannot be explicitly resolved by the
model. It is a tunable parameter but we leave it fixed in the following at the value k,;, = 27/(300km), assuming that
300km is around the minimum horizontal scale a CMIP-type GCM with 1° horizontal resolution can fully resolve. We
take kmax = 27/ (6km) which is a conservative upper bound for vertically propagating hydrostatic gravity waves. We

choose to sample the intrinsic zonal phase speed (c;) at the launching altitude (z,) according to a normal distribution
¢j(z;) ~ N(0,Cmax) , (3)

where the characteristic phase speed Cmax is a tunable parameter and U is the gridscale zonal wind. Once the intrinsic
zonal phase speed is selected, the (absolute) frequencies are then determined w; = k; [¢;(z/)+U(z/)], which are taken
as positive by convention.

In Lott and Guez (2013), it is described how gridscale precipitation P results in GWSs, we use the corresponding
expression for the launched momentum fluxes and add to it a constant background:

Fi(z) = R o) = (G [MREP Y T @
j(z)) = {PUJ(Z/)W/-(Z/)}—@ w0 |~ — W‘*‘ uwb |-

where Q; = w; - k;U is the intrinsic frequency, p = p,e’z/"’ and R, L. and C,, are the dry air constant, the latent
heat of condensation and the heat capacity at constant pressure, m; = ﬁ is the vertical wavenumber amplitude,
and N is the buoyancy frequency. The tuning parameters Az, G,,,0 and G, represent the heating source depth, the

convective wave amplitude and the amplitude of background wave activity, respectively.
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The breaking criterion can be expressed when passing from one model level z to the next level above z + 6z by
writing it as

. Fj(z) —2@52 2k|‘2nin j3
Fi(z+62) = kj© (¢j(z + 62)cj(z)) Min {kje P2 "% pS Nka} (5)
where the Heaviside function © represents wave absorption by critical levels. The first term in the parentheses ex-
presses the decay of the EP-flux due to diffusion, p. The last term is the saturated EP-flux and S is the saturation
parameter. As the intrinsic phase speed ¢; depends on the changes in the background wind (see (3)), this term is also

referred to as "dynamical filtering". It is strongly affected by the choice of Cmax as well.

The fluxes in (5) are computed using hourly data of zonal wind, temperature and precipitation from ERA5 at the
balloon horizontal location. They are separated in the eastward component and the westward component by selecting
the harmonics with k; > 0 and k; < 0 and by summing them separately. In the following, we will also average the
results over time, the minimum length is one day. Then, the parameterized momentum flux vector is

e

where z, is the balloon flight altitude, the brackets indicate daily averages, and the © function applied to the zonal

J

J

J J
c,?e(k,-)F,-<zb>>,< Cfe(—k,->Fj<zb>>), (6)
=1 =1

wavenumber sign selects the eastward and westward contributions to the momentum fluxes. In what follows, we will
use a more concise notation and write the parameterized momentum flux vector,

(F'(0.0))" = (FTE.F™) (2 (10,01 )

where the Z (t) are hourly inputs from ERA5 and the parameters 8 are the ones to be estimated. Therefore, F 7 (t;)
represents the forecasted or estimated momentum flux by the parameterization at time t, given a set of parameters
0 and inputs Z. The superscript £ means forecast corresponding to the standard notation used in data assimilation.

The observations we use are derived from the instantaneous values of momentum fluxes in the Eastward and
Westward directions, provided every 30s and derived through wavelet analysis (Corcos et al., 2021). The method
permits the separation of disturbances with periods between 15min and 1h and disturbances with periods between
15min and 1day, but we follow Lott et al. (2023) and assume that only the fastest one needs to be used in order to tune
a GW parameterization. The Eastward and Westward fluxes are separated at an early stage, each is then averaged
over a day, in part because it takes about a day for a balloon to fly across a typical GCM gridbox. This defines the

observation vector,
FT(t) = (FOE.FoY) [t4], (®)

for the K = 1294 number of days of Strateole 2 balloon measurements at altitudes near z = 20km. This number of
days is the sum of days during which the 23 balloons flew, taking into account the 23 balloon flight during Strateole
phase 1 and 2 that last more than 1 week (some balloons flew up to near two months).

At this stage, the parameterization potentially has 9 tuning parameters, among which 4 are directly related to the
amplitude and location of the gravity wave sources in the troposphere, Guwo, Guwb, 2/ and Az , while kpin, kmax,

Cmax are associated with the characteristics of the parameterized waves. Two parameters p and S control gravity
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wave absorption by critical levels via wave dissipation and saturation. As we only have a limited sample of independent
data, and because these data are collected at one level not all the parameters are identifiable because they are not
independent. Preliminary systematic sensitivity evaluations show that the results at the balloon level are slightly
sensitive to the choices in ki, and kmax when varied within reasonable bounds (multiplied or divided by a factor of
2). Furthermore, they are also almost insensitive to the dissipation y that is used to dissipate waves near the model
top (around z = 80km). Therefore, in what follows, we disregard these 3 parameters from the analysis and choose to

estimate six parameters from observations
0" = (Guwo. S. p1. Az, Cmax Gb), (9)

where p; = pse~2//H is the pressure at the launching level and ps = 1bar.

3 | DIRECT METHOD

To analyze how the outcome of the GW scheme at the balloon level varies with the six selected parameters in (9), we
evaluate the cost function under K background conditions,

K

30) = & S F (5,0 - P} [P (10,0) - PO (20} (10)
k=1

and vary these parameters randomly in the hypercube
[0.03,3] x [0.03,3] x [0.1, 1bar] x [5m, 5km] x [1,300m/s] x [0.1mPa, 10mPa]

with a uniform distribution for p; and uniform distributions for the logarithm of the other variables. We then generate
8% realizations of the parameters, which are used in the scheme in combination with all the Strateole 2 data (K =

1294days). From this ensemble of 8% simulations, we found that the minimum of the cost function occurs near
Bm = (Guwo = 0.15,8 = 0.3, DZ = 100m, p; = 0.45bar, Cmax = 40m/s.Gp = 1TmPa) . (11)

Figure 1a) shows time series of eastward and westward MFs measured during all balloon flights and the corre-
sponding offline estimates using the optimal parameters and the operational ones. Figure 1b) is a zoomed view of
flight 2 from phase 1. The time axis in these panels (in days) is somewhat artificial, as multiple balloons were flying
concurrently. To create a continuous timeline, the time since launch for each balloon is appended to the total duration
of the previously launched balloon. Overall, the amplitudes of the parameterized momentum fluxes for the 1-hour to
15-minute periods agree reasonably well with the measurements. A key difference, however, is evident in the opera-
tional parameterization: without a background term, the fluxes are often too small during periods of low precipitation.
This is compensated for by peak fluxes that frequently exceed the observed values. In contrast, the simulation with
optimal parameters more accurately captures the low-amplitude fluxes and produces less pronounced peaks.

The parameterization estimates fluxes of about the right amplitude, as shown in Fig. 1c), in which the average
of the fluxes over the 23 entire flights are shown. It confirms systematically that the offline estimations are quite
good on average with significant improvement when the optimal values are chosen. The parameterized fluxes are

much more aligned with the measured ones. This improvement is even more pronounced when looking at the net
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FIGURE 1 a) Daily sequence of MFs along the Strateole 2 campaign; b) Zoom over the 2d flight. c) Scatterplots

of parameterized versus measured MF averaged over the Strateole2 balloon flights. d) PDFs of the daily MFs with
eastward MF in solid and westward in dash. In black, the parameter values are near those yielding minima in cost
function (see Eq. 11 and the crosses in Fig. 2). In red are the series for the operational values of the parameters and
in green the observations.
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fluxes (the circles in Figs. 1). The curves in Figs. 1a)-1b) also suggest that observations and offline estimations evolve
quite similarly day after day, with the operational values being much more intermittent than the optimal ones. On
the other hand, the optimal values underestimate the peak values. Figs. 1d) present probability density functions
(PDFs) of the distributions of the momentum fluxes considering all the daily data. The balloons almost systematically
measure fluxes with amplitudes between 0.1 and TmPa (green curves), whereas in the operational parameterization
there are many more contributions from the smaller amplitude momentum fluxes (red), not to mention that the zero
values are excluded from PDFs when plotted versus the logarithm of MF amplitudes. With the addition of a constant
background and for the optimal values (11) the black curves show that the distribution of MFs is more similar to the
observed one. The PDFs are, nevertheless, substantially narrower, which means that the parameterized fluxes become
much less intermittent. The PDFs are plotted using logarithmic scales, illustrating that the observed PDFs in green are
reasonably log-normal. This property is essential in GWs parameterization because it translates the intermittency of

the flux (Green et al., 2023) with broader distributions corresponding to more intermittent fluxes.
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FIGURE 2 The sensitivity of the cost function when the six parameters G,0, Gp, S, Az, z;, and Cmax are varied
randomly with 8% realisations. In each panel, the cross-section of the the cost function is shown when the two
values of the parameters shown in the x and y axis are varied and the rest is kept fixed. Red crosses indicate
parameter given in (11) that gives the minima of (Cost = 0.34mPa?) are given.

To appreciate the sensitivity of the cost function to individual parameter changes, each panel in Fig. 2 shows
the minima of the cost when the 4 parameters not shown on the axes vary. In panel (a), the cost function does not
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FIGURE 3 Cost function as a function of 2 parameters when the other 4 parameter are fixed at the values that
yield the minimum shown in Fig. 2.

vary much around the minima at (G,,0 = 0.15,G, = 1mPa) when G, Vvaries, but it varies significantly with the
background G,. Similarly, in the panels Figs. 2e)-2i)-21)-2n)-20), the changes in G,y0, S, p; and Az do not affect the
minima in the cost function. This is confirmed in the middle panels where these four parameters are varied separately,
in all cases the minima in the cost do not vary much.

The fact that many different combinations of the six parameters (G,y0, S, Az, p;, Cmax, Gp) can yield relatively
small values of the cost function does not mean that the cost function does not vary when one of these parameters
varies alone. It only means that when two parameters among these four are fixed, substantial minimization can be
achieved by varying the 4 remaining ones. This suggests the presence of valleys in the cost function for some param-
eter combinations, in which the cost function varies slightly. In other words, the parameters are not all independent.
This is illustrated in Fig. 3, which shows the minima in cost functions when two parameters vary and the other 4 pa-
rameter values are the optimal ones. The variations of the parameters around the minima are much more constrained,
except for the heating source depth Az, provided that Az < 1km. This preliminary analysis indicates that, with this
dataset, we cannot efficiently tune the 6 parameters of our scheme. To make a choice among the parameters, we
next fix those that have a strong impact on the wave drag well above balloon flights, essentially where the waves
are saturated and dynamical filtering dominates (two processes controlled by Cmax and S). We therefore fix their

values to their optimal ones (11), which are also quite near their operational value (Cmax = 30m/s — 40m/s) and
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S = 0.6 — 0.3). We also choose the optimal value of Az (Az = 1Tkm — 100m) but this is of little significance. In this
paper, we will therefore focus on tuning the source amplitude and altitude only, Gwb, Guwo, and p;.

4 | ESTIMATION TECHNIQUE

4.1 | EnKF/EnKS technique

To find optimal parameter values that, when applied to the GW scheme, permit the reproduction of the observed

time series of momentum fluxes, we next use successive applications of an Ensemble Kalman filter combined with an

expectation-maximization algorithm. This parameter estimation technique was presented in Tandeo et al. (2015).
The Ensemble Kalman filter technique is applied to each of the 23 Strateole flights independently, taking the

logarithm of the daily averaged flux,
y' (t) = [logio (F™E) logro (F™)] = 716, Z (801, (12)

with similar expressions for the logarithm of the observation. We chose to work with logarithmic transformations be-
cause the logarithms of the fluxes are almost normally distributed (see Fig. 1c), as EnKF assumes normal distributions.
The GW scheme is used to calculate momentum fluxes and to conduct a daily forecast of the it" member of an

ensemble of N forecasts:
yf (te) = H{=] (te)} = F|G{a] (t)} Z () | - (13)

Thus, the gravity wave scheme acts as the observational operator through 7, projecting the forecasted state, mf(tk),
to the observational space, i.e. momentum fluxes. The function G translates the Gaussian distribution of parameters
2, with typical values of order 1 into the parameters 6. This relation between the x and 6 is defined for each

parameter as

1.+erf(xh,-(tk))9hu (14)

Oni(tk) = OpL + 2

where 6y, and 6,y provide the lower and upper bound of the pth parameter respectively. The estimate of x is then
transformed to 8 using (14).

Typically, the parameters at the initial time :c/.f(tk) are initialized from a Gaussian distribution with mean x® and
covariance matrix B. Thereafter, the parameters oc,’ are evolved each day according to a Gaussian random walk,

@] (te) = ] (te-1) +n(tk) (15)
where x?(t,_1) is the analysis at the previous time and n(t,) is a Gaussian noise with zero mean and covariance

matrix Q, n = N (0, Q). The EnKF also requests the specification of the observation error covariance matrix R. We

accumulate all the errors in observations and model them into €; () as
y°(te) =y (1) +€i(te), (16)

where €;(t) = N (0, R).
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At each time and from the ensemble we define sample mean unbiased estimates of the data and parameters
1Y 1Y
¥ (1) = 5 2 vl ). 2 (0 =5 Y el (17)
i=1 i=1
and the empirical covariance matrices,

P,,f,.s(tk) = ﬁ Z {’I“,f(tk) —'pf(tk)} {S,f(tk) — sf(tk)}r’ (18)

i=1

where r and s stands for @ or y and with similar expressions for the analysed and smoothed fields, in which case the

f-superscript is replaced by a and s respectively. The analysis is then estimated recursively,

@7 (t) = @f (6 + K (t6) (y°(66) — yf (80 + (80 (19)

dj(tg)
where d; (t) is the innovation vector and K (¢;) is the Kalman gain,
f f -1
K (t) = Py (t) {Pjy (t) + R} . (20)

Once the sequence in time is finished, we proceed backward to determine the smoothed estimates of state by applying

a Kalman smoother,
@f (1) = @7 () + K* () (5 (t601) = @] (6641)) (21)

with @ (tx) = x?(tk), and where the Kalman smoother gain is,
s a f -
K* (1) = Py (t6) {Pla(tean) (22)

The application of this EnKF-EnKS technique requires the specification of the parameters at the initial time and
its uncertainty, <®, B, the model error Q which for the case of the GW scheme and the observation uncertainty of
momentum fluxes, R, are largely uncertain so that we propose to estimate them via the Expectation-Maximisation
algorithm.

4.2 | Expectation-Maximisation algorithm

We apply an EM algorithm to estimate the statistical parameters x?, B, Q and R. The Expectation-Maximisation
algorithm aims to iteratively maximize the likelihood function as a function of the statistical parameters. These sta-
tistical parameters are corrected during successive applications of the EM algorithm. At the first EM iteration, the
statistical parameters are taken to be

zb=0, B=025I,, Q=0.025I, R=02I; (23)
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where I is the identity matrix, which ranks o and p, the dimensions of the observation and parameter vector.
Given an initial set of statistical parameters ., B, Q, and R(t,), the Kalman smoother is used to an optimal
state, x° (¢, ). In a given iteration, the realizations are given by the Kalman smoother @ (¢ ), and these are projected

to the observational space by
y; (te) = Hiz; (te)}. (24)

The maximum likelihood estimates of the statistical parameters x®, B, Q, and R(t,) are then evaluated using x$ (t)
and y? (t¢),

&p=a°(t1), B=P5,(t)) (25)

K N
Q= oy 2 2 et~ o)} o 0 — 2l e (26)
R—1 1 KX R ° s o T 27
= DD () - (10} (1) -~ 17 (20} (27)

k=11

A derivation of these expressions may be found in Tandeo et al. (2015) and Pulido et al. (2018). Once a new set
of statistical parameters is estimated, we then return to (23) for a new iteration until a minimum in the innovation

negative log-likelihood estimate,

1 1 &Y - 1 .
L=n ; ; {d,-(tk) (P”(tk) + R) di(t¢) + 5 log (det[Pyy(tk) + R])} (28)
is reached.
5 | RESULTS
5.1 | Estimation of launching pressure p, and background wave amplitude G,,,»

In order to evaluate the EnKF/EM technique using real data, we estimate the launching pressure and background
amplitude using the balloon data. The launching pressure is limited to altitudes below balloon flight and large bounds
are taken for the background amplitude, namely

64 = py, With (84;,64y) = (0.1,1) bar, and 65 = G, With (8., 6s0) = (0,10) mPa, (29)

the other parameter values are given in (11). The reason for selecting two parameters is that the daily data of observed
and forecast MF are not decorrelated from one day to the next. The typical decorrelation time is around 5 day (not
shown) reducing the number of degree of freedom of the observations to only a few hundred. In this case, tuning more
than two parameters is questionable, we therefore proceed by pairs and estimate the coevolution between G,,,,, and

Gywo for fixed p; thereafter. Note for completeness that we conducted preliminary experiments using the EnKF/EM
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FIGURE 4 EnKF estimates of the two parameters (G, and x;). a) Ggwb(tk) (thick solid) and
(Glfwb + 20(szb)) (tx) (thin solid), where the variance o is evaluated from the ensemble forecast. b) Same as a) but
for p;. c) Same as a) but for East and West MFs resulting from EnKF estimates (black), and observed values are in

green. (d) East and West MF zoom view for a range of days.

algorithm for the G, », Guwo, and p, altogether, and the results are not much different.

Figure 4 shows the variations over balloon flight and over time of the two parameters G,,,, and p,; after 4 EM
iterations and using an ensemble size of N = 100. The choice of stopping the analysis at 4 EM iterations for each
balloon is motivated by the fact that for most balloons the innovation log-likelihood (28) has almost reached a minimum
at that iteration. It emphasizes that in our case the algorithm converges quite fast. The top and middle panels of Fig.
4 show the temporal variations of the ensemble average of GZ and Xf, each bounded by a 2-standard deviation.
Both parameters oscillate around mean values that are almost equal to the optimal values identified at the extrema of
the cost function. Hence, the EnKF/EM permits estimating the optimal values of these two parameters. Substantial
variations around the entire dataset mean are found for both the averaged forecasts and the standard deviation, with
a launching altitude easily covering the entire troposphere whereas the background amplitude is constrained between
0.3mPa and 3mPa typically. Fig. 4 (c) shows the temporal evolution of the forecast y* (¢), bounded by two standard
deviations. It successfully captures the variations in the measured data, as almost all measured momentum fluxes fall
within the +20 curves. The zoom view in panel (d) reveals that the forecast also has peak values whose amplitudes
compare well to the measured peak values, albeit with some minor timing discrepancies.

To confirm more quantitatively that the ensemble captures well the spread in observations, we compute probabil-



296

297

298

299

300

302

303

304

305

306

307

308

309

310

311

312

313

Francois Lott et al.

104005 ‘ ‘ HH“ ‘ ‘HHH‘ ‘ HHH; 104005 T \HHH‘ T T TTTTIT T \\HH; E T \HHH‘ T \HHH‘ T \HHH:»
= oj = 8 1 EC) ——= E
— Y, - C ] C % 1
=S ERR i 3
— 0 a C | C ]
¢ B e i ) i B 1
= 0.10=— = 0.10 = e -
0.01 Lol ol 4w 0.01 vl vl v T R TITY R
0.01 0.10 1.00 10.00 0.01 0.10 1.00 10.00 0.01 0.10 1.00 10.00
East(mPa) p(bar) pi(bar)
L e L A= 3 3g 5
d _= A 3 = f E
£ ) = ;o ER- )
g N = / EN S P E
"N = \ -
0OE L ie” 1 = L N 3 OE . , E
0.01 0.10 1.00 10.00 0.10 1.00 10.00 0.01 0.10 1.00 10.00

Eost ond West (mPo) p(bor) & G,(mPa) p(bor) & G,(mPa)

FIGURE 5 PDFs of momentum fluxes and parameters. (a) PDFs of the East and West MFs from the ensemble
forecast (black) and observed (green) and (d) the marginal distributions. b), c), e), and f) PDFs of launching altitude
and launched background flux(x; and Gp) : b) and e) from the EnKF forecasts at the last EM iteration; c) and f) from
Bayesian inference using model error PDFs build with Gaussian Kernels.

ity distributions using radial basis functions or Gaussian kernels (Wand and Jones, 1994), and estimate the probability

density distribution of the daily fluxes as

K
o 1 (~0-y2 ) -y (1)) 12552)
PO(Y) = ——— ) ex 30
% Mayz; P (30)
Enkf SRS ¥ (60 (557 (1)) /26y2)
pEN = € € 31
5= e 5, 5 el o

the bandwidth 6 y = 0.1mPa typically. Note that formula (30) can be applied to individual forecasts changing y° by
f in (30) and that (31) can be applied with similar resolution to the logqg of p; (in bar) and G, (in mPa) yielding a
probability distribution of parameters PE”Kf(O).

Figure 5a) shows the PDF of the MFs from the observations in green compared to the PDF from the ensemble in
black. The ensemble resulting from EnKF/EM reproduces rather well the observation statistics of the parameters. This
is essential if one wishes to provide quantitative estimates of the parameter variability. Particularly, the observation
PDF is anisotropic and shows substantial correlation between the Eastward and Westward MFs, both features are
rather well reproduced by the ensemble. To identify the cause, we have conducted experiments with the EnKF/EM
varying only one of the parameters, G,,,» or p; and found that the variations in the former rather than the variations
in the launching altitude are the ones that produce the correlation.

The PDF of the parameter from the EnKF are shown in Figs. 5b) and 5e). As expected from the curves in Figs. 4 one
sees that the launching altitude is centered in the mid troposphere but can be almost everywhere in the troposphere
(e.g. p/ > 0.1) and that the background amplitude can have any values between 0.3mPa< G, < 3mPa. This is quite
high variability, that may call for further refinement in the parameterization, or on the calculation of the MFs from

the data, or on the collocation of the ERAS5 fields, but we leave this to future work. For the purposes of this work,
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however, we are primarily concerned with assessing the utility of these PDFs for uncertainty quantification of the
parameters.

5.2 | Direct Bayes inversion using kernel density estimates of the model error PDF

To evaluate the inferred PDFs, we can find the posterior distribution using a direct analysis by varying uniformly p,
to cover the troposphere (1 > p; > 0.1) and logarithmically G, between 0.01mPa and 10mPa and evaluating the GW
scheme for these parameters; in this way, 50 x 50 = 2500 simulations are conducted for the entire Strateole 2 data.
In other words, we assume a uniform prior distribution in the parameters. Next, we build PDFs of the model error e
using Gaussian Kernels and for the best model outputs the parameter value 6,:

K
Pu(e) = — Ze(—<s—<y°m—yf<zk,eM>>>(e—(y"(tm—yf<rk,6M>>>T/(6y>2). (32)
27K y?

From the density probability of the model errors we then build the likelihood of y when 8 is fixed as,
P(y16) =Pe (v =y (©)). (33)

The posterior distribution for 8 given the observations {y"(t,()}f:I can be written as,

K
POLy°) < [ | Pe (y°(te) = " (t.0)) p(6). (34)
k=1

where p(9) is the prior distribution, which is assumed uniform. This expression assumes that the errors are uncorre-
lated from one day to the other. Note that this last assumption is not well verified, so we checked the results from

(34) taking one daily data every 3 days, or more to enforce independence, which does not change the results much.

This direct estimation of the posterior distribution in Figs. 4c) and 4f) has some similarities with the EnKF param-
eter PDF in Figs. 4b) and 4e) being broader in both the launching altitude p, and background flux amplitude G,. To
interpret the difference, we have evaluated variants of the EnKF and the "direct" PDFs estimate by analysing slower
variations. Such tests are motivated by the fact that daily data of fluxes (observed and forecast) and parameters from
the EnKF have substantial lag correlations and become decorrelated at lags of about 5 days. We therefore recompute
PDFs using data averaged over 5 days after applying cosine tapers to enforce decorrelation. Applying such low-pass
filters, we found that the statistics of the EnKF parameters are not much different, whereas the Bayesian estimate of
the posterior distribution narrows for the amplitude G, getting closer to the EnKF estimate but it remains unchanged
for the launching altitude p; (not shown). Concerning Gy, it means that EnKF estimates are more robust than direct
estimates since EnKF takes into account the lag correlations in the data. For the launching pressure p, on the other
hand, the direct Bayesian estimate always shows a broad distribution over the entire troposphere, with a relative min-
imum in the middle, whereas the EnKF proposes a normal distribution around this minimum. This naturally follows
that EnKF theory explicitly assumes Gaussian statistics: the launching GWs altitude being more uniformly distributed

over the troposphere, so that its statistics is not well captured by the EnKF.
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FIGURE 6 PDFs of Momentum fluxes and parameters. a) East and West MFs from the ensemble forecast (black)
and observed (green) and (d) the marginal distributions. b), ), e), and f) PDFs of convective wave parameter and
background flux(G,wo and Gp) : b) and e) from the ENKF forecasts at the last EM iteration; c) and f) from Bayesian
inference using model error PDFs build with Gaussian Kernels.

5.3 | Results for G,,0 and G,

We conducted a similar experiment for the amplitude parameters G, and G,. The resulting PDFs are shown in
Fig. 6. Again the east and west fluxes from the EnKF PDFs match quite well the observed PDFs (Figs. 6a) and éd).
The PDFs of the parameters G,,0 and G, in Figs. 6b) and ée) indicate that G, can take almost any value below
Guwo < 0.3 typically, provided that 0.3mPa < G, < 3mPa. This clearly highlights a difficulty in tuning the parameter
that controls the convective source. One potential issue is that the EnKF may struggle to handle precipitation data, for
instance, by continuing to adjust the forecast for the corresponding parameter even when no precipitation is present.
We tested this potential issue conducting the EnKF sequentially but only assimilating data when there is precipitation.
The result show little difference. The problem seems to be related to the sources, which are a function of the square
of the precipitation (P2, see Eq. 4). This is confirmed in Figs.6c) and 6d) which show that the direct Bayesian estimate
predicts about the same statistical behavior for Gywo. Both analyses demonstrate that G, can take any values less
than 1 provided that G, stays within its bounds.

6 | SUMMARY AND DISCUSSION

6.0.1 | Summary

In this article, we use an offline filtering technique to estimate the physical parameters of a subgrid scale non-orographic
gravity wave parameterization. The technique was originally presented and tested with synthetic observations in
Tandeo et al. (2015). Its main advantages are that it is designed to solve a nonlinear space-state system using the En-
semble Kalman Filter, which is readily adapted to a gravity wave parameterization, and that it estimates the unknown
error covariance matrices. More precisely, this technique assumes the hypothesis that the state, the observation,
and the parameter equations have additive Gaussian noises, whose statistics are estimated via an iterative maximum
likelihood method using successive applications of the EnKF.

Here, for the first time, the method is applied to real observations of the gravity wave momentum fluxes. These

fluxes were deduced from constant-altitude balloon flights conducted during the Strateole 2 campaign. Unlike the
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synthetic observation experiments in Tandeo et al. (2015), the optimal parameter values are not known a priori in
experiments with real data. Therefore, we validate the results from the filtering technique against a direct optimization
conducted using a brute-force technique that systematically varies the physical parameters of the GW scheme.

After identifying that for this dataset and parameterization, the parameter variations are not independent, we
conclude that the optimization can only be conducted for 2 to 3 parameters keeping the others fixed, for instance
taking their operational values. This choice regarding the number of estimable parameters is further supported by a
lag correlation analysis of the data. In fact, the daily mean of winds from ERAS5 as well as daily mean of the measured
momentum fluxes present substantial lag correlations for up to 3-5 days. This reduces the number of degrees of
freedom of our dataset substantially from 1294 days of measurements to around 200. For these reasons, we chose to
fix the parameters that play a central role in the dynamical filtering of the gravity waves above the balloon altitude at
their reference value, (Cp.x and S). We also fixed the source depth Az, as we found the parameterization is largely
insensitivity to its value provided that AZ < 1km. We therefore focused our analysis on the remaining parameters
related to the tropospheric sources, the launching altitude, z;, the convective gravity wave amplitude G, and the
background gravity wave activity G,. A key result of this paper is that, for these selected parameters, the technique
permits to find their optimal values and to provide estimates of their associated uncertainties. To reach this conclusion,
the EnKf/EM method is compared to a direct method. In the direct method, PDFs of the error are built from a large
ensemble of parameter realisations. In this case, the optimal values are found by minimizing the cost function via a
direct technique, and the uncertainties are inferred by calculating the posterior distribution using Bayesian methods
with Gaussian Kernels.

Several findings concerning the parameterization itself are worth noting. A first result is that the preferential
location of the gravity wave source is in the mid troposphere. The uncertainty is nevertheless large, both EnKf and
direct Bayesian inference show that gravity waves can be launched from almost any other place in the troposphere
below the balloon flight level. The EnKF/EM method produces a normal distribution of the launching altitude around
the optimal value, whereas the direct Bayesian inference gives a distribution closer to the uniform one. Regarding the
background amplitude, the analysis identifies an optimum amplitude of G, = 1.25mPa, but shows that almost any value
within the range 0.3 < G, < 3mPa is similarly plausible. The experiment, in which the convective wave amplitude and
the background parameters G,,0 and G, are estimated, conveys a similar message to the last one. For the convective
wave amplitude it shows that it can have almost any value provided that G,,0 < 1 the background amplitude is within
the right bounds. The operational situation of a null background amplitude is rejected, making the introduction of a
background source mandatory. That said, we note nevertheless that the LMDz operational value G,,0 = 0.25 falls
within the plausible bounds compared to the observational bounds. This suggests that a background of wave activity
can potentially be introduced operationally without being overly detrimental to the model’s performance.

6.1 | Discussion

We conducted a large number of sensitivity experiments, changing the ensemble size N, not taking the logarithm of
the fluxes, considering net and amplitude fluxes rather than eastward and westward. The results show little qualitative
difference from the above conclusions. We have also tested the other parameters and found broad ranges of plausible
values. For instance, Cmax can easily be larger than 50m/s, yielding to faster gravity waves than expected. This call
to collect data at higher altitudes to include more substantial dynamical filtering in the analysis.

Concerning the level of uncertainties we found, it seems to be quite large compared to when parameters are
changed in online experiments in Garfinkel et al. (2022) and Mansfield and Sheshadri (2022). For instance, Mansfield

and Sheshadri (2022) used another gravity wave parameterization and applied the EnKF comparing online GCMs run
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to observed QBO statistics, and found uncertainties on the source term much narrower than ours on the background
amplitude for instance. This difference is noteworthy. Preliminary tests show that the offline uncertainties we find
could be substantially narrowed if we used longer time averaged momentum fluxes. This would be more consistent
in terms of the QBO dynamics which forcing integrates the MFs over long time scales. A first problem is that in this
case the number of in-situ data we have in hand becomes much more limited. A second one is that when averaging
data over long time intervals, we lose the chance to relate the variations in gravity wave amplitude to their sources at
a given time and place. A possibility to be explored in the future is to improve the relation with the sources. This being
said, we have started to low pass the outcomes from the EnKF, using bow-car windows up to 10 day. This decrease
the noise and the uncertainty, but not to the level found in Mansfield and Sheshadri (2022). This may show that
models are over-sensitive to parameter changes, but it may also show that the level of noise and error introduced by
the extraction of momentum fluxes using balloon data, the collocation of the synoptic winds, and in the ERA5 fields

themselves stay too large to narrow the uncertainties about our optimal parameter estimate.

In future work, we plan to test if our results can help improve the parameterization in operation. For example, we
will examine whether the introduction of a background wave source is beneficial to the IPSLCM6 model. Preliminary
tests show that it cannot fully replace the convective source, i.e that we should keep G,,,9 # 0 at least when a constant
value for the background G, is considered: the high degree of intermittency resulting from the convective sources
seems to help the model to simulate a QBO. Also, and on top of uncertainties due to observations and model errors,
a fundamental reason why it is not possible to tune fixed parameter values is that none of them is supposed to be
a fixed universal constant. Gravity wave sources, propagation, and breaking depend on local flow conditions and
forcing structures that cannot be predicted at each time and place. There are fundamental reasons for that, one is
that the forced mesoscale flow radiating gravity waves is fully turbulent and not predictable. Another one is that
the gravity wave field has time and space scales quite near the resolved scales, it is far from a statistical equilibrium
that would allow to derive fixed scaling coefficients. These fundamental reasons have justified the development of
stochastic parameterizations (Berner et al., 2017) in the past. In this framework, our analysis could be used to make the
background stochastic, using statistics of our forecasts of G, for instance. To try refining our parameterization further
we have also started to analyse potential relations between the changes in the background amplitude G, with the
flow profiles and precipitations to see if it varies according to identifiable causes.We also leave this for further analysis,
but preliminary results indicate that larger amplitude fluxes should be imposed in the presence of larger amplitude

shears in the mid troposphere and that the P? dependence in the convective fluxes in (4) could be reconsidered.
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