Answer to Anonymous Referee Number 2 received and published on December 19th 2011
on ”Detection of particles layers in backscatter profiles: application to Antarctic lidar
measurements”
by J. Gazeaux et al.

We first would like to thank the Referee who made these comments.Minor and Major
comments are all relevant, we discussed them below and made several correction on the pa-
per. The main corrections are now highlighted in yellow in the article. The minor correction
as typing error were corrected without being highlighted.

Major Comments:

1. The Introduction section still needs better English writing. From Lines 41 to 81, authors
description on existing methods, their pros and cons is confusing. Please go through these
paragraphs to improve.

We reread and rewrite some partis of the introduction so that it is proper english. We also
made the pros and cons of the methods and the differences between our method and the
already existing works clearer.

2. Line 129, the variance should be from photon noise, rather than instrumental noise. The
nature of photon counting obeys the Poisson distribution, so the variance in photon counts
follows Poisson distribution. Authors seem to be confused between photon noise and instru-
mental noise.

When necessary, we replaced in the text the use of ”instrumental noise” by ”photon noise”.
3. Line 435, do you mean the averaging has a positive effect, rather than a negative effect?

We actually meant negative effect. As this expression seems confusing, we added a comment
(which is now highlighted in yellow), to explain this effect. The negative effect of the aver-
aging comes from the fact that the PSC signal is diluted in the profile after several hours of
time averaging. That is clearly shown in Figure 8. To prevent misunderstanding we changed
the expression "negative effect” by ”detrimental effect”.

4. Lines 435 to 440, the example of 2008/09/07 isnt shown in Figure 8, as the data seem
to stop before September 1, 2008. Did authors mean 2008-07-09¢ If so, Im not sure what
authors mean by this layer is very thin?

The referee is right and we made the correction in the text. By thin we meant ”short lived”,
we corrected this expression in the text too.

5. Lines 491 to 502, it is important to know what would happen if the current method is ap-
plied to multiple layers of PSC. In other words, how the results will look likewhen you apply
the current method to all your lidar data without knowing the PSCs have single or multiple
layers? How will you or other users know whether the results are right or wrong?

In case when several PSC layers one over the other would appear in the profile, the current
method will lead to extract only one PSC layer that will have the bottom altitude of the
lowest layer as bottom altitude and the top altitude of the highest layer as top altidude. This
correction has been highlighthed in yellow in the text.

6. The caption of Figure 8 doesnt match the gure. There are only four panels in the gure,
but authors listed many averaging intervals. Please correct the caption.

Corrections have been done in the caption.



Minor comments:
1. In the paper title, change particles layers to particle layers
Corrections have been done.
2. In the Abstract, change Clouds to Cloud
Corrections have been done.
3. Line 44, change low divergence to small divergence
Corrections have been done.
4. Line 47, change altitude to range
Corrections have been done.
5. Line 65, change Method to Methods
Corrections have been done.
6. Line 83, remove by the way
Corrections have been done.
7. What is 20 in Equation (1)? A notation of z0 must be given for Eq. (1).
"The altitude where the instrument is located.” - Corrections have been done.
8. Equations (6) and (7), lines 248, 249, 287, Equation (9) and many equations in the Ap-
pendiz A should write [z, x/, instead of [z, xf
Corrections have been done.
9. Line 252, what does concidering mean? Did you mean considering?
Corrections have been done.
10. Line 275, change too sensitive to outliers, in equation (7). . . to too sensitive to
outliers. In equation (7). . .
Corrections have been done.
11. Line 276, change large to wide
Corrections have been done.
12. Line 345, remove the comma ,
Corrections have been done.
13. Lines 395, 426, change instrumental noise to photon noise
Corrections have been done.
14. Line 452, it should be 30 min
Corrections have been done.
15. Line 458, it should be . . . procedure consists of three steps. The rst step consists of . .

Corrections have been done.

Julien Gazeaux.
27/12/2011
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Detection of particle layers in backscatter profiles:
application to Antarctic lidar measurements
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Jumelet Julien!, Parades José!', and David Christine!

Laboratoire Atmospheres, Milieux, Observations Spatiales (LATMOS),

[PSL, UPMC, UVSQ, CNRS/INSU, France, Paris
Laboratoire des Sciences du Climat et I'Environnement (LSCE),
IPSL-CNRS, Gif-sur-Yvette, France

Abstract

A detection method is proposed and studied to infer the presence of hidden signals
in a statistical way. It is applied here to the detection of Polar Stratospheric Cloud
(PSC) layers in lidar backscatter profiles measured over the Dumont D’Urville sta-
tion (Antarctica). PSCs appear as layers with enhanced variance in non stationary,
heteroscedastic signal profiles, between two unknown altitudes to be estimated. The
method is based on a three step algorithm. The first step is the stationarization of
the signal, the second performs the maximum likelihoods estimation of the signal (PSC
altitude range and variance inside and outside the PSC layer). The last step uses a
Fisher-Snédécor test to decide whether the detection of PSC layer is statistically signif-
icant. Performances and robustness of the method are tested on simulated data with
given statistical properties. Bias and detection limit are estimated. The method is
then applied to lidar backscatter profiles measured in 2008. No PSC are detected dur-
ing seasons when PSCs are not expected to form. As expected, PSC layers are detected
during the austral winter and early spring. The effect of time averaging of the profiles
is investigated. The best compromise for detection of PSC layers in lidar backscatter
profiles acquired at Dumont D’Urville is a time averaging window of 1 hour typically.

1 Introduction

During winter, the low temperatures prevailing in the polar regions in the lower stratosphere
lead to the formation of clouds, called Polar Stratospheric Clouds (PSCs) between 12 and
30 km. PSCs play a key role in the formation of the so-called ozone hole over Antarctica
at the beginning of spring. PSCs provide reactive surfaces for heterogeneous chemical re-
actions that quickly convert halogen reservoir species into ozone-destroying radicals (see for
example WMO (2007) and Peter (1997) for more details). PSCs may also play a significant
role in the radiative balance of the atmosphere, as suggested in Sloan and Pollard (1998) or
in Lachlan-Cope et al. (2009). For theses reasons, a long term increase in PSCs can affect
polar stratospheric ozone or even the climate. One of the most sensitive instrument to PSC
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layers is the lidar (LIght Detection And Ranging). Note however that, although there are
several long lidar time series available, homogeneous times series of lidar-based PSCs detec-
tions remain scarce which is why there is a need for systematic, reliable and simple methods
to extract PSC signals from lidar profiles time series (David et al. (2010)).

Several types of PSC have been identified and are usually distinguished according to
their optical properties. The optical properties depend on PSCs size distribution, state and
composition that are quite variable. As the crucial parameter in the processes of formation
and evaporation of PSCs is the temperature, the temperature evolution mostly determines
changes in PSC composition, phase and size distribution. PSCs can be liquid or solid,
composed of nitric acid-rich mixtures or ice and have typical sizes of approximatively a mi-
cron. The following references give an overview of the different types of PSC: Rosen et al.
(1975), Voigt et al. (2000) and Tabazadeh et al. (1994).

Lidar is a widely used remote instrument technique to detect PSCs. Lidars are widely
used in PSC studies ( Adriani et al. (2004), Iwasaka et al. (1986), Fiocco et al. (1992) or WMO
(1999) ) . Lidar measurements consist of very short pulses of focused light, illuminating the
overhead atmospheric column, with a relatively small divergence. The returning photons are
collected and converted into an electrical signal. The time elapsed between the emitted laser
pulse and the scattered returned signal is proportional to the altitude over which the scatter-
ing occurred. The intensity of the returned signal depends on the nature and concentration
of the scatterers, Bohren and Huffman (1983), Measures (1984) and SPARC (2010). PSC
detection is important for studies of the chemistry and dynamics of the polar stratosphere. It
also allows to identify PSC-free profiles that can be used for modelling stratospheric profiles
where only sulphuric acid aerosols particles are present in the lower stratosphere (i.e. profiles
without PSC layer, see Sing Wong et al. (2009) and Adriani et al. (1999)) or clear-sky profiles
for lidar calibration (Platt (1979)).

The large amount of data (several thousand lidar profiles per year) makes it difficult to
identify in a reliable and objective way the presence of PSC layers on every profile without
a systematic and robust detection method. The purpose of the present work is the develop-
ment and testing of a PSC detection algorithm in lidar profiles. Several detection methods
have been tested in the literature, for example, Chang and Zhang (2007) approach focuses
on the detection of a single long lasting variance shift detection, and Gumedze et al. (2010)
worked on outliers detection. Even if they are strongly related, these two studies do not deal
with the detection problem in the same way as the present method where transient variance
shifts (i.e. short lasting variance shifts) are studied. In addition, some studies still do not
pay attention to stationarity properties of the signal. The assumption of stationarity means
that the distribution of the signal does not change with altitude in a lidar profile (or, more
specifically, homoscedasticity indicates that the variance of the signal remains constant with
altitude). In other words, this property assumes that whatever the altitude, the signal has
to follow a constant probability distribution with constant parameters. The characterisation
of statistical properties of the signal is necessary and required statistical tests because the
lack of stationarity precludes in principle statistical calculations of interest (as theoretically
introduced in Goldfarb and Pardoux (2007))). For example, the mean or variance of a sample
is meaningful only if the assumption of stationarity can be previously confirmed. Methods to
stationarize signals exist and have been studied in Goldfarb and Pardoux (2007) or Bourbon-
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nais and Terraza (2004). Other methods rely on wavelet approaches and the use of arbitrary
thresholds to discriminate whether a detected signal is significant or not (e.g. Morille et al.
(2007), or Berthier et al. (2008))). Although this last wavelet-based approach gives good
results on detecting PSC layers, it is limited by the fact that it does not allow to give a
confidence interval on the parameters of the detected signal (e.g. amplitude, top and bottom
altitudes ...). Finally, other methods require the a-priori knowledge of the optical properties
of the scatterers (see the work of Chazette et al. (2001)), which are not known in our case.
The current study proposes a new statistical method to systematically detect PSC layers in
a lidar profile by testing only the profile, assuming no other information is available. The
method is based on the fact that the variance of a backscatter profile is locally affected by the
presence of PSC layers. PSCs are identified here in lidar profiles as a transient increase in the
variance (an increase which is localized between a bottom and a top altitude) of the signal
with an automated procedure that does not require the use of visual or ad-hoc threshold se-
lection and allows to calculate the confidence interval of the parameters of the detected signal.

The paper is organized as follows. Section 2 briefly describes the lidar data we used. The
detection procedure is explained in section 3, introducing the different statistical character-
istics of the lidar data. Section 4 presents and discusses the results on the application of the
detection procedure to a large lidar data set. The last section is devoted to other possible
applications of this detection method and concluding remarks.

2 Lidar data

The international Network for the Atmospheric Composition Changes (NDACC) is composed
of worldwide remote-sensing stations monitoring the physical and chemical parameters of the
atmosphere. The current study is focused on lidar data collected at the Dumont d’Urville
(hereafter refered as DDU, 66°39’46”S 140°0’5”E) station in Antarctica. The lidar initially
installed in 1989, provides vertical backscatter profiles of the atmosphere from several meters
above the instrument to 30-35km, with a 5 minutes time integration. About 100-140 nights
of observations are performed per year.

The retrieval process and necessary assumptions in processing lidar data from DDU are
explained in details in Chazette et al. (1995) and David et al. (1998). Instrumental concerns
on the DDU lidar can be found for example in Stefanutti et al. (1992) and in David et al.
(1998). These measurements provide backscatter aerosols profiles which can contain indi-
cations of the presence of PSCs over Antarctica. The vertical resolution of the profiles is
60 meters. Since PSCs form between 12 and 30km approximately, the detection procedure
is applied on the altitude range between 8 and 35km only, giving 360 data points per lidar
profiles. The equation relating the received backscattered signal intensity P(z) from a given
z altitude, involving the extinction from the air column and particles ranging from the lidar
ground level to the backscattering z altitude is given by,

P(2) = Foﬁ(z)g exp {—2 / oz(z’)dz’} | (1)

where P(z) is typically the lidar power incident on receiver from z (typically a flux photons:
number of photons per unit time and unit surface), Fy is the laser pulse energy, (3(z) is the
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total aerosol and molecular backscatter coefficient, Kencompasses the various instrumental
constants (including area of the lidar receiver), zy is the altitude where the instrument is
located and «(z) is the total extinction coefficient (molecules + particles). In particular, the
presence of clouds layers modify the scattering and extinction properties along the optical
path of the laser beam. The resolution of this equation is widely discussed in literature (see
for example David et al. (1998), Collis and Russell (1976), Fierli et al. (2001) and David et al.
(2005)). This gives rise to both theoretical and instrumental issues. Fernald et al. (1972)
and Klett (1981) and Klett (1985) identified a first order Bernouilli differential equation and
stated on the formalism of its solution. The critical assumption is the a-priori knowledge of
the ratio between extinction and backscattering, the so-called lidar ratio. The values of this
ratio depend on the particle type, being either aerosols, cirruses, or PSCs. With known lidar
ratios, an objectivity issue still remains in the selection of the altitude ranges separating
the different particle types along any lidar profile. This step has to use quantifiable and
objective criteria to ensure the reliability of lidar time series. This is the substance of the
present paper.

3 A procedure to detect PSCs

An example of a cloud-free profile is displayed in the top left hand corner of Figure 1,
this profile was measured on 2008/04/17 over the DDU station. Typically, the backscattered
signal decreases sharply with the increasing altitude between 8 and 35km, due to the decrease
of the molecular density. Every backscatter profile exhibits an interesting statistical feature:
the variance (calculated from the difference between the raw and smoothed profiles) is never
constant, and varies with altitude (see panel b of Figure 1). A signal with varying mean
and/or variance is called a heteroscedastic signal. Most of the cloud-free (i.e. background)
variance originates from instrumental noise and, possibly, some natural short-term variability
of the atmosphere.

The presence of a PSC layer in a profile (panel d of Figure 1, profile measured on 2008/08/23)
generates a local increase in the variance, as illustrated in the panel 1-e which shows the same
profile as in 1-b after removing the smoothed profile (i.e. the low frequency component of
the signal; thereafter referred as smoothed signal or trend). The lower altitude of 8km was
chosen to prevent including high-altitude cirrus clouds in the variance estimation.

Our procedure of detection is based on these three characteristics (i.e. the trend, the
decreasing variance and the transient variance break) and requires three steps in the signal
processing. The first step is the stationarization of the signal. That means removing the
trend and controlling the variance. In the second step, we proceed to the maximum likelihood
estimation of the parameters of model (2) (see Appendix A for details), and then estimate
the more likely altitude range of a PSC layer. The last step uses a Fisher-Snédécor test to
decide whether the detection of PSC is statistically significant.

Based on the characteristics of the lidar backscatter profiles described previously, the raw
signal P, is modelled with a combination of signals including random variables

Praw = Ptrend + Pcloud + Pback (2)

where Penq describes the trend of the signal (low frequency component of the signal). P.ouq
describes the signal fluctuations generated by the PSC; this PSC signal is null except between

4
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two boundaries, the top and bottom altitudes of the PSC layer, where it is modelled with
a zero-mean Gaussian variable whose distribution is usually denoted by, N (0,02, ;) with 0
being the mean and 02, ; being the variance. Finally Py, describes the heteroscedastic (i.e.
variance is not constant) background signal which is modelled with a zero-mean Gaussian
variable whose distribution is denoted by, N (0,02, ..); 02, is the altitude-dependent back-
ground variance which is found to decrease approximately linearly with increasing altitude

(Figure 1-b). P.ouq and Py, are assumed to be independent.

3.1 Stationarization procedure

As explained above, a backscatter profile is obviously not stationary (i.e. its distribution
is not constant along the altitude). The stationarization procedure described here tends to
remove the trend and make the variance of the remaining signal constant with altitude. The
smoothing of the signal P,,.,q is carried out using a centred moving average filter of vertical
length p with p being the number of points of averaging window. Once the trend is estimated,
it is subtracted from the raw signal to generate a zero-mean signal P given by,

th - Praw - Ptrend - Pcloud + Pback- (3)

The residuals P,y are the high-frequency component of the signal. They are heteroscedastic
and so P is non-stationary. However, an empirical analysis of Py in a large number of
our backscatter profiles and the confirmation on literature (e.g. Liu et al. (2006)) show that
the raw lidar signal P,,, follows a Poisson distribution. That means that a proportional
one-to-one relationship exists between the mean of the signal and its variance. So that the
altitude dependency of the variance (here denoted oy, ) can be accurately reproduced by the
previously estimated trend Pj..,q; this parametrization of the variance allows us to remove
the altitude dependency of the variance in P,y in order to generate a stationary signal (i.e.
the variance is now constant with altitude).

It is worth pointing out that, over the cloud altitude range, the total variance is expected
to be higher because it will be the sum of the background variance o7, ., and of the cloud
variance 02, ;. After estimating the constants a and b using a common least square fitting
approach in the altitude range where the PSC layer are known not to appear (below 12km and
above 30km), the final step to stationarize the signal is to divide P by its own standard
deviation .. This step is similar to an altitude-dependant normalisation and can be
expressed as

th

Oback

P = (4)
P* is homoscedastic and is unitless whereas P,,, has units of power. The exponent * is always
used here to refer to quantities derived from the stationarized signal P* (generated by the
altitude-dependent normalisation given by Equation (4)). Once the signal is stationarized,
the resulting distributions of P* can be considered as independent and identically distributed,
and it remains constant over the cloud-free altitude ranges (see panel ¢ of Figure 1).

The analysis of a large number of backscatter profiles indicates that the distribution of
the stationarized signal P* can be assumed to be Gaussian (zero-mean and variance equal to

5



194

195

196

197

198

199

200

201

202

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

0*?). Figure 2 shows the gaussian behaviour of the P*-signal. The upper top panel represents
the distribution of a stationarized PSC free lidar profile (black circles) compared to a gaussian
distribution (red line), whereas the bottom panel represents the stationarization of a profile
with a PSC layer (the two graphics represent the distribution inside and outside the PSC
layer). The variance o*? depends on the considered region (either inside or outside the cloud
layer). Outside the PSC layer, the distribution is denoted by N (0,072), i.e. 0*? = ¢2,. The
signal P* displays a higher variability within a PSC layer (see Figure 1-f) and the distribution
of P* within a PSC layer is denoted by N(0,072), i.e. o2 = 0}2. When analysing the
results, it must be kept in mind that o7, refers to the variance of Py, the high-frequency
component of the backscatter profile, whereas 0*?, ¢}? and 072, refer to the variance of P*,
the stationarized P,;. When there is no PSC, the variances o*?, 02 and 072, are equal (as
in panel ¢ of Figure 1).

The entire previous procedure is illustrated in Figure 1 for a cloud-free profile measured
on 2008/04/17 and for a profile where a PSC layer appears between 18 and 21,5 km on
2008/08/23. The three panels on the top of Figure 1 correspond to the cloud-free profile
monitored on 2008/04/17: the panels 1-a and 1-b show the raw profile P,,,, and the variance
of P, ¢ (=raw profile - smoothed profile) respectively. Panel 1-c shows the stationarized profile
P* resulting from the three-step processing described above. The profile P* appears as a
somewhat constantly distributed signal over the cloud-free altitude ranges, while, in the case
of a PSC layer (the three bottom panels), the variance sharply increases between the two

cloud boundaries that have to be estimated.

3.2 PSC parameters estimation by likelihood maximisation

This section explains the likelihood maximisation procedure on the signal P* in order to
determine the most likely altitude range of a possible PSC layer. The previous procedure
allows to assume now that the signal P* is stationary. This means that its distribution is
constant inside and outside the hypothetical PSC layer, and can be equal when there is no
PSC layer. This assumption is necessary to develop the following calculation. The My-model
(5) assumes the profile does not contain a PSC. Conversely, the alternative M;-model (6)
assumes there is a PSC somewhere in the profile between two altitudes 7, and 73, to be
estimated representing respectively the bottom and top altitude of the PSC layer.

Thanks to the stationarisation procedure, the signal P* is now assumed to be an independent
and identically distributed (iid) Gaussian with a higher variance within the PSC layer. The
two models are presented by,

*2
out

My : P* variance denoted by o2, does not vary with altitude, (5)

M, : P* variance equals to o;> within the altitude range [r, 7] and 02, otherwise,  (6)

with the index out referring to the domain outside the PSC layer and in referring to the
domain inside the PSC layer. Model M is nested in M; (by considering 072 = ¢72,). In this

out
case the two altitudes 7, and 7; still exist but do not have any influence on signal P*.
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The underlying likelihood of model M; following (6) is given by,

£<P*7 O-;kutv O-:nv Tb, Tt) =
. Tout _ 1 [P (2))* [P (2))* (7)
—nlog(Vamos,) + (= m)log 2 = o | 3T o 3T o
b 2¢[ry,7i] Z€[Ty,7t] e
where o} ., 07 . 7, and 7; are the parameters that need to be estimated, and n is the number

of altitude range.

The details of the calculation giving (7) are given in Appendix A. This maximisation of
equation (7) has to be done under the constraint that the bottom altitude of the PSC layer
has to be lower than the top altitude and that these two altitudes have to be found within
certain boundaries (i.e. the bottom altitude is above 12km and the top altitude is below
30km). The final constraint is that the variance of the signal within the cloud layer (o7,) has
to be higher or equal to the variance of the cloud-free domain (c7,,), or, more precisely, that
the two variances have to be equal when there is no PSC. Overall the maximisation under
constraints can be expressed by,

* *

*a
arg max L:(P y Ooutr Tiny Thy Tt)

O’Zut"J-;‘n’Tb’Tt
(CL) 0 S U:ut S O-;'kn (8)
(b) 12km <7, < 7 < 30km.

There are a number of difficulties in solving (8) (likelihood £ not continuous with respect to
7, and 7; (see 7), taking into account the constraints, the number of parameters). However, a
recursive scheme has been implemented. Instead of having the 4 parameters (o7, o5, 7, and
7;) as control variables in this maximisation problem with constraints, £ is only maximised
with respect to 7, and 7, using as o}, and o}, as fixed parameters that have been estimated
previously. Then, once £ is maximised, the corresponding values of 7, and 7; are used to
recalculate ¢, and ¢}, which are in turn used in a new resolution of (8). At the end of each
iteration, the values of 7, and 7 estimated by the resolution of (8) are compared to the values
of 7, and 7; estimated in the previous iteration and used to calculate o}, and o}, (inputs to
the resolution of (8)). As long as the input and estimated values of 7, and 7 are significantly
different, this procedure is repeated. It is found to converge after fewer than 5 iterations in
most cases.

The estimation of the variances is performed using the definition of the empirical variance
(see Sprinthall (2009)) by splitting the signal in two intervals. The first interval corresponds
to the cloud-free domain [z1, 7,[U|7, 2,]. The second one corresponds to the PSC domain
(14, 7:]. The respective variances of these intervals (i.e. inside and outside) are given by,

Ak 1 *
Gt = ey P > PP
t b 2€[z1,7p[U]Tt,2n]

1
612 = ———— P*(2)]%.
e 2 )
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where 7; and 7, are expressed in units of number of datapoints in the vertical profile instead
of km with 8 km being the origin. These two estimates correspond to the values of ¢}, and
o}, which maximize equation (7), when considering 7 and 7, as constant.

The first estimates ¢, and &}, (used as inputs in the first resolution of (8)) are cal-
culated assuming that the cloud-free altitude ranges cover below 12km and above 30 km
because PSCs are usually not observed at those altitudes. This choice of altitude ranges is
rather arbitrary. Nonetheless, it has no influence on the final estimation because the itera-
tion procedure recalculates recursively the cloud and cloud-free altitude ranges. After a few
iterations, the estimates of 672, 672, 7, and 7; do not change anymore. Further investigations
on the robustness of the estimation are discussed in part 3.4.

As the cloud altitude range corresponds to discrete values (vertical resolution of 60m), the
maximisation of £ with respect to 7, and 7, be computed numerically. It is not necessary to
calculate the entire n x n matrix, with n being the total number of discrete altitudes. First,
the constraint (8-b) 7, < 7 means that only half the calculation of the matrix is needed.
Second, the fact that PSCs form between 12km and 30km further limits the calculations to
T, > 12km and 7 < 30km. An example of matrix (£ as a function of 7, and 7;) is provided
in Figure 4.

Several methods were tested to estimate 7, and 7;. As an example of the tested methods, a
raw maximisation of the ratio between the two variances (using the empirical forms of the
variances) appeared to be too sensitive to outliers, and led to detect too thin PSC layers. The
selected method was inspired by maximum likelihood methods and dynamic programming
proposed in Picard (2007). The maximum of £ from equation (7) appears to be well suited
to our parameters estimation problem; The method for solving equation

is successful for both simulated and real data. The method using the raw variances ratio is
too sensitive to outliers. In equation (7), the presence of (1, —7,) log % reduces the influence

of outliers by giving a higher weight to wide layer (i.e. £ increases when the distance Ty — Tt
increases).

3.3 Statistical significance of the parameters estimation by a tran-
sient shift test

Once convergence is achieved and that the residuals are found to be independent and to
follow a gaussian distribution (i.e. N(0, 0paer)), the maximum likelihood algorithm provides
estimates of the parameters (cloud altitude range and variances over the cloud and cloud-
free domains), assuming there is a PSC layer. However, it does not check the likelihood
of the existence of the PSC layer. Now it is time to test the statistical significance of the
PSC detection as defined by these parameters: (7, and 7;) representing the best estimates
of the bottom and top altitudes of a hypothetic PSC and 672, and ;2 representing the best
estimates of the variances in the interval [z1, 7[U| 7, 2,,] and in the interval [7, 7] respectively.
A test is needed to rule whether the detection of a PSC layer is statistically significant.
The two-hypothesis model can be reduced to the problem to know whether 672, = 62 or
612 > 62 or similarly to know if, statistically, the variability inside and outside the PSC
can be considered as equal or if the variability is statistically significantly higher in the inside

interval than the one in the outside interval. This last case would indicate the presence of a
PSC.
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A fisher-Snédécor test handles this problem by considering the ratio of the squared vari-
ances of each samples (see Mood (1974)). The ratio allows to test the equality of the variance
of two independent samples. Two samples are created from the values of P* split in the two
different intervals with the test taking into account the different sizes of the two samples.
The ratio is then given by,

6.*2

Fnl—l,nz—l = Aig > (10)
g,

out

where, according to equation (9), 672 and &7 both follow a x2 _,-distribution (i.e. the
chi-square distribution being the sum of weighted squared gaussian distributed variables,
see Sprinthall (2009)), and where n; being the sample size of the inside interval and ny the
sample size of the outside interval.

This implies that F follows a Fisher distribution with (ny — 1,ns — 1) degree of freedom.
As commonly done in statistics, the decision is made using a fixed confidence rate of 97%.

This test ultimately decides on the existence of a PSC layer.

3.4 Estimation of bias and detection limit using simulated data

The purpose of this section is to evaluate the performances of the detection algorithm on
perfectly characterized data that are generated numerically. In such a configuration, one
can assess the ability of the algorithm to detect and quantify a-priori known signals in the
profiles. The characteristics are chosen such that they mimic typical characteristics of lidar
profiles. The aims of this type of numerical experiment are, for instance, to identify possible
biases and estimate a detection limit of PSCs.

Non-stationary signals are first simulated numerically. Signals representative of aver-
age background backscatter profiles are generated by combining a smoothed profile av-
erage backscatter profile and a heteroscedastic (i.e. altitude-dependent) Gaussian noise
(=N(0,0%,4)); Tback = 3 — 22/360) , for z € [1,360] with z expressed in units of num-
ber of points in the vertical profile (8 km corresponding to the origin). Then, between two
altitudes, corresponding to the bottom and the top altitudes of a PSC layer, another Gaus-
sian noise with a greater variance (=N(0,0;?)) is added to the background profiles. An
example of profile simulated by adding a cloud variance o}2=20 between 20.9 and 22.2 km
is shown in Figure 3. The detection algorithm is applied to this simulated lidar profile; Fig-
ure 4 shows the likelihood (see Equation (7)) as a function of the cloud altitudes. The best
estimation of the cloud altitudes is provided by the maximum of the likehood, indicated by
the open circle on Figure 4 and by the dotted lines in Figure 3. The retrieved cloud bottom
altitude is underestimated by about 300 m (corresponding to 4 data points for the 60m verti-
cal resolution of the profiles) and the cloud top altitude is overestimated by the same amount.

The performances of the algorithm are then tested for a wide range of cloud variance val-
ues in order to characterise further biases and estimate the detection limit which is expected
to depend both on the cloud-to-background variance ratio and on the length of the moving
average window, p (used to smooth the raw lidar backscatter profiles (see 3.2)). Note that,
for each value of cloud variance ¢}? considered, 500 profiles are simulated and treated by the
detection algorithm.
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Figure 5 shows the PSC altitude range, 7, and 7;, estimated by the detection algorithm
as a function of the cloud variance o} which is added to the simulated background profiles
between 19,9 and 23,5 km. The profiles are smoothed with a moving average window of
length p = 10. The size of the boxes (bounds indicating 25th and 75th percentiles), what
draws an overview of the distribution pattern, indicates that half the estimates are concen-
trated in a 200meters-wide interval typically. There are two distinct regions in Figure 5. For
a ratio between ¢}? and o2, smaller than 2, the retrieved values of the PSC altitude range
vary substantially with many outliers. This suggests that the estimation of the cloud altitude
range is not fully reliable when o2 is smaller or of the same order as ¢72,. In this region, the
Fisher test does not allow to confirm the presence of a PSC layer. In contrast, for a variance
ratio greater than 2, 7, and 7; vary little. There are not a single outlier and the Fisher test
allows to confirm more than 95% of the PSC layers. The same features and evolution are
found at the top and bottom cloud altitude. However, the retrieved values exhibit a bias
of about 300 m with respect to the cloud altitude range where the variance was enhanced
compared to the background variance. The bias is positive at the top cloud altitude and

negative at the bottom. Once the bias is corrected, the estimation is found then to be robust.

This bias in the estimated cloud altitudes is caused by the way the profiles are smoothed.
Let’s recall that a PSC is generated by enhancing the variance on a simulated background
profile within a given cloud altitude range. As the smoothed raw profile (i.e. trend Pjenq)
is estimated with a moving average, the smoothed raw profile differs from the smoothed
background profile, not only within the cloud altitude range (from 7, to 7), but also in
the vicinity of the cloud boundaries. Indeed, the moving average being of length p, the
trend Pj.enq is expected to be modified over an altitude range exceeding the cloud altitude
range by about 300 m (60m x p/2, where 60m is the vertical resolution) on each side of the
cloud boundaries. As a result, the high-frequency component P,; (=Fyqw — Pirend) and the
associated variance are artificially enhanced by the presence of a PSC layer from 7, — p/2
altitude to 7, + p/2) altitude. As the PSC detection algorithm is based on the detection
of changes in the variance, the estimated cloud bottom (top) altitude is found to be lower
(higher) than in the simulated raw backscatter profile. Figure 5 illustrates quite well this
small bias of the detection algorithm. It means that, for an accurate determination of the
cloud altitude range, the bias has to be removed from the cloud altitude range estimated by
the algorithm. It is also necessary for the cloud variance o}2 to be at least of the order of
twice the background variance o2, in order for the algorithm to detect and reliably estimate
the cloud altitude range. The level of the background variance in the profile can also be
interpreted as the detection limit of the algorithm.

4 The effect of temporal averaging of profiles using real
data.

This section describes the study of real backscatter profiles measured at the DDU station. As
a first example, the detection of a PSC over DDU on July 9th 2008 is presented in Figure 6.
The estimated cloud altitude range (between 18.1km and 21.15km) is indicated with the
dashed lines. For the same example, the evolution of the likelihood L£(P*; 0%, 0%, T, T¢) iS

plotted as a function of the cloud bottom 7, and top 7; altitude in Figure 7. The maximum
of L is represented with an open circle and indicates the best estimates of the PSC bottom
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and top altitude. Overall, the processing of measured backscatter profiles by the algorithm
gives results that are very similar to those obtained with simulated profiles (see Figure 4).
The statistical signification of these estimates is calculated using the Fisher Snedecor test of
Equation (10) with the 97% confidence rate.

The detection algorithm is applied to lidar aerosol backscatter profiles measured between
March and October 2008. Lidar aerosol profiles are available at a 5 minutes resolution corre-
sponding to the measurement time integration. The total number of profiles is 3857. In the
literature, before analysis, raw lidar signal profiles are usually averaged over several hours.
The averaging allows to minimise the measurement noise and, therefore, make it easier to de-
tect the aerosol/cloud signals. In essence, it is a way of reducing the background variance and
hence improving detection. However, the averaging process also has negative consequences.
It degrades the temporal resolution. And, it can reduce the cloud signal/variance when the
cloud characteristics are not stable over the averaging window. That is the case for rapidly
varying PSC events. The averaging can lead to profiles with radically different characteristics
(different PSC variance and altitude ranges, absence of PSCs on the profiles) being averaged
together. The length of the averaging window represents a compromise between the benefit of
minimising the photon noise and the detrimental effects of degrading the temporal resolution
and attenuating the cloud signal.

The consequence of averaging the profiles is illustrated in Figure 8 where the altitude range
of PSC layers detected by the algorithm between June and September 2008 are reported. Each
panel corresponds to PSC detections carried out over different averaging intervals: 5 min, 1
hr, 4 hrs and 24 hrs. All the detection results are compared with the 5 mn interval detections
(the first top panel) that are indicated in grey on every other panels. The dots at the bottom
of each panel indicate the average profiles processed by the algorithm. The larger the averag-
ing interval is, the smaller the number of data (average profiles) is, the sparser the dots are.
The results for March, April, May and October 2008 are not shown because no PSCs were
detected during those months except once, in May, on a 10 mn average. This detection is
clearly a false positive because PSCs do not form above DDU during this period and no PSC
was detected at 5 and 30 mn averaging intervals. The fluctuations from the background noise
can very exceptionally (1 out of 1228) generate false positive detection at very short intervals.

The global temporal pattern of detections remains similar from a panel to another. The
number of PSC detections decreases when the lidar averaging interval increases. It is expected
because, at the same time, the temporal resolution and the number of profiles decrease.
Note, however, that the decrease in the number of detections is stronger than expected. In
addition, there is a tendency to detect thinner PSC layers when longer averaging intervals
are considered. These effects start to be most significant when the averaging interval exceeds
2 hrs. For the longest averaging intervals (6 hr and beyond), some PSC layers seen on short
averaging intervals are not detected anymore. It is due to the fact that, over some periods,
the PSC signals are so attenuated by the averaging of mixed profiles that the algorithm is not
able to detect them anymore. The effect of averaging on the signal variance can be analysed
in a more formal way with the following relationship which gives the total variance of the
average of two signals,

1 1 1 1
Var(§(P1 +BR)) = ZVar(Pl) + ZVW(PQ) + 5001}(131, Py), (11)

where P, and P, are two profiles.
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Let’s consider separately the calculation inside and outside the PSC layer. Outside the
PSC layer, the covariance term (i.e. Cov(Py, P,)) should be rather constant and small com-
pared to the first 2 terms because the background variance mostly originates from instrumen-
tal noise that is characterised by a weak temporal correlation. On the other hand, inside the
PSC layer, the PSC signal is expected to exhibit longer and stronger temporal correlation
whose timescales are given by the persistence of PSC events seen over DDU; in other words,
how long a PSC event typically lasts over DDU. When the profiles to average are separated
by a time interval shorter than the PSC correlation timescales (and so PSC profiles with
similar characteristics are averaged), the positive correlation between the profiles inside the
PSC layer ensures that the inside variance decreases less quickly than the outside variance
with averaging. Since the detection relies on the ratio between the inside and the outside
variance, the averaging has a detrimental effect on the detection, i.e. there is a time threshold
above which the averaged PSC layer is diluted in the background signal. For example, there
is a wide short-lived PSC layer clearly detected (bottom altitude at around 11km and top
altitude at around 23km) just after 2008-07-09 (see Figure 8) at short averaging intervals
(i.e. 1 hour and 4 hours). However, this layer is not detected at the original 5 mn interval,
indicating that the background noise was too strong to detect the PSC signal in the original
profiles. The averaging initially reduces the background noise more than the PSC signal to
make it detectable. At the largest averaging interval, this PSC layer is not detected anymore,
meaning that the PSC signal is diluted in the averaging.

When the profiles to average are separated by a time interval beyond the PSC correla-
tion timescales (and so profiles with completely different characteristics are averaged), the
positive correlation disappears on average and the covariance (Cov(P, P»)) inside the PSC
layer should decrease with increasing averaging time intervals (then so does the variance
Var(3(Py + P,))). As a result, PSC signals become more difficult to detect in the back-
ground noise for large averaging time intervals. This attenuation effect of the averaging
starts to be noticeable just on the inner edges of PSC layers where the variance is not very
much higher than the outside variance. This explains why the detected PSC layers become
thinner when the averaging interval is increased. For long time intervals, 6 hrs and beyond,
the PSC variance can become so weak over entire PSC layers that they are completely missed
by the algorithm. According to Figure 8, the most reliable and robust results for 2008 are
obtained between 30 min and 2 hrs intervals. Overall, the best compromise between the
temporal resolution and the accuracy of the detection seems to be an averaging interval of 1
hr typically.

5 Discussion and Conclusion

An method of PSC detection on raw lidar signal profiles is presented. The detection is based
on the local increase in the profile variance produced by the presence of a PSC layer. The
detection procedure consists of three steps. The first step consist of performing a stationar-
isation of the backscatter profiles. The second step involves the calculation of a maximum
likelihoods. In the last step, the statistical efficiency of the PSC detection is estimated.
The performances of the detection system are evaluated on simulated backscatter profiles
that mimic typical characteristics of lidar profiles. The tests on simulated data show that
PSC layers are reliably detected when they produce changes in variances greater than the

12
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background (i.e. PSC-free) variance. They also show that the dispersion of the estimated
cloud bottom and top altitudes is found to be about 200 meters typically and that there is
a systematic bias of about 300 m linked to the smoothing of the profiles.

After having been successfully tested on simulated data, the method is applied to real
backscatter profiles measured above DDU station between March and October 2008. The
results confirm the relevance of the detection algorithm. Series of PSC layers are detected
during the austral winter and early spring (June, July, August and September). No PSC
layer is detected during months when PSCs are not expected to form according to thermody-
namical thresholds. The effect of temporal averaging has also been analysed. This averaging
is often necessary when the lidar measurement time integration is very short. Its aim is to
minimise the photon noise and hence maximise the signal-to-noise ratio. However the aver-
aging degrades the temporal resolution and more importantly, if the temporal averaging far
exceeds the inner variability time scale of the probed PSC layer, the measurements end up
considering an overall optical smoothed equivalent of the cloud. The results suggest that the
best compromise for PSC lidar detection at DDU is of the order of 1 hour.

There are other potential applications of this detection method presently applied to
ground-based lidar profiles. The first is to include the detection of cloud layer in the in-
version process of lidar data. Indeed this inversion requires the knowledge of the optical
properties of the atmosphere along the laser beam, which is impacted by the presence of
PSC layer. Second, a similar treatment could be applied to satellite lidar profiles (for ex-
ample satellite observations from Calipso, Pitts et al. (2007) and Pitts et al. (2009)). Since
the optical signature of volcanic aerosol layers on lidar profiles is rather similar to the weak
signal of optically small PSC, applying this method to the detection of volcanic layer appears
straightforward (i.e. David et al. (1998) and David et al. (2010)). In the same way, the de-
tection of other clouds (cirrus or noctulescent clouds Von Cossart et al. (1996) or Dubietis
et al. (2010)) should also be possible with this approach. Finally, this could also be suited for
the detection of biomass burning plumes or desert dust layers in tropospheric lidar profiles.

One limitation of the model is that it only detects a single layer in a profile. In case of
superimposed PSC layers our method detect them as a single layer. The detection of distinct
multiple PSC layers would improves the caracterization (frequence, height ...) of PSCs and
then would help to a better understanding of their formation and role in ozone depletion
process. Such improvement of the method requires new developments but no theoretical
issues are to be overcome. As PSC backscattered signals depend on the lidar wavelength, the
use of lidar profiles acquired with different wavelengths and a multivariate approach (one per
wavelength) would allow to distinguish the type of detected PSCs. By taking into account a
priori knowledge (for instance, an average PSC height, their most probable altitude ... ), a
bayesian approach (see for example the development to variance shifts detection of Hannart
and Naveau (2009)) could be considered in order to tackle these new problems (both the
multilayer aspect and the distinction of PSC type).

Acknowledgments:

The authors acknowledge the support of the GEOmon project (www.geomon.eu), and also
the support of the RECONCILE EU-project: www.fp7-reconcile.eu. The programs used were
made with the functional language and environment R: www.r-project.org, see R Development
Core Team (2009). Part of this work has been supported by the EU-FP7 ACQWA Project
(www.acqwa.ch). The Dumont d’Urville lidar station is a primary site of the NDACC and
is managed by the IPSL 'NDACC-France’ Observing Service. The logistics and operations

13



522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

5

a1

7

558

are funded and supported by the French Polar Institute ’Paul-Emile-Victor’ (IPEV). The
authors wish to thanks all the involved members of IPEV for their constant implication and
their never-failing efficiency. This work has also been supported by the French Research

National Agency (Agence National de la Recherche - ANR) under the current contract No.
BLANO06-1 135745 (ORACLE-France).

References

World Meteorological Organization (WMO), Scientific assessment of ozone depletion: 1998,
Tech. rep., Geneva, Switzerland, 1999.

Adriani, A., Cairo, F., Pulvirenti, L., Cardillo, F., Viterbini, M., Di Donfrancesco, G., and
Pommereau, J. P.: Stratospheric background aerosol and polar cloud observations by laser
backscattersonde within the framework of the European project Stratospheric Regular
Sounding, Annales geophysicae, 17, 1999.

Adriani, A., Massoli, P., Di Donfrancesco, G., Cairo, F., Moriconi, M., and Snels, M.: Cli-
matology of polar stratospheric clouds based on lidar observations from 1993 to 2001 over
McMurdo Station, Antarctica, J. Geophys. Res., 109, doi:10.1029/2004- JD004800, 2004.

Berthier, S., Chazette, P., Pelon, J., and Baum, B.: Comparison of cloud statistics from
spaceborne lidar systems, Atmos. Chem. Phys., 8, doi:10.5194/acpd-8-5269-2008, 2008.

Bohren, C. and Huffman, D.: Absorption and Scattering of Light by Small Particles, J. Wiley
and Sons, 1983.

Bourbonnais, R. and Terraza, M.: Analyse des series temporelles, Dunod, France, Paris,
2004.

Chang, S. I. and Zhang, K.: Statistical Process Control for Variance Shift Detections of
Multivariate Autocorrelated Processes, Quality Technology and Quantitative Management,
4, 2007.

Chazette, P., David, C., Lefrere, J., Godin, S., and Megie, G.: Comparative lidar study of
the optical, geometrical and dynamical properties of stratospheric post-volcanic aerosols,
following the eruptions of El Chichon and Mount Pinatubo, Journal of geophysical research,
100, 1995.

Chazette, P., Pelon, J., and Megie, G.: Determination by spaceborne backscatter Lidar
of the structural parameters of atmospheric scattering layer, Applied Optics, 40, doi:
10.1364/A0.40.003428, 2001.

Collis, R. and Russell, P.: Lidar measurement of particles and gases by elastic backscattering
and differential absorption, Laser Monitoring of the Atmosphere, Applied Physics: Laser
Monitoring of the Atmosphere, 14, 1976.

David, C., Bekki, S., Godin, S., Megie, G., and Chipperfield, M.: Polar Stratospheric Clouds
climatology over Dumont d’Urville between 1989 and 1993 and the influence of volcanic
aerosols on their formation, J. Geophys. Res, 103, 1998.

14



559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

David, C., Bekki, S., Berdunov, N.; Marchand, M., Snels, M., and Mégie, G.: Classification
and scales of Antarctic polar stratospheric clouds using wavelet decomposition, Journal of
Atmospheric and Solar-terrestrial physics, 67, 2005.

David, C., Keckhut, P., Armetta, A., Jumelet, J., Marchand, M., and Bekki, S.: Radiosondes
stratospheric temperatures at Dumont D’Urville (Antarctica): trends and link with Polar
Stratospheric Clouds, Atmospheric Chemistry and Physics Discussions, 10, 2010.

Dubietis, A., Dalin, P., Balciunas, R., and Cernis, K.: Observations of noctilucent clouds
from Lithuania, Journal of Atmospheric and Solar-Terrestrial Physics, 72, doi:DOI:
10.1016/j.jastp.2010.07.004, 2010.

Fernald, F., Herman, B., and Reagan, J.: Determination of aerosol height distributions by
lidar, J. Appl. Meteorol., 11, 1972.

Fierli, F., Hauchecorne, A., and Knudsen, B.: Analysis of polar stratospheric clouds us-
ing temperature and aerosols measured by Alomar R/M/R lidar, Journal of geophysical
research, 106, 2001.

Fiocco, G., Cacciani, M., Di Girolamo, P., and Fua, D.: Stratospheric clouds at South Pole
during 1988, 1, Results of lidar observations and their relationship to temperature, J.
Geophys. Res., 97, 1992.

Goldfarb, B. and Pardoux, C.: Introduction a la méthode statistique, Dunod, Science Sup,
France, Paris, 2007.

Gumedze, F. N., Welham, S. J., Gogel, B. J., and Thompson, R.: A variance shift model
for detection of outliers in the linear mixed model, Comput. Stat. Data Anal., 54, doi:
10.1016/j.csda.2010.03.019, 2010.

Hannart, A. and Naveau, P.: Bayesian multiple change points and segmentation: Application
to homogenization of climatic series, Water Resour. Res., 45, doi:10.1029/2008 WR007689,
2009.

Iwasaka, Y., Ono, T., and Nonura, A.: Changes in Aerosol Content and Temperature in the
Antarctic Spring Stratosphere: Lidar Measurement at Syowa Station (69 00 S, 39 35 E) in
1983, 1984 and 1985, Geophys. Res. Lett., 13, 1986.

Klett, J.: Stable analytical inversion solution for processing lidar returns, Appl. Opt., 20,
1981.

Klett, J.: Lidar inversion with variable backscatter/extinction ratios, Appl. Opt., 24, 1985.

Lachlan-Cope, T., Connolley, W., Turner, J., Roscoe, H., Marshall, G., Colwell, S., Hopfner,
M., and Ingram, W.: Antarctic winter tropospheric warming - the potential role of polar
stratospheric clouds, a sensity study, Atmopsheric Science Letters, 10, doi:10.1002/asl.237,
2009.

Liu, Z., Hunt, W., Vaughan, M., Hostetler, C., McGill, M., Powell, K., Winker, D., and Hu,
Y.: Estimating random errors due to shot noise in backscatter lidar observations, Appl.

Opt., 45, doi:10.1364/A0.45.004437, 2006.

15



597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

6

@

2

Measures, R.: Laser Remote Sensing: fundamentals and applications, Wiley-Interscience,
New York, 1984.

Mood, A. M.: Introduction to the Theory of Statistics (Third Edition), McGraw-Hill, 1974.

Morille, Y., Haeffelin, M., Drobinski, P., and Pelon, J.: STRAT: An Automated Algorithm
to Retrieve the Vertical Structure of the Atmosphere from Single-Channel Lidar Data,
Journal of Atmospheric and Oceanic Technology, 24, doi:10.1175/JTECH2008.1, 2007.

Peter, T.: Microphysics and heterogeneous chemistry of polar stratospheric clouds, Annu.
Rev. Phys. Chem, 48, 1997.

Picard, F.: An introduction to process segmentation, Statistics for systems biology group, 6,
2007.

Pitts, M., Poole, L., and Thomason, L.: CALIPSO polar stratospheric cloud observations:
second-generation detection algorithm and composition discrimination, Atmos. Chem.
Phys., 9, doi:10.5194 /acpd-9-8121-2009, 2009.

Pitts, M. C., Thomason, L. W., Poole, L. R., and Winker, D. M.: Characterization of Polar
Stratospheric Clouds with Space-Borne Lidar: CALIPSO and the 2006 Antarctic Season,
Atmospheric Chemistry and Physics Discussions, 7, 2007.

Platt, C. M. R.: Remote Sounding of High Clouds: I. Calculation of Visible and Infrared
Optical Properties from Lidar and Radiometer Measurements, Journal of Applied Meteo-
rology, 18, doi:10.1175/1520-0450, 1979.

R Development Core Team: R: A Language and Environment for Statisti-
cal Computing, R Foundation for Statistical Computing, Vienna, Austria, URL
http://www.R-project.org, ISBN 3-900051-07-0, 2009.

Rosen, J., Hofmann, D., and Laby, J.: Stratospheric aerosol measurements II : The worldwide
distribution, J. Atm. Sc., 32, 1975.

Sing Wong, M., Nichol, J. E., and Ho Lee, K.: Modeling of Aerosol Vertical Profiles Using
GIS and Remote Sensing, Sensors, 9, 2009.

Sloan, C. L. and Pollard, D.: Polar stratospheric clouds: A high latitude warming mechanism
in an ancient greenhouse world, Geophysical Research Letters, 25, 1998.

SPARC: SPARC CCMVal (2010), SPARC Report on the Evaluation of Chemistry-Climate
Models, http://www.atmosp.physics.utoronto.ca/SPARC, sPARC Report No. 5, 2010.

Sprinthall, R. C.: Basic Statistical Analysis, Prentice Hall, USA, New Jersey, 2009.

Stefanutti, L., Castagnoli, F., Del Guasta, M., Morandi, M., Sacco, V., Zuccagnoli, L., Godin,
S., Megie, G., and Porteneuve, J.: The antarctic ozone lidar system, Appl. Phys. B, 55,
1992.

Tabazadeh, A., Turco, R., and Jacobson, M.: A model for studying the composition and
chemical effects of stratospheric aerosols, J. Geophys. Res., 99, 1994.

16



633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

Voigt, C., Schreiner, J., Kohlmann, A., Zink, P., Mauersberger, K., Larsen, N., Deshler,
T., Kruger, C., Rosen, J.and Adriani, A., Cairo, F.and Donfrancesco, G., Viterbini, M.,
Ovarlez, J., Ovarlez, H.and David, C., and Dornbrack, A.: Nitric Acid Trihydrate (NAT)
in Polar Stratospheric Clouds, Science, 290, 2000.

Von Cossart, G., Hoffmann, P., vonZahn, U., Keckhut, P., and Hauchecorne, A.: Mid-latitude
noctilucent cloud observations by lidar, Geophysical Research Letters, 23, 1996.

WMO: Scientific assessment of Ozone depletion:2006, global ozone research and monitoring
project, 2007.

A Likelhood calculation

This annexe present the calculation which allows to infer the parameters of profiles. The first
model, My, explained by (5) can be mathematically modelled by
My :Vz € [21,24] P*(2) — N(0,072). (12)

) Y out

This means that the distribution of the stationarized profile P* is constant along the altitude
range (i.e. Vz € [z1, z,]). Whereas the alternative model, M;, explained by (6) is expressed
by

M, - { Vz € |21, |UlTe, 20] P*(2) — N(0,072,) (13)

Vz € [m, 1| P*(2) — N(0,072) ’

r7an

and means that two altitudes exist 7, and 7; which correspond to the bottom altitude and the
top altitude of a hidden signal, within this altitudes the variance is supposed to be greater
or equal to the variance outside.

Note that, if considering ¢}, = o7, in equation (13), models from equation (12) turn out to
be embedded in models from equation (13). To estimate the parameters of the model, the
calculation of the likelihood maximum of distribution given by equation (13) is needed.

For all z € [z, 2,,], the distribution function of P*(z) under M, is given by

P ()| My) = S [P (2)P) if 2 € [z1,m[Um, 2,

\/_exp( 1
- mexm 2; P if 2 € [mmi,

where z; < ... <7 <. <71 <.<z,.
Assuming the random variables P*(2).,<,.<., are independent, then, under M;, the distri-
bution of the vector P* = (P*(z1), ..., P*(z,)) is given by

(14)

s = JT o= 00 T a2

et [rm] 7 out zem n] Tin n

. _— 2 ooz (19)
- (ﬁ) (ﬁ) H 20 )] ) 11 eXp(_[Pza(.fz)] )

out m
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The likelihood is then given by

L(2; 00,05, To, 7t) = log(f(P*[My))

» Youtr Y ino

= —nlog(vV2ral,) + (1, — 7) logﬁft — % Z [P*S)]Q I [P*(*?P ‘ (16)

* o’
m 2¢[7,7t] out 2€[Ty,Tt] R

For programming performance, the previous likelihood can be written as

L(Z;500,4, Oy Toy Tt) =

y Youtr Yano

o T 1 o —ob 17)
— —nl 2 * o 1 out - mn out P* 2' (
Mog(VEr0) + (r— ) log Tt — o 5T Ty S [P

2€[Tp,Tt]

Where 7' is the total sum of squared P*(z) (ie. > 1, . | P*(2)?). This last step allows to
calculate only one of the two sums of equation (16).

* *

The search of the maximum of £(z; 0}, 0}, 7, 7t) regarding o

formed using a iterative method explained in Part 3.2.

*

Sty Or, Ty and Ty 1s per-

i’
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Figure 1: Our stationarisation procedure. The three plots on the top correspond to the
different steps of stationarisation for a clear sky profile monitored on 2008/04/17, while the
three plots on the bottom illustrate the procedure for a profile monitored on 2008/08/23
and displaying a PSC between 19.8km and 21.7km. Note that the scales of the panels are
different.
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Figure 2: Gaussian behaviour of the stationarized lidar profiles P*. The top panel represents
the stationarized P* signal of a profile measured on August 20th 2008 without PSC layer.
The bottom panel represents the P* signal of a profile containing a PSC layer and measured
on August 23th 2008. The two graphics in the bottom panel represent respectively the
distributions outside and inside the PSC layer. In each case the gaussian assumption (red
lines) can be validated.
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Figure 3: Detection of a PSC in a simulated backscatter profile (black line). The cloud
bottom 7, and top 7; altitude estimated by the detection algorithm are indicated with the
dotted lines; the actual cloud altitude range, as simulated in the profile, are indicated with
the black dashed lines.
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Figure 4: The likelihood £ as a function of the cloud bottom 7, and top 7; altitude for the
simulated profile of Figure 3. The maximum of £ is indicated with an open circle.
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Figure 5: Boxplot of the PSC altitude range, 7, and %t, estimated by the detection algorithm
as a function of the ratio between cloud variance o}2 and the background variance o7,,. The
PSC altitude range is added between 19,9 and 23, 5 km to the simulated background profiles.
The median value (thick horizontal black bar), 25th and 75th percentiles (lower and upper
box bounds respectively), and the lowest and highest data within 1,5 interquartile range of
the lower and upper quartile respectively (lower and upper whiskers respectively) are also
indicated. The outliers (i.e. data not included between the whiskers) are plotted as open
circles. The actual PSC altitude range is indicated with two dashed horizontal lines (19,9
and 23,5 km). The Fisher test allows finally to confirm whether there is a PSC layer or not.
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Figure 6: Detection of a PSC between and in a 2008/08/23 profile (black line). The estimated
cloud bottom altitude (18.1km) and top altitude (21.15km) are indicated with the dashed
lines.
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Figure 7: The likelihood £ as a function of the cloud bottom 7, and top 7; altitude for the
measured backscatter profile of Figure 6. The maximum of L is indicated with an open circle.
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