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Abstract. We have analysed relative humidity statistics from crophysical processes. It is then clear that the microphysical
measurements in cirrus clouds taken unintentionally duringprocesses within a cloud shape the statistical distribution of
the Measurement of OZone by Airbus In-service airCraftthe R Hi-field. Therefore it should principally be possible to
project (MOZAIC). The shapes of the in-cloud humidity dis- gain insight into the microphysical processes by considering
tributions change from nearly symmetric in relatively warm the R H-statistics within clouds.
cirrus (warmer thanr-40°C) to considerably positively skew  The statistical distribution of the relative humidity with re-
(i.e. towards high humidities) in colder clouds. These resultsspect to ice within cirrus clouds was investigated by Ovarlez
are in agreement to findings obtained recently from the IN-et al. (2002) using data obtained during the INCA campaigns
terhemispheric differences in Cirrus properties from Anthro-in the southern (Punta Arenas, Chile,°’¥ and northern
pogenic emissions (INCA) campaign (Ovarlez et al., 2002).(Prestwick, Scotland, 33) hemispheres, respectively. The
We interprete the temperature dependence of the shapes gfstinction between in-cloud and out-of-cloud situations was
the humidity distributions as an effect of the length of time made on the basis of the extinction coefficient measured with
a cirrus cloud needs from formation to a mature equilibrium a polar nephelometer (Gayet et al., 1997): An extinction co-
stage, where the humidity is close to saturation. The duratiorefficient of less than 0.05 krt was considered a cloud free
of this transitional period increases with decreasing tempersituation. This corresponds roughly to an ice crystal con-
ature. Hence cold cirrus clouds are more often met in thecentration of 50100 particles of 5 um diameter. Ovar-
transitional stage than warm clouds. lez et al. (2002) found essentially that two types of distri-
butions can be well fitted to the observations. These are
a Gaussian distribution for cirrus warmer thad0°C and
a Rayleigh distribution for cirrus colder thand(®C. The
main point to note here is rather the symmetry of the respec-
tive distribution than the type of the distribution itself (which
should be considered merely a convenient mathematical ex-
| ression for the fits). Warmer clouds possess symmetric or

uasi-symmetric distributions AR Hi centred about 100%
exemplified by the Gaussian) whereas colder clouds possess
distributions ofR Hi with positive skewness (exemplified by
the Rayleigh distribution), i.e. they have a tail towards higher
values. This tail might be interpreted a signature of clouds in
statu nascendi, where the supersaturation has not yet relaxed
to a value close to equilibrium (i.e. saturation). Ovarlez et al.
(2002) found slight differences between the in-cloud humid-
ity distributions obtained at the two locations, with a ten-
dency for higher values @t Hi in the southern hemisphere.

In the present paper we analyse humidity data from an-

Correspondence td?. Spichtinger other data source, namely from the Measurement of OZone
(peter.spichtinger@dir.de) by Airbus In-service airCraft project (MOZAIC, Marenco

1 Introduction

The formation of cirrus clouds in the upper troposphere re-
quires that the relative humidity (with respect to ideH )
exceeds certain freezing thresholds. These are general
much higher than 100%; for instance, homogeneous freezin
of agueous solution droplets at temperatures below the supe
cooling limit of pure water £—40°C) needsRHi>140%
(Koop et al., 2000). Cirrus formation and its subsequent evo
lution into a mature cirrus cloud (whefHi is close to sat-
uration) affects the ambient relative humidity field, and it is
possible to conclude on cirrus formation pathways by investi-
gation of their ambienR Hi-distribution (Haag et al., 2003).
Itis obvious that the humidity within a cloud is even stronger
affected by the cloud since it is directly involved in the mi-
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T The interpretation of the bulges as a cloud signature can be

T T T T T T T T T T T 1 o
10000 c|§f§yr Ziﬁ(gﬁigigg mli -------- b underpinned by taking a look at data from the INCA project,
total data (200 < p < 600 hPa, 200 < T < 240 K . . .y
o~ namely at the combination of humidity data from the frost-
e \'\\ point hygrometer (Ovarlez et al., 2002) and extinction data
£ 1000 AT N from the nephelometer (Gayet et al., 1997). The combina-
g ) Jw—‘-"“r Nk tion allows to distinguish in-cloud from out-of-cloud data
5 \f'\lf records: As in the work of Ovarlez et al. (2002) we fix the
£ I cloud threshold at an extinction of 0.05 kfh Using all mea-
g 100 surements in the pressure range 206600 hPa and in the
I i temperature range 280" <240 K, we have derived three sta-
I ' | tistical distributions of relative humidity: inside clouds, out-
10 : vs side clouds, and irrespective of cloud presence (i.e. the sum
P of the two others). These distributions are shown in Fig. 1.
20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 The relative humidity distribution of cloud free data shows

lative humid: t ice(% LT . .
relative humidty wrt ice(%) the usual characteristic of tropospheric data (see e.g. Gierens

Fig. 1. Statistical distributions (non-normalised) of relative humid- €tal., 1999; Spichtinger et al., 2002). The shape of the distri-
ity wrt ice inside (dashed line) and outside (dotted line) clouds, andbution can be described using two exponential distributions
the sum of both (solid line), obtained from INCA measurements. with different slopes. As we expected, there is a kink at sat-
Obviously the bulge in the “sum” distribution originates from mea- uration. In contrast the distribution obtained from the cloudy
surements inside clouds. It should also be noted that the slopes ¢iata has the shape as described in Ovarlez et al. (2002): The
the distributions at humidities above ice saturation are similar. distribution is centred at saturation and the frequency of oc-
currence of relative humidity decreases towards lower and
. higher humidities. The most interesting distribution for our
etal., 1998; Helten et al., 1998) and we will show that these, osent purpose is that obtained from the sum. This distri-
data are consistent with the results of Ovarlez et al. (2002). bution has qualitatively the same shape as the distributions
obtained from the MOZAIC data: There is the characteristic
shape of the pair of exponential distributions (typically for
2 Data handling tropospheric data) but there is also a bulge around saturation.
This bulge is the result of the in-cloud data which is evident
For the present investigation we use the statistical data ofrom the figure.
relative humidity with respect to ice in the (mostly northern  In order to investigate the cloud bulges in MOZAIC data
hemispheric) tropopause region as obtained from MOZAICwe treat the data in the following way: First we run a mov-
aircraft (Gierens et al., 1999). For this data set it is noting average (with a window width of 598 Hi) over the re-
really possible to decide whether a recording that signalsspective distribution to reduce their statistical noise. Then we
supersaturation comes from cloud free air or from within construct baselines representing the exponential parts of each
a cirrus cloud. Thus the humidity statistics obtained from distribution and subtract them from their respective distribu-
the data set bears signatures from both cloudy and clear aition of RHi. The residuum from this operation is the bulge
Of course, data from substantially subsaturated air are obalone. This baseline is constructed in the following way: On
viously obtained in clear regions. The common characteristhe left and the right of the bulge there are the exponentials
tics of all humidity statistics obtained from these data setswith their different slopes (2 free parameters).These two ex-
is a relatively flat exponential distribution for the subsatu- ponentials are then smoothly connected by means of an “ex-
rated air (i.e. 209% RHi<80%) and a steeper exponential ponential” with varying exponent. The varying exponent is a
distribution in supersaturated air masses. These characterigermi function centred at a value close to 100% (1 free pa-
tics can also be found in humidity statistics obtained from therameter). The width of the Fermi function is adjustable (1
microwave limb sounder (MLS) on board the Upper Atmo- free parameter). The whole baseline function is scaled with
sphere Research Satellite (UARS), where a cloud clearing@nother adjustable parameter, such that there are a total of 5
could be performed successfully (Spichtinger et al., 2002 free parameters. The functional form of the baseline is then:
2003). Hence, the exponential parts of the humidity statis-
tics are characteristic for cloud free air. The signature of 5(*) = N €Xp—F(x) - (x — xc)] @)
clouds in the MOZAIC data is a “bulge” around saturation ith the Fermi function
(i.e. RHi~100+£20%). Such a bulge is not present in the b—a
cloud cleared MLS data. Whereas we were interested in the"(x) =a + ———.
exponential parts of the humidity statistics in our previous 1 emcbemso)
papers, we will here consider the “cloud bulge” in more de- Obviously, the limiting values for large negative (subsatu-
tail. ration) and large positive values (supersaturationy e,

@)
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Fig. 2. Examples of some baseline fits. Fig. 3. Examples of the remaining bulges (or the difference distri-

butions) after subtracting the baseline fits in Fig. 2.

area andb, respectively, which are the slopes of the corre- . . .
sponding exponential distributions, is the value where the in MOZAIC, that is, the baselines are too close to the data.

Fermi function is centred, anddetermines the sharpness of This indicates_, that with the baselin_es sgbtracted we probably
the transition between the two slopeandb. N is the scale alsc_) remove !n—cloud data, especially in the sup_e_rsatgrated
parameter. These five free parametdts &, ¢, x., N}) are region. As (F|g. 1 shows., th_e slop_es of the humidity distri-
determined numerically using a simple optimisation routine,bu'[Ions above ice saturation in the in-cloud and out-of-cloud
that aims at minimising the sum of squared differences be_INCA data are similar, which could mean that by the baseline

tween the baseline fit and the data in the tRiéli regions subtraction we remove from all supersaturation bins nearly a
where the distribution is exponential constant (but here unknown) fraction of in-cloud data. How-

. fth line the cl | | ever, since there is no possibility to flag cloudy data, we do
After subtraction of the baseline the cloud bulge plus S0ome, ; se6 4 petter possibility of baseline construction. Thus we
residual noise remains and can be studied further. This I%ave to accept that we miss some of the cloudy data and that

done in the next section. Certainly, the remaining bulge iS¢ 5150 have negative values in the residuals, which we will

sensitive to the construction of the baseline and to the Pagat to zero for the further analysis.

rameters. For studying the impact of baseline construction For analysis of the difference distributions we calculate

o.n the bglge we have used the following procedure: For'eac he mean values, standard deviations and the so-called L-
distribution of RHi we have constructed several baselmesskeWneSS (for a definition see the appendix). We use the L-

d_isitinguished bgodi;fgor/ent rggggg(;f bESt_IfE in the dexzonen'skewness instead of the usual skewness because of its greater
]E'a [r)]arts,le.glzj. o9—/U% or 36— getcd € star; ar ,rang?obustness against outliers (see e.g. Guttman, 1993), which is

or the calculations was 49_80%.H’ an 1.20_1GOMHZ' necessary here because there is still some noise in the bulge
Within these ranges the distributions obviously follow expo- data even after the initial smoothing. The traditional skew-

n_ential distr_ibutions. The differ_ent fit ranges per se imply ness is very sensitive to such noise and can therefore not be
differences in th_e goodness-of-ﬂ_t measyre _Therefore We | sed as a reliable measure.
use for companzson of the quality of the fits a normalised These statistical measures are calculated in the range 70—
X1 =100% 5% were ARHi denotes the range within 1500, R Hi, which per se introduces a certain positive skew-
the baseline was constructed. With this variable we are abl?less even in a perfect|y Symmetric distribution (See be|0w)_
to determine the best baseline and using the distinct baselineghe |ower boundary is considered a lower threshold where
we can study the variations of baseline construction and theifgst cirrus clouds will be evaporated completely. The upper
impact on the bulge. An example of some different baselinepoundary is a typical threshold for homogeneous ice nucle-
fittings is given in Fig. 2. The corresponding bulges after ation in the upper troposphere (see Koop et al., 2000); higher
subtraction of these various baselines are shown in Fig. 3. thresholds apply for still colder temperatures, but the data
We interprete the bulges or the difference distributions asget more noisy, hence we constrain the range for our calcu-
cloud signatures and as distribution of relative humidity in- lations to 150% and do not go beyond. Since we constrain
side clouds. But, as one can see in the figures, the residudhe calculation of mean, standard deviation and L-skewness
number of events after baseline subtraction are sometimew this range which is asymmetric with respect to saturation,
negative, which simply is a consequence of the fact that it iswe have to determine how this affects in particular the cal-
not strictly possible to discern cloudy from non-cloudy data culation of the skewness. In order to estimate this effect we

www.atmos-chem-phys.org/acp/4/639/ Atmos. Chem. Phys., 4, 639—-647, 2004
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Fig. 4. Non-normalised probability distribution of relative humidity
over ice in tropospheric tropical (south of 38) MOZAIC data,
after baseline subtraction for 4 pressure levékss 190-209,(b)
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analyse a Gaussian (i.e. symmetric) distribution in the range
70-150%R Hi with and without an additional perturbation
at 150%RHi (about 5% of the maximum). Perturbations
of the order 5% of the maximum at 150%aH: is what we
normally have in our data after smoothing. This Gaussian
distribution

2
! exp(—} (x — MO) )

V2rog 2 00
is centred ajo=100%R Hi and the parametein=11.25%
RHi is chosen such that the standard deviation (for the
range 70-150%RHi) is similar to those determined for
the bulges. If we now compute the statistical measures
in the restricted range 70-150%Hi, we find the mean
value in the range 1001<,<10019% RHi (the greater
value arises when the noise peak at 150% is added), and
the standard deviation in the range 10<0 <11.28% RHi.
The most important result is that the L-skewnegsanges
within: 0.0077<t3<0.0161 (for a symmetric distribution the
L-skewness is zero by definition). Hence, in the discussion
of the results a distribution witiks<0.0161 can be classified
as nearly symmetric, a distribution wittz>0.0161 can be
classified as asymmetric.

fx(x) =

3 Results
3.1 MOZAIC data

Let us first consider MOZAIC data recorded south of BO
(tropical data) between 1995 and 1999. We show tro-
pospheric data from four pressure levels 190-209, 210-
230, 231-245, and 246270 hPa (hereafter levels 1-4). All
these are characterised by a rather narrow temperature dis-
tribution. The mean temperatures on the four levels are
—54, —49, —44, -39 C, respectively, the standard devia-
tions range between 20 and 3.8C. Hence, using these
levels there is a splitting of the data in distinct temperature
classes. After applying the procedure described in Sect. 2 we
see that for all different baseline fits the structure of the dif-
ference distributions remains mainly the same. Hence, it is
acceptable to consider the best fit for describing the structure
of the distributions. For evaluating the distributions more
guantitatively we consider also the variations of the baseline
fits, particularly the varying L-skewness. The measured hu-
midity distributions of the cloud bulges (after baseline sub-
traction of the best fit, i.e. minimising,%m) are presented in
Fig. 4.

It can be seen that after baseline subtraction the resid-
ual number of events is rather small compared to the orig-
inal data base (cf. the numbers along the y-axis of Fig. 2).
But nevertheless, the distributions contain a considerable
fraction of the total data (13—-33%, depending on the pres-
sure level) and the noise in the distributions is quite small
(due to the moving average of theH i-distributions). For

www.atmos-chem-phys.org/acp/4/639/
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Table 1. Variations of mean values, standard deviations and L- 700 [
skewness for the difference distributions of the different MOZAIC F A \r\
data sets for distinct baseline fits as described in Sect. 2. 600 / v \1
500 |
data (% RHi) o (% RHi) 7 : / \
tropical 400 /
lev. 1 96.86-99.88 10.18-10.50  0.1068-0.1310 300 |

lev. 2 97.56-102.96  10.60-12.14  0.0071-0.0598

number of events

200 | /

lev. 3 98.39-100.95 10.22-11.69-0.0480-0.0084

lev. 4 100.87-101.48 10.71-12.28—0.0068-0.0057 100 . / k

extratr. of \

total 98.44-101.72 9.23-10.77 0.0955-0.1178 \/

K1 103.09-105.64  9.20-10.87 0.0882-0.1225 -100

KZ 09.48-101.61 8.39-9.28 —0.0186-0.0524 60 70 80 90 100 110 120 130 140 150 160

relative humidity wrt ice (%)

450

400
all distributions we see quite the same shape: The distri- 250 \
bution is centred around saturation, the mean values range / \
between 97 and 1039%RHi and the standard deviations , 3% ) \

are about 11%RHi (see Table 1). The difference dis-

tributions obtained at the two upper pressure levels (level
1 and 2) are clearly skew (i.e. asymmetric), distributions
from the two lower levels (level 3 and 4) are symmet-

250 \/
150 / \/\/\

number of events
N
o
o

ric. This result can be verified by the L-skewness: For the A / \\
two upper pressure levels the L-skewnesstakes values 50 \ /

in the following intervals: (L068<z3(level 1)<0.1310 and 0 F-AA N

0.0071<73(level 2 <0.0598. Hence, the difference distri- -50

60 70 80 90 100 110 120 130 140 150 160

butions for the upper two levels are asymmetric according ltive humidity wrt ice (%)
relative numiaity wrt ice (7

to the L-skewness (see Sect. 2). For the two lower pres-

sure levels the L-skewness ranges between-0.0480 and 400

0.0084, therefore we can assume that the distributions are ©

nearly symmetric according to the L-skewness (see Sect. 2). / \
We now consider tropospheric MOZAIC data recorded 3% / \

north of 30 N (extratropical data) between 1995 and 1999 in
the pressure range 1£p<275hPa. For this data set there
is not such a sharp temperature stratification due to the pres-s

250

events

200

sure levels as in the tropical data. Hence, for studying the & % / \
distributions in distinct temperature classes we split the data 2 100

in the following way: One clask; contains all data with - \
temperatures in the interval55<7 <—50°C, and one class

K> with temperatures in the interval50<7 <—45°C. Ad- 0

ditionally, we have collected all data (including data from 50

60 70 80 90 100 110 120 130 140 150 160
relative humidity wrt ice (%)

outside the warm and cold classes) to a third class. A more
detailed splitting of the data is not reasonable because of the
noise that then appears. In Fig. 5 the difference distributionsrig. 5. Non-normalised probability distribution of relative hu-
of the three classes (totdl; and K> data) are presented. midity over ice in tropospheric extratropical (north of °30)

As for the tropical data after baseline subtraction the resid-MOZAIC data, after baseline subtractio(a) total data,(b) class
ual number of events is rather small compared with the origi-K1 (—55<T <—50°C), (c) classK; (-50<T <—45°C).
nal data set. But also in these cases the remaining number of
data in the difference distributions are large enough to draw
some conclusions although the fraction of the remaining data
ranges between 2 and 8%: The total number of data are much We can see a similar result as for the tropical distributions:
higher for the extratropics than for the tropics. The statisticalthe difference distributions for the three data classes are again
noise is quite small again. centred at saturation, the mean values range between 98 and

www.atmos-chem-phys.org/acp/4/639/ Atmos. Chem. Phys., 4, 639-647, 2004
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3.2 INCA data
018 [ I I I I I I ' Gauss - "
o016 b MOZAIC Gauss + pertubation 5% - ] The INCA campaigns took place in the extratropical lati-
014 b tropics extratrop. NH 'ONCA simulation 3 tudes of both hemispheres. Hence, we can compare the
012 ':[ ] distributions of relative humidity in clouds obtained from
3 I I « ] the INCA data set to the corresponding distributions ob-
g O R tained from the extratropical MOZAIC data. As before
s 008p E we have picked the INCA data out of two different tem-
% 006 - 3 perature classes: The claggy contains all data in the
- 004F E temperature range-55<7 <—50°C and the clas€, con-
002 b ) tains all data in the temperature rangB0<7 <—45°C. For
0 - I these two classes we have calculated the L-skewness in the
002 F 1 3 range 70-150%R Hi. The values for the two distributions
004 F 3 (t3(C1)=0.1377, 13(C2)=0.0860) are visualised in Fig. 6.
1 2 3 4  o@m K K . C cowam  We get the same qualitative effect as for the two differ-

ence distributions obtained from the temperature clakges
Fig. 6. L-skewness of the difference distributions for the tropo- and K> (MOZAIC): For the colder clouds the distribution is
spheric MOZAIC data (error bars, see also Sect. 3.1 and Table 1xkewer than for the warmer clouds. Comparing these val-
and the INCA data (circles, see also Sect. 3.2). Additionally, theues with the L-skewness obtained from the MOZAIC data
L-skewness of a Gaussian distribution (without and with a pert“r'(classesl(l andK>) we see that the values of MOZAIC data

bation of 5% of the maximum at 150%) in the range 7013086 510 5 |ower approximation due to the causes mentioned in
are shown. These values can be used to distinguish between SYN&act. 2

metric and asymmetric distributions. The crosses represent the L-

skewnesses resulting from the two numerical experiments of Sect. 4.
3.3 MLS data

106% RHi, the standard deviations range between 8 andn order to show as a contrast to the previous data sets an ex-
11%RHi. ample where cloud clearing works effectively, we show here

one example of MLS data analysis for the two nominal pres-
tropic data and the “cold data” are clearly skew, the distri- sure Ievel_s of 147hPa and 215 hPa (Spichtinger et al., 2092’
bution obtained from the “warm data” is almost symmetric. 2003)- Figure 7 shows that for all concerned tropospheric

This is confirmed by the L-skewnesses: For the total data th&lata sets after baseline subtraction there remains only noise.
L-skewness is §955<73<0.1178, for thé “cold data” the L- This can be interpreted that the cloud clearing algorithm de-

skewness is .0882<13<0.1225. Hence, these distributions scribed in Spichtinger et al. (2002, 2003) quks very well
are clearly asymmetric. The L-skewness for the “warm data"and almost no cloudy measurements are left in the data.
is —0.0186<13<0.0524 and therefore we can conclude, that
this distribution is almost symmetric.

The mean values, standard deviations and L-skewness va# Discussion
ues are collected in Table 1, the L-skewness values (and their
variations) are visualised in Fig. 6. In this figure additionally Obviously there is a qualitative difference between the in-
the values for a Gaussian distribution and a perturbed Gauszloud distributions ofR Hi for warm and cold cirrus, respec-
sian distribution (see Sect. 2) are shown, hence it is easy ttively. This contrast consists of the different shapes of the
distinguish between the symmetric and asymmetric distribu-distributions, namely symmetric for warm cirrus versus pos-
tions. itively skew for cold cirrus. This leads to the question about

In looking at Fig. 6 one should consider the values dis-the physical processes (or possibly selection biases) that pro-
played as lower estimates, because, as stated before, tigice such qualitatively different distributions of in-cloud rel-
range of the computation of the moments was confined agtive humidity.
150%R Hi and cloud events can get lost in our baseline sub- We believe that the difference we see in the humidity dis-
traction procedure. Since this happens evidently more probtributions is caused by the temperature dependence of the
ably in the supersaturated than in the subsaturated regimégength of time a cirrus cloud needs to approach saturation
the underestimation of the true L-skewness is probably theérom an initial high supersaturation at its instant of formation.
stronger the more asymmetric is the distribution. Thus, weThis transitional period is about twice as long-&0°C than
expect that the true contrast between the skewnesses fat —40°C, because both the diffusivity of water molecules
warm and cold clouds, respectively, is larger than indicatedn air and the saturation vapour pressure decrease with de-
by the error bars in the figure. creasing temperature. The nominal crystal growth time scale

The difference distributions obtained from the total extra-

Atmos. Chem. Phys., 4, 639-647, 2004 www.atmos-chem-phys.org/acp/4/639/
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(Karcher and Solomon, 1999, Eqg. B5) in a young cirrus cloud 80 T T ——
1) 147 hPa - tropical data

can be written as (Gierens, 2003) 70 i 215 hPa - tropical data -~ ]
60
I

Ty = 7.14 % 10° 77181 p [sg e*(T)]7YBN 23, 3) 50
/)

40
30
e

with initial supersaturation at cirrus formatieg, saturation
vapour pressure over i€ (T) (in Pa), and number density
of ice crystals formeadv (in m—3). T, is in seconds. Typ-
ical growth time scales range from 10 min to half an hour, §
however, the cirrus transition time to phase equilibrium is 20
more than double that quantity, in particular because initially ~ -30
the condensation rate is very small since the ice crystals are -40
very small. This means that the transition period from cir- -50
rus formation to phase equilibrium can make up a substan- %o 70 80 9 100 110 120 130 140 150 160
tial fraction of the total cloud life time. In fact, especially relative humidity wrt ice (%)
thin and sub-visible cirrus in cold air (below about 215K) "
may not reach equilibrium at all, i.e. the crystals sediment ] " 215hPa- extratropical NH data ——
out of the cloud before the in-cloud humidity reaches satu- ) 215 hFa - extratropical SH data
ration (Karcher, 2002). This in turn implies that a substan-
tial fraction of the cirrus clouds probed unintentionally by a
MOZAIC aircraft can still be in the transition phase. Since
the duration of the transition phase increases with decreasin
temperature, the probability to probe a cirrus in the transi-
tion phase instead of the equilibrium phase increases withg ,
decreasing temperature. From this consideration we would” 10 "‘v
expect, that we find a slightly positively skew (or almost sym- \ / '
metric) distribution ofRHi in warm cirrus, but a strongly
skew distribution in cold cirrus. Furthermore, the threshold
supersaturation forhomogeneous nucleation grows aboutlin- "¢~ 76 8 90 100 110 120 130 140 150 160
early with decreasing temperature. This additionally leads to relative humidity wrt ice (%)
a longer relaxation phase for cold than for warm clouds.
Also vertical motions have an influence on the duration o
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fFig. 7. Non-normalised probability distributions of relative humid-
. S - . . ity over ice, after baseline subtraction for tropospheric MLS data:
the transition to phase equilibrium. Uplifting motions evi- . )
dentlv prolon thiz eriodqbecause the predu%e the saturatioéa) tropical (south of 30N) MLS data on pressure levels 147 (solid)
yp g p y nd 215 hPa (dashe(h)) extratropical northern hemispheric (north

pressure via adiabatic cooling. The effect can be quantifieq; 3¢ N, solid) and southern hemispheric (south of S0 dashed)

by using the updraft time scale, (Gierens, 2003): MLS data on pressure level 215hPa. Because of cloud clearing
5 1.9 there remains after baseline subtraction only a flat distribution of
T =167x10w " T7, (4) noise along the zero line.

with vertical velocityw. The transition duration increases
with decreasing updraft timescale. Hence, strong vertical
motion leads to an additional prolongation of the transitionto 100% than further away. The number of steps is 800 for
period. Unfortunately, the MOZAIC data base contains norepresentation of a cold case, which is a suffiently small num-
information about vertical velocities, therefore this effect ber that the system has still a memory of its initial state, that
cannot be quantified. Additionally, at the same vertical mo-is, it is in a transitional stage. In this case the initial relative
tion the transition duration increases with decreasing tem-humidity was set to 16098 Hi. For the warm case we use
perature, which adds to the microphysical temperature effecl1600 steps (i.e. 2800, since one step in the cold case repre-
mentioned above. sents about double the time of one step in the warm case, be-
We have performed a simple numerical exercise to simu-cause of the different growth time scales, see above). It turns
late the transition process without considering the dynamicabut that this number of steps is sufficient to loose the mem-
effect. The simulation starts with an initial relative humid- ory of the initial state. In this case the initial relative humidity
ity of 140% or 160%, and then thRHi changes in vari- was set to 140%R Hi. In order to get smooth statistics, this
able steps of about1% according to the sign of a uniformly  simulation is repeated 100 000 times for each case. We find
distributed random number. The range of the random numdistributions centred close to 100% and with standard devia-
ber distribution is slightly asymmetric around zero such thattions close to 10% in both cases (see Fig. 8). Both distribu-
there is always a slightly higher chance tlRaii gets closer tions are positively skew, but the L-skewness in the cold case
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long (N small in Eq. 3). It can even be longer than the sedi-

10000 "7 warm: RHig,, = 140%, 1600 steps T .
9000 cold: RHipgm = 160%, 800 steps --—--- ] mentation time scale for the ice crystals; such clouds do not
8000 A reach phase equilibrium at all (cfakcher, 2002).
o 7000 / \ .
g 6000 / \ 5 Conclusions
% 5000 / \ _StaFistipaI distributions of relative humidity Wi'th. respect to
g 400 / \ ice in cirrus clouds have been analysed. Humidity data from
3000 } MOZAIC were taken, baselines were fitted to the ranges
2000 whereR Hi is distributed exponentially, and the residuals af-
1000 : \ ter baseline subtraction have been investigated. The residu-
§0% o als, interpreted as data stemming from measurements within
T TR TR cirrus clouds, are unimodal distributions peaked close to sat-
relative humidity wrt ice (%) uration, with standard deviations of the order 10% in relative

humidity units. The interpretation of the residuals as cloud
signatures is corroborated by corresponding features in the
INCA data, where clouds can be detected using nephelome-
ter data.

As in the earlier work of Ovarlez et al. (2002) the shape of
athe residual distributions (the cloud bulge) turned out to de-
pend on cloud temperature. Whereas we found nearly sym-
metric distributions in warm cirrug{>—40°C), the distribu-
{éons are clearly positively skew in colder clouds. The skew-
ess seems to increase with decreasing temperature.

Fig. 8. Simulation of statistical distributions of relative hu-
midity in warm (RHij,,,=140% RHi, 1600 steps) and cold
(RHi}p,=160%RHi, 800 steps) cirrus clouds.

is 10 times larger than in the warm case, since in the col
case there is still a considerable tail in tRé/:-distribution

extending to the initial value of 160%. The distributions in
these two cases turn out to have different skewnesses in spi
of similar simulated time because the microphysical proces§1

rates are different. The L-skewness values of the two simu- QU interpretation of this feature is that warm cirrus clouds
lations are indicated in Fig. 6 as crosses. Hence, the value@,rObecj unintentionally by MOZAIC aircraft are mostly in a

are similar to the values obtained from the difference distri—r_nature stage. The signature of this is a symmetric distribu-

butions of the different data sets. For the skewness of thd'®" of RHi cent_red at saturation. On the o'Fher hand_,_cold
distributions the main impact is due to the number of Steps’C|rrus probed umntgnponally are more _often in atra}n5|t|onal
i.e. the different growth time. The initial relative humidity state betwee.n their instant of fo_rr_natlon and .the|r F“_'C““re
only slightly affects the skewness. stage. The signature of the transn.lonal stage is a tail in the

Having the INCA data it is the relatively straightforward distribution extending from saturation to the threshold rela-

. L : . tive humidity for freezing. The origin of the difference lies
idea to apply the baseline fitting and subtraction also to th|sn the different lengths of time a cirrus needs to reach equi-

data set and to compare the resulting cloud bulge with thc%. . . i _ .
P 9 g ibrium via crystal growth after its formation at high super-

true in-cloud distribution of relative humidity (dotted curve saturation. The arowth time scale decreases with decreasin
in Fig. 1). Although the amount of INCA data is not suf- uration. 9 ! . 1Ses Wi sing
temperature, such that the time of transition is about twice

ficient to perform the complete analysis (too much noise!) o ;
: o . : , -2 as long at-60°C than at—40°C. This difference is reflected
this test gives interesting results. First, we find that the reS|d.n the different shapes of the humidity distributions within

ual number of events (i.e. the cloud bulge) only represent§
about 1/5 to 1/4 of the true cloud events found by the neph-CIOUds'
elometer analysis. Such a fraction might be expected to be
characteristic for the MOZAIC data as well. However, the aAppendix: L-moments

INCA derived fraction cannot be generalised to MOZAIC

in a straightforward way because of different measurementaormal definition of L-moments:

strategies, techniques, and hence different selection biases. For this purpose one uses sample probability weighted mo-
Second, the out of cloud data in Fig. 1 (dashed curve) can benentsh, (r=0, 1, 2, 3...). These moments computed from
fitted with a baseline function very well over the total range data values(q, X», ... X,,, arranged in increasing order, are
from 30 to about 150%R Hi (not shown), since it does not given by

display a bulge around saturation. This means that clouds

thinner than the nephelometer threshold do not contributeb . EXH:X (5)
much to a bulge signature, and that the bulge mainly rep- ni4 /

resents thicker clouds. ThHeH i-statistics within thin clouds " ) ) )

therefore seems to resemble that of clear air which can resuf ._ 1 G=DG=2...G=r (6)

because the relaxation time for thin clouds can be extremely n Sy m=Dm—=2)...(n—r) ’
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Using these weighted momernis in combination with the  Guttman, N. B.: The use of L-moments in the determination of re-
coefficients of the “shifted Legendre polynomials” one can gional precipitation climates, Journal of Climate, 6, 2309-2325,

define the so-called L-moments: 1993.
Haag, W., Karcher, B., Stim, J., Minikin, A., Lohmann, U., Ovar-
Iy :=bo @) lez, J., and Stohl, A.: Freezing thresholds and cirrus cloud forma-
Io := 2by — bo (8) tion mechanisms inferred from in situ measurements of relative
humidity, Atmos. Chem. Phys., 3, 1791-1806, 2003.
I3 := 6b2 — 6b1 + bo ) Helten, M., Smit, H. G. J., Sater, W., Kley, D., Nedelec, P.,

Zoger, M., and Busen, R.: Calibration and performance of au-
tomatic compact instrumentation for the measurement of relative
humidity from passenger aircraft, J. Geophys. Res., 103, 25 643—
25652, 1998.

osking, J. R. M.: L-moments: analysis and estimation of distri-
SS putions using linear combinations of order statistics, J. R. Stat.

By combining these L-moments we can calculate some ro-
bust analoga to the usual higher moments in statistics (e.q;|
skewness or kurtosis). For our purpose only the L-skewne

is important: Soc., Ser. B, 52, 105-124, 1990.
I3 Karcher, B.: Properties of subvisible cirrus clouds formed by ho-
L-skewness 13 := 5 (20) mogeneous freezing, Atmos. Chem. Phys., 2, 161-170, 2002.
2

Karcher, B. and Solomon, S.: On the composition and optical ex-
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