Exploiting additional observables in the development of an advanced
categorization scheme for detecting autoconversion from ground
based observations
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1. Motivation 4. How to improve skewness measurements? 1Q tests

Sensitivity studies on radar spectra: 1Q experiment
2 case studies ( liquid cloud with and without drizzle):

 Autoconversion describes the mass transfer rate from cloud droplets to

embryonic drizzle particles. It plays a key role in the atmospheric water cycle > derivation of spectra and distributions of moments varying:
and for the short and long wave cloud radiative forcing in our climate system. e FFT length: 256, 512, 1024.

 Several parameterizations for autoconversion have been proposed for e Averaging time: 0.2s(purple), 0.4s(blue), 0.8s(light blue), 2s(green), 4s(yellow),
numerical models of varying scales. However, verification of the proposed 8s(orange), 10s(red).
schemes and their details (e.g., what is the typical size range of the embryo » Simulations of the 1Q experiment providing lognormal distributions for cloud and drizzle
drizzle particles) remains not well understood, due to the lack of any direct Skewness mean value is almost zero for pure cloud,

b . SKEWNESS STATISTICS FROM OBSERVATIONS while mean value is positive for clouds with some drizzle
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To evaluate Cloudnet’s ability in detecting drizzle couzs EXamples of case studies from Cloudnet classification AlIM: investigate Doppler moments variations in presence of autoconversion
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1. Cloudnet is discrimining populations mainly on the basis of reflectivity thresholds. No specific features appear in terms of skewness for 2 IR I s Y S
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2. Inthe purely non drizzling case, when the skewness of the spectrum is supposed to be zero, skewness values are distributed in the range +/- £ 1 0 e VC drizzle = 24% of Cloud LWC 1 eV C drizzle = 26% of cloud LWC _
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WHAT IF WE LOOK FOR POSITIVE SKEWNESS VALUES TO IDENTIFY
DRIZZLING AREAS?

SKEWNESS MASK
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radar bins also having 1600 — J |l|1| I =0 o  The skewness mask shows potential in detecting drizzle onset: it identifies radar bins having a precise range of reflectivities
skewness > 0.5 -0.78 0.15 -0.2 >3< -0.21 : L |n - I between -30 dbZ and -25 dbZ, which is the same range indicated by cloudnet statistic of drizzling bins.
E ’ 2 14 . : . . . . L : : . .. .
= 1400 = * Simulations show that in conditions of low turbulence only drizzle drop size distributions having effective radii of 50 microns are
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IR | o ; § 1° 22 able to produce skewness signals above the 0.5 threshold.
1200 = 3 * The IQ experiment and simulations suggest that a skewness noise threshold of 0.5 can possibly be reduced by using other radar
L . o - 10 settings: for liquid clouds, fft length of 512 and averaging time of 2seconds.
C | RADAR BINS T I BINS SELECTED 1600 7 * Possibilities for improving the efficacy of the skewness mask come from simulations: adding additional information concerning
DISCARDED 1 o o BY THE SKEWNESS MASK - turbulence is essential to properly identify drizzle formation.
: BY THE MASKS ] i AS DRIZZLE FORMING 7
b b 800 - * Simulations additionally help in characterizing the drizzling radar bins in terms of many other variables, like LWC, reflectivity,
e e - mean Doppler velocity, spectral width. Such information will be used to calculate a statistical probability of belonging to the
Time [hour] non-drizzling, respectively the drizzling population for every bin selected by the skewness mask.
* Bins selected by the mask show reflectivities between -30 dbZ and -25 dbz. OPEN QUESTIONS:
* Radar bins discarded by the mask are distributed like noise over the whole range 1. How to reduce skewness noise and get better
of reflectivities. skewness observations?
 Skewness shows potential in the identification of drizzling areas within the cloud. 2. Which are the typical features of radar bins References:
* The skewness is very noisy and the threshold used at 0.5 can be a limitation for the where autoconversion is occurring? (1) Cloudnet - continuous evaluation of cloud profiles in seven operational models using ground-based observations. lllingworth, A. J,, R. J. Hogan, E. J. O'Connor, D. Bouniol, M. E.
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