A new criterion to detect drizzle from ground-based:
a potential new tool for model evaluation.
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What is the reflectivity threshold to detect precipitation from
ground-based radars?
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What else can we use?
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How to improve the detection?
=>» cloud radar Doppler (velocity) spectrum and skewness
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How to improve the detection?
=>» cloud radar Doppler (velocity) spectrum and skewness
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How to improve the detection?
=>» cloud radar Doppler (velocity) spectrum and skewness
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skewness (SK) : measures the degree of asymmetry

of a given distribution
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How to improve the detection?
=>» cloud radar Doppler (velocity) spectrum and skewness
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Skewness turns negative when drizzle dominates the
Doppler spectrum



How can we use skewness to detect drizzle in obs?



Principle of CLAssification of Drizzle Status Algorithm (CLADS)

(from Acquistapace et al., 2019, JTECH)

0 e _Reflectivity [dBz] T Skewness [unitless]
. _ . |

= = ]
g -400 | o -400
- : I3, .
2 S ) 3 600
= 1 = S :
E % 30} £ 800 | !
@ -1000 | = ® -1000 -
S : & e :
v 1200 S 1200

: £ .

-1400 - -1400 -
0 100 200 300 400 500 600 0 100 200 300 400 500 600

As Ze increases, skewness changes sign, indicating growth of raindrops



Principle of CLAssification of Drizzle Status Algorithm (CLADS)

(from Acquistapace et al., 2019, JTECH)
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(from Acquistapace et al., 2019, JTECH)
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Can we use skewness to evaluate LES models?
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The radar forward simulator: PAMTRA
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rel distance from cloud top

The radar forward simulator: PAMTRA

+ turbulence
Drop size distributions (DSD) . \artical wind speed
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rel distance from cloud top

The radar forward simulator: PAMTRA

+ turbulence
Drop size distributions (DSD) . \artical wind speed

Gamma function (ICON-LEM) , _4a5r spec
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Case study of the 17th June 2014: obs vs ICON-LEM
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Looking at skewness transitions: focus on one hour
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Looking at skewness transitions: focus on one hour
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On what does the simulated skewness mainly depend?
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Is there a transition in the skewness in the model due to rain?
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Is there a transition in the skewness in the model due to rain?
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Skewness
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What controls the skewness signal in the model?

Qr = Rain water content
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Summary

How can we use skewness to detect drizzle in obs?

New CLADS algorithm (Acquistapace et al., 2019, JTECH) detects
drizzle and classifies precipitation in cloud “better”

Can we use skewness to evaluate LES models?
in LES simulations, the signal in skewness is very weak, but it’s there

On what does the simulated skewness mainly depend?

Cloud water content (Q_) mainly controls the behavior of skewness

for this case study: true in general?

Contact: cacquist@meteo.uni-koeln.de
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Example: skewness mask of the CLADS algorithm

0.13 0.002 -0.28 | 0.524 0.34

purple boxes: pixels
o . 056 012 089 078 143
fullfilling the skewness Skewness bins > 0.3 02 owu BN o: oo
criterion 024 022 | 067 023 0001

-0.78 0.75 -0.2 0.98 -0.21 |

\

0.13 0.002 -0.28 = 0.524 0.34

Skewness bins > 0.3 056 -0.12 = 089 078 143
grey boxes: pixels with at least 3 02 owu I o: o0
discarded. neightbours larger > 0.3 024 022 | 067 023 0001

-0.78 0.75 -0.2 0.98 -0.21

v

green boxes flﬂa| 0.13 0.002 -0.28 | 0.524 0.34

' . 056 -012 | 0.89 078 143

Se|ect|on Of p|Xe|S from Pixels selected by the mask " o i . Yy 004
the mask. 024 022 | 067 023 0.001

-0.78 0.75 -0.2 0.98 -0.21

(From Acquistapace et al., 2018, JAS, under revision)

31



Flow chart of the algorithm for the CLAssification of the Drizzle Status (CLADS).

. number of . VD matrix
INPUT - SK noise threshold: +/- 0.3 Neighbors (3) SK matrix 7E matrix | | Below cloud
base
Spatial filtering
SKEWN ESS MASK ‘ based on SK
SPATIAL FILTERING thresholds
in cloud below cloud base
PRELIMINARY NON DRIZZLE/ DRIZZLE DRIZZLE NON PRECIPITATION
DRIZZLE DRIZZLE GROWTH SSEEEI(I)\Ig SMATLCJ)IZE ) CIL':‘SS All pixels contiguous
CLASSES 0.3>S,>-0.3 k . k < -0. All pixels between to cloud base having
At_le:\st 3 At least 3 similar At least 3 similar :':tuizi::’;‘: :‘:\F"/ mean Dopplervelocity
neighbors neighbors neighbors mask 999.
CHECKS ON Check Z, gradient:
Grad,. >0
ZE AND VD Grad.. <0
FINAL DRIZZLE NON DRIZZLE | DRIZZLE NON
PRECIPITATION
CLASSES DRIZZLE GROWTH | MATURE |  CLASS

(From Acquistapace et al., 2018, JAS, under revision)
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Skewness and reflectivity: range of the values in obs and model
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Height [km]
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Case study of the 17th June 2014: obs vs ICON-LEM

2014-00-1/

moaeil resoiution 1oV m

() Illlllllllll‘lll‘lllll]

8

12
Time [h]

16

) '.* . M e ;
SR ki JQ:*!“M‘!W 1‘ mf- m.‘r g l?ﬁ
| | | I | | I | | | | I | |

20

e Ice & liquid droplets
Ice (Ice & Snow & Graupel)
e Drizzle/rain & cloud droplets

® Drizzle or rain
e Cloud droplets



4000

3500 |

3000

2500

height [m]
S

1500

1000

500

T

cloud base
cloud top

-

-

-

T e, T T
-

1 1 1 1 1 1 1 |
06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00
time [hh:mm]

C. Acquistapace - University of Cologne

0.000225

0.000200

0.000175

0.000150

0.000125

Qi kg/kg

0.000100

0.000075

0.000050

0.000025



4000

3500 |

3000

2500

height [m]

1500

1000

500

cloud base
cloud top

I

I

04:00

06:00

08:00

12:00 14:00 16:00
time [hh:mm]

C. Acquistapace - University of Cologne

20:00

0.0027

0.0024

0.0021

0.0018

0.0015

0.0012

0.0009

0.0006

0.0003

Qc kg/kg



height [m]

4000

3500

cloud base
cloud top

3000

2500

I

2000 |

1500

1000 |

500 |

_,.
S

-

TS e, R T
-

-

| |

|

08:00 10:00 12:00 14:00 16:00
time [hh:mm]

C. Acquistapace - University of Cologne

18:00

20:00

0.00056

410.00048

0.00040

0.00032

0.00024

0.00016

0.00008

Qr kg/kg



height [m]

DRIZZLE ONSET

CLADS applied to model data

DRIZZLE GROWTH s DRIZZLE MATURE
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In the skewness signal from the model, there is a transition from positive to negative values, but it is
smaller than in the observations
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Occurrences

Comparing reflectivity distributions for each drizzle class

drizzle onset drizzle growth drizzle mature precipitation
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) ) (4]
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e Zevalues in the observations are sistematically smaller than in the ICON-LEM
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What controls the skewness signal in the model?
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= Rain content (Qr) does not modify Ze for values of Ze < 0 dBz.

= Cloud content controls the behaviour of Ze for values of Ze between -30 and 0 dBz.
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Is the skewness signal in the model?

Rain content (Qr) does not modify
Ze for values of Ze < 0 dBz.

Cloud content controls the

behaviour of Ze for values of Ze
between -30 and 0 dBz.
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Is the skewness signal in the model?

Rain content (Qr) does not modify
Ze for values of Ze < 0 dBz.

Cloud content controls the
behaviour of Ze for values of Ze
between -30 and 0 dBz.

Cloud content controls the
behaviour of Sk

The contribution of Qrin

determining the skewness
behavior is negligible.
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How to improve the detection?
=>» cloud radar Doppler (velocity) spectrum and skewness
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skewness (SK) : measures the degree of asymmetry

of a given distribution



Why do we care of drizzle?

Drizzle is overestimated in global climate models (Stephens, 2010; Ahlgrimm, 2013)
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(From Wood, 2005b)



