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Introduction

Precipitation is a highly complex and variable
phenomenon. The purpose of this work is to analyse,
and inter-compare 5 different products of X-band
radar with pulsed emissions for simple and dual
polarization, using the Universal Multifractal analysis.
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> Data

Methodology

a. ENPC polarimetric X-band radar

» Oblate drops->differential phase shift (P DP)
between the horizontal and vertical polarized wave.
The specific differential phase shift (=grad ®DP) is

used for rainfall rate computation.
KDP\*
)

» Rainfall estimations
-Low KDP -> Marshall-Palmer relation Z=aRP

-Strong KDP (> 1°/km) -> directly K =¢

b. Spectral analysis: the first indication of the scaling
behaviour of the field

E(k)~k-# ,where B : spectral slope calculated
k:wavelength

c. Universal Multifractals parameters fully define

statistics across scales!234]

» a<[0,2] (multifractality index): the variability of
intermittency with respect to intensity level

» C;(mean intermittency): mean inhomogeneity of
the field (C;: O for homogeneous fields)

» H: the degree of non-conservation, the scale
dependency of the mean field (H=0 considered in
our case)

Cq & __ Y .
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C;and @ estimated with C,qlog(q) ,a=1

> the Trace Moment (TM)

FE<E e =G|

» and with the (uni/mono) fractal correctionl]
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K*'(g) =K(g) +c(qg—1) Cy

» and Double Trace Moment (DTM) technique [']

(RP)y=aen K(gn) =1°K(g)
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Table 1: The five radar products compared in this study
(-SP: Simple Filter, -PS: Pseudo, TFL: Terrain Following Layer)

The signal of KDP is noisy so the use of a smoothed signal is used to
compute KDP. Two different filters are used: the Finite Impulse

Response (FIR) and the median one. The data were processed with

Table 3: Figures of spectral analysis of the selected events
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Analysis Conclusions
Table 5: Figures of spectral analysis and DTM method .
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