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Rainfall estimation in Germany
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Outline

1. Advection correction and “morphed” radar QPE
2. Deep learning based radar adjustment

3. CML anomalies and outages
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Rainfall estimation in Germany

Source: C. Ruf, KIT

by ch. chwala

Weather radar

Source: DWD
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Advection correction: The concept

t-1

10

20

lad

60

imk-ifu.kit.edu

IT



Advection correction: The concept

Estimated optical flow by Lucas-Kanade method (from PySTEPS)
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Advection correction: The concept

Estimated optical flow by Lucas-Kanade method (from PySTEPS)
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Advection correction: The concept

Two years of advection corrected 5 minute RADKLIM-YW = 32 hours of computation on a HPC

= feasible!
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Advection correction: hourly aggregates
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Advection correction: hourly aggregates
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Advection correction: hourly aggregates
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Advection correction: morphing for 1 minute radar along CML

cml_id = BY0217_2 BY2103_2, length = 4.97839709...
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Advection correction: morphing for 1 minute radar along CML

cml_id = BY0217_2_BY2103_2, length = 4.97839709...
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Advection correction: morphing for 1 minute radar along CML

cml_id = BY0217_2_BY2103_2, length = 4.97839709...
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Advection correction: morphing for 1 minute radar along CML

cml_id = BY0217_2 BY2103_2, length = 4.978397009...
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= Qualitative proof of concept that “morphed” 1-minute radar data gives more insights into spatio temporal mismatch
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Advection correction: morphing for 1 minute radar along CML
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Advection correction: morphing for 1 minute radar along CML
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Rainfall estimation in Germany

Rain Gauge

Source: DWD
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by ch. chwala

Weather radar

Source: DWD
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21.6

Niederschlag Messstation [mm)]

RADOLAN-RY vs. 5 minute rain gauge data
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Test lab: Radar adjustment and potential merging using deep neural networks

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

Source: DWD

Source: Wikimedia
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Test lab: Radar adjustment and potential merging using deep neural networks

Radar QPE t-2

—

Feature maps

Measurement height above ground

Convolutions Subsampling Convolutions Subsampling Fully connected

Source: Wikimedia Source: DWD
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Test lab: Radar adjustment and potential merging using deep neural networks

Training data: RADOLAN-RY Summer 2017+2018

Radar QPE t-2

Shape: 7x7x3 (QPE) + 7x7 (height) at 5min temporal resolution

Feature maps

Measurement height above ground

Convolutions Subsampling Convolutions Subsampling Fully connected

Source: Wikimedia Source: DWD

imk-ifukitedu NIT



Test lab: Radar adjustment and potential merging using deep neural networks
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Test lab: Radar adjustment and potential merging using deep neural networks

Gauge adjusted
N
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Next step: Heatmaps for advection and mismatch estimation

Feature maps

Backpropagation

Convolutions Subsampling Convolutions Subsampling Fully connected

Source: DWD

Source: Wikimedia Source: DWD
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Next step: Heatmaps for advection and mismatch estimation

Feature maps
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Next step: Heatmaps for advection and mismatch estimation

“Center of mass of temporal and spatial importance of input values”
(highly experimental)
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Next step: Potential for merging

Feature maps

Source: DWD

C‘ Convolutions Subsampling Convolutions Subsampling Fully connected

Source: Wikimedia Source: DWD

Source: C. Ruf, KIT
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Feature maps

‘\
Source: DWD \\Output

Convolutions Subsampling Convolutions Subsampling  Fully connected

Source: Wikimedia

Source: C. Ruf, KIT
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CML blackouts: An attenuation climatology from RADKLIM
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CML blackouts: An attenuation climatology from RADKLIM
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CML blackouts: An attenuation climatology from RADKLIM
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CML blackouts: An attenuation climatology from RADKLIM
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CML blackouts: An attenuation climatology from RADKLIM
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CML blackouts: An attenuation climatology from RADKLIM
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03 v trsll trsl2 R Delete all flags
count 44313.000000 44313.000000 44194.000000

mean 62.751846 69.587708 0.070667

MY4658_2 MY1905_3 i std 0.977011 0.833733 0.409807
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Thank you!

Discussion points:
e \Who has insights/experience with advection correction? Why is this not standard procedure?

e \What next?
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Discussion points last time:

e Date for possible Bonn/Garmisch visit/exchange for multiple days to accelerate progress
o | could travel in March or April

e Who can share experience with PySTEPS?

e Phase 2: Who started when and are we aligned?

e 3 month data: discuss later?

e Joint case study paper: What is the objective? RealPEP showcase or “competition” for best analysis? =
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Improving CML data quality

Phase 1 WP4

for QPE
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FG

Phase 1: CML+Radar Case study days
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FG

Phase 1: CML+Radar Case study days
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Phase 1 WP6
Improving polarimetric radar
QPE using CMLs
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Phase 1 WP6
Improving polarimetric radar I:> Temporal shift needs compensation
QPE using CMLs
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Phase 1 WP6
Improving polarimetric radar
QPE using CMLs

> Temporal shift needs compensation
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Ahrweiler, Germany, Situation as of 18.07.2021

Crisis Information
Flooded Area

_ Flood trace
Built Up Grading
B Destroyed

B Damaged

Possibly damaged

mergency.copernicus.eu/mapping/list-of-components/EMSR517/GRADING/EMSR517_AOI15
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Ahrweiler, Germany, Situation as of 18.07.2021

3598400

Wasserstand am Pegel Altenahr

Verlauf des Pegels am Messpunkt Altenahr zwischen dem 14. und 16. Juli 2021

700 e — Vermuteter Hochststand in der Nacht
e vom 14. auf den 15. Juli

500 = 5 h ours; <—— Pegelmessung bricht ab

A i . Historischer Hochststand vom
2.6.2016 wird tiberschritten

Crisis Information
Flooded Area

300 " Flood trace
\ Built Up Grading
100 B Destroyed

B Damaged

14.07.19.15h 16.07.01.00h
Possibly damaged

ta » Quelle: Hochwasserzentrale RP « Daten SWR >> AKTUELI.

Source: https://emergency.copernicus.eu/mapping/list-of-components/EMSR517/GRADING/EMSR517_AOI15
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Germany, 48h rainfall sum until 14.07.2021 11:50PM

Crisis Information
Flooded Area
s Flood trace
Built Up Grading
B Destroyed
B Damaged

0 35 40 45 S0 0 80 90 100110130150 250 350 R B o B Possibly damaged

( I, kacheimannwetter.com
o)) werTen o
Deutschland (c) Kachelmann GmbH, DWD

Source: https://emergency.copernicus.eu/mapping/list-of-components/EMSR517/GRADING/EMSR517_AOI15
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24h rainfall sum on 14.07.2021
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Radar underestimation!?
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24h rainfall sum on 14.07.2021

RAHKDP CML
2021-07-14T700:00:00.000000000
o channel_id = channel_1, time = 2021-07-14 o
s
A5 60
400 -
s
50
=
a2 x 300 - 40 é
) x 5
) 200 4 30 2
[
20 é
* 20
100
x 10
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1 0 - 0
0 50 100 150 200 250 300 350
3 ¥
ad

«0ICD 020D 200200 020D 200CD
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Different integration
characteristics i —

Rain Gauge

Commercial microwave link (CML) Dual-pol weather radar

> A
W2 =

o o L3

DWD Source: C. Ruf, KI

| QPE ” q]=| Random error | | QPE |q]:| Random error |QPE |q]=| Random error

Bayesian merging framework

0.922
Sosn QPE Random error
g0.920
L—| + correct systematic error 'ﬂl}' + combine individual
80919 . ROUENIE
+ compensate mismatch error models FT g
0918 — & >

-3 -2 -1 o0 1 2 3 4 5
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WP-P1-4: Probabilistic merging at increasing resolutions (UBonn and KIT, months 1 - 33)
M-P1-10: Precipitation estimates from different sensors are compared at a 1-minute resolution (month 6)

RAHKDP
2021-07-14T00:00:00.000000000

Jed

RX

Next step:

Use PySTEPS advection correction to produce
“intermediate” steps at a 1 minute resolution.

Lucas-Kanade optical flow algorithm is ready,
but results are not. More advanced algorithms
to be tested

a0

— Prepare to process 3 months of data

24

«0ICD 020D 200200 020D 200CD
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CML “blackouts” on 14.07.2021

Extreme example blackouts - Path averaged Intensity from RADKLIM-YW Cumulative blackouts
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CML “blackouts” on 14.07.2021

Missing CML rainfall peak —new QPE algorithm will assume maximum attenuation

§ 151 —— R CML
£ R _radar
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CML “blackout” climatology

Observed CML blackout minutes per year from 2018 to 2020

c) Observed blackouts Nobs [Minutes]
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CML “blackout” climatology
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CML “blackout” climatology

a) Observed dynamic range Drange [minutes] b) Expected blackouts Nexp{Drange) [Minutes]
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CML “blackout” climatology

71

a) Observed dynamic range
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CML “blackout” climatology

Manuscript in preparation
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News:

e HoWa-pro will move CML data acquisition to DWD
o increase of temporal resolution to 10 seconds
o possible increase of CMLs by up to 20k
> benefit for merging and mismatch correction in RealPEP
e Ongoing MSc thesis for Al based radar adjustment

e Ongoing MSc thesis for Al based radar downscaling
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Discussion points last time:

e Date for possible Bonn/Garmisch visit/exchange for multiple days to accelerate progress
o | could travel in March or April

e Who can share experience with PySTEPS?

e Phase 2: Who started when and are we aligned?

e 3 month data: discuss later?

e Joint case study paper: What is the objective? RealPEP showcase or “competition” for best analysis? =
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