VWL

(

Deutscher
Wetterdienst

Schweizerische Eidgenossenschaft
Confédération suisse
Confederazione Svizzera
Confederaziun svizra

Eidgendssisches Departement des Innern E:l)l

fir gie und Ki
MeteoSchweiz

Environment Environnement
Canada Canada

Meteorological Service of Canada
Service météorologique du Canada

EuMetSys = Accso
ST S CRle R .{:: 3 ACCELERATED SOLUTIONS
Ernst Basler+ Partner

Meteorological Workstation

— Station de travall /nel‘earalag/qusv —




Outline

 Extreme values
— in general
— and NWP
— in NinJo
* Three new approaches
— commons
— The “Cowpat” algorithm
— The “Firefly” algorithm
— The “Watershed” algorithm

* Conclusions and Future aspects

Conquering the Extremes - EGOWS '18 - Séren Kalesse (DWD)




Extreme value computation?

clustering and optimization problem:

* find the significant local and global maxima and minima of a (2D)
function
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Extremes of NWP data

for NWP model data:

e datais assumed continuous, but presented to us as discrete
value field

e distribution of extreme values is extremely multi-modal

* depends highly on the type of data
— e.g.: temperature vs. pressure, near-ground vs. near tropopause, ...

* topography as “hidden” variable in near-ground fields carries
“clutter”
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Extreme values in NinlJo
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Quality of calculation results has not been satisfying
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Three new approaches

“Cow pat” “Firefly” “Watershed”

 funded as a NinJo research project as part of NWP visualization
re-design.
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Commons

requirements:

e operate on NWP raw data

* a modular architecture

e fast enough for interactive usage
* minimum possible number of needed configuration parameters

Cluster Classify Estimate Significance

locate regions of extract extreme
extreme values values/positions
filter significant extreme
values/positions

adjust extreme
values/positions by
exact NWP values
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Extrema Significance

What is a significant extreme value?
« common definition for all algorithms

e combination of: value of extreme: m

— field value at extreme position

— estimation of spatial extent of
extreme value curvature

(1=y), .Y

SIg:=m * S

measure of spatial extent: s

—y defines weight between value and extent
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The “cow pat” algorithm 6

1. Find global extremum

2. Adapt surrounding using 2D Gaussian

3. Repeat (until break condition)

4. Filter for significance
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The “cow pat” algorithm

e extremely simple and fast

* intuitive and easy to understand

* one core configuration option: width of the Gaussian
disadvantages:

* width defines globallly static search radius

Cowpat-Low Cowpat-High Original+Results
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The “Firefly” algorithm 2 &

1. Place “fireflies” on map

2. Let them attract each other and move
towards a local extrema

3. Repeat (until break condition)

4. Cluster and filter for
significance
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The “Firefly” algorithm &

e particle swarm optimization for multi-modal distributions

xi:=xi+[5qiqje_wi(xj—xi)ﬂx(rand—1/2)

* here: g-values denote particle charge to cluster at local extreme
value positions (coulomb constants)

* q,:=field value at particle position i
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The “Firefly” algorithm A &

* several improvements to the proposed algorithm made, to:
— reduce amount of particles needed
— reduce number of required iterations = faster convergence
* post-processing steps:

— extract single local extreme positions/values from cluster of
particles (by NWP field lookup)

— calculate extreme value significance and filter

- Fireflies-Lows r Fireflies-Highs Ex




The “Watershed” algorithm

2. Let them follow the strongest gradient
towards a local extrema
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The “Watershed” algorithm

well known segmentation algorithm in image processing
e let “rain-drops” fall on each pixel
* trace the path along the strongest gradient

* non-interconnected resulting graphs form “catchment basin”s
— area surrounding a local extreme value

adaptations

* merging based on the energy required to overflow into an
adjacent basin

» extraction of local extreme values/positions (by NWP field
lookup)

Sy, .



The “Watershed” algorithm

* steps of the algorithm

blur input field calculate merge basins extract and
“watersheds L re-locate

e fast and easy to configure

— core options: blur factor, overflow energy for the merge

e shortcomings
— tends to flow out towards data field boundaries

— blur factor is a global option and might diminish local effects
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Conclusions

“Cow pat”

three new algorithms in NinJo for detection
and visualization of NWP extreme values

e operating on raw data (therefore applicable to
a variety of use-cases)

“Firefly”

» different speed, complexity and configurability
* now being evaluated by NinJo super users

“Watershed”

— estimate performance for
operational usage =

) Cowpat Blur size (km) [ The size of the blur-kernel in kilometers.

3 Firefly Weightvalue vs. spatial The weights of area-magnitude to spatial attributes (i.e. size of catchment basin and distance

M to lowest basin point). Zero defaults to equal weights, -1 to magnitude only, 1 to spatials only,
q u a | y a n S p e e ® Waterered otherwise i insarly iterpolated. The weights are ussd for generating area raings, o fess
important areas can be merdged into others.
Weight extentvs. distance [ oF5] 11 The weights of catehment-basin-size to distance to lowest basin point Zero defaits fo equal
weights, -1 fo catchment-basin-size only, 1 to distance only, othewise it is linearly

interpolated. The weights are used for generating area ratings, 50 less important areas can be

. . . merdged into others.
— I n e— u n e O I I I O p I I I l a Classifier threshald 0 o 11 The condition, L. extrema ratings below this normalized threshold will be

ignored. A magnitude of 1 CoMespoNas 10 the first (most intense) extrema rating found. For
example a magnitude of 0.5 et the classifier cut all extrema of lower rating then the extremurn
with the best reting. A magnitude of 0 let the algorith fall back ta a dynamic classifier, that

detects the most significan jerk in the ratings (by value) and cuts at this palce.
p a ra I I l e e r S e S Drops a raindrop over each point in the data field. Then traces the way the raindrop makes, flowing down to a so called catchment basin. Adjacent catchement

basins can get merged. This happens, when there is na high dam in between. Small basins overflow more eager than large ones. Also the distance from
extremurm inside the basin to the watershed line is taken info consideration. The smaller the distance, the more eager the basin will overfiow. Small basins of
low magnitudes are filtered.

Weight value vs. size & 0F] 11 The weight of magnitude to extrema size (e g.size of catchment basin o frefies count). Zero
defaults to equal weights, -1 to magnitude only, 1 to size enly, otherwise it is in between
iinearly interpolated. The weights are used for generating extrema ratings, so less important
extrema can be omitted.

Classifier threshold 0 EIE 1 condition, i.e. extrema ratings below this normalized threshold will be
r;nored A magnitude of 1 corresponds to the first (most intense) extrema rating found. For
example a magnitude of 0.5 let the classifier cut all extrema of lower rating then the extremurm
with the best reling. A magnitude of 0 et the algorith fall back to a dynamic classifier, that
detects the most significan jerk in the ratings (by value) and cuts at this palce.

Filter threshold 1,025F]  The absolute treshold, so extrema with magnitudes below/above (depends witat we are
searching) will be ignored.
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Future aspects

to be considered:

topography

— more extreme values expected in rough
terrain (if applicable)

type of data?
— pressure vs. relative humidity

temporal evolution

— extreme values usually do not (dis)-appear from one time-step to
the next

closed iso-lines must include an extreme value
— currently not tackled as this limits use-cases for other types of data
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