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1. Can windstorm characteristics be used to meaningfully ° — § :
C|assify windstorm events? Quasi-supervised k-means (QSKM) clustering = “ > EEE S 7 &
—_— 8 * 200 °
2. Can we quantify the influence of large- and small-scale m Novel clustering technique that partitions s " : £ .l :
atmospheric features on the classified windstorms using data w.r.t a reference (see Alg. 1) g o S w |
modern machine learning approaches? + Allows for feature selection “ < o
+ Produces relevant clusters >
3. Are there significant trends in windstorm characteristics + Includes automatized processes for determining the < W
within the observed period? (not shown) optimal No. of cluster £ | S
. Reference is the XWS open access catalogue 3 '%1 .
] Q 16
to 2012 (Roberts et al., 2014) _'§ 2 S |
Climate reanalysis - ERA5 and ERAINT: Clucter No 1 h e font o t S | I
: . m Cluster No. as multiple teatures close to > ° o ™
m Horizontal resolution: 30km (ERAS5), 80km (ERAINT) . P < = '
the reference (Fig. 2)
m Period: 1981-2017, extended winter ONDJFM Figure 2: Comparison of the cluster against the reference for four different charac-
m Most severe events are found over central teristics.
m Temporal resolution: 6 hours Europe (Fig. 3b) o
I inol .o . . AREA |
m ERAINT is only used for cyclone tracking! m Key characteristics are size, duration and o EEET
m Matching following Nissen et al. (2010) travel speed/distance (Fig. 3a) : = |
|dentification & tracking: - p
m Windstorm tracking using the storm severity index Algorithm 1 Quasi-Supervised k-Means 3 o [
(Leckebusch et al., 2008) Draw J subsets (with replacement) L | | 0 |
S/ 0,57 from X™P such that g < p © CusterNo.2 . N=1034
. . . !
m Cyclone tracking following Murray and Simmonds (1991) and S, % ... 45, T ,
m Filter: EURO-CORDEX region (Fig. 1) For j =1 — J do:
m Enhanced k-meanson S; = C;1,..., G« .l
m Calculate
v = max [count(C;1 € R),...,count(Cx € R)] " =&
m Calculate §; = dist(C ,, R) with C; , being the o
cluster where count(C; , € R) = ; o b,
Select clustering result with the smallest 9;
from the S; with the largest =, Figure 3: Clustering result after using QSKM where (a) shows the standardized
characteristics and (b-d) the tracks for each cluster. Cluster No. 1 is closest to the
reference.

Mean abs. Shapley value

dependence using the Shapley value proposed

m Random forest model to fit cluster against
various predictors (see variable names in Fig. 1o |
lon 4)
Figure 1. Study region, EURO-CORDEX (40.25°W-75.25°E, 25.25°N paspine 92
igure 1: OStudy region, - 25°W=75.25°E, 25.25°N- _ _ o1s |
75g75ON) Y e m [ he model shows high skill for Cluster No. 2
| and 3, but struggles to predict Cluster No. 1 .
: (Tab. 1) 010 T
1 Stimmary & eonelusion |« evtaton ofthe fetur importonce un

m Novel semi-supervised clustering method QSKM by Shapley (1953) - . - ]
. - LAT_PMIN JET PMIN PJET LON_O LON_PMIN NAO SCA EA POL
m I\/Iethod. pr.oduces three. w.lndstorm classes of which one m Latitude of minimum core pressure and e ature
shows similar characteristics than the events from the b of the | h | | _ |
XWS catalo strength or the jet stream are the two most Figure 4: Feature importance derived from the random forests model using Shapley
& important features (Fig- 4) values. The base line is the average prediction of the model (here Cluster No. 2).

m Size and duration appear to play a greater role than wind _ _
PP Play @ & m [ he stronger the jet, the more likely a event

speed in severe events is from Cluster No. 1 (Fig. 5, top left) § g
m Resulting classes can be described through a statistical S &
model out of large scale predictors m Although core pressure is important, the 2 2
relationship to the cluster is confuse (Fig. 5, 2 g
m Although large-scale patterns can influence the occurrence bottom left) E 2
of storms, they only have a small impact in our model T T I 30 30 T e e 99 o

Lat. min. core pressure [°N]

m [ he jet stream and the location and depth of the parent | | | 5 _

. Table 1: Confusion matrix for the trained random forests c c

cyclone are determined for the type of event N 2 { 2

modadel. c °
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m Dependences of individual windstorm characteristics g 23 254 12 940 960 980 1000 1020 -40 -20 0 20 40
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m [rends for clusters and characteristics 3 30 18 135

Figure 5: Feature dependence derived from the random forests model using Shapley

m [emporal structure and sequence of events values. Cluster assignments are added to the baseline of 2.1.
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