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Introduction — Temporal storm clustering

« Storm clustering can be defined as
irregular occurrences of events, i.e.,
leading to multiple events in quick
succession over the same location over a
given period of time (e.g., Mailier et al.,
2000)

« Storms Dudley, Eunice and Franklin
(February 16-21, 2022)
C Accumulated European economic

losses of over £4bn (Gallagher Re,
2023).

Image source: theguardian.com
https:/limages.app.goo.gl/leXadRyEyYBYv37N48



Introduction — Temporal storm clustering

Previously Clustering was investigated on either:

Synoptic timescales: e.g., cyclone families
(Bjerknes and Solberg, 1922; Priestley et al., 2020)
or

Inter -annual timescales: e.g., climatological
clustering (Mailier et al., 2006, Vitolo et al., 2009,
Economou et al., 2015, Walz et al., 2018).

Large -scale modes , North Atlantic Oscillation,
Scandinavian pattern and the East Atlantic have been
found to be good predictors (Degenhardt et al., 2023)
and clustering of windstorms (Vitolo et al., 2009; Walz et
al., 2018) on intra -annual timescales .
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Most dominant teleconnection patterns explaining the inter-
annual variability of windstorm counts (Walz et al. 2018)
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London 15 -day time clustering development 1 ERAS Methods
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Clustering metric C
Dispersion statistic W (—) Zp
Derived from the Poisson distribution, Variance (a2 )

Dec
15 Jan Feb Mean () (Mailier et al., 2006)

Windstorm tracking C
Impact-oriented wind-based tracking algorithm WiTRACK
(Leckebusch et al., 2008a) using 6-hour 10m wind speeds

1.0
> |ocal 98t percentile.

A Key takeaways
| Our latest research highlights distinct
intra-seasonal variability of windstorm

AN footprints:
0.0 v X . . .
W C Greater magnitude of clustering in
the later part of the season.
C Specifically, two distinct periods of
68 78 enhanced clustering
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Figure 1. Centred 15-day moving window of the dispersion statistic (W) windstorms footprints (1979/80-

2024/25). The x-axis refers to the start day of the moving window, e.g. (a.) 8 = is centred on the 8" Dec and FeltZ et al., 2026, N R6V|eW G RL
includes data from 13t Dec — 153t Dec for London (51.5°N, 0°W).
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Figure 1. Centred 15-day moving window of the dispersion statistic (W) windstorms footprints (1979/80-

2024/25). The x-axis refers to the start day of the moving window, e.g. (a.) 8 = is centred on the 8" Dec and Fe|tZ et al., 2026, N R6V|eW G RL
includes data from 13t Dec — 153t Dec for London (51.5°N, 0°W).
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overdispersion : : . B
(clustered ) Dispersion statistic W ( ) P

Derived from the Poisson distribution, Variance (a2 )

1.5 Dec Jan

Feb Mean (1) (Mailier et al., 2006)
Windstorm tracking C
Impact-oriented wind-based tracking algorithm WiTRACK
(Leckebusch et al., 2008a) using 6-hour 10m wind speeds

1.0
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Figure 1. Centred 15-day moving window of the dispersion statistic (W) windstorms footprints (1979/80-

2024/25). The x-axis refers to the start day of the moving window, e.g. (a.) 8 = is centred on the 8" Dec and Fe|tZ et al., 2026, N R6V|eW G RL
includes data from 13t Dec — 153t Dec for London (51.5°N, 0°W).
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2.0
v>0 . Clustering metric C
overdispersion Dispersion statistic (—)
(clustered ) p . = -\ .Z > _ ,
s Dec Jan S Derived from ’Fhe Poisson distribution, Variance (02 )
Mean (p) (Mailier et al., 2006)
Windstorm tracking C
Impact-oriented wind-based tracking algorithm WiTRACK
1.0 (Leckebusch et al., 2008a) using 6-hour 10m wind speeds
> |ocal 98t percentile.
A Key takeaways
0.5 . . . .
Our latest research highlights distinct
Y=o intra-seasonal variability of windstorm
random ly 0.0 /\/\ f9otpr|nts: i ) :
distributed | W C Greater magnitude of clustering in
l the later part of the season.
C Specifically, two distinct periods of
¥ <Ounder 03 G 78 enhanced clustering
dispersion Time in DJI—
(regular ) Figure 1. Centred 15-d dow of the di tatistic () windstorms footprints (1979/80- : .
024725), The x.axis rfors 0 ha stat dey of the moving window, .9, (2 8 = s contred o the & De and Feltz et al., 2026, in Review GRL

includes data from 13t Dec — 153t Dec for London (51.5°N, 0°W).
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Clust t C
(clustered ) p . = -\ .Z > _ ,
s Dec Jan S Derived from ’Fhe Poisson distribution, Variance (02 )
Mean (p) (Mailier et al., 2006)
Windstorm tracking C
Impact-oriented wind-based tracking algorithm WiTRACK
1.0 (Leckebusch et al., 2008a) using 6-hour 10m wind speeds
> |ocal 98t percentile.
A Key takeaways
0.5 . . . .
Our latest research highlights distinct
Y=o intra-seasonal variability of windstorm
random ly 0.0 /\/\ f9otpr|nts: i ) :
distributed | W C Greater magnitude of clustering in
l the later part of the season.
C Specifically, two distinct periods of
W<Ounder -0 & 78 enhanced clustering
dispersion Time in DJI—
(regular ) Figure 1. Centred 15-d dow of the di tatistic () windstorms footprints (1979/80- : :
2024125) Tha weaxs roos t he Saet Gy of s moving window 9. (a8 = 1 cantred on the 8% Do and Feltz et al., 2026, in Review GRL

includes data from 13t Dec — 153t Dec for London (51.5°N, 0°W).
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Windstorm tracking C
Impact-oriented wind-based tracking algorithm WiTRACK
(Leckebusch et al., 2008a) using 6-hour 10m wind speeds
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> |ocal 98t percentile.
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15-day Time clustering development

g UNIVERSITYOF
. s BIRMINGHAM

2.5
. . . Peak 1

We also highlightea: )0 ‘ —
C Two-peak structure seems ‘

robust in extreme windstorm 1.57

. L

climatology through 1.0-

bootstrapping 10,000 times with
_ replacement 051
C Spatial coherency of the intra- 0.0 J\/N"-"W

seasonal variability of clustering 05

8 18 28 38 48 58 68 78
Time in DJF

Figure 2. Centred 15-day moving window of the dispersion
statistic (W) resampled 10,000 times with replacement

T ™ T
-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00

Pearson's correlation coefficient

Figure 3. Pearson's Correlation coefficient of the Centred
15-day moving window of W of windstorms footprints for
London (51.5°N, 0°W) to all other grid points. Only
showing results where footprint density > 1.1 and p-value
< 0.05.

Feltz et al., 2026, in Review GRL
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climatology through 1.0-
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C Spatial coherency of the intra- 0.0 J\/NA-"W N
seasonal variability of clusterin Pearson's correlation coefficient
g o Tir::inéDJ %8 28 38 48 58 68 78 N e .
. — Figure 3. Pearson's Correlation coefficient of the Centred
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Feltz et al., 2026, in Review GRL
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Figure 2. Centred 15-day moving window of the dispersion
statistic (W) resampled 10,000 times with replacement
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Figure 3. Pearson's Correlation coefficient of the Centred
15-day moving window of W of windstorms footprints for
London (51.5°N, 0°W) to all other grid points. Only
showing results where footprint density > 1.1 and p-value
< 0.05.

Feltz et al., 2026, in Review GRL
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Introduction Results1.3: Large-scale modes
C Definition
EOF1: North Atlantic EOF2: Scandinavian EOF3: East Atlantic
Oscillation (NAO) pattern (SCA) (EA)

-1.00 -0.75 -0.50 -0.25 0.00 0.25 050 0.75 1.00 -1.00 -0.75 -0.50 —025 000 0.25

EOF loadings positive phase (following NOAA's definition )

Top 3 leading modes of Varimax rotated EOF performed ovet-20N°, 90W-80E- using 506hPa geopotential height standardized anomalies. Plotted as correlation
to their respective pc timeseries where (a) EOF1 explains 12.42% of the variance and is identified as the North Aflatiin ($80), (b) EOF2 explains 10.29% of the
variance and is identified as the Scandinavian pattern (SCA) and (c) EOF3 explains 9.74% of the variance and is tberiEasd/Adintic (EA).



Introduction Results 1.3: Large-scale modes
C Intraseasonal temporal storm clustering

East-Atlantic pattern

Peak 1 composite Peak 1 anomaly
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A Large -scale modes
reveal variations in their
intra -seasonal influence ,

EA+
8 specifically in their
association with
windstorms between the
1st and 2" peak.
- A More research is needed

to discern their roles to
clustering on intra-
seasonal timescales
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C220LINRYG RSyaAde O2YLIZAA G movhiwindoha weak (dolfrans- B andd y 3 [ T EK&6t @k, 2026, in Review GRL
2nd peak (columns-&) for positive (+) and negativeg phases of EAhe time interval for theslpeak isL0" Jang
24th, and the 2 peak is 31 Jang 14" Feb (15day perspective). Results are only shown where the footprint density
is > 1.1. Dots show results of a esanple ttest between the composite and climatology, where significance is P <
0.1.
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North Atlantic Oscillation
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A Large -scale modes
reveal variations in their
intra -seasonal influence
specifically in their
association with
windstorms between the
1st and 2" peak.

A More research is needed
to discern their roles to
clustering on intra-
seasonal timescales
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peak (columns-3) for positive (+) and negative phases of NAQhe time interval for thestlpeak is10" Jang 24th,

and the 29peak is 31 Jang 14" Feb (15day perspective). Results are only shown where the footprint density is > 1.1.

Dots show results of a orsample ttest between the composite and climatology, where significance is P < 0.1.
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C Intraseasonal temporal storm clustering

Scandinavian pattern

Peak 1 composite Peak 1 anomaly Peak 2 composite Peak 2 anomaly
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A Large -scale modes
reveal variations in their
intra -seasonal influence
specifically in their
association with
windstorms between the
1st and 2" peak.

A More research is needed
to discern their roles to
clustering on intra-
seasonal timescales
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peak (columns-3) for positive (+) and negativg phases of SCAhe time interval for theslpeak is10" Jang 24th,

and the 29peak is 31 Jang 14" Feb (15day perspective). Results are only shown where the footprint density is > 1.1.

Dots show results of a orsample ttest between the composite and climatology, where significance is P < 0.1.



Primary research questions:

~

C Are some more common at certain times of the winter season?

C Can we group similar Geopotential height 1000hpa development

fields (equivalent to mslp)?
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C Can we group similar Geopotential height 1000hPa development > BIRMINGHAM
Data:

. . N
. fields (equwalent to mSIp)' Core winter season (DJF), 1979/80-
C Are some more common at certain times of the winter season? 2024/25 ERAS reanalysis.

Windstorm tracking:

. . . Impact orientated wind-based tracking
+ K-
Spatial clustering method via PCA + K-means (Leckebusch et al., algorithm WITRACK (Leckebusch et

2008b): DOI: 10.1127/0941-2948/2008/0266 al., 2008a) using 6-hour 10m wind

speeds > local 98" percentile




Primary research questions:

~

C Can we group similar Geopotential height 1000hPa development
fields (equivalent to mslp)?
C Are some more common at certain times of the winter season?

Spatial clustering method via PCA + K-means (Leckebusch et al.,
2008b): DOI: 10.1127/0941-2948/2008/0266

PCA on 12-hourly

Geopotential
height 1000hpa

Data reduced by
retaining the first 6 PCs
that explained the most
variance.
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Data:
Core winter season (DJF), 1979/80-
2024/25 ERAS5 reanalysis.

Windstorm tracking:

Impact orientated wind-based tracking
algorithm WIiTRACK (Leckebusch et
al., 2008a) using 6-hour 10m wind
speeds > local 98" percentile
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C Can we group similar Geopotential height 1000hPa development
fields (equivalent to mslp)?
C Are some more common at certain times of the winter season?

Spatial clustering method via PCA + K-means (Leckebusch et al.,
2008b): DOI: 10.1127/0941-2948/2008/0266

Slice the 6
PC’s
timeseries’ into
3-day episodes
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Geopotential
height 1000hpa

Data reduced by Obtained the 3-day
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Data:
Core winter season (DJF), 1979/80-
2024/25 ERAS5 reanalysis.

Windstorm tracking:

Impact orientated wind-based tracking
algorithm WIiTRACK (Leckebusch et
al., 2008a) using 6-hour 10m wind
speeds > local 98" percentile
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~

C Can we group similar Geopotential height 1000hPa development
fields (equivalent to mslp)?
C Are some more common at certain times of the winter season?

Spatial clustering method via PCA + K-means (Leckebusch et al.,
2008b): DOI: 10.1127/0941-2948/2008/0266

Slice the 6
PC’s
timeseries’ into
3-day episodes

PCA on 12-hourly

Geopotential n * 36-dimentional

height 1000hpa

vector’s

Data reduced by Obtained the 3-day Each 3-day episode in

retaining the first 6 PCs development fields. the form:

that explained the most hoQood nepogo [ Pc1_day1

variance. _© - L :
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Data:
Core winter season (DJF), 1979/80-
2024/25 ERAS5 reanalysis.

Windstorm tracking:

Impact orientated wind-based tracking
algorithm WIiTRACK (Leckebusch et
al., 2008a) using 6-hour 10m wind
speeds > local 98" percentile



Primary research questions:

C Can we group similar Geopotential height 1000hPa development
fields (equivalent to mslp)?
C Are some more common at certain times of the winter season?

Spatial clustering method via PCA + K-means (Leckebusch et al.,
2008b): DOI: 10.1127/0941-2948/2008/0266

Slice the 6

PCA on 12-hourly PC’s n * 36-dimentional

Geopotential

height 1000hpa vector’s

timeseries’ into
3-day episodes

Data reduced by Obtained the 3-day Each 3-day episode in

retaining the first 6 PCs development fields. the form:

that explained the most hoQood nepogo [ Pc1_day1
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nwROwE HwRw
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Data:
Core winter season (DJF), 1979/80-
2024/25 ERAS5 reanalysis.

Windstorm tracking:

Impact orientated wind-based tracking
algorithm WIiTRACK (Leckebusch et
al., 2008a) using 6-hour 10m wind
speeds > local 98t percentile

K-means A 20
spatial-groups

20 spatiat
groups
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Results part 2.1 : s
Spatial clustering A 7
Windstorm spatial-
group occurrence
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identified
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fields have led to spatially
varying windstorm footprint
occurrences
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Number of windstorm footprint occurrences per spatial-group. (Number of times a spatial-group has
occurred when there have been at least 1 or more windstorm footprints in the 3-day period)

Windstorm footprint count
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Results part 2.1: Spatial clustering
Intraseasonal 15-day Windstorm
spatial-group occurrence
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Spatial-group number

London 15 -day spatial spatial -group development o mm 1 w1
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Figure 5. The spatial-group number of a given windstorm footprint on a Centred 15-day moving window (1979/80-
2024/25). The x-axis refers to the start day of the moving window, e.g. (a.) 8 = is centred on the 8" Dec and includes data
from 18t Dec — 155 Dec for London (51.5°N, 0°W). Blue line is the 15-day moving window dispersion (V) statistic for
London.
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Figure 5. The spatial-group number of a given windstorm footprint on a Centred 15-day moving window (1979/80-
2024/25). The x-axis refers to the start day of the moving window, e.g. (a.) 8 = is centred on the 8" Dec and includes data
from 18t Dec — 155 Dec for London (51.5°N, 0°W). Blue line is the 15-day moving window dispersion (V) statistic for
London.



Results part 2.1: Spatial clustering
Intraseasonal 15-day Windstorm
spatial-group occurrence
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Results part 2.1
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Conclusions and future work

Conclusions:

« TheSpatial clustering methodleveloped by_eckebusclet al. (2008b}uccessfully identified 5
primary storm clusterdrom events with similar spatial development (spatgbup: 1, 5, 9, 15, 20)

 For specific locations where we see an increase in temporal clustearigin spatiatgroups
contribute more than others depending on the time within the season

« Certain configuration of largecale modes on 18ay timescales has a higher occurrence of
windstorms

« Thepeaks and dipsn clustering can bexplained by largescale patternsand thetemporal
distancebetween storm arrivals

Future work:
* Further investigate the intr@easonal variability of thepatiatgroups
C Thosespatialgroupthat do not contain stormg a source of regularity in storm counts
« Why certain spatial storm clusters occur more often at certain times within the winter season
 |nvestigate how anthropogenic climate change will impact this behaviour

Email: Sxf22l9@student._bham.ac.uk Temporal intraseasonal clustering neprint:
Many thanks! Any suggestions welcome g org/10.22541/essoar.176840797.70711745/v1
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