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Abstract. Recent studies have highlighted the link between upper-level jet stream dynamics, especially the persistence of
certain jet configurations, and extreme summer weather in Europe. The weaker and more variable nature of the jets in summer
makes it difficult to apply the tools developed to study them in winter, at least not without modifications. Here, to further
investigate the link between jets and persistent summer weather, we present two complementary approaches to characterize the
jet dynamics in the North Atlantic sector and use them primarily on the northern hemisphere summer circulation.

First, we apply the self-organizing map (SOM) clustering algorithm to create a 2D distance-preserving discrete feature space
to the tropopause-level summer wind field over the North Atlantic. The dynamics of the tropopause-level summer wind can
then be described by the time series of visited SOM clusters, in which a long stay in a given cluster relates to a persistent state
and a rapid-transition between clusters that are far apart relates to a sudden considerable shift in the configuration of upper-level
flow.

Second, we adapt and apply a jet axis-core detection and tracking algorithm to extract individual jets and classify them in
intoto the canonical categories of eddy-driven and subtropical jets (EDJ and STJ, respectively). Then, we compute a wide range
of jet indices on each jet for the entire year to provide easily interpretable scalar time series representing upper-tropospheric
dynamics.

This work will exelasively-focus on the characterization of historical trends, seasonal cycles, and ether-statistical-persistence
properties of the jet stream dynamics, while ongoing and future work will use the tools presented here and apply them to the
study of connections between jet dynamics and extreme weather.

The SOM allows the identification of specific summer jet configurations, each one representative of a large number of
days in historical time series, whose frequency or persistence had increased or decreased in the last decades. Detecting and
categorizing jets adds a layer of interpretability and precision to previously and newly defined jet properties, allowing for a

finer characterization of their trends and seasonal signals.
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Detecting jets on fi

stpressure levels of maximum wind speed at
each grid point instead of on the dynamical tropopause is more reliable in summer, and finding wind-direction-aligned subsets
of O-contours in a normal wind shear field is a fast and robust way to extract jet featarescores. Using the SOM, we highlight=
i i i isolate persistent circulation patterns and assess if they occur
more or less frequently over time. Using properties of the jetfeaturesjets, we confirm that jets-get-faster-and-narrowerin-winter;
butnotso-clearly in-summer-and the northern hemisphere summer subtropical jet is weakening, that both jets get wavier, and
that they overlap less frequently over time. We find no significant trend in jet latitude or in jet persistence. Finally, both metheds
approaches agree on a sudden-flow-transition-inrapid shift in subtropical jet position between early and late June.

1 Introduction

Extratropical tropopause-level jet streams are narrow bands of westerly winds and are one of the most prominent features of
the upper-tropospheric circulation. Their large variability at daily timeseales-time scale (Woollings et al., 2014) along with
their link to extreme weather (e.g., Martius et al., 2006; Mabhlstein et al., 2012; Harnik et al., 2014) makes them a-prime-an
important object of research in meteorology and atmospheric dynamics.

From a climatological perspective, jet streams are often separated into two categories based on their location and momentum
source (Kallberg et al., 2005; Koch et al., 2006; Harnik et al., 2014; Winters et al., 2020; Spensberger et al., 2023). The
subtropical jet (STJ) is located at the poleward edge of the Hadley cell. It draws its momentum from the thermally-driven
thermally driven Hadley cell circulation and is mestly-mainly confined to high levels, typically between 400 and 150hPa
(Krishnamurti, 1961; Held and Hou, 1980). The eddy-driven jet (EDJ) can be found further poleward, inside the Ferrell cell. It
is also referred to as the subpolar or extratropical jet. It is driven by momentum flux convergence associated with midlatitude
synoptic eddies (Palmen and Newton, 1948; Held, 1975; Schneider, 1977; Woollings et al., 2010). It has a much deeper vertical
extent, typically extending below 700 hPa. The separation into STJ and EDJ is not always clear, as both sources of momentum
are often present to varying degrees to drive either jets and depend on each other (Lee and Kim, 2003; Martius, 2014).

Certain features and configurations of the jet have received particular attention over the last years due to their links to other
aspects of the circulation, surface weather, or both. The latitude of the low-level EDJ has been identified as a major mode of
variability of the wintertime Atlantic circulation (Athanasiadis et al., 2010; Woollings et al., 2010; Hannachi et al., 2012). A
very zonal (low tilt) EDJ paired with a north-shifted STJ can create a rare but very persistent circulation pattern with a merged
jet (Harnik et al., 2014). An instantaneously meandering jet is the marker of Rossby waves (e.g. Vallis, 2017), but strong narrow
jets can act as waveguides for them too (Hoskins and Ambrizzi, 1993; Martius et al., 2010; Wirth, 2020; White, 2024). A locally
sinuous jet may also mark the presence of a block (e.g. Nakamura and Huang, 2018; Woollings et al., 2018b). Jet properties
also interact with each other. For instance, in winter, the EDJ’s latitude influences its persistence and predictability (Franzke
and Woollings, 2011; Barnes and Hartmann, 2011), and a jet with low speed has a higher daily variability in its waviness and
latitude (Woollings et al., 2018a), which is hypothesized to faverise-favor blocks. Jet featuares-properties have also been linked

to extreme events. The position of the EDJ modulates the odds of extreme events in the midlatitudes (Mahlstein et al., 2012),
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and so does its waviness (Rothlisberger et al., 2016b; Jain and Flannigan, 2021). Over Eurasia, a-persistent-doublejetstate-the
persistent simultaneous presence of the EDJ and STJ is associated with increased odds of extreme heat in summer in certain
regions of western Europe (Rousi et al., 2022). Recently, statistical models trained on timeseries of a few (5-10) wintertime
EDJ properties (introduced by Barriopedro et al., 2022) were used to skillfully predict air stagnation (Maddison et al., 2023)
and temperature extremes (Garcia-Burgos et al., 2023).

Climate change is expected to affect the jet streams in several ways. Through connections highlighted in the previous
paragraph, themselves potentially affected by climate change, trends in jet stream properties may translate into trends in various
aspects of atmospheric circulation and surface weather (e.g. Held, 1993; Stendel et al., 2021). The poleward shift of the jet
streams under climate change was hypothesised very early on (e.g. Held, 1993). It is now observed in historical data in the
global mean, albeit more clearly in winter than in summer, and mostly for the EDJ. Fhe-signal-is-however-However, the
signal is weak in the North Atlantic sector (Woollings et al., 2023). This poleward shift is projected to continue in future
simulations (Barnes and Polvani, 2013; Lachmy, 2022; Woollings et al., 2023). For the STJ, the historical trend is season- and
region-dependent. For the North Atlantic sector, Totz et al. (2018) report a poleward trend in the transition seasons and an
equatorward trend in summer. The North Atlantic STJ is also weakening with time, especially in summer (Woollings et al.,
2023; D’ Andrea et al., 2024), and so is the North Atlantic EDJ in the last two decades (Francis and Vavrus, 2012; Woollings
et al., 2018a), although an opposite trend has been observed for longer time periods (Blackport and Fyfe, 2022). In future
simulations, a positive trend is projected for the maximum speed of the EDJ core, although this signal is not yet apparent in
historical data (Shaw and Miyawaki, 2024). In past data and using three different metrics, Francis and Vavrus (2015), Di Capua
and Coumou (2016), and Martin (2021) all find slight increases in EDJ waviness, but a stable STJ waviness in the last cited
paper. Further downstream however, Lin et al. (2024) find an increase in waviness for the Asian Jet that has an Atlantic origin.
By contrast to past trends, for future winters, Peings et al. (2018) find a decrease in waviness accompanied by a strengthening
and squeezing of the EDJ. This opposite trend in EDJ waviness for past and future data is consistent with the findings of
Cattiaux et al. (2016), who find a slight increase in waviness in the past only for certain basins (including the North Atlantic)
and seasons, but an overall decrease in waviness in future simulations. The conflicting results in jet meandering depending on
the period and metric chosen were highlighted by Blackport and Screen (2020b) and overall remain a subject of discussion in
the community (Geen et al., 2023).

Most of the current research in atmospheric science requires reducing the complexity of the circulation from time-varying
2D or 3D fields to a smaller feature space. These simplified feature spaces are either continuous, like jet indices (Woollings
et al., 2010; Di Capua and Coumou, 2016; Barriopedro et al., 2022) or the projection of instantaneous fields on princi-
pal components, or discrete, like weather regimes (e.g., Michelangeli et al., 1995) or other types of clustering methods
Weiland-et-al52021;Rousi-et-al-2022)like the self-
. These methods can also be categorised based on the number of choices the user needs to make, from data-driven;e-g—prineipal

S+ S5 aps;-statistical, e.g. dimensionality reduction or clustering, to expert-defined, e.g. jet
indices, blocking indices ;-or wave breaking indices. Bata-driven-Statistical approaches are typically less fallible since they

organizing ma

Gibson et al., 2017; Weiland et al., 2021; Rousi et al., 2022; Stryhal



require fewer choices, but tend to be harder to interpret than expert-defined features. Pata-driven-Certain statistical methods
90 are also known to produce physically unrealistic patterns that can lead to wrong interpretations (Monahan and Fyfe, 2006).
In-this-work-Here, and to lay the groundwork for further research on all the interactions previousty-eitedbetween jet streams
and other large-scale circulation features or surface weather events, we develop two complementary diagnostic tools for the jet
streams. Using two methods allows us to view the circulation from different angles, and to combine the strengths of data-driven
statistical and expert-defined approaches. Recently, Madonna et al. (2017) recommended the use of different, complementary,
95 and problem-dependent approaches to describe the jet streams. Both of the diagnostic tools presented in this work are adapta-
tions of existing techniques widely used in the field of atmospheric sciences, with implementation details changed and tailored
for the specific needs of summertime, upper-level circulation.
The first one is a-clustering-techniqueknown-as-the self-organizing map (SOM)—This-data-driven—clustering-technigque-,
a clustering algorithm. The SOM creates a distance-preserving discrete feature space that makes it a valuable tool to study
100 stationary-stationarity and recurrence (Tuel and Martius, 2023), a major factor in extreme events. The second one is a set of
jet characteristics computed on individual jet features-cores that are extracted, tracked, and categorized from wind fields. This
provides a collection of continuous interpretable time series representing the jets over time.
After presenting both techniques in detail, we demonstrate their capabilities on reanalysis data. The-high-level-objeetives-of

105

en-summer-a-season-that This work focuses more on summer than the rest of the year, This season receives less attention when

designing methods to characterize the circulation, and is yet very important for extreme events and which presents interesting,

different trends compared to the rest of the year (Harvey et al., 2023). The SOM will only be trained on June, July and August

(JJA) days, but the jets are detected on year-round data to provide more context to the JJA results.

110 The seasonal varability of the upper level circulation is characterized using both the week-by-week mean pathway through
the SOM and the seasonal cycle of the jet properties. and interannual trends are assessed for state occurence frequencies as well
as for individual jet properties such as jet waviness. The SOM approach is related to the more established weather regimes, as
their connections to weather impacts have been thoroughly studied. Finally, the persistence of the upper level flow, characterized
using both state persistence using the SOM, and feature lifetime using jet tracking, is quantified. These preliminary results are in

115 preparation for future work delving deeper into the comparison between these two, sometimes diverging, notions of persistence.

2 Data and Methods

2.1 Data

120 provides-We use 6-hourly gridded fields for the 1959-2022 period, over the 80 °W —40°E, 15°N—80°N domain, extracted from

RN

the European Centre for Medium-Range Weather Forecasts reanalysis version 5 (hereafter, ERAS reanalysis; Hersbach et al., 2020
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. The main variables we use are the horizontal wind components u and v, and the wind speed U = VuZ+ 02, on pressurelevels
ranging from-175-to-the six following pressure levels: 175, 200, 225, 250, 300 and 350 hPa.

Both algorithms take as input, at each timestep, a-single-2D (longitude-latitude) fietd-fields of upper-tropospheric wind. We
flatten the three wind fields (u, v and U) in the vertical by retaining, at every grid point, their value at the pressure level where
U is maximal since thejets-are-the-features-thatinterest-usour goal is to detect jet cores, and they are defined as local wind
speed maxima. We keep track, in a separate 2D arrayfield, of that pressure level, to use later in the jet categorization. Both
methods then add different preprocessing steps to this flattened-vertical maxima data, which will be discussed in the relevant

sections.

Tradditton-to-wind-speedfields;we-ase-We additionally use the potential temperature on the surface of maximum wind speed
and the horizontal wind speed magnitude at the 500 hPa geepeential-pressure level. Finally, summer Euro-Atlantic weather
regimes (Cassou et al., 2005; Grams et al., 2017) are computed from 500 hPa geopotential height anomalies from ERAS, and

AO 1 m O n d

at-seasenscomputed relative to a daily climatology including all years from 1959 to 2022, smoothed with a 15-day centered
rolling window.

2.2 SOM clustering
2.2.1 Definition

The self-organizing map (SOM) is a clustering method first introduced by Kohonen (1982) (see also Kohonen, 2013, for an in-
depth review), whose main appeal over simpler predecessors like k-means is the creation of a 2D distance-preserving discrete
feature space. The SOM may be presented as a modification of k-means. In k-means, data points are split in k& groups called
clusters, such that the variance within the clusters is minimal and the variance between clusters is maximal. Each cluster is then
represented by the mean of all its members, called the cluster center or sometimes weights matrix. The SOM adds another layer
to this algorithm, by arraying-placing the clusters on the nodes of a regular 2D grid of size k = n X m, typically rectangular or
hexagonal, based-en-and has a distance metric and-a-neighberhoed-funetionon this discrete space, for example the Euclidean
distance between nodes. There, a cluster 4 is defined by its weights matrix w; which is not equal in general to its center, but
rather the result of a training process during which clusters on neighboring nodes have an influence modulated by the distance
between nodes. Hereafter, we conflate the clusters and the nodes they sit on, and the phrases "distance between clusters" and
"neighboring clusters" are to be understood as, respectively, "distance between the nodes on which the clusters sit" and "clusters
on neighboring nodes".

The training then has a similar objective as k-means, with the additional constraint that a pair of neighboring clusters should
be more similar to each other than a pair of distant clusters. This constraint ensures the distance-preserving property of the

created phase space. The desired similarity of neighboring clusters may be enforced by the choice of an appropriate neighbor-

hood function. The neighborhood function, typically a Gaussianfanetion-of-the-, is a parametric function with parameter o
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the neighborhood radius, and is applied to the distance between clusters i W The convergence r&he}ped%y
a-seale-parameterof the algorithm relies on decreasing oth

tnitial-, equivalent in our case to the Gaussian’s scale parameter, over time during the training. However, the initial and final o
value-values as well as the decay function are additional choices that need to be made. In general, a larger o allows for more

similar neighbersneighbours, and the limiting case o — 0 is equivalent to k-means.

Both the SOM and k-means share the same challenge, that is the choice of the number of clusters k. The SOM further adds
the choice of the shape of the grid, k =n x m.

Allowing neighboring clusters to be similar inevitably-teads—can lead the SOM to be a strietty-worse clustering algorithm, in
the usual sense of cluster separation, than k-means-—ttshould-only-be-used-if-oneneeds-, if the neighborhood radius is different
from zero at the end of training (Gibson et al., 2017). Its strength resides in the creation of a distance-preserving feature space.

One of the reasons we use SOM is the interpretability of the projected-trajectory-trajectory when expressed as a succession of
cluster visits. Once the SOM is trained, each timestep belongs-is assigned to a cluster, its "best matching unit" or BMU, defined

as BMU(t) = argmin, ||x; — w;|| with x, the wind field at timestep ¢. Thus, the input time series is represented as a succession
of stays in clusters and jumps between clusters, where long stays or short jumps point to persistence, and long jumps indicate

abrupt changes in the configuration of the upper-level flow.
2.2.2 Specific implementation

For the SOM algorithm, the flattenedJJAJune-July-August (JJA) vertically maximum wind speed field (see Data) is coarsened

to a 1.5° resolution grid to reduce the computational complexity and to focus on the larger scale features. However, the final
results are shown at the initial 0.5° resolution. This is done by representing clusters with their centers, computed with the

original higher resolution data, rather than their weights.

Figure 1. Hexagonal topology SOM with ideal grid size. The SOM clusters are in black and the grayed clusters illustrate the periodic

boundaries.

The grid (of size n x m) is hexagonal with periodic boundary conditions, and is associated with a discrete distance metric.
AH-As a consequence, clusters are at a unit distance away from their nearest neighbors, and the bottom row and left column

also-are at a unit distance away from the top row and right column, respectively (see figure 1)—tn-orderto-, such that each and
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every cluster has six neighbors, all at a unit distance, Periodic boundary conditions were chosen to avoid creating an artificial
over representation of the central clusters, which would have diminished the relevance of our persistence measures later on.
180 The SOM is initialized using the first two principal components of the input data to ensure reproducibility, as recommended
in Kohonen (2013). Before training, the data is standardized and weighted by the cosine of latitude. We use the single batch
training algorithm (Kohonen, 2013), repeated 50 times with the neighborhood radius g exponentially decaying from 2 to 0.2.

This training algorithm does not involve a learning rate.
To inform our decision on the SOM grid size, we use two performance metrics of the SOM. The first one is the energy

185 function E of the SOM based on Heskes (1999) (see eq. 1), and the second one is the 5 percentile of the projection of data
points on their BMUs, defined as P in eq. 2. These metrics are a function of the ensemble of SOM weights W = {w;,1 <
i <n x m}, the ensemble of input data vectors x € X, of size N, as well as the topological properties of the SOM. The grid
distance between two SOM clusters 4 and j is precomputed and stored in a matrie-matrix of elements d;;. These distances are

then transformed by the neighborhood function to obtain the pairwise neighborhood parameters h;; = f(d;;;0) based on the

190 SOM'’s seale-parameter-neighborhood radius o. In this work, f is a zero-mean Gaussian with scale parameter ¢.

nxm

1 .
EW) = N Z | wmin Z hijllx —w;|? (1)
x€X T j=1
X -W;
PW :Q5( max Z) )
W)= e 2 TlTwal

The goal is to minimize £ and maximize P while maintaining a reasonably low number of clusters. The £ and P objectives

are similar, but the latter allows one to explicitly limit how poor the poorest projections on the SOM clusters are, making sure

195 that most days are well-described in the 2D feature space described by the SOM since current and future work includes working
on extreme configurations of the upper-level circulation. Testing for many sizes ranging from 4 x 4 to 9 x 9 was performed,

and the chosen size is 6 x 4.
2.2.3 SOM metrics

We compute statistical properties from the trained SOM, including the populations of each cluster and their annual trends, two

200 quality metrics as well as the average and maximum residence time in a given cluster;-and-the-transition-probability-matrices
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The-second-SOM-metric-of-first SOM metric of note is an egquivalent-analogue to the persistence index in dynamical systems
theory. The average (resp—maximur-residence time at a given cluster ¢ is simply given by the average {resp—maximum)
length of time during which BMU(t) = i, starting at the transition from another cluster to 7. The definition can be loosened
to the length of time during which BMU(¢) stays-remains within a given distance of 7. With a large SOMwith-sometimes-,
that sometimes features minute differences between neighboring clusters, this second definition with a small distance ef-1-or

2-can be a more realistic measure of persistence.

the-trajectory-stays-on—<ehaster-To account for varying degrees of similarity between neighboring clusters, we do not use the
discrete grid distance between clusters but instead the Euclidean distance between SOM cluster weight matrices. At the start
of JJA, the first stay starts on the first populated cluster, 9. As long as BMU(¢) is on ig or any other cluster whose weight

matrix is at a low enough distance from that of 4o, with as threshold the 10™ percentile of inter-cluster-weight distances, the
stay continues. The first timestep BMU(#) stops respecting this condition to arrive at another cluster 71, a new stay starts with

the same condition for it to terminate. The stay is associated to the most visited cluster during the stay, which is not necessarily.
the starting one.

We provide two cluster-wise quality metrics. The first one is the root mean square error (RMSE), defined for each cluster as
the mean Euclidean distance between its weight matrix and its members. A low RMSE is preferred. The second quality metric
is the cluster separatedness. We compute, for each pair of clusters, the ratio of the Euclidean distances between their weight
matrix to the grid distance that separates them. We then average all the ratios for all the pairs containing cluster i or-any-ofits
six-direet-neighbers—1o obtain cluster 7’s separatedness. A high separatedness is preferred.

Finally, we will relate our SOM clustering to the summer Euro-Atlantic weather regimes. Following Grams et al. (2017) but
using only for four weather regimes, we assign to each day of summer one of four weather regimes if the associated weather
regime index is bigger than that of the three other regimes for at least 5 consecutive days and is above its temporal standard
deviation within this time span. With this definition, 40 % of the timesteps are not assigned to any weather regime. We then
count the number of timesteps previously assigned to a SOM cluster that are now also assigned to a weather regime.

2.3 Feature detection and tracking

The SOM is a powerful data-driven-clustering tool to characterize the circulation as a whole in a given region. However, one
might want to know more specific information about some of the components of the circulation, expressed as numbers rather
than features on a composite map. We now turn to the methods we use to detect jets in flattened-vertical maximum 2D wind
fields, to separate them into broad categories, to track them over time to assess their lifetime and evolution, and finally to extract
a wide range of properties out of them. Thanks to seasonally-varying thresholds (see next section), our method works equally
well across the year. Fhists-why-Therefore, we apply it to the full dataset rather than only to sammerJJA, which will allow us

to broaden the discussion of inter-annual trends to other seasons and paint a full picture of the summerjets’ annual cycles.
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Figure 2. Results of our jet detection algorithm for 0000 UTC 9 Oct 1959. a) The smoothed, flattened-vertical maximum wind speed [m/s]
field given as input to the algorithm. b) The smoothed horizontal normal wind shear on the same fattered-2D surface. ¢) The 7 = 0 contours
where the size of the points corresponds to the wind speed field, and the color corresponds to the alignment with the horizontal wind vector
field from blue (close to —1) to red (close to +-1). d) The jets extracted from contours, as solid purple lines. The output of the S17 algorithm

is represented as dashed cyan lines for comparison.

2.3.1 Jet detection

Our jet detection algorithm is an updated-adapted version of the method by Spensberger et al. (2017, hereafter S17). It can be
applied to each timestep independently, allowing for parallelization. Asferthe-SOM;-the-flattened-wind-
The vertical maximum wind speed fields (u, v and U; see Data) are coarsened to a grid of 1.5°. As—afirst-differenceto

level of maximum wind speed over several pressure levels, as described in Data, is the first difference to S17, who used wind

fields interpolated onto the 2 PVU surface, where 1 PVU = 10~ %Kkg~'m?2s—!. Internal testing has shown that the STJ is often

undetectable on the 2PVU-surface-in—summer2 PVU surface in JJA, while it clearly appears on our flattened-2D fields. The

main criterion used to find jets is the horizontal normal wind shear 7 := g—g = %%—g - %%—U. Following Berry et al. (2007),
Yy
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F="0-astists-of-(F¢)-coordinate-pairsusing a contour detection routine.
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The points along the contours are filtered using a wind speed and
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part-of a-potentialjet—an alignment threshold. We use as wind speed threshold the day-of-year climatological 75" percentile of

6-hourly wind speed, so that the algorithm works equally well in all seasons. Second;-the-contour-must-The contour must also
be aligned with the wind speed. This is done by computing the local tangent vector t = 3—’;, with s the linear path coordinate,
and computing the alignment dot product a = H%\I - 17> as done in Molnos et al. (2017). We require a > 0.3 for a jet. With very
few values of a different from either —1 or +1, the performance of the algorithm is largely insensitive to the exact value of this
threshold.

Finallyjets-Jets are defined as the-longestseries of consecutive potential

jet points, i.e. points in the contours that follow the two point-wise criteria defined in the previous paragraph. We allow

series to contain small stretches of ++t6-3-one to three points that do not respect them-in-between—Thejetsthemselves-the
thresholds if they are surrounded by points that do. The series need to verify two—eriteria—to-be—considered-as—such—First;

the-one additional criterion to be finally accepted as jets. The path integral of the wind speed along their-cores-needs—to-be
above-a-day-of-yearvarying-threshold;-and-the-average-of-all- their local-alighment-dot-produetsneeds-to-be-above-0-6the path
of the series is computed using a method detailed in section 2.3.2 and is compared against a day-of-year-varying threshold,

Each jet J, of length L, is represented as a sequence of L, points k=1...L,, themselves a collection of coordinates

with longitude ¥, latitude ¢¥, pressure p* level, along with additional point-wise properties that can be of use to derive jet
k

% components of wind or the wind speed U*.

properties, e.g. the u* or v

Figure 2 demonstrates the jet detection algorithm in four steps and compares its results against the original S17 algorithm-

Our-algerithm-has-very-comparableresultste-, but applied to the same 2D data to ignore the potential problems raised by the 2
PVU surface in this basin. The algorithms produce similar results with a few disagreements that can be explained by studyin

the differences between our algorithm and S17. The-two-differeneefinding-Our algorithm finds 0-contours of 7 rather than

7 . d(+U . . . . .
low values of %ﬂﬁée*%eﬁﬂgMJets as subsets of contours using an alignment criteria instead of connecting

points using a shortest-path algorithm;-. These two differences seem to help find jet cores closer to the local wind maxima, a
problem that was highlighted in the original work. Furthermore, by allowing jets to not respect the two local criteria (speed
and alignment) for up to three points, our algorithm is more likely to find one long jet rather than several shorter pieces. This
latter point is sometimes a problem when an EDJ and a STJ are detected as one long single jet. However, this does not happen
often in 6-hourly data, and it is typically accompanied by a-sudder-an abrupt change in pressure level, wind speed, or alignment
along the jet core, which helps to highlight and resolve these cases. This issue is not solved systematically in the current version

of the algorithm, but might come in a later version.

10



2.3.2 Jet properties

Introduced by Woollings et al. (2010), the Jet Latitude Index (JLI) measures the latitude of maximum wind speed in the profile

obtained by averaging the wind speed field at low altitudes, to filter out the STJ and only capture the EDJ, in a longitudinal

band, originally 60°W — 0°E, the North Atlantic basin. It is often used in combination with the Jet Speed Index (JSI), the

290 maximum wind speed used to find the JLI. These simple and highly interpretable metrics have been used to describe jetstreamnt
EDJ variability at timescales ranging from daily to multi-decadal (Woollings et al., 2014, 2018a).

Over time, several other similarly simple yet powerful jet indices have been developed to describe the jet stream in a simpli-

fied way, or to link it to other phenomena. Such indices include the zonal jet index (Harnik et al., 2014), several sinuosity/wavi-

ness metrics (F

295 linked to extreme events and persistence (Rothlisberger et al., 2016b; Martin and Norton, 2023), up to a ten-index toolbox (Bar-
riopedro et al., 2022) that has been used for skillful predictions of cold and hot spells in Europe (Maddison et al., 2023).

In the presence of several jets, many of these indices give an incomplete or improper picture. Using our featurejet core detec-
tion algorithm (section 2.3.1), all the jet indices can be computed for each jet ebjeetindividually. The details of computations
and potential differences with the original metrics are explained in the following paragraphs.

300 In the previous section 2.3.1 we mentioned point-wise jet properties storing each point’s position and wind speed. The mean
of these point-wise jet properties constitute the first jet properties we compute. The ones of interest correspond to the mean
position of the jet. The properties mean_lon, mean_lat and mean_lev are all computed as weighted averages of the
longitude ), the latitude ¢ and the pressure level p respectively, using the point-wise wind speed values U* as weights. In
the spirit of the JLI, the maximum wind speed is found and stored as spe_star. The position on the (lon-lat) plane of this

305 maximum is stored as lon_star and lat_star.

A path integral of the wind speed along the jet core and using the haversine distance is performed and stored as jet_int.

Explicitly, the integral [ Uds is discretized using central finite differences and computed with a discretized approximation of

ds = 2Rarcsin \/sin2 (df) - cos? <d;\> + cos?(¢) - sin” <d2)\>

with R = 6.378 x 10%m the radius of the Earth. This integral is performed once more over a smaller domain (A > 10 °W) and

stored as int_over_europe.
To obtain the local width of the jet a at a point k along its core, normal segments are drawn in continuous space on either
side of the jet core, of length 10° each. Along each segment, the wind speed is interpolated from the gridded wind speed field.
310 For each segment, the haversine distance between the core and the first point to have a wind speed below 8:-5-<2-0.75 x UF
represents the local width of the jet on this side, and the full local width is the sum of the local widths computed on either side.
In some cases, only one segment can be drawn if the jet core is too close to a boundary. In this case, the local width is simply
twice the width computed on the only valid side. The local widths w® are computed enly-every-5-jet-ecore-points-to-make-the

eomputations-fasteron every jet core point, and then averaged, with U¥ as weights, to finally obtain the jet’s mean width.
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Figure 3. Schematic representing the local width computation, along a jet core a drawn in purple, for a single point k. In the schematic, the
wind speed interpolated onto the half-segments is represented using a color gradient from black (core wind speed at the point of interest,
Uy to yellow (half-three quarters of local jet core wind speed, %%UQL(M with a tick every BMM The schematic,

especially the grid spacing, is not to scale.

The tilt of the jet is computed as the slope of a UF-weighted linear fit of the ¢* against the A*. The linear coefficient is
stored as tilt, while the intercept is discarded. The quality of this linear fit, the R? value, is used to compute a natural
measure of jet waviness: wavinessl =1 — R% Another natural way of characterizing waviness from jet ebjeets-cores is the
Uk-weighted average distance between ¢F and mean_1at, stored as waviness2. For short jets, the difference between the
tilt and the waviness is hard to assess, and in this case waviness1 will not capture waviness well. However, if a jet is both
tilted and wavy, only waviness1 will be able to separate these properties. These two waviness metrics are compared against
adaptations of waviness metrics found in the recent literature. wavinessFV15, adapted from Francis and Vavrus (2015),
is computed as the U¥-weighted average of the local meridional circulation index: MCI’; = % wavinessDC16,
adapted from Di Capua and Coumou (2016), is computed as the ratio between the haversine-integrated length of the jet ([ 1ds)
to the length of the circle arc ¢ - R - A\,, where ¢ is mean_1lat and A), is the extent of the jet in longitude expressed in
radians. Finally, wavinessR16, adapted from Rothlisberger et al. (2016a), is computed as the sum of absolute differences in
latitudes between neighbors |¢*+1 — ¢¥|, divided by the sum of differences in longitudes.

An index that can be computed that will not be categorized per jet is the double jet index. From the found jets, a 2D (time-lon)
binary array is built, where an element is set to True if at least 2 jets can be found at this timestep and longitudinal band over

all latitudes and one hemisphere. The index is the zonal average of this array for longitudes over Europe, 10 °W < A < 40 °E.
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In section 2.3.4, tracking the jets allows ene-to-add-to-thistist-us to determine the lifetime of thejet-a jet object, as well as

the instantaneous speed of the jet’s center of mass.
2.3.3 Jet categorization

While some literature sees the types of jets highlighted in the introduction as regimes of a singular jet stream (Harnik et al.,
2014, 2016), this framework-work benefits from seeing them as categories one may assign to the previously detected jets. In
instantaneous data, one cannot distinguish the jet from the eddies potentially driving it, since the quantification of the eddy
momentum flux requires temporal filtering and averaging (e.g. Lachmy, 2022). One instead-has—torely-on-depthmay instead
rely on the vertical extent or baroclinicity of the jet, which is sometimes misleading due to the many factors influencing
low-level winds, latitude, which is not sufficient on its own for global data (Winters and Martin, 2017), or potentially other
metrics like shear (Martius-et-at-—20H0)vertical shear (Martius et al., 2010) or the height of the tropopause above the jet core.
A recent, promising approach to establish this categorization bins and-eounts-the jets on the 2D feature space (Wind speed
— Potential Temperature). The algorithm then extracts regions of high occurrences for oceanic basins across the world and
for both-winter-and-summerthe whole year. The approach always finds two distinct regions that may be labeled STJ and
EDIJ, except for the North Atlantic basin in summe pensberger-et-al;2023;see-supplementary material for summery—JJA

(Spensberger et al., 2023, see their supplementary material for JJA).

A very similar approach is used here—It-, but with another feature space to better highlight the weak but still present
bimodality in jet property distribution in this basin and season. Our version of the algorithm uses the (Mean-fatitude— Mean
longitude—Pressure-teveh-3D-baroclinicity — potential temperature) 2D phase space and fits a two-component Gaussian Mix-
ture model to facilitate the discovery of the two regions. The medelis-baroclinicity or vertical extent proxy is similar to that
position of the jet point and the jet core speed itself. The illustration of this binning can be seen on figure 4, where the count of
each hexagonal bin is represented by its lightness and size.

A two-component Gaussian mixture model assumes that the data are bimodal and tries to fit their empirical distribution as a

sum of two Gaussian distributions. Each Gaussian is defined by its mean and covariance matrix, and these are the parameters
the model fits to the data. The model is fitted independently for each seasen-month to accommodate the large seasonal variation

in the STJ’s me

pressuare-devels-{notshowmoccurence frequency. The density in the EDJ Gaussian component at each point, computed usin
the standardized distance to this component’s center, is then used as a continuous score and not a hard assignment. The ED]J
component is identified as the component with lower potential temperature. Most jet points will have a score close to 0 (STJ

13
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Figure 4. Demonstration of the jet categorization —a;-b)Ferfor each seasonhere-HA;-month of the jets-year. The jet points are arrayed-on
binned in the 3D-phase2D space (Meantatitude-baroclinicity proxy — Meantongitude—Pressuretevelpotential temperature)and-binned
i = S i jets in, in arbitrary units--A-two-component-Gaussian Mixture modelis fitted

and-represented-as-a-hexagon illustrate its height, while its color ranging-indicates the mean Gaussian assignment score, from pink for-the
(0 score, close to STJ component) to purple for(1 score, close to EDJ —e-fcomponent)Spatial-density-. The crosses indicate the center of
detected-jets-in-arbitrary-unitseach Gaussian, eolored-by-eategories-pinkfor-STh-x, and purpleforEDJfor-al-fourseasonsza. On the lower

|lz—1 ||

right corner of each box, the quantity log ;~—L: is binned, where z is a 2D vector containing a jet point’s vertical extend proxy and potential

temperature, and is the 2-norm of the vector y. This quantity is not the final score but serves illustrative purposes. The latterfour-panels
have-final score is averaged for each bin and indicated with the same-arbitrary-sealecolor of each bar, as for the hexagons.
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point) or close to 1 (EDJ point), but some points lie inbetween and can be thought of as hybrid. The jets as a whole are assigned
a category based on the mean of the scores of the points that constitute them. Again, while most of the jets have a mean score
close to either 0 or 1, some lie inbetween and can be thought of as hybrid.

The nature of this potential hybrid jet category is discussed in Appendix A. In short, it has an almost identical seasonal cycle
to that of the STJ and is almost only present in JJA. Our final decision was therefore to carry on with only two categories, with
a categorization cutoff informed by the distribution of EDJ component mean score.

2.3.4 Jet tracking

A straightforward feature-tracking-object tracking algorithm is presented in this section. The program will assign a flag n to
each jet at each timesteps, where the flag is carried over from a jet in a timestep to a jet in the next one according to a distance

threshold.

The algorithm starts by assigning each jet in the first timestep a unique flag 1,2,3.... It then iterates over all timesteps ¢.
For all flags that have appeared at least once in the previous four timesteps (t — 1, t — 2, t — 3, t — 4, i.e. a day with a time
resolution of 6 hours), the algorithm extracts the most recent jet with this flag into a list of potential parents. This allows for
jets to disappear for a few timesteps and mitigates the issue of short jets blinking in and out of the jet integral threshold from
section 2.3.1. The potential children are all the jets present in the current timestep. For all pair of a potential parent jet a and a

child jet b, an overlap measure o, ; as well as a vertical distance d, , are computed as described in equations 3 and 4.

. |AaﬂAb| 1 1
Oab = 5 . + 7 A3)
. La,Ly
bap = - 4
b A, A > lei—al “)
ABVESY

Where A, is the ensemble of longitudes in jet a.
Both overlap and vertical distance metrics need to satisfy a certain threshold, respectively 0.5 and 10°. If both are met, the
jets match and the child jet is assigned the parent’s flag. If a child matches no potential parent, it is assigned a new flag, the

latest assigned flag plus one. If a child has two potential parents fulfilling both criteria, or if a parent has two children fulfilling

them, the winner is the most recent one, and if both are as recent then it is the longest. H-the-algorithm-works-en-enly-apertion

Using this, it is possible to infer the lifetime of a jet from its genesis to its decay, as well as to track the speed of its center
of mass (COM), in m/s using the haversine distance between two 6H-timesteps6-hourly-timesteps. The first use of these new
jet properties is to filter out jets with 1- or 2-timestep lifetimes to filter out residual noise. The lifetime and (the inverse of
the) COM speed can be seen as additional measures of persistence of the eirettation—jet and can be compared against those
developed within the framework of the SOM.
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Figure 5. SOM training results on summer-JJA wind speed fields. Composites of horizontal wind speed for all days corresponding to a

cluster, and result of the jet core detection algorithm applied to the composite wind fields overlayed as colored lines; pink for STJ and purple

for EDJ. The SOM cluster number is indicated by a number in the bottom left corner.

3 Results
3.1 JJA-Atlantic Jet-JJA SOM space

The resuttresults of the SOM training are summarized in figure 5 on-the-diserete-phasespace-ereated-by-the-SOM-in a grid that

represents its topology. Each panel is a composite-of-the-wind-fields-ef-wind speed composite of all timesteps belonging to the
corresponding cluster. The population of each cluster is shown in Figure 226a). The jet finding and categorization algorithm is

applied to these composites, and the results are overlaid with purple and pink lines for the extratropical and STJs, respectively.

Since composites have lower wind speeds than instantaneous data, the point-wise wind speed threshold is lowered to 20m.g !

and the jet-wise integrated wind speed threshold to 3 x 108 m2.s~!. Long jets that exhibit a EDJ region and a STJ region (see

section 2.3.1) are split into two automatically, on clusters 1 and 7, so that we can later on derive jet properties directly from the
SOM composites, in Appendix C.

Z%a}weﬂap&ef—fhe—sfP}J&ﬁd—ﬂae%J—whﬂ&We first assess a few regions of interest in the SOM from a qualitative stud
of the composites. Clusters where both jets are present and overlap zonally (double jets) are located on the right side of the
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Figure 6. Climatological SOM cluster-wise properties. a) Population, in number of 6-hourly-timesteps-days in JJA 1959 to 2022. b) Daily

Weather regime with maximum relative occurence frequency to aeach SOM cluster,

excluding "no regime" the shorthands correspond to NAO- (N-), Atlantic Ridge (AR), Atlantic Low (AL) and Scandinavian Blocking (SB).
—c) Proportion of timesteps withing each SOM cluster not associated with any weather regime, as in

Grams et al. (2017), in percents, d) Trends (1959 - 2022) in population in days per JJA. Significant trends at the 95 percentile are marked
with a-black eresscrosses. €) Root mean square error of each cluster. f) Separatedness of each cluster, as defined in the main text.

rid and the bottom row. A subsection of this high-overlap region of the grid on the center-right columns, clusters 16, 17, 22

and 23, have the subtropical jet over the Sahara while for most the other clusters with double jets, the eentre-rightregion-has

2and-22)-Atlantieridge(clusters16-and-, 6,9, 12, 13, 14, 17);-and-Greenland-blocking(clusters-6-and-7)-This-can-be-supported

77,18 and 24. Clusters 11 and 16 contain more
noisy and small scale jet features than the rest of the SOM. In the composites of cluster 2, the region of high wind speed at
the eastern edge that could be interpreted as a STJ is too weak and short in the domain to be captured by the jet detection

algorithm.

3.2 SOMstatistieal properties
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Figure 6 shows six SOM cluster-wise properties using a honeyecomb-hexagonal grid representing the SOMetusters. The first
property (panel a) is the cluster population. There is up to a factor > 3 between the least and the most visited cluster, and the

left side of the SOM, featuring shorter and weaker STJs, is a lot more represented than the right side. The least populated
ehusters;—I-and -7, both-feature shorter southward-shifted jetscluster, 22, corresponds to a south-shifted STJ with a wavy EDJ,
while the most populated clusteraumber-8;-, 2, features both a shertEDJ-and-along-STIwith-little-overlap-over Europestrong,
clongated and wavy EDJ doesn’t feature a visible STJ.

The daity NAO-index; shown-on-the second-clusters are related to the summer Euro-Atlantic weather regimes (figure 6b
and ¢) to simplify their interpretation and compare both approaches. This is done by calculating the weather regime occurence
probabilities conditional on each SOM cluster occupancy. The most represented weather regime in each SOM cluster, excluding

the-firsttwoPCs12, 17 and 14 are associated with the Scandinavian Blocking regime, and the corresponding relative occurence

frequencies are the highest in all the cluster-regime pairs (not shown). This is probably due to the distinctive footprint blocckin

has on the jet, a large poleward shift of the EDJ above Europe. Interestingly, cluster 13, which has a very similar jet structure,
is not as strongly linked to this regime but instead to the Atlantic Low regime, along with clusters 7 and 9. The NAO- regime is
expectedly associated with SOM clusters with very zonal EDJ, (1, 3, 4. 8 and 11) although the conditional probabilities remain
low. The Atlantic Ridge is not strongly associated to any SOM cluster in particular, and the "no regime"” appears frequently in

most SOM clusters, up to 70% of the time.
In the-third-panele;JA-panel d, inter-annual population trends are shown for all clusters. The most negative trends—in

trend in population, e-g
Harvey-etat—2623)-cluster 1, corresponds to a zonal EDJ and a short, north-shifted STJ and is strongly associated to NAO-
(panel b). The second most negative trend, cluster 19, features a zonal EDJ and weak, north-shifted and elongated STJ and
is not strongly associated to any weather regime. The strongest positive trends, (clusters 3 and 9), correspond to strong EDJ.
situations, one zonal (3) and one wavy (9), as well as weak and short STJs, without strong association to any weather regime.
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Figure 7. Weekly summer—JJA pathway, the weekly-binned cluster population for all weeks of summer-JJA and averaged over all

summersJJAs. Week 1 corresponds to the first week of June and week 12 to the previous to last week of August.

also provide two quality metrics for each SOM cluster: the associated RMSE error (figure 6e), where a high value represents
a cluster whose weight matrix is a poor representative of many of its members, and the separatedness (figure 6f), where a low.

465 value represents a cluster whose weight matrix is very similar to that of its neighbors. We see hotspots in both RMSE and
separatedness for clusters 10, 11, 16 and 23. These clusters contain more diverse synoptic situations (high RMSE) than the
other clusters, and that are different in their mean to the rest of the clusters, especially those close to them on the grid.

i i i i -Next, we show the typical JJA pathway through the
SOM in figure 7. This figure shows weekly-binned cluster populations for all weeks of JJA and averaged over all summers

470  JJAs 1959 to 2022. It shows that the-smal-isolated-a small subset of clusters 2;8;13-corresponds-to-patterns-that represent-most
of early June’s-eireulation-while-the rest-of the-chusters-are-in the center-right columns of the SOM represents most of the
circulation during the first week of June, while clusters on other columns are much more likely to be visited in July and August,
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indicating a marked transition of the flew-duringJunecirculation patterns during June, in the mean over all years. The shift

from leftto-rightthe center right columns to the center left and edge columns of the SOM grid at the end of June corresponds
to a reduction in double jet occurence in

The cireulation during these-first-weeks-of Juneis therefore-represented-by The first week of June, which s climatologically
different from the rest of JJA, has its variablity almost entirely constrained to a few clustershightighted-earlier-Fhe mean-error
210,11, 16, 17 and 23 (7). The RMSE on these clusters is higher than for the rest of the SOM (not-shown)-so-it-is-safe-to

clusters earlier identified as early June clusters are almost never populated again past the first of July. The clusters on the
upper left corner (1, §; i : . . . .
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Figure 8. Euro-Atlantic jet properties annual-signal-seasonal variability. The results are split by jet category and always colored in the same

way: pink for the STJ and purple for the EDJ. The double jet index is colored in shades of gray. A 15-day-window averaging is applied to the

day-of-year mean (thick line) as well as the day-of-year median (thin dotted line) but not to the inter-quartile range (shading). The marker

label for each month corresponds to the first day of this month. The grey rectangle in the middle of each panel represents JJA.
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Frem-Using the detected and categorized jets, it-is

study the properties of each jet category separately. We have defined numerous jet properties and many of them are correlated
with one another, so only a selection of six are shown in the main text, while results for a larger selection of—variables-are

presented-are presented in Appendix B.

The six properties chosen have all seen keen interest in pastliteratureunder-various-formsthe literature. The average latitude
can be compared to the Jetlatitude-Index-JLI (Woollings et al., 2010) while the max. speed can be compared to the Jet-Speed
Index-or-JSI or to the 99™ percentile of wind speed (Shaw and Mlyawakl 2024). The %peeekef—fhe@vnvv\e;r/svev\qf/\tpgl jet’s COM

speed can be viewed as a proxy for persistence

charaeterize-thisproperty-. The waviness, as defined by Di Capua and Coumou (2016 and hereafter named DC16 waviness
is a simple metric to quantify the departure from zonality of the detected jet-objects;-thejets. The width of the jet is emerging

as another feature of interest in recent literature (Peings et al., 2018) and is here computed using natural coordinates. Finally,

we determine, at each longitude, if both jets are present and average this overlap boolean quantity over the European sector

(A > 10 °W). The mean latitude, max. speed and width “s-distributions have low skew, while the COM speed, waviness and

double jet index’s distributions are very skewed with tall peaks at low values and long tails.
The yearly-eyele- Wof this selection of jet properties is presented in figure 8. A&lrfhe—fesu}ts—afeﬁphkby—]ef

Several interesting features can be observed in this figure. First, the month of June is once more highlighted as a transition
month that is different from the rest of summetr]JJA. More precisely, the speed and-width-of both jets and the waviness of the
STJ reduce in the months leading up to June ;-with-a-strongersignat-for-the-STH(figure 8b and d). Then, during June, both jets
move poleward, with again-a-a much more pronounced shift for the STJ (figure 8a).

The yearty-eyele-seasonal variability in latitude and speed of the EDJ are very comparable to the Jet Latitude Index and Jet
Speed Index yearly-eyeles-seasonal variabilities (Woollings et al., 2014) and the storm track yearly-eyeles-seasonal variabilities
(Hoskins and Hodges, 2019) for the equivalent EDJ properties (respectively average latitude and max. speed). The amplitude
and width of the summer-JJA peak in STJ latitude can be compared with Maher et al. (2020). Seasonally, the STJ follows
the expansion and weakening of the Hadley cell in the northern hemisphere summer (Dima and Wallace, 2003; Davis and
Rosenlof, 2012)

The speed of the COM and the R+6-DC16 waviness do not show strong seasonal eyeles-in-ecentrast-variabilities in contrast

figure 8c and d), with signals staying well below the interannual variability, altheugh-a-dip-in-STICOM-speed-and-inEDJ

the exception of the STJ’s waviness which shows a peak in spring. The jets are much closer together in summer-JJA than the
rest of the year, but overlap less often, mainly due to the subtropical jet occuring less often in summer—TFhis-is-tikely-to-affeet

Rossby-wave-breaking-frequency-and-intensity-JJA (see 4).
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Figure 9. Euro-Atlantic jet properties summer-JJA means and inter-annual trends, split by jet category. Linear trends represented by dashed

lines are significant at the 95™ percentile, while the dotted lines are not.

An important questions is how these properties have evolved under the past climate change. Figure 9 shows the inter-annual
JJA trends for the selected six properties;-while-figure-2?-shows-the-all-year-trends{for-thesame-sixproperties. Statistical
significance is tested using block bootstrapping, with 10000 bootstrapped time series created with a block size of four years.

Trends in summer-JJA are yet to emerge out of the inter-summer-inter-annual variability, as only twe-three of the eleven
trends shown in figure 9 are significant, negative-trends-in-the-width-and-max—a negative trend in the max. wind speed of the
STJ —Fhis-ST+-and a positive trend in the waviness of both jets with the DC16 definition. The STJ max. wind speed trend

is consistent with the findings of D’ Andrea et al. (2024), who report a significant decrease in zonal wind between —0.1 and

—0.5 m/s per decade in-the-area-highlighted-as-the-preferred-positions-an the area corresponding to the location of the STJ
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and-ean-also-berelatedtolonger-termJJA (see figure 5). The trends in meanjetspeed-Woollings-et-al5 201 8a; Harvey-et-al52023)
waviness, while large in this figure, are dependent on the definition, as we showcase in Appendix B. An increase in waviness

in this region is consistent with, e.g. Francis and Vavrus (2015) and Cattiaux et al. (2016). It is also consistent with a positive

trend in occurence frequencies for SOM clusters featuring wavy or tilted (3, 9) and negative trends in clusters presenting more

zonal jets (1 and 19). It is worth mentioning that, with our definition, there is only a non-significant negative trend in double
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Trends of these six jet properties can be viewed at a finer temporal scale, for each day of the year on figure 10. The
significance is once more established using block bootstrapping with the same settings as for figure 9, and it is assessed
prior to the 60-day rolling-window smoothing.

595  The EDJ exhibits a poleward shift accross most seasons, consistent with the arguments of Held (1993) (figure 10a). The
STJ shows an equatorward trend in spring and a poleward trend in autumn (figure 10a). The EDJ maximum wind speed
increases consistently accross the whole year, with the strongest of intensification in February, March, May and June (figure
10b). This result can be linked to results in past data (Woollings et al., 2018a; Harvey et al., 2023), and in future simulations
Shaw and Miyawaki (2024). The STJ has opposite trends in its max. speed between JJA, where the trend is negative, and

600 September to December where the trend is positive (figure 10b). No strong trends appear in our results for the COM speed,
except a negative trend in COM speed in July and August for the EDJ and in Sepember and October for the STJ (figure 10¢).
DC16 waviness increases significantly, for both jets and consistently over the whole year, with a stronger increase between
January and June (figure 10d), which is mostly consistent with , e.g. Cattiaux et al. (2016) and Di Capua and Coumou (2016).
albeit in different regions. The width does not show strong trends except a negative trend in April and May for the STJ (figure

605 10c). Finally, the od—Finalv—ofn o . ; o foureF
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Figure 10. Euro-Atlantic jet properties inter-annual trends, computed independently for each day of the year, and the result smoothed by a

60-day rolling window. Trends significant at the 95" percentile are marked with a thick dot. Significance is assessed prior to smoothing.

are-written—tn-bold: double jet index increases significantly in March, April and May and decreases significantly in July and
August (figure 10f), although the trends in JJA averages were not significant (figure 9).

3.3 Jet properties on the SOM

In this section, we make use of the detected jets and their properties to assess the capabilities of the SOM to capture jet
stream variability as opposed to random noise. First, we composite jet core detection probability, separated by jet category, and
overlay on top the jet cores found in the SOM wind speed composites, i.e. figure 5. The results, visible on figure 11, show a
clear agreement on the position of the detected jet cores as well as on their categorization.
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Figure 11. Jet core detection probability composites (blue shading for EDJ, pink shading for STJ), and jet cores found on wind speed

composites, figure 5, as colored lines (purple for EDJ, pink for STJ).

As a way to compare and validate the results of both methods, a selection of jet properties are projected onto the SOM

clusters, shown in figure 12.

The latitude of the EDJ is, as on the composites, higher on the extremal columns than in the central columns of the SOM

anel a), and the clusters with highest mean EDIJ latitude also correspond to clusters with high relative occurence of the

Scandinavian Blocking weather regime (see figure 6b). The maximum speed of the EDJ is highest on clusters 10, 14 and 23.

These three clusters have the highest population during the first (10 and 23) or the last (14) week of JJA (see figure 7), when

or Atlantic Low regimes, and lowest for clusters associated to the NAO- or Atlantic Ridge regimes, with the notable exception
of cluster 8, weakly associated with NAO- but very wavy (see figure 6b, relative occurence not shown).

The double jet index, as well as the jet overlaps-max. speed, mean latitude and width of the subtropical jet all follow the very
clear seasonal signals presented in the previous section (figure 8) when matched with the weekly cluster populations (figure 7).
The observations are also very consistent with what can be seen on the jet core probability composites (figure 11).

The observations made, qualitatively, on the wind speed composites (figure 5), can all be matched with the jets’ mean average
latitudes-and-the-mean-doublejet-indexproperties on the clusters (figure 12). This result is not entirely trivial. It means that,

for most clusters, the jets found in the cluster mean wind speed composites have properties corresponding to the mean of the

properties of the jets found in each individual timestep belonging to that cluster. In other words, the wind composites and the

jets found therein are representative of the wind speed snapshots, as well as their jets, belonging to each cluster and not merely

artifacts of averaging noisy fields. These observations are quantified in Appendix C.

26



645

650

655

a) Avg. latitude [ °N], EDJ  b) Max. speed [m -s~!], EDJ c) DC16 waviness [ |, EDJ

SO0 [0 Q0000 [2 a0 50 [I
@0 @ [ gl [ eeenne [1
O W b hedd 1 W
d) Width [10°m], EDJ

5
5
5
5
Zl 1
e) Double jet index [ ] f) Width [10°m], STJ
0 dOe 3 6 &
et ond ST g on |
i Bodtws 1 o d@bo
4.0 Z -3
4
1

<
o0

(=)

Lok T~
—
(V]

i) Avg. latitude [ °N], STJ

Soep &S
20 21 EDED Doy _, @YD =P -3

Figure 12. Jet properties, separated by jet category when applicable, projected on the SOM clusters. Shades of purple corresponds to EDJ

e}

2 3 68
s @ 0
0
0
0

oo

6
5
)
)
)
L)

(=
e
5
(=)
©,
©

roperties and shades of pink to STJ.

3.4 Jet persistence

We characterize persistence using three metrics extracted from the residence times on each SOM cluster and two metrics for

each jet category, the jet lifetime and the speed of the center of mass. To compare all of these metrics, we aggregate their results

for each SOM cluster and plot the results in a hexagonal plot as in section 3.3.

Qur definition of residence times allow for departures one cluster away from the origin cluster (see section 2.2.3). We first
count the number of stays that last more than 4 days on each SOM cluster (figure 13a). The lengths of stays of any length
are aggregated as JJA averages (panel b) and 95" percentiles (panel ¢). The summer averages give an approximation of the
state persistence (Tuel and Martius, 2023), i.e., an estimate of how much time the large scale-scale circulation pattern typically.
needs to move from one state into the next, while the number of long stays and the 95" percentile of residence times capture
more episodic persistence, i.e., the most persistent events of each flow configuration.

Clusters 1, 2. 3 and 20 are characterized by a large number of long stays, and a high state and episodic persistence. These
clusters all represent a roughly similar synoptic situation of a zonal EDJ extending over the British Isles and with low positive
tilt, but with minute differences in apparent EDJ waviness and length of the STJ. These are very well-defined clusters (low.
RMSE) but with the lowest separatedness in the SOM, which confirms our observations on their composites. In the rest of the
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SOM,, the state and episodic persistence seem to be correlated, and the previously highlighted region of clusters representing.
the first week of June (10, 11, 16, 17 and 23) does not stand out as more or less persistent than the clusters representing the rest
of JJA.

Results from the projection of jet-wise persistence metrics onto the SOM show mixed agreement with the SOM persistence
metrics, at least in this presentation of temporal aggregates, as well as mixed agreement among each other. High COM speeds
of either jetare-as-tikely-te-, indicator of low instantaneous persistence, can be associated with longresidence-times(see-again

t as—w SAOTtoO B S—G1s pancy-i1Ss—a—grea otrvator—+Totr—tuty WO O a acets—o S potta

feature of eireutation-cither low or high state persistence, and with either low or high jet lifetime, for jets of the same nature or
the other. It is worth reminding that, while all of these numbers characterize persistence in some sense, they are very different
in nature. Jet lifetime and SOM average residence time are both nonlocal, which means they can only be determined when a jet
has weakened below the jet integral threshold or left the domain, and when a stay on a SOM cluster has ended. Additionally,
the two jet related metrics only assess the persistence of one jet at a time, which can be very different. This can make these
metrics unfit to qualify a timestep or a period concisely.

4 Discussion and summary

We use two complementary methodstSOM-andjetfeatures), self-organizing-maps (SOM) and jet core detection, to character-

ize the upper-level tropospheric jets, and apply them to the Euro-Atlantic sector in the less studied northern hemisphere summer
season, along with some year-round results. The SOM method specializes in finding dynamical properties of the overall flow,
including persistenceand-predietability, while the jet features-core detection method finds properties of individual jet feature
cores at every timesteps, of-which-we-present-trends-and-seasonal-signalsand present for each the ERAS inter-annual trend
and intra-seasonal variability. These methods have overlaps, for example the SOM shows a clear seasonal-sigral-intra-seasonal
variation in cluster population, and some of the jet feature-properties are proxies for persistence. These overlaps allow us to
verify the results between methods, increasing our confidence in our results.

The self-organizing-map(SOM);—a-data-driven-SOM, a clustering method with distance-preserving properties, allows us
to study the circulation time series as a sequence of stays on a cluster and jumps between clusters, where the magnitude of

the jumps is meaningful.

population, high mean cluster error, high cluster separatedness, and a south-shifted STJ compared to the other clusters, is shown
to be comprised almost entirely of timesteps in the first one or two weeks of June every year. This time of the year is therefore
identified as having a very different mean synoptic situation to the rest of JJA, but its relatively low weight in the data compels
the training algorithm to only assign a few clusters to it, too few to correctly capture the variability of this period..

The SOM is related to weather regimes using relative occurence frequencies. With strict conditions for regime occurence, a
high proportion of JIA days is not assigned to any regime, and only a few SOM clusters can be strongly associated to weather
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Figure 13. Persistence properties of the SOM clusters. a) Number of long stays on each SOM cluster. b) Mean residence time on each SOM
cluster. ¢) 95" percentile of residence times on each SOM cluster. The definition of residence time here is loosened to allow a for a stay to be

unbroken as long as the jumps are to a cluster similar enough to the starting cluster (below the 10™ percentile of pairwise distances between

cluster weight matrices). d-g) Jet persistence properties, separated by jet category when applicable, projected on the SOMelusters. Shades of
purple corresponds to EDJ properties and shades of pink to STJ.

regimes, typically to the Blocking regime which is accompanied by a poleward shift of the EDJ above Europe, easily captured

by our wind-based clustering approach.
Long stays on a SOM node is a natural way to evaluate state persistence. The most persistent patterns-boeth-correspond-to-a
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on-the-SOM-grid,clusters correspond to long EDJs that extend over the British Isles, and north-shifted, short and weak STJs
over the backwards-dilution;found-patterns-that-are-typically reached-fromneighbering-clusters-Mediterranean. Aside from
those rough similiarities, they present differences in EDJ waviness and maximum speed according to the mean jet properties
projected on the SOMrs anfa e usters-with-low-baekwards-dilutionresemble-the-Seandinavian B and anti
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in-many-smatter seale features. These clusters, which have high occurence probability and persistence, typically do not project
well on any weather regime. This is a strong incentive to consider using more clusters than four, irrespective of the clustering
method employed, when it is compatible with the research question. In this study, the larger number of clusters has allowed
us to describe the majority of JJA timesteps as cluster visits with low projection error, and has all but guaranteed that all the
persistent episodes can be extracted as long stays on SOM nodes, with our definition.

A variation of the jet core detection algorithm presented by Spensberger et al. (2017) is used to identify instantaneous jet

and-jets and extract properties for each of them separately. The jets are classified into the two canonical jet categories (subtrop-
ical and eddy-driven jet, resp. STJ and EDJ), and tracked over time to obtain metrics that offer another view of persistence.

Once more, past trends and seasonal signals are extracted. In-summer
In JJA, the only significant trends are a-deerease-of-the-width-an increase of the DC16 waviness of both jets and a slowdown

of the STJ. This fatter trend-is consistent-with-the literature, while the formeris, to-our knowledge, novel- Over the who

or-deereasing-in-timeThe poleward shift of the EDJ projected in, e.g., Held (1993), is not significant in our analyses in JJA
nor is the equatorward trend of the STJ reported by Totz et al. (2018). The absence of a trend in STJ latitude, seemingly at
odds with the measured tropical expansion (e.g., Davis and Rosenlof, 2012), is consistent with findings in the recent literature

Year-to-year trends, computed independently for every calendar day, vary a lot over the year at subseasonal timescales. The
trends in 3-monthly averages that are often presented in literature can therefore sometimes be misleading, as they can average
out strong trends of opposite signs. As an example, the double jet index has a strong positive trend before and up to June, and a
strong negative trend in July, August and September, so its trend in JJA average is weakly positive. Still, it is useful to continue
discussing these trends in seasonal averages, to create points of comparison with the past literature and because they allow us
to illustrate the different amounts of interannual variability between jet properties.

Comparing results from the two methods, SOM and properties of the detected jet cores, helps to validate them. The subjective
jet:SOM is shown to capture jets and not random noise, because the jet cores detected on the composited wind fields match
very well with the probabilities of jet core detection, composited for every cluster. The expert-defined jet properties do succeed
in characterising features which dominate the leading patterns in the more objeetive-statistical SOM approach. Computing the
properties-thejet-features-of-every-timestep-properties of the jets at every time step before averaging them based on cluster
membership gives very etese-qualitatively similar results to computing jet properties on the jet feattres-cores extracted from
each cluster wind speed composite-Thisindicates-thatboth-metheds-are-coherent-with-one-anether-, but the match is not perfect.
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Furthermore, the strong seasonal-regime shift happening in June, characterized most clearly by a weakening and poleward shift

of the STIJ, is distinctly picked up by both methods. Trends in waviness can be matched to positive trends clusters with wavy
or tilted jets. As a more subtle point, clusters that represent early June and have the highest mean double jet index within this
subset get more frequent, albeit weakly, than the rest of this early June subset, while the opposite is true for the July-August
subset of SOM clusters, which matches well with the opposite sign trends in double jet index between early and late northern
hemisphere summer. This indicates that both methods are mostly coherent with one another.

The jet-detection-persistence metrics developed around the jet detection method show another facet of persistence to the one
expressed by the SOM cluster residence time, and the results of both methods often disagree. This is partly explained by their
many differences in nature. Only the jets” COM speeds can be assessed locally in time, and the jet related metrics only refer to

ersistence of a single object at a time, different from the state or episodic persistence quantified by SOM residence times.
The jet detection algorithm is directly applicable to global data, as are the jet properties computation and the jet tracking. A

global jet categorization would, however, have to use an adapted set of jet properties to distinguish the EDJ from the STJ, as
longitude and latitude are only good discriminants in the Atlantic basin. A different set of jet properties might have to be used
for each season or even each month, as the seasonal signals suggest. The SOM, like all clustering metrics, is not well suited
for a global application and works best when restricted to a single basin. The steep increase in dimensionality and variability
that accompanies an expansion to a larger region, combined with the same proportionally small number of timesteps, creates
a much more ill-defined clustering problem. Since both methods are relatively cheap computationally, they can be applied to
large ensembles and higher-resolution model data to evaluate future trends and shifts in seasonal signal or persistence and
predictability properties.

In future work, we will use these diagnostic tools to study the circulation before and during extreme weather events in
Europe. Potential applications currently explored include assessing atmospheric persistence and predictability properties in the
days leading up heatwaves, finding SOM clusters most likely to see the onset of a damaging hail storm, and discovering which
jet properties can be used as good statistical-predictors for extreme surface winds in a statistical model.

The previous paragraph pertains to the jet stream as a potential driver of weather predictability, even if the causality can go in
both directions. Another use for the methods is the investigation of the drivers of jet stream variability, for example, large-scale
teleconnections like ENSO or local mechanisms like diabatic warming, as has been studied recently by Auestad et al. (2024).
Another avenue is the exploration of the jets’ tight relationship to Rossby waves, for example by assessing the waveguidability

ability of the detected jets (M« el : - : A : - o carry and guide Rossb
2010; Wirth, 2020; Wirth and Polster, 2021; Bukenberger et al., 2023; White, 2024). Similarly, it is now

=

waves (Martius et al.,

easier to examine their relationship to Rossby wave breaking, for instance as triggers of large jumps in SOM clusters (Michel
and Riviere, 2011), or as drivers for abrupt changes in jet strength, latitude, or center of mass speed (Martius and Riviere,
2016). Adapting the jet width method to instead find wave breaking events around the jet core is showing promising early

results.
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Code and data availability. The ERAS reanalysis data are publicly available at https://cds.climate.copernicus.eu. The SOM training and
visualization code (hexagonal plots) was adapted from https://github.com/fcomitani/simpsom, and the rest of the code can be found at

770  https://github.com/hbanderier/jet_stream.
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Appendix A: MereSOM-ecompeositesFurther exploration in jet categorization

read-and-for example-compareto-On figure Al, we explore the effects of changing the categorization method on the seasonal
variabilities of the categorized jet properties. First, on the first three rows of the figure, we vary the cutoff between STJ and
EDJ. The effects on the mean position (in latitude and pressure level) is barely distinguishable, but the effects on the number
of jets of each category per timestep can be markedly altered by this choice, especially for the STJ when changing the cutoff
from 0.1 10 0.5,

Then, we allow jets whose categorization score is between 0.1 and 0.9 to be assigned to the hybrid category. The aggregated
properties for the three jets can be seen on the fourth row of figure Al As many jets belong to the hybrid category as to the

a a1 tha ON/ ha 1o A acfornndin--e

STJ in winter, while in JJA there are more hybrid jets than
STJ, according to this cutoff. However, this hybrid jet has an almost identical seasonal cycle to that of the STJ, in its spatial

distribution but also in its other properties (not shown). We therefore decided against introducing this third category in the

ehuster number-is-indicated-by-a-number in-the bottom-left-corner: This way the STJ corresponds to well defined STJs as well
as hybrid jets which we identify as worse-defined STJs.

We would interpret these findings as follows. In JJA, the subtropical jet is shifted north with the Hadley cell and interacts
with extratropical eddies more, making it lose more momentum (Martius, 2014) and potentially making it more baroclinic.
This makes the distinction more fuzzy, so there are more jets that don’t fall cleanly on either Gaussian, i.e. more jets with a
score very different from either 0 or 1. These jets still seem to behave more like STJs than EDJs, potentially because most of
their momentum still comes from the (sub) tropics and is conserved.

For comparison with our earlier categorization method that used only spatial information (longitude, latitude and pressure
level of the jet point), we perform the categorization one last time with this choice of discriminant variables. The results can be
seen on the fifth and last row of Al, and shows again similar results. This previous method worked well in the North Atlantic
basin but was not based on physical bases and did not generalize well to other basins. Both of those concerns are solved with
the new method, that can be applied to hemisphere-spanning jets without modification.

Appendix B: Extended jet properties

In the main text, we have highlighted how many jet properties undergo a transition around the month of June, setting this month

apart from the rest of summer-JJA in terms of absolute values of these jet properties. To-explore-whether-this-is-also-truefor-the
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Figure A1l. Seasonal variabilities of categorized jet properties with variations in the categorization method.
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In order to give a more complete overview of the jet properties, we show the seasonal cycle of the complete set on Figure

B1;-as-well-as-the-complete-set-of-yearly-trends-on-table-22.

Comparing the jet core’s mean and max speeds shows little difference between the two in their seasonal cycles. The max

810 speed trends are epeetedhy-expectedly stronger but they also seem statistically more robust than mean core speed trends. The
waviness metrics all show a different seasonal cycle, and even disagree even on which jet category is wavier than the other.
Apart from the differences in the original metrics, this discrepancy can also come from how they were adapted to function
on j sjets, and more specifically the normalization factor used in several waviness metrics (1/A)) that favorises high

values for the STJ which is typically much shorter in this domain. Another issue is that several-most of these metrics, from
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Figure B2. 1959-2022 Day of year yearty-inter annual trends, smoothed using 94-dayotfyear60-day rolling window averaging. Colored

erosses-points indicate a significant trend at the 95™ percentile.

815 their definition, treat-titst-derivative)-the-same-way—they-treat-eurvature-(2nd-derivative)fail to distinguish small synoptic

scale waviness and tilt. Only our linear waviness is designed to fully separate the two, but proposing another waviness metric is

not our goal with this study. FV15 waviness is very close to our definition of tilt, and the seasonal signals of these two metrics

are very similar. Naturally,-R16 waviness and linear waviness show an almost identical seasonal cycle too, despite the fact that

from their definitions, on could predict a very different behaviour. Following from our previous comments, it is not surprisin

820 that all of the waviness metrics show vastly different trends throughout the year (figure B2).
0 070 050 070 ot 4
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Appendix C: Properties of the jets detected on SOM composities

In this Appendix, we validate observations made in the main text about the capacity of SOMs to correctly capture the jet
properties. We do so by measuring the properties of the jets detected in the wind field composites of figure 5. The results, shown
on figure Cl, point towards an overall agreement with some caveats. First, the STJ is not detected in one of the composite,
that of cluster 2, even though it is present in some timesteps belonging to this cluster. Wind speed composites also have lower
wind speeds than instantaneous fields overall, so the maximum speeds of both jet categories are reduced by about 10m.s~". If
the absolute values cannot always be meaningfully compared between figures 12 and Cl1. the distribution of lower and higher
values on the SOM can, and in this view there is a large agreement.

Appendix D: Overview of previously tried methods for feature-jet core extraction.

During the development of the jet feature-core extraction algorithm, several different avenues were explored to improve its
robustness or the execution speed and later abandoned in favor of the final version of the algorithm presented in the main text.
We believe it is valuable to present negative results, both because these methods could be improved and used again in other
relate applications, and simply for future researchers in this field not to try again methods that were explored but ultimately
failed at improving the algorithm.

The first version algorithm was an adaptation of the Koch et al. (2006) algorithm, also used in Pena-Ortiz et al. (2013). This
algorithm uses a peak finding algorithm on each latitude band, before connecting the points longitudinally based on a distance

criterion. The peak finding algorithm requires several thresholds, and their tuning is challenging without an objective quality
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jet category when a

metric to grade the performance of the algorithm. More fundamentals-problem-fundamental problems appear with forked jets,
like-seen in SOM cluster 2-17 for instance.

The second version divides the task in two. First, potential jets—jet regions are found using a fairly-relatively low wind
speed threshold, that can be made seasonally varying or even a quantile threshold to work well in all seasons. The regions
are separated from each other using spatial agglomerative clustering. The second step of the algorithm is heavily inspired by
Molnos et al. (2017).

region is turned into a graph, with each gridpoint a node and edges connecting all of the nodes. The edges are assigned a weight

m—Each potential jet

based on the wind speed of the nodes/grid points it connects, and on its alignment with the directional wind field (similar to
the current algorithm). From potential jets, the jet cores are found using a weighted shortest path algorithm.

The difficulty of this second method comes from jet regions connecting to each other if they are too close, and the problem
of determining start and end points of jet cores within the jet, with potentially several starts and ends within each potential
jet region because of the first problem. Several avenues were explored to mitigate the first problem, which in turn made the
second problem easier to solve. Most notably, the use of computed vision techniques like thinning, skeletonization and Sato
filtering (Sato et al., 1998). This latter technique is used in medical imaging to highlight vessel like structures in black-and-

white images like blood vessels in biological tissue, and seems very promising to help in jet detection. However, it also requires
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careful setting of its parameters, most crucially its filtering scales which loosely correspond to the expected width of the jet in
pixels. Solving these problems made the algorithm grow in complexity and computing requirements for little added benefits.
This approach as well as other related ones were finally abandoned in favor of the simpler, more robust one presented in the

main text.
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