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Abstract

This work provides an updated set of 12 dominant geopotential height fields - or ‘regimes’ - over Aotearoa New Zealand. These
regimes were initially produced by Kidson (2000) and have provided the basis for many other subsequent studies. These maps
provide a guide to the prevailing weather due to the broad equivalence of 1000hPa geopotential height and mean-sea-level
pressure. The results presented here are broadly in agreement with previous work but with some important differences. The
most notable of these being the need to average two blocking regimes together to provide good agreement between this work
and Kidson (2000). These differences are attributed to the software used, improvements to the underlying dataset itself and to
the ‘mixing’ of statistically indistinguishable empirical orthogonal functions - EOFs - in different linear combinations. All data
and code used in this work is publicly accessible and it is hoped that this will provide a catalyst for open discussions on this

topic, particularly with relation to future perturbations to these regimes under climate change.
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This work provides an updated set of 12 dominant geopo-

tential height fields - or ‘regimes’ - over Aotearoa New Zealand.

These regimes were initially produced by|Kidson|(2000) and
have provided the basis for many other subsequent studies.
These maps provide a guide to the prevailing weather due
to the broad equivalence of 1000hPa geopotential height
and mean-sea-level pressure. The results presented here
are broadly in agreement with previous work but with some
important differences. The most notable of these being
the need to average two blocking regimes together to pro-
vide good agreement between this work and|Kidson|(2000).
These differences are attributed to the software used, im-
provements to the underlying dataset itself and to the ‘mix-
ing’ of statistically indistinguishable empirical orthogonal
functions - EOFs - in different linear combinations. All data
and code used in this work is publicly accessible and it is
hoped that this will provide a catalyst for open discussions
on this topic, particularly with relation to future perturba-

tions to these regimes under climate change.
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"W performed the data analysis, plotted the figures and wrote the text.

tIR provided extensive guidance on the mathematical formulation used in previous studies, provided the data from K2K plotted in
blue contours in figure 3 and contributed the section of the manuscript on EOF mixing.
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2 | Williams and Renwick

1 | INTRODUCTION

The world’'s meteorology and climatology is extraordinarily complex in its spatio-temporal variability. Because of
this, simplifications and methodologies for reducing and communicating this complexity are essential if we are to
understand it better. Examples are many and various; e.g. the Beaufort scale in wind speed, rainfall probability in a
weather forecast, cloud clustering in climate models (Williams and Webb|(2009)) and classification of El Nifio or La

Nina (e.g. Trenberth|(1997) for a review).

Although these methodologies are of course hugely different in their scope, they all have one fundamental thing
in common; that of the reduction in the complexity of a system such that it can be better understood by the relevant
audience. This study is limited only to the region surrounding Aotearoa New Zealand and to one meteorological
variable, the 1000hPa geopotential height, z, at 0000 and 1200 Coordinated Universal Time, UTC.

The dataset used is identical to that used in the seminal paper by Kidson (Kidson|(2000)) - ‘K2K' in this work -
which uses 28,852 fields of z between January 1958 and June 1997 to just 12 dominant synoptic weather regimes.
These are frequently referred to as ‘Kidson types’, given their wide use in modern (Parsons et al.|(2014)) and paleo
(Ackerley et al.|(2011)) studies. The same methods have also been used to study weather regimes in other parts of
the world such as South America (Solman and Menéndez|(2003)).

Synoptic weather types split the tens of thousands of input data points into 3 regimes; trough, zonal and blocking.
These are further split into 4, 3 and 5 regimes respectively, making up the final 12. Together, these regimes express
the dominant weather types over Aotearoa New Zealand. This is possible since the shape of the geopotential height
field is practically the same as mean sea level pressure in this kind of analysis (Kidson|(1994a)) and therefore gives a

good approximation of the prevailing weather.

This study gives a more detailed account of the derivation of these synoptic regimes than given previously and
provides an update to the regimes’ occurrences compared to K2K, which itself builds on many other previous studies,
for example|Kidson|(1999), Kidson|(1997), Kidson|(1994a), Kidson|(1994b), Kidson and Watterson|(1995) andWard Jr|
(1963). The new results presented are broadly in agreement with those from K2K, however there are some notable
differences.

The K2K methodology is widely cited, however the available details on the regimes’ calculation are somewhat
opaque, particularly to those readers less familiar with statistical analysis and clustering techniques. To aid future

work, the code used is freely available and a step by step guide is given below for:

e How the weather types themselves are calculated from a reference dataset, in this case the NCEP/NCAR reanal-
ysis.
o How to assign a particular synoptic type to a new observation or model output of z.

e How to interpret the meaning and derivation of the types from mathematical and geometrical arguments.

2 | METHODOLOGY

The most widely referenced work in the literature on this subject is K2K. This builds on earlier work (e.g. [Kidson|(1997)
and |Kidson|(1994a)) in order to construct 12 dominant synoptic weather regimes. This section gives a step-by-step
guide to reproducing these weather types, i.e. Figure 2 in|Kidson|(2000), which was replotted as Figure 1 in|/Ackerley|
et al. (2011) using a different map projection.
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Fraction of variance explained by each EOF
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FIGURE 1 Fraction of variance explained by the first 5 EOFs in the time series of z;. Although the first 10 EOFs
are shown, only 5 are used in this analysis (shown by the shaded region).

2.1 | Dataand software

We use the same input data as used in K2K, that is 1000hPa geopotential height data (z) from the NCEP/NCAR
reanlysis (Kalnay et al.| (01 Mar. 1996)) for January 1958 to June 1997 inclusive at 0000 and 1200 UTC.

We use the Python programming language exclusively for this work and make use of the open source eofs pack-
age (Dawson and Wales|(2019),|Dawson|(2016)) to calculate the principal components (PCs) and empirical orthogonal
functions (EOFs). K-means clustering analysis is then carried out on the PCs to obtain the dominant weather regimes
using the scikit-learn package (Pedregosa et al./(2011)), which relies on NumPy (Harris et al.[{(2020)) and SciPy (Vir;
tanen et al.|(2020)) for its underlying operation and includes many more functions other than k-means clustering. The
final clusters themselves are of equal variance, obtained by finding a minimum of the intra-cluster internal coherence
or ‘inertia’. A more detailed explanation of the mathematical basis of these packages and methods is beyond the scope
of this paper.

2.2 | Mathematical basis

Firstly, height anomalies are calculated by removing the time mean of the heights (z):

Zs=2z-2Z. (1)

In the literature, this quantity is sometimes referred to as the ‘standardised’ height, hence the subscript s. Now
the EOFs are calculated and the first 5 are retained (as in K2K). The fractions of variance explained by the first 5 EOFs
are given in Figure[I]and together they account for 93.2% of the observed variability. The first 5 EOFs are shown in

Figure[2].
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EOF 1, fraction of EOF 2, fraction of EOF 3, fraction of
variance explained = 53% variance explained = 19% variance explained = 12%
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FIGURE 2 The first 5 EOFs, &, of z;. The contour lines are smoothed and the gridscale of the data used is shown
in the subfigure for EOF 1. The background of the figures shows the local relief (2020)).

Next the PCs, P, are calculated and normalised to give P,:

p = , @

where op is the standard deviation of P across time and 1 < n < 5.

The fundamental operation here involves projecting the height field onto the EOFs and this is discussed further
in the context of assigning regimes to arbitrary datasets in Section@

Now, the k-means clustering assigns each z; field to one of 12 clusters. This order of these clusters is arbitrary

and is chosen purely to match Kidson'’s original work. Once each z; field has been assigned a value between 1 and
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12, the final cluster means, C, are the time mean of the z; fields assigned to each cluster, that is

where 1 </ < 12.

The first 10 of these final clusters are shown in Figure along with their equivalents from |Kidson| (2000). The
associated winds from the same reanalysis product at the same twice daily sampling frequency are shown in Figure
[ Although the agreement between the 2 analyses is generally good for the 10 clusters shown in Figure [3] the 2
remaining ones are not shown due to their pronounced differences with the HW and R blocking clusters from K2K.

These differences are discussed in the next section.

3 | HOW DO THE NEW SYNOPTIC TYPES DIFFER FROM K2K AND WHY?

It is clear from Figure[3]that 10 of the synoptic types obtained here are generally in good agreement with those of
K2K. That being said, the HNW regime is considerably more zonal in the new case, especially at southernmost latitudes.
The sw regime from K2K is displaced north of the equivalent one from this analysis by approximately 100km and the
opposite for W. This likely accounts for the factor of approximately 0.5 and 2 difference in occurrence frequency in
the new case with respect to K2K.

There are however notable structural differences between the remaining 2 clusters obtained in this work and the
HW and R blocking clusters in K2K. So much so in fact, that it is dubious to assign the same synoptic weather type in
these cases. Figure[5]shows the HW and R blocking regimes from K2K along with the 2 remaining clusters from this
work. The averages of the two remaining regimes are also shown.

The 2 new regimes shown in Figure(a) and (b) are quite different to the HW and R regimes in K2K (Figure(d)
and (e)) yet their mean is strikingly similar, as is their combined fractional occurrence of 10.6% versus 10.1%.

As to why the new regimes found here are somewhat different to those of K2K, we have performed sensitivity
analysis of the parameters used in the k-means clustering and have found the fractional occurrence of the regimes
obtained here to be robust. For example, by default the k-means solver is run 10 times using different initial estimates
and each of these estimates is run through 300 iterations. Figure [6]shows the relationship between the maximum
number of iterations and the deviation of the final fractional occurrence of the regimes shown in Figures[3]and[5]

The largest deviation across any of the clusters is approximately 2% and therefore cannot account for the larger
differences in the sW and W regimes found here compared to K2K (Figure(b) and (g)).

It is also possible that the dataset used in K2K was affected by the assimilation of incorrect pseudo-observations
- or PAOB:s - in early versions of the reanalysis (e.g. |[Kidson|(1999)).

It should also be acknowledged that no calculation is perfect and that different implementations of common
algorithms will inevitably lead to some element of disagreement. This is discussed further with regard to EOF analysis
in|Dawson|(2016) and is noted in the documentation for the k-means software used here - https://scikit-1learn,
org/stable/modules/clustering.html#k-means - “Given enough time, K-means will always converge, however this
may be to a local minimum.”.

The result shown in Figureis reminiscent of the ‘mixing’ of EOFs or principal components subject to high sam-
pling variability (e.g. |Cheng et al.| (01 Jun. 1995)). When the eigenvalues of consecutive EOFs are not statistically

separate, different linear combinations of those EOFs can appear, as sample size changes. In this case, a similar thing


https://scikit-learn.org/stable/modules/clustering.html#k-means
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(d) TSW

FIGURE 3 The 10 clusters which are deemed to be in close enough agreement with those of K2K to be assigned
the same label (in black). Again the contour lines are smoothed and the original K2K clusters are shown in blue. The
inset boxes show the fraction of time spent in each regime with the font colours matching the contour line colours.
The background of the figures shows the local relief (Commons|(2020)).

seems to have occurred within the clustering algorithm and the definition of the cluster means.

4 | HOW TO MANUALLY ASSIGN NEW DATA TO THE CLUSTER SET

In this section we use the term ‘observation’ to encompass any new dataset to which clusters are assigned.

There have been many studies based on the Kidson types and several of these involve fitting new datasets to
the Kidson types (e.g. |Ackerley et al.|(2011), |Parsons et al|(2014)). In this section the mathematical basis for this

assighment is given.
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(c) TNW (d) TSW

wind speed inm - s71

FIGURE 4 Wind streamlines and speeds (m-s~1) for the synoptic regimes shown in Figure The colours show
the windspeed at the gridscale. The thickness of the lines is proportional to the local speed and is consistent across
subfigures.

The first step is to calculate the ‘projection’ of the z; onto the individual EOFs. The dimensions of the EOFs are 5
x 13 x 11, thatis, 5 EOFs over a region with 13 latitude values and 11 longitude values. The z; values have dimensions
of N¢x 13 x 11, where N; is the number of timesteps considered. The projection, P, is defined as,

P = Z Zs jk Sjk (4)

Jk

and therefore, the dimensions of # are N;x 5.

For each observation, we now have a 5 element array () and a 12 x 5 element array representing the time mean
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(a) New analysis, cluster 11 (b) New analysis, cluster 12 (c) Average of (a) and (b)
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FIGURE 5 (a)-(b) The remaining 2 regimes from the new analysis which are not shown in Figure Subfigures (a)
and (b) also show the wind fields for the relevant cluster shown. The colour scale is the same as for Figure[d]and the
horizontal density of the streamlines is halved to improve legibility. Subfigure (c) is the average of (a) and (b). (d)-(e)
the HW and R regimes from K2K. Subfigure (f) shows the average of (d) and (e).

of the PCs (P,) for each index calculated by the k means clustering algorithm,

Cpi =P, (5)

where 1 </ < 12. The Cp; are often referred to in the literature as ‘cluster means
To find out which of the 12 regimes the projection should be assigned to for each observation, the Euclidean
distance, d, between the projection and each of the 12 height clusters is calculated. The projection and PC clusters

arrays are normalised and are given by # and CA‘p,,, respectively. The minimum of these 12 numbers (i.e. the Euclidean
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FIGURE 6 Deviation of the fractional occurrence of each regime as a function of the maximum number of
iterations used in each pass of the k-means clustering algorithm. The largest difference is substantially smaller than
the differences seen in Figure|§|(b) and (g) and therefore cannot account for the differences seen in the occurrences
fractions.

distance in principal component space) gives the index and therefore the weather regime of each observation and its
fractional occurrence. This can then be directly compared with the values obtained in Figure@

The Euclidean distances d,, are given by,

where each of #, and Cp, are 1 x 5 arrays and Ng is the number of EOFs; i.e. 5 in this work.

A geometrical illustration of what the minimum Euclidean distance means is shown in Figure|Z]for an arbitrary
observation of z in the NCEP/NCAR reanalysis. It is clear that the figure showing the lowest d value - highlighted lines
in Figure ) - has lines of # and Cp which are closest to one another. The value of d can therefore be interpreted

as a measure of the ‘similarity’ of £, and Cp .

5 | CONCLUSIONS

In this work we have sought to provide not only a reassessment of dominant synoptic weather types over Aotearoa
New Zealand from|Kidson|(2000), but also to provide detailed information on the calculation of these types, and how
to assign arbitrary new data to them. Widely-used peer reviewed software packages in the Python programming
language were used to calculate the EOFs and k means clusters in the manner of K2K. Our results are broadly in line
with K2K but with some notable differences. The key findings of this work are:

e Although 10 of the 12 clusters identified in K2K are well reproduced in ‘shape’, 2 of the blocking regimes from
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FIGURE 7 Geometrical illustration of how an arbitrary observation of z (here at 0000 UTC on the 6th of April
1997) can be fitted to pre-existing clusters. Each subfigure shows the same arbitrary observation of geopotential
height in the blue contours and the black contours show the 12 separate clusters obtained from this analysis (Figure
and Figures(a) and (b)). As shown in the text, we want to find the smallest Euclidean distance, d, between the
projection of the observation onto the EOFs, # (o), and the cluster means, Cp (0) as given by Equation@ The
individual |# - C‘P|2 values are also shown (v). The square root of the sum of the |# - ép|2 values gives the
Euclidean distance, d, shown in the subfigure titles and (g) highlights the similarity of the blue and red lines and
hence the lowest d value.

K2K (W and R) do not have recognisable analogues in the cluster found in this work. See Figure

o Two of the regimes from K2K differ by factors of approximately 0.5 and 2 respectively with their spatially similar
regimes from this work. This is attributed to meridional shifts of about 100km in both cases, although in opposite
directions.

e The average of the HW and R clusters from K2K are in striking agreement with the equivalent average of cluster
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11 and 12 from this work, see Figure[5] This is attributed to different levels of EOF mixing in this work and in
K2K and the sensitivity of the k-means clustering algorithm.

Future work will apply this methodology to differences in synoptic weather regimes over Aotearoa New Zealand
in the UK Earth System Model (UKESM, e.g. |Sellar et al.|(2020)) and in the NZESM (e.g. |Behrens et al.|(2020)). This
will be especially pertinent with regards to climate change and its affect on the dominant weather types that can
be expected to occur in the future. Work is also underway to apply this methodology to the new ERA-5 analysis
(Hersbach et al.[(2019)). This has ~100 times the areal resolution of NCEP/NCAR and is therefore able to explicitly
resolve orographic features which are absent in this work.
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7 | CODE AND DATA AVAILABILITY

The code used here is publicly available as a Jupyter notebook via GitHub athttps://github.com/jonnyhtw/weather -
types|and the NCEP/NCAR reanalysis data is also freely available at https://psl.noaa.gov/data/gridded/datal

ncep.reanalysis.pressure.html.
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