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ABSTRACT

An advanced understanding of stratospheric variability and its coupling to the troposphere is
critical to improving the prediction of near-surface fields at subseasonal-to-seasonal timescale. In the
most extreme situation, a sudden stratospheric warming (SSW) event occurs and substantially
perturbs the stratospheric circulation and could, subsequently, exert profound surface impacts.
Artificial intelligence could be a powerful tool in recognizing SSW spatial details resulting in a better
categorization of the types of disrupted vortices. Here I apply an interpretable deep learning approach
to identify SSW events from non-SSW ones using a large-ensemble suite of outcomes from a global
climate model. I start with a one-dimensional case by using the stratospheric zonal wind profile of
SSW events circling the 60°N latitude to train neural networks with different complexity: logistic
regression network, shallow neural network, and deep neural network. All neural networks can
identify SSW events with fairly high accuracy. To address the interpretability of how these neural
networks learn to distinguish SSW from non-SSW events, I mask out the zonal wind fields with
longitudinal windows with varying lengths to test if the spatial structure of disrupted winds is decisive
for the network learning. Neither shallow nor deep neural networks show apparent spatial dependence
when the masking window is short, while the logistic regression network gives stronger spatial
dependence centering around 160°W, where small variation and negative mean value of zonal wind
resides. The dependence of shallow and deep networks emerges as the window length increases.

To further explore the two-dimensional spatial dependence, I train a convolutional neural
network (CNN) exploiting the two-dimensional zonal wind fields in the Northern Hemisphere.
Similar tests are performed by strategically masking out the zonal wind fields by a rectangular region

with varying sizes. The spatial dependence of two-dimensional neural network is largely consistent
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with one-dimensional networks, highlighting the region with negative zonal winds, but the spatial
extents expand wider to the north and south of 60°N. In addition to zonal wind profile, I use two-
dimensional geopotential height fields at 10 hPa to train CNN and perform the same mask-out
analysis. Two regions of high spatial dependence emerge immediately: 1) the region where large
negative zonal wind fields locate, and 2) a circular patch centering at the North Pole. The former
corresponds well to the results obtained from the training using zonal wind profile solely, revealing
the geostrophic wind balance between wind and geopotential height fields, whereas the latter is
mainly associated with the largest geopotential height difference between SSW and non-SSW events.
The CNN model, thus, utilizes not only the geostrophic relationship but also the large contrast
between SSW and non-SSW, to learn the categorization task. These findings not only suggest the
significance of negative zonal wind speed in characterizing a SSW polar vortex, as embodied in the
common definition of SSW, but also unveil the association between SSW events and the negative
phase of the Northern Annular Mode, which is characterized by the higher-than-normal geopotential
height over the polar regions. Furthermore, additional tests revealed that the zonal wind field at 55°N
is also an important feature in identifying SSW events, better capturing the core of negative zonal
wind region and complementing the significance of 60°N on which common SSW definitions rely.
The above results highlight the capability of interpretable deep learning tools in learning the
SSW spatial information and revealing the spatial dependence, which may carry out important

implications for the prediction of SSW genesis and subsequent surface impacts.

Keywords: Interpretable deep learning; Sudden stratospheric warming events; Stratospheric polar

vortex; Neural networks; Convolutional neural network

Vi

doi:10.6342/NTU202303879



CONTENTS

3R B G B E s #
B ettt h bt et b et s sttt b st b et et se e seneesens il
BT ST B oottt ettt sttt iii
ABSTRACT ..ttt ettt sttt sttt et sbt e b et nas v
CONTENTS .ttt sttt et b ettt be et sat e bt et saneaes vii
LIST OF FIGURES ...ttt sttt st viii
Chapter 1  INtrodUCION ....eeeeeveericsercssnicssnncssnnicsssnesssssessssesssssesssssssssssossssossssssssssess 1
Chapter 2 Data and Methods .........ccuiieiviiivvriciseninssnnisssnncsssnncssssncssssnssssssessssscssssecs 5

2.1 One-dimensional CaSE .........ccueevuieriieiiieiiieiieeieeiteeie et et eeeesareebeeseneenseens 6

2.2 Two-dimensional CaSE ........cccueeruierieeiiieniieiieeieeiteeeeeiee e eiee e ereeseneeseens 8
@] 1 F:1 01 ) G TN 2] 1 L TR 11
Chapter 4  DiSCUSSION ..ucieicueicrsrrcrsnicssnnicsssnissssnessssnesssssessssssssssssssssssssssssssssssssssssssss 20
Chapter 5  Conclusion 23
APPENDIX ...ttt sttt ettt ettt ettt et nae et 26
REFERENCES ...ttt ettt et be et s 31

vii

doi:10.6342/NTU202303879



LIST OF FIGURES

Figure 1: 10 hPa geopotential height (GPH) and zonal wind (U) fields of (a) normal (non-SSW), (b)
displacement and (c) splitting type SSW events from WACCM6 EXP1. The 60°N line is
marked as a black circle on each map, delineating the latitude chosen in CP07. 6

Figure 2: The architecture of the models used for 1-dimensional SSW data classification 8

Figure 3: The architecture of the convolutional neural network used for 2-dimensional SSW data
classification. The input layer is 2-D U or GPH field regridded onto cubed-sphere grid,
covering the area north of 45°N with 36x36 grid points...........cccceeevveenneen. 10

Figure 4: The error SSW classification rates of logistic regression network, SNN and DNN as a
function of the central longitudes of the masks. (a)-(f) represent the masked longitudinal
window of 30°, 60°, 90°, 120°, 150°, 180°, respectively. The mean (solid) and standard

deviation (dashed) of 60°N, 10 hPa zonal winds of 780 EXP2 SSW events are also shown.

Figure 5: The error non-SSW classification rates of logistic regression network, SNN and DNN as a
function of the central longitudes of the masks. (a)-(f) represent the masked longitudinal
window of 30°, 60°, 90°, 120°, 150°, 180°, respectively. The mean (solid) and standard
deviation (dashed) of 60°N, 10 hPa zonal winds of 780 EXP2 non-SSW events are also
SHOWIL. .t 13

Figure 6: Red patches: the error SSW classification rates of zonal wind fields with the central grids
of the rectangular masks. (a)-(f) represent rectangular masking regions with side length
0f'6.2°,10.3°, 14.5°, 18.6°, and 22.8°, respectively. Contour lines: the mean 10 hPa zonal
wind field (in m/s) of 780 EXP2 SSW events. The longitude 60°N is marked with a blue

viii

doi:10.6342/NTU202303879



CIrcle in €aCh MAP.....ccviiiiieiieie e e 14

Figure 7: Red patches: the error non-SSW classification rates of zonal wind fields with the central
grids of the rectangular masks. (a)-(f) represent rectangular masking regions with side
length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Contour lines: the mean 10
hPa zonal wind field (in m/s) of 780 EXP2 non-SSW events. The longitude 60°N is
marked with a blue circle in each map. ........ccccoeviviieniiiiiiieeeeeee 15

Figure 8: Gray patches: the error SSW classification rates of geopotential height fields with the
central grids of the rectangular masks. (a)-(f) represent rectangular masking regions with
side length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Colored contour lines: the
mean 10 hPa geopotential height field (in m/s) of 780 EXP2 SSW events. The longitude
60°N is marked with a blue circle in each map..........ccccoeeveevieniiienienieee, 16

Figure 9: Gray patches: the error non-SSW classification rates of geopotential height fields with the
central grids of the rectangular masks. (a)-(f) represent rectangular masking regions with
side length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Colored contour lines: the
mean 10 hPa geopotential height field (in m/s) of 780 EXP2 non-SSW events. The
longitude 60°N is marked with a blue circle in each map. ........cccccecvevuenne. 17

Figure 10: (a): The difference in GPH fields between SSW and non-SSW event (SSW — non-SSW).
The hatched area represents the portion that does not pass the p < 0.05 significance test.
(b): The standard deviation of SSW GPH fields minus the standard deviation of non-SSW
GPH fields. The SSW and non-SSW data used here are all from EXP2. .... 18

Figure 11: Each column corresponds to the masking of zonal winds around 55°N, 60°N, 65°N and
75°N. (a)-(d): The corresponding latitudes (blue circles) and the mask locations (gray

patches) superimposed on the mean 10 hPa zonal wind field of 780 EXP2 SSW events.

X

doi:10.6342/NTU202303879



(e)-(h): The error SSW classification rates as functions of the central longitudes of the
masks. The mean (solid) and standard deviation (dashed) the 10 hPa zonal winds for each
latitudes of 780 EXP2 SSW events are also shown. ..........cccceveeveniinennen. 19

Figure 12: The error SSW classification rates of logistic regression network, SNN and DNN as a
function of the central longitudes of the masks. (a)-(f) represent the masked longitudinal
window of 30°, 60°, 90°, 120°, 150°, 180°, respectively. The networks are trained with
EXP2 and tested with EXP1 data. The mean (solid) and standard deviation (dashed) of

60°N, 10 hPa zonal winds of 759 EXP1 displacement-type SSW events are also shown.

Figure 13: The error SSW classification rates of logistic regression network, SNN and DNN as a
function of the central longitudes of the masks. (a)-(f) represent the masked longitudinal
window of 30°, 60°, 90°, 120°, 150°, 180°, respectively. The networks are trained and
tested with a mixture of EXP1 and EXP2 data. The mean (solid) and standard deviation
(dashed) of 60°N, 10 hPa zonal winds of the 769 SSW events used for testing are also
SHOWIL .t 27

Figure 14: The misclassification counts of 22 SSW events from the NCEP/NCAR reanalysis for
logistic regression network, SNN and DNN as a function of the central longitudes of the
masks. (a)-(f) represent the masked longitudinal window of 30°, 60°, 90°, 120°, 150°,
180°, respectively. The networks are trained with EXP1 and tested with NCEP/NCAR
reanalysis data. The mean (solid) and standard deviation (dashed) of 60°N, 10 hPa zonal
winds of the 22 SSW events used for testing are also shown. ..................... 28

Figure 15: Red patches: the error displacement-type SSW classification rates of zonal wind fields

with the central grids of the rectangular masks. (a)-(f) represent rectangular masking

doi:10.6342/NTU202303879



regions with side length 0of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Contour lines:
the mean 10 hPa zonal wind field (in m/s) of 589 EXP2 displacement-type SSW events.
The longitude 60°N is marked with a blue circle in each map. ................... 29

Figure 16: Red patches: the error splitting-type SSW classification rates of zonal wind fields with
the central grids of the rectangular masks. (a)-(f) represent rectangular masking regions
with side length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Contour lines: the
mean 10 hPa zonal wind field (in m/s) of 191 EXP2 splitting-type SSW events. The

longitude 60°N is marked with a blue circle in each map. ........cccccecvevuennen. 30

X1

doi:10.6342/NTU202303879



Chapter 1 Introduction

Sudden Stratospheric Warmings (SSWs) are the primary dynamical events observed
and simulated in the wintertime stratosphere of the Northern Hemisphere (Baldwin et
al. 2021). When a major SSW event occurs, the stratospheric temperature can rise 30-40K
in a few days accompanied by the apparent distorted structure of polar vortex
(Limpasuvan et al. 2004), leading to, in the zonal-mean sense, the stratospheric westerly
reversal (Charlton and Polvani 2007). Progress has been made in developing theoretical
framework to understand the driving mechanisms of SSWs, which mainly involve the
interaction between the zonal flow of the polar stratosphere and upward propagation of
planetary waves (Charney & Drazin 1961; Matsuno 1971; Schoeberl 1978; Andrews et
al. 1987; Garfinkel et al. 2012). Some studies also showed that SSWs can arise from
tropospheric precursors, including the upward wave activity fluxes (Polvani & Waugh
2004), the blocking system in North America, Greenland, and Eurasia (Martius et al. 2009;
Nishii et al. 2011; Barriopedro & Calvo 2014), or a sea-level pressure dipole in the
subtropical-subpolar North Pacific (Cohen & Jones 2011; Lehtonen & Karpechko 2016;
Dai & Hitchcock 2021; Dai et al. 2023). SSWs can also be triggered solely by the
stratospheric internal dynamics (Scott & Polvani 2004; 2006; Hitchcock & Haynes 2016;
de La Camara et al. 2019).

The surface impacts of SSWs, via the downward influence, have been generally
described as a negative phase of the North Atlantic Oscillation (NAO) (e.g., Baldwin
& Dunkerton 1999, 2001; Charlton & Polvani 2007; Kolstad et al. 2010; Sigmond et al.
2013; Hitchcock & Simpson 2014; Kidston et al. 2015; Butler et al. 2017; Hall et al. 2021).
The pronounced features include a southward shift of Atlantic jet together with reduced

1
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stormtrack activities, and a temperature decrease over northern Europe and Siberia
(Kidston et al. 2015; Domeisen et al. 2020; Dai & Hitchcock 2021; Dai et al. 2023). In
particular, a subset of SSWs, referred to as Polar-night Jet Oscillation events, presents a
very persistent warm signal in lower stratosphere that is accompanied by strong and
persistent tropospheric impacts (Hitchcock et al. 2013). Recent studies further highlighted
the role of stratosphere-troposphere-ocean coupling in the North Pacific in modulating
the spatial distribution of SSW surface influences (Dai & Hitchcock 2021; Dai et al. 2023).
More importantly, the downward influences of SSWs, characterized by a timescale from
a few weeks up to two months on the tropospheric circulation, could benefit the
exploration of subseasonal-to-seasonal predictability sources for tropospheric variables
(Baldwin et al. 2003; Charlton & Polvani 2007; Sigmond et al. 2013; Kidston et al. 2015;
Davis et al. 2022).

Recent progress in artificial intelligence (Al) has spurred considerable interests in
its applications in a wide spectrum of earth system science problems (e.g., Reichstein et
al. 2019; Li et al. 2023). Despite several data-driven methods were used to enhance our
understanding of SSW dynamics and explore the potential prediction skill for SSW
genesis, including principal component analysis/empirical orthogonal functions (Ren &
Cai 2006; Lu & Ding 2015; Lu et al. 2016; de Fondeville et al. 2023), vortex geometry
(Hannachi et al. 2011; Mitchell et al. 2011), causal discovery algorithm (Kretschmer et
al. 2017), computer vision (Lawrence & Manney 2018), deep learning studies on the
SSWs, however, they were not widely appreciated mainly due to the limited number of
events in observational records and reanalysis datasets (de Fondeville et al. 2023). Indeed,
only 35 to 38 SSWs during the 1958-2014 period have been identified in the past 6
decades in observational records (Butler et al. 2017), which is far way too small for deep

learning models to be trained. Instead of targeting SSWs per se, previous studies trained

2
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their machine or deep learning models using stratospheric and tropospheric daily (or
hourly) fields from reanalysis datasets and examined the characteristics, evolutions, and
predictors of SSWs as extreme events in the stratosphere (Blume et al. 2012; Wu et al.
2022; de Fondeville et al. 2023). However, no training exercise using SSW events directly,
which should lead to better characterization of SSWs, has not been carried out and
documented according to my literature survey. This motivates us to apply deep learning
techniques to examine SSWs directly, potentially providing a new perspective on their
spatial and temporal characteristics.

As deep learning tools have become popular and useful in many earth system
problems, the perception that neural networks are “black boxes” needs to be addressed
since their decision-making processes are incomprehensible (Savage 2020). Recent
studies have emphasized the significance of interpretability in machine learning models
from different perspectives (Barnes 2022). For example, DeGrave et al. (2021)
demonstrated that medical imaging Al neglects important features, causes a decision-
making basis, and leads to increased likelihood of incorrect diagnoses. Some
interpretability methods have been implemented to decipher how machine learning tools
learn and to discover new science (Barnes 2020). Toms et al. (2020), for example,
presented the ability of two interpretable machine learning methods in exposing the
physically meaningful patterns in ENSO prediction problem. As such, this study aims to
enhance the interpretation, rather than focusing on the classification performance per se,
to emphasize how neuronal networks learns or utilize information to make decisions.

The structure of this paper is outlined as follows. Chapter 2 provides an overview of
the data used in this study and the definition of SSW events, followed by descriptions of
the structure of the neural networks used and the interpretability method applied. The

novelty of this study is that the deep learning models directly use SSW events, which has
3
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not been attempted in previous studies according to my literature survey. Chapter 3
presents the results obtained from the tests using the interpretability method. Chapter 4

provides the discussion and Chapter 5 presents the conclusion.
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Chapter 2 Data and Methods

The number of SSW events observed since 1958 is no more than 40 (Butlet et al.
2015), which is insufficient for training a deep learning model. To obtain greater amount
of training data, I exploit the output of a suite of large-ensemble simulations using the
Whole Atmosphere Community Climate Model Version 6 (WACCM6) (Gettelman et al.
2019). Following the protocol developed by the Blue-Action Project (https://blue-
action.eu/index.php?id), global daily Y4 degree sea surface temperatures (SSTs) and sea
ice concentrations (SICs) during the 1979-2014 period from U.K. Met Office Hadley
Centre Sea Ice and SST Version 2.2.0.0 (Kennedy et al. 2017; Rayner et al. 2003; Titchner
& Rayner 2014) were used to force WACCM6. The first set of experiment (hereafter
EXP1) was prescribed the time-varying SST and SIC fields, while the second set
(hereafter EXP2) replaces the SIC field of the Northern Hemisphere by its climatological
(1979-2014) values. Each experiment contains 30 members in order to examine the role
and effect of internal variability.

To identify the SSW events, I, following the method of Charlton & Polvani 2007
(hereafter CP07) to define the first date of SSW events when the zonal-mean zonal winds
(hereafter U) at 60°N and 10 hPa is less than O (i.e., the zonal wind becomes easterly) as
the central date of an SSW event. In this way, I obtain 759 SSW events in EXP1 and 780
events in EXP2. Data for non-SSW events are extracted from climatological data by a
random sampling approach with the daily zonal-mean zonal winds at 60°N, 10 hPa is
greater than O (i.e., westerly). For the sake of computation efficiency, I reduce the spatial
resolution to 2.5° x 2.5°. Although the SIC forcing is different in EXP1 and EXP2, the

characteristic and statistics of SSW does not show substantial differences (Wang et al.

5
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2022, in preparation). This resonates with the findings of Liang et al. (2019), using the
same dataset, that SIC impacts on large-scale atmospheric circulation are rather small and
limited in local area where sea ice experiences substantial retreat. Figure 1a shows the
10 hPa geopotential height (GPH) and zonal wind (U) fields for a non-SSW event, while
Figure 1b and Figure 1c are the displacement and splitting types of SSW events,

respectively in EXP1.

(b) Displacement
(@) Normal 20010211 20010211

10 hPa GPH 10 hPa U

20090124 20090124

(O] Splitting

20090124

280000 28800 29600 30400 31200 32000

[m]

-80 -60 -40 -20 0 20 40 60 80
[m/s]

Figure 1: 10 hPa geopotential height (GPH) and zonal wind (U) fields of (a) normal
(non-SSW), (b) displacement and (c) splitting type SSW events from WACCM6 EXP1.
The 60°N line is marked as a black circle on each map, delineating the latitude chosen in

CPO7.

2.1 One-dimensional Case

In the one-dimensional (1-D) case, only 10 hPa U circling 60°N from EXP1 is used
to train the neural networks. The Python package Pytorch (Paszke et al. 2017) is used to

build all the neural network models used in this study. To compare the performance of
6
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models with different complexity, I build three neural networks, from simple to complex,
namely logistic regression network, shallow neural network (SNN), and deep neural
network (DNN). Figure 2 illustrates the architecture of the three neural networks used
for 1-D SSW identification task. Specifically, the logistic regression network consists of
an input layer of 144 neurons, corresponding to U at 10 hPa of 360° longitude at 2.5°
spatial resolution, and an output layer of a single neuron indicating whether it is an SSW
event or not. The SNN comprises a 144-neuron input layer, a 30-neuron hidden layer, and
a single-neuron output layer. The structure of DNN is the same as SNN except that DNN
has one more hidden layer of 30 neurons. In all models, the last layers before the output
layers incorporate the sigmoid function as the activation function, while the rest parts of
the neural networks use ReLLU. All models use the binary cross entropy loss function. The
stochastic gradient descent is used as the optimization algorithm.

During the training process, 759 SSW and non-SSW events from EXP1 are used,
70% of which are used as the training set and the rest as the validation set. In the testing
stage, SSW and non-SSW events from EXP2 are used to assess the error and
interpretability based on whether or not the trained neural networks can distinguish
between SSW events and non-SSW ones. To enhance robustness, I randomly draw 200
samples from 780 SSW/non-SSW events per test and repeat 50 times, giving a total of

10,000 outcomes for evaluating the performance and interpretability.
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Figure 2: The architecture of the models used for 1-dimensional SSW data classification

To address interpretability, I mask out input zonal wind fields with varying
longitudinal windows (30° to 180° longitudinal length) by setting their values to 0. This
allows us to assess the impact of removing particular regions on the overall model
performance. The percentages of misclassifications out of 10,000 testing versus the

central longitude of the masking are shown in Figure 4 and Figure 5.

2.2 Two-dimensional Case

The two-dimensional (2-D) U and geopotential height (GPH) fields at 10 hPa in the
Northern Hemisphere are used for training and testing in the two-dimensional case. To
cope with the potential influence of the uneven distribution of data points in the

WACCMG6 output, which follows the Gaussian grid with an increased grid point density
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near the poles, I employ a bilinear interpolation to interpolate the U and GPH data onto
the cubed-sphere grid (Jung et al. 2019). The training and testing data encompass the area
approximately north of 45°N, which corresponds to the top panel of the cubed sphere,
comprising 36x36 grid points.

Here I use a convolutional neural network (CNN) with an architecture as follows:

[INPUT] - [CONV1] - [BATCH NORM] - [ReLU]
- [CONV2] > [BATCH NORM] - [ReLU] - [POOL]
— [CONV3] > [BATCH NORM] - [ReLU]
— [CONV4] > [BATCH NORM] - [ReLU]

— [FC Layer] - [OUTPUT]

Figure 3 illustrates the architecture of the CNN. The network consists of a total of 8
layers. The input image with a dimension of 36x36 undergoes convolution in two
consecutive convolutional layers. Following this, the third layer performs a pooling
operation, which is then followed by two convolutional layers. In each of the
convolutional layers, I use a kernel of spatial size 3x3 with stride size of 1 and padding
of 1. The pooling layer employs max pooling with a kernel size of 2, stride of 2, and zero
padding. Once the dimension is reduced, the sixth layer is a fully connected layer, with
5,184 neurons flattening the feature map. The seventh layer is another fully connected
layer with 10 neurons. The final eighth layer is a single-neuron sigmoid output layer
indicating the SSW/non-SSW event. All except for the last layer uses ReLU as the

activation function.
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Same as 1-D case, the training process involves utilizing 759 SSW and non-SSW
events from EXP1, with 70% of the events allocated as the training set and the rest as the

validation set. U and GPH fields are used to train CNN separately. In the testing stage,

| WACCM6
| 2-dimensional zonal wind /
geopotential height profiles

at 10hPa
A ,Q(cubed sphere regridding)

$ "3
-
b —~ 3
oy 1x5184
et 53
S SN 16@36x36 16@18x18 16@18x18 16@18x18
N * ™ 8@36x36

* 1@36x36
A UE

Convolutional Neural Network (CNN)

. ‘1x10 I

= .
Fully-
Convolution Convolution Max-pooling Convolution Convolution Flatten connected
\ N
~— —_—~
Feature Extraction Classification

Figure 3: The architecture of the convolutional neural network used for 2-
dimensional SSW data classification. The input layer is 2-D U or GPH field regridded

onto cubed-sphere grid, covering the area north of 45°N with 36x36 grid points.

SSW and non-SSW events from EXP2 are used to calculate the error. Similarly, I perform
mask-out tests in which rectangular regions of different sizes (3x3, 5x5, 7x7,9x9, 11x11,
and 13x13 grids or equivalently 6.2°x6.2°, 10.3°x10.3°, 14.5°x14.5°, 18.6°%x18.6°,
22.8°x22.8°, and 26.9°x26.9°) are employed to systematically remove a rectangular
portion of the U and GPH fields by setting their values to 0. The misclassification rates
of U and GPH fields with the central grids of the rectangular masks are shown in Figures

6,7 (U) and 8, 9 (GPH).
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Chapter 3 Results

I start with giving the unmasked 1-D U data at 60°N, 10 hPa, to train the SNN and
DNN, which perform very well on this SSW identification task with nearly zero error
rates. In contrast, the logistic regression network exhibits misclassifications, identifying
SSW as non-SSW 121 times (and non-SSW as SSW 0 times) out of 20,000 tests.

Figure 4 presents the identification results of masked 1-D SSW U data, with each
panel labeled as (a)-(f) corresponding to mask sizes of 30°, 60°, 90°, 120°, 150°, and 180°,
respectively. The results are expressed in the form of percentages representing the
misclassification of SSW events as non-SSW, and are plotted against the central
longitudes of the masks. Overall, SNN and DNN perform much better than logistic
regression network. When the masked longitudinal window is smaller, neither SNN nor
DNN shows apparent spatial dependence, while the logistic regression network gives
strong spatial dependence centering around 160°W (Figure 4 (a)-(c)). As the masked
range increases, both SNN and DNN exhibit slight spatial dependencies around 160°W,
consistent with the logistic regression network and where small variation and negative
mean values of zonal wind reside. The mean and standard deviation of 60°N, 10 hPa U
of 780 EXP2 SSW events are shown in gray solid and dashed lines, respectively. The
locations where the maximum error percentage resides align better with the trough of
negative mean value than that of standard deviation.

One might immediately ask about the identification results of masked non-SSW
events. The misclassification rates of 1-D non-SSW U versus the central longitudes of the
masks are shown in Figure 5 (a)-(f). Grey solid and dashed lines represent the mean and

standard deviation of 60°N, 10 hPa zonal winds of 780 EXP2 non-SSW events. All three
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1-D neural networks are unlikely to misidentify non-SSW events as the errors are
negligible. The results provide a clear indication of what neural networks learn to
distinguish SSW from non-SSW events. The areas where the logistic regression network
performs poorly align with the regions characterized by negative mean U values,
indicating that negative zonal wind values (i.e., easterlies) play a crucial role in
distinguishing SSW events from non-SSW ones, which was also the key field CP07
highlighted. Both SNN and DNN capture the characteristics of SSW vortices and thus do
not show prominent spatial dependencies. To ensure the reliability of the findings, I
conduct two additional experiments: one using EXP2 data for training and EXP1 for
testing, and the other using a mixture of EXP1 and EXP2 data for training and testing.
The results of both additional experiments closely resemble those illustrated in Figure 4

and Figure 5. (APPENDIX Figure 12 and Figure 13)
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Figure 4: The error SSW classification rates of logistic regression network, SNN and DNN
as a function of the central longitudes of the masks. (a)-(f) represent the masked
longitudinal window of 30°, 60°, 90°, 120°, 150°, 180°, respectively. The mean (solid) and
standard deviation (dashed) of 60°N, 10 hPa zonal winds of 780 EXP2 SSW events are also

shown.
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Considering the potential bias in WACCM6 model simulation, I perform testing by
inputting reanalysis data into the models trained with EXP1. The reanalysis data used are
products from NCEP/NCAR Reanalysis Project (Kalnay et al. 2018), containing 22 SSW
events from 1980 to 2014. All three 1-D networks successfully classify all 22 SSW events.
The misclassification count of the 22 SSW events based on 1-D U with the central
longitude of the masks is illustrated in APPENDIX Figure 14. The spatial distribution of
the error counts closely aligns with the results in Figure 4, indicating the models trained
with WACCM6 large-ensemble simulation data adeptedly capture the key spatial

characteristics of actual SSW events.

(a) mask size=30.0° (b) mask size=60.0"° (c) mask size=90.0"
014 — DNN
—— Logistic reg —— Logistic reg —— Logistic reg' [ 30
012 — SNN — SNN — SNN

— DNN

— DNN 65

° °
3 b

f
°
°
8
°
s

0,000 tests)
°
8
% (out of 10,000 tests)
°
% (out of 10,000 tests)
std (dashed) [m/s.

°

S
El
S o004 ) £
ES * 15
0.02
y ola 45

0 60°E 120°E 180" 1200w 60°W 0 0 60°E 120°E 180" 1200w 60°W 0° 0" 60°E 120°E 180" 1200w 60°W 0"

(d) mask size=120.0" (e) mask size=150.0" (f) mask size=180.0"

— DNN 70 — DN 65
Logistic reg Logistic reg'| [ 30

—— SNN 60 — SNN

Figure 5: The error non-SSW classification rates of logistic regression network, SNN and
DNN as a function of the central longitudes of the masks. (a)-(f) represent the masked
longitudinal window of 30°, 60°, 90°, 120°, 150°, 180°, respectively. The mean (solid) and
standard deviation (dashed) of 60°N, 10 hPa zonal winds of 780 EXP2 non-SSW events are

also shown.

To further enhance the understanding of the dependence of deep learning models on

2-D spatial structure, my next step is to train a CNN which explicitly exploits 2-D U fields
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and assess its performance and interpretability. Figure 6 illustrates the SSW
misclassification rates based on the central grid of the rectangular masks. Each panel,
labeled as (a)-(f), corresponds to a rectangular mask with the box widths/lengths of 6.2°,
10.3°, 14.5°, 18.6°, 22.8°, and 26.9°, respectively. The contour lines represent the mean
10 hPa U fields of 780 SSW events. The blue lines mark the position of 60°N for reference.
As the masked area increases, the CNN demonstrates significant spatial dependence

primarily above Alaska and northern Canada, overlapping the region with negative mean

(a) mask size = 3x3 (~6.2°x6.2°) (b) mask size = 5x5 (~10.3°x10.3°) (c) mask size = 7x7 (~14.5°x14.5°)

T T T T T
0.0 25 5.0 7.5 10.0 125 15.0 175 20.0
% (out of 1,000 tests)

Figure 6: Red patches: the error SSW classification rates of zonal wind fields with the
central grids of the rectangular masks. (a)-(f) represent rectangular masking regions with
side length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Contour lines: the mean 10
hPa zonal wind field (in m/s) of 780 EXP2 SSW events. The longitude 60°N is marked

with a blue circle in each map.
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values of zonal winds over 60°N. This spatial dependence is largely consistent with that
of the 1-D networks (Figure 4), but the spatial extents expand wider to the north and
south of 60°N. Regarding the identification results of masked non-SSW, the areas where
CNN demonstrates dependence are mainly distributed outside 60°N (Figure 7), agreeing
with the findings in 1-D masked non-SSW identification.

There is a strong agreement between the results of the dependency tests conducted on 1-

D and 2-D neural networks. In view of this and in order to extract more spatial

(@) mask size = 3x3 (~6.2°x6.2°) (b) mask size = 5x5 (~10.3°x10.3°) (c) mask size = 7x7 (~14.5°x14.5°)

% (out of 1,000 tests)

Figure 7: Red patches: the error non-SSW classification rates of zonal wind fields with the
central grids of the rectangular masks. (a)-(f) represent rectangular masking regions with
side length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Contour lines: the mean 10
hPa zonal wind field (in m/s) of 780 EXP2 non-SSW events. The longitude 60°N is marked

with a blue circle in each map.

15

doi:10.6342/NTU202303879



characteristics, I proceed to train the CNN using 2-D GPH fields and perform the spatial
dependence tests to find the important spatial features of SSW vortices. Figure 8 displays
the SSW misclassification rates using rectangular masks of different sizes, with colored
contour lines representing the mean 10 hPa GPH fields of 780 SSW events and blue lines
indicating 60°N as a reference. The spatial dependence of the CNN trained using GPH
fields can be divided into two key regions. The first region locates above Alaska, which

corresponds to the key region identified using 2-D U fields, reflecting the negative zonal-

(a) mask size = 3x3 (~6.2°%6.2°) (b) mask size = 5x5 (~10.3°x10.3°) (c) mask size = 7x7 (~14.5°x14.5°)

0 20

% (out of 500 tests)

Figure 8: Gray patches: the error SSW classification rates of geopotential height fields
with the central grids of the rectangular masks. (a)-(f) represent rectangular masking
regions with side length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Colored
contour lines: the mean 10 hPa geopotential height field (in m/s) of 780 EXP2 SSW events.

The longitude 60°N is marked with a blue circle in each map.
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wind field resides. The second region is centered around the North Pole, which
corresponds to the area exhibiting the most significant difference between SSW and non-
SSW mean GPH fields (Figure 10a) and the region where the standard deviation
difference between SSW and non-SSW GPH fields is relatively smaller (Figure 10b).
Such findings reveal that the CNN model learns the key structure of SSW through two
aspects. The first region reinforces the importance of negative zonal wind values as shown

in 2-D U fields. The second region points out that the CNN learns to capture the spatial

(@) mask size = 3x3 (~6.2°x6.2°) (b) mask size = 5x5 (~10.3°x10.3°) (c) mask size = 7x7 (~14.5°x14.5°)

% (out of 500 tests)
Figure 9: Gray patches: the error non-SSW classification rates of geopotential height fields
with the central grids of the rectangular masks. (a)-(f) represent rectangular masking
regions with side length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Colored
contour lines: the mean 10 hPa geopotential height field (in m/s) of 780 EXP2 non-SSW

events. The longitude 60°N is marked with a blue circle in each map.
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contrast between SSW and non-SSW GPH fields and are thus able to distinguish them.
The areas where the CNN exhibits dependencies in the identification of masked non-SSW
GPH fields are primarily located outside of 60°N (Figure 9), which is consistent with the
results derived from the identification of 2-D masked non-SSW U fields.

The results of the 2-D dependence test also reveal the significance of the zonal wind
information at 60°N for recognizing SSW events. Thus, I examine the performance of
CNN only when the training data around 60°N are masked out. To investigate this, I
conduct dependence tests by specifically masking out the zonal wind field around 60°N
with varying longitudinal windows (30°-180°). The results of these tests are presented in
Figure 4 as thick green lines.

Additionally, I extend the investigation by masking out the zonal wind fields around

(b)

T T
0 100 200 300 400 500 600

Figure 10: (a): The difference in GPH fields between SSW and non-SSW event (SSW —
non-SSW). The hatched area represents the portion that does not pass the p < 0.05
significance test. (b): The standard deviation of SSW GPH fields minus the standard
deviation of non-SSW GPH fields. The SSW and non-SSW data used here are all from

EXP2.
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55°N, 65°N, and 75°N. The results of specifically masking out the zonal wind fields at
these latitudes with a longitudinal window of 120° are compared in Figure 11. The
strongest spatial dependence is observed around 160°W at 60°N. As the latitude reaches
65°N and 75°N, the spatial dependence decreases significantly. It is noteworthy that when
the zonal wind centered around 160°W at 55°N is masked out, CNN still exhibits a certain
degree of misclassification rate. The result suggests that, in addition to 60°N, which is the
basis for defining SSW events in this study, the information around 55°N is also important

for identifying SSW events.
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Figure 11: Each column corresponds to the masking of zonal winds around 55°N, 60°N, 65°N
and 75°N. (a)-(d): The corresponding latitudes (blue circles) and the mask locations (gray
patches) superimposed on the mean 10 hPa zonal wind field of 780 EXP2 SSW events. (e)-(h):
The error SSW classification rates as functions of the central longitudes of the masks. The mean
(solid) and standard deviation (dashed) the 10 hPa zonal winds for each latitudes of 780 EXP2

SSW events are also shown.
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Chapter 4 Discussion

Through interpretability deep learning approaches, this study unravels how deep
learning models learn to effectively categorize SSW events. I find that deep learning
models learn the SSW spatial structure utilizing the negative zonal wind values and the
largest contrast between SSW and non-SSW geopotential height fields in terms of the
mean and variation. I also find that apart from 60°N, being the basis for the definition of
SSWs, the zonal winds at 55°N can also provide information for CNN to identify SSW
events.

A follow-up question is whether or not the deep learning models can distinguish
different types of SSW events. To investigate, I perform similar mask-out analysis for
splitting and displacement SSWs, and find no substantial difference in the spatial
dependencies between them (ref: APPENDIX Figure 15 & Figure 16). This finding may
reflect the internal variability of the two types of SSW, as the composites of displacement-
type and splitting-type SSWs resemble each other. Training neural networks and assessing
the spatial dependence of each type of event separately may help elucidate the different
spatial features between them.

The results presented in this study could provide additional information for SSW
genesis and may shed insights into the capability and process-based understanding of the
deep learning model performance and interpretability. For example, a previous study
found a link between SSW events and preceding tropospheric blocking precursors, both
of which the blocking pattern and accompanying wave signal displayed significant
distinction between displacement-type and splitting-type SSWs (Martius et al. 2009).

Prior to displacement-type events, there exhibits a strong upward signal of zonal
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wavenumber1, while the wavenumber2 signal is nearly absent. For splitting-type events,
both wavenumberl and wavenumber2 signals are prominent. Decomposing the training
data into wavenumbers 1 and 2 signals may help gain deeper insights into the key spatial
features of SSW, which can be an extended study. Additionally, implementing the data
from the period prior to the SSW onset dates, say day -10 to -1, to the training dataset
may assist the deep learning models to better explore the key SSW spatial structure more
accurately, as previous studies showed that information prior to the central date is
important for SSW genesis and evolution (Polvani & Waugh 2004; Martius et al. 2009;
Cohen & Jones 2011).

Exploiting neural networks to further understand the subsequent downward
influence of SSW events is also an aspect that my future study can focus on. Such an
attempt would require data with broader spatial and temporal coverage, including lower-
level fields and surface variables from a few weeks up to two months after the SSW onset
dates. In the training process. Correspondingly, the computational resources required for
this analysis will also increase significantly.

To validate the results, other model interpretability methods (e.g., occlusion,
integrated gradients, layerwise relevance propagation, etc.) can be utilized. In the
interpretability approach adopted in this study, I perturb the input SSW features by setting
the value of the masked-out regions to 0 to investigate how changes to the input features
correspond to the error of the final model prediction. However, it is essential to note that
such operations that set a value of 0 may affect the results, given that this study relies on
the negative/positive values of zonal mean zonal wind to define and label SSW/non-SSW
events. As an alternative approach for addressing this issue, instead of setting the value
of the masked-out regions to 0, I could consider dropping out the input neurons

corresponding to the masked area. But such an approach would change the architecture
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of the neural network itself, thereby raising the question of how varying the architecture
of a neural network would affect the results.

A more objective method, such as the Shapley value (Shapley 1953), could be
applied to my problem. Shapley values provide a way to quantify the marginal
contribution of each feature (which corresponds to each grid of the SSW wind profile) to
the prediction of a model. This is done by “excluding” features through sampling the
empirical distribution of the feature’s values and averaging over multiple samples
(Gopinath 2021), and may offer valuable insights into the significance of each spatial

feature of SSW vortices.
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Chapter 5 Conclusion

In this study, I have utilized an interpretable deep learning approach to distinguish
between sudden stratospheric warming (SSW) events and non-SSW events, leveraging a
large ensemble of outcomes from a global climate model. Initially, I focused on a one-
dimensional task, using the stratospheric zonal wind profile of SSW events encircling the
60°N latitude to train neural networks with varying complexities: logistic regression
network, shallow neural network, and deep neural network. Remarkably, all the neural
networks demonstrated the ability to accurately identify SSW events with a fairly high
level of precision.

Next, I explore the interpretability of how these neural networks learn to differentiate
between SSW and non-SSW events. To achieve this, I mask out the zonal wind fields with
longitudinal windows of varying lengths to assess whether the spatial structure of
disrupted winds plays a crucial role in the network's learning process. Interestingly, when
the masking window is short, neither the shallow nor deep neural networks exhibit
apparent spatial dependence. In contrast, the logistic regression network displays a more
pronounced spatial dependence, centered around 160°W, where there is minimal variation
and a negative mean value of zonal wind. As the window length increases, both the
shallow and deep neural networks begin to exhibit spatial dependence in their learning.
This suggests that these networks progressively take into account larger spatial patterns
of the disrupted winds to make distinctions between SSW and non-SSW events.

To further investigate the two-dimensional spatial dependence, I trained a
convolutional neural network (CNN) by utilizing the two-dimensional zonal wind fields
across the Northern Hemisphere. Similar mask-out tests were performed, strategically

masking out rectangular regions with varying sizes. The spatial dependence observed in
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the two-dimensional neural network closely aligns with that of the one-dimensional
networks, with a notable focus on the region with negative zonal winds. However, the
spatial extents expanded further north and south of the 60°N latitude. In addition to the
zonal wind profile, I also incorporated two-dimensional geopotential height fields at 10
hPa to train the CNN and repeated the mask-out analysis. Two regions of high spatial

dependence emerged prominently:

1. The region where large negative zonal wind fields were located, consistent with the
results obtained from training using zonal wind profiles alone. This finding highlighted

the geostrophic wind balance between wind and geopotential height fields.

2. A circular patch centered around the North Pole, primarily associated with the largest
geopotential height difference between SSW and non-SSW events. The CNN model,
therefore, not only exploited the geostrophic relationship but also leveraged the
significant contrast between SSW and non-SSW events to effectively learn the

categorization task.

Additionally, I investigated the effect of specifically shielding zonal wind fields at
different latitudes (55°N, 60°N, 65°N, and 75°N). The strongest spatial dependence
occurs around 160°W at 60°N and decreases with increasing latitude. Interestingly, when
the 55°N zonal winds were masked, CNN still exhibits some misclassification rate. This
indicates that in addition to the 60°N on which SSW is defined, the information around
55°N is important for identifying SSW events.

Overall, the two-dimensional CNN approach, utilizing both zonal wind fields and

geopotential height fields, provided further insights into the spatial patterns associated
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with SSW events, shedding light on the interplay between wind and geopotential height
fields in their classification.

The aforementioned results underscore the effectiveness of interpretable deep
learning tools in learning the spatial information related to SSW events and uncovering
their spatial dependence. These findings carry crucial implications for predicting SSW
genesis and understanding the subsequent surface impacts. The ability of the deep
learning models to capture and interpret the complex spatial patterns associated with SSW
events opens up promising avenues for advancing our predictive capabilities in this area.
By leveraging this spatial information, we can enhance our understanding of the processes
leading to SSW events and their potential impacts on the Earth's surface, including
weather patterns and climate variability. This, in turn, may lead to improved prediction
and early warning systems for SSW events, which can have significant implications for
various sectors, including weather forecasting, climate research, and societal

preparedness.
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APPENDIX
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Figure 12: The error SSW classification rates of logistic regression network, SNN and
DNN as a function of the central longitudes of the masks. (a)-(f) represent the masked
longitudinal window of 30°, 60°, 90°, 120°, 150°, 180°, respectively. The networks are
trained with EXP2 and tested with EXP1 data. The mean (solid) and standard deviation
(dashed) of 60°N, 10 hPa zonal winds of 759 EXP1 displacement-type SSW events are also

shown.
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Figure 13: The error SSW classification rates of logistic regression network, SNN and
DNN as a function of the central longitudes of the masks. (a)-(f) represent the masked
longitudinal window of 30°, 60°, 90°, 120°, 150°, 180°, respectively. The networks are
trained and tested with a mixture of EXP1 and EXP2 data. The mean (solid) and standard
deviation (dashed) of 60°N, 10 hPa zonal winds of the 769 SSW events used for testing are

also shown.
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Figure 14: The misclassification counts of 22 SSW events from the NCEP/NCAR

reanalysis for logistic regression network, SNN and DNN as a function of the central

longitudes of the masks. (a)-(f) represent the masked longitudinal window of 30°, 60°, 90°,

120°, 150°, 180°, respectively. The networks are trained with EXP1 and tested with

NCEP/NCAR reanalysis data. The mean (solid) and standard deviation (dashed) of 60°N,

10 hPa zonal winds of the 22 SSW events used for testing are also shown.
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(@) mask size = 3x3 (~6.2°%6.2°) (b) mask size = 5x5 (~10.3°x10.3°) (c) mask size = 7x7 (~14.5°x14.5°)

% (out of 500 tests)

Figure 15: Red patches: the error displacement-type SSW classification rates of zonal wind
fields with the central grids of the rectangular masks. (a)-(f) represent rectangular masking
regions with side length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Contour lines:
the mean 10 hPa zonal wind field (in m/s) of 589 EXP2 displacement-type SSW events.

The longitude 60°N is marked with a blue circle in each map.
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(a) mask size = 3x3 (~6.2°x6.2°) (b) mask size = 5x5 (~10.3°x10.3°) (c) mask size = 7x7 (~14.5°x14.5°)
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Figure 16: Red patches: the error splitting-type SSW classification rates of zonal wind
fields with the central grids of the rectangular masks. (a)-(f) represent rectangular masking
regions with side length of 6.2°, 10.3°, 14.5°, 18.6°, and 22.8°, respectively. Contour lines:
the mean 10 hPa zonal wind field (in m/s) of 191 EXP2 splitting-type SSW events. The

longitude 60°N is marked with a blue circle in each map.
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