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Clustering analysis is a fundamental approach in weather, climate, and oceanic studies.

« Research:
We can identify climate regimes to determine the underlying dynamicsle-g. Kimoto & Ghil, 1993b,a; Hannachi & Igbal,

2019; Aoki et al., 2020; Babanov et al. 2023]

« Operational forecat:
We can summarize huge ensemble forecasts for considering possible scenarioleg. Ferranti & Corti, 2011;

Ferranti et al., 2014]
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Ocean data is too complex for raw analysis, and thus, we need a reasonably compressed feature space

to find patterns.

Classical methods like PCA are linear and simplifies the features too much [Stratus et al 2007; Dawson et al. 2012; Aoki et al.

2020]
While Neural Networks give us better feature representations, most methods stick a classifier

(|ike, K_means) on the endle.g., Song et al. 2013; Kurihana et al. 2014; Jiang et al. 2017]_
— This allows breaking the internal consistency of the model.

« We may seek a unified framework, requiring no external classifiers.
« Ihe Prasad’s approach based on the variational autoencoder delivers this "End-to-end” unity!l



« Any clustering algorithms lack an intrinsic metric to determine the number of clusters.

o Deep learning struggles with small sample sizes.

o Data augmentation may overcome this problem, but, the standard methods ignore the
geometrical constrains of the geophysical fluid circulations

o |0 propose a physics-aware data augmentation technique.

o [0 provide a total method including this augmentation to function the Prasad’'s VAE clustering
algorithm for the geophygical fluid circulations

Kyucho: Sporadic strong current event along a coast.
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Human-identified flow patterns
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Human-identified flow patterns

Muroto Cape

Kinan-flow

ghikok“ IS

Geito-flow

Central flow

Patterns in Muroto-Kvucho Google map

Kochi Prefectural Fisheries Experimental Station

This study aims to
extract the flow patterns in Kyucho from a long-term reanalysis ocean data
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FORA-JPNGO

Ocean model MRI.COM v5.0
» Horizontal resolutions - JPN:2km, NP:10km, GLB:100km
> Online two-way nesting
> Including tide and pressure adjustment

Forcings Atmosheric forcings: JRA-3Q (3 hours)
River runoff: JRA-55 + JMA-RI

Data assimilation MOVE_ V4
> Ocean: 4D-Var + IAU downscaling
> Sea ice: Nudging

Observation data SST (COBE-SST2, MGDSST)
Satelite-based SSH anomaly

> Along track sea level anomaly (14 satelites)
> Removing non-steric height

In-situ temperature and salinity
> Basically EN4 but multiple dataset are added

Sea ice concentration
» SSMI, SSMIS
> Okhotsk sea ice analysis

Period 1 Jan 1960 — 31 Dec 2020
(from Usui et al. 2026, J.Oceanogr.)
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a) Model domain b) Around Cape Muroto
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Detected Kyucho:

N=721

Nearshore path case: N = 524

Offshore path case: N = 197

Training & Validation sets
1980s 1990s 2000s

1970s

1960s

Validation set

Training set
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Method: VAE clustering

Variational inference is performed by maximizing the following ELBO: Generative model (») inference model (4)
pﬂ,H(Xa Z, k)
ELBO =E,, log ®-— ae
Qw,y/(za k ‘ X) l w l
([E q.p, - EXpectation wrt g, (Z, k| X)pD(X)> o e P
Assum. Mixture distribution :B l /4
Models B(x, z){ = 2P 2 k)
= p(x | Dp(2) - ° °_
Ppo(X,Z, k) = py(X | Z)py(Z | K)p(k) < also p(z) = Zp(z| kpk)

Gupy(Z, k| X) = q,(2| k,X)g,,(k|X) < Bayes's decomposition
thorem

o 0 8

p(k) = Cat(zr) < Generally, uniform
ppz|k) = N (z|pye),diag (Uz(ek))

Po(X|2) = N (X| uy(z), diag(c,(2)))
Same goes for g, except for the parameters, w, . (Prasad et al., 2020)
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Determining the optimal number of clusters is
one of a fundamental problem in any cluster
analysis.

maximum
distance

o IThe Silhouette Score seems to be the
best method [Arbelaitzetal. 2013] Hut has some

limitation under a specific data structure [Liv
etal. 20101 gnd requires the original samples to
Its calculation.

e SO, We provide a “short-cut” approach

using classifiability conditions based on

cluster centroids and variances in the 3-clusters -
? 2

Z2-clusters

latent space to evaluate the separation
between the clusters against their standarad
deviations. — See our paper

Latent space
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Generated 1mages

Those paramters are determined by the dim(z) = 32
following rules while ensuring the classifiability
conditions:
' dim(z) = 2
. The latetent space should be the lowest q /
dimension.

o The optimal multipliers are chosen from a
candidate set by maximizing the minimum
. : Z-Space
Inter-cluster distance.

- P ~—

minimum
distance

(71 72) (71> 75) (71> 73)



p(zlk)

ex(bs, K)

FCN, K, 1024
LeakyReLU(0.2),
FCN, 1024, 2*z_dim

mu(bs, :z_dim);
Log_variance(bs,
z_dim:);
Reparameterize: z(mu,
Log_variance)

p(xlz)

z(bs, z_dim)

FCN, z_dim, 40
FCN, 40, 1024
BatchNorm1d(1024)
LeakyReLU(0.2)
FCN, 1024, 128 x lon//4 x lat/4
Flatten
ConvTranspose2d, 128, 64, 4x4, stride=2, padding=1
LeakyReLU(0.2)
ConvTranspose2d, 64, 2, 4x4, stride=2, padding=1

Linear activation

x(bs, 2, lon, lat)

Generative model

Generative model (p)

?
*9

Q-
0

Inference model (g)

Hidden

JGR paper

Our input layer has 2-channel to handle
2-dimensional velocity vector fields.

q(zlx, k)

x(bs, 2, lon, Ilat); e«(bs, K)

BatchNorm2d, 2

Conv2d, 2, 64, 4x4, stride=2, padding=1
BatchNorm2d, 64
LeakyRelLU(0.2)

Conv2d, 64, 128, 4x4, stride=2, padding=1
BatchNorm2d, 128
LeakyReLU(0.2)

Flatten

x1: FCN, 128 x lon/4 x lat/4, 40
x2: FCN, 128 x lon//4 x lat/4, K

Concat, x1, x2*k

FCN, 40+K, 1024
BatchNorm1id, 1024
LeakyRelLU(0.2)
FCN(1024, 2*z_dim)

mu(bs, :z_dim);
Log_variance(bs, :z_dim);
Reparameterize: z(mu, Log_variance)

q(kix)

x(bs, 2, lon, lat)

Conv2d, 2, 64, 4x4, stride=2, padding=1
BatchNorm2d, 64
LeakyRelLU(0.2)

Conv2d, 64, 128, 4x4, stride=2, padding=1
BatchNorm2d, 128
LeakyReLU(0.2)

Flatten

FCN, 128 x lon/4 x lat/4, 512
Dropout(prob=0.8)
RelLU
FCN, 512, 512
Dropout(prob=0.6)
RelLU
FCN, 512, K
Softmax

Gumbel Sofmax Sampling
ex(bs, K)

Inference model
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Data augmentation

a) Rotation b) Cut-out c) Zoom in/out

Need of augmentation

Our sample size is only 164 (Too small /)

Problems I1n conventional methods

Those methods implicitly postulate an
equivalence between the original and
augmented data.

o Rotation, zooming: Geometrical symmetry.

o Cut-out: Robustness of data for a partial
Information scarcity.

However, these operations can create
unrealistic pattern or miss a distinctive feature.

-----------------------------------------------------------------------------------------------
* .
*

{ Rotation symmetry identifies
the Gulf Stream and Canary current
§ as identical..

although the underlying mechanisms
are different.

03
Ll
'---------------------------------------------------------------------------------------w‘---

This world map shows the five oceanic gyres and how they impact ocean circulation.
Credit: NOAA
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Noise injection :

X = X + 0X x € R4 N
PCT
M Q"R
O0X = Z gi\/zivi Original data
- %
g~ N(O0,e)
_ Augmented data
A; . elgenvalue
v, € R?: eigenvector .

M = max(N,d); N: num. of samples Phase space
.e.,
M

X — Z <Ci + 81-\/71-) v, ¢ coefficient

=1



Noise Injection :

X — X + 0X x € R4 R

PC1

Q"R
Original data

v

Augmented data

M

OX = Z ei\/Z-Vi

4 O

e Since M is bounded by the sample size (N < d), it is not
likely that a noisy structure appears in the augmented data.

>

Phase space

e |tis likely that the information about the aggregation of data
points in the phase space is preserved after the
augmentation.

e |tis not likely that dynamically unpreferable structures are
generated by the augmentation.

\_ _/
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65 cm/s Class 4
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Group-wise ensemble average is performed for surface geostrophic velocity.

Each group consists of the members within 16 from the cluster mean in the latent space.
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Class 2

Class 4

Group-wise ensemble average is performed for surface geostrophic velocity.
Each group consists of the members within 16 from the cluster mean in the latent space.

65 cm/s 65 cm/s 65 cm/s 65 cm/s 65 cm/s
/ / / 2 day / /

- ———

e v
¥ ey
OSSO LTLL
ASBSSRTLL

- e YV

Sk 7
*ouwye

¥ R g T

e P

,‘ B s

FRA !

AT

g .S gy O
> -

cnaaey”
¥ >

P e
F A paa TS
TR

Fhey P

(o
.
.
*

e RS

M R

i Y

e

. > — é )
. - {
AN g . » .

FARI

/ ARy SRRl o

""'--..
—

PR e

R = b andin

P

///éj,/éz?mﬁ;éé:@!-__;ff’4; < = L s g e —

65 cm/s

oy

JGR paper

Class 2

ww WY

L R
wat

PR N
L"‘l‘lr,
‘,ff!‘
ﬂ_“.-Ff.
,_‘_'._\‘q’r.l
g mmR
- g #9408
s 4
e

m & & oa
I T
F'f."n’t
l'.rl'.".ia
I‘."Fl,h
qu.,

J "- Thw,
'-._.‘-.'\.'\"-.1.,

L L, N

65 cm/s

—

Class 4

p e
ﬁ"..
. L s,
‘tl*"‘
.". - g
'.~.'!.‘l- .
dk
'S I
Jad "
o
g e
r"!l'l
| -I"“--1-
dl-lll"'-.-h-,l,-_‘ﬁ‘ﬁ‘..lnl
.-.’ = % a &4 4 &5 8 .v_-r_n_._-__.__ g
’_‘F_ .nrv';r.-.-.l_f_-._-._.__‘_‘.-:_r,
.'."F" PO DN -F-".-".—"_—h_.-_.._._-_;__—‘_u_-
“B e b VR PP e e o e
v e AR CEET L EF i
LY A R A R B R
YA AN A LY &N, .F.!_r.-_.._‘__‘._:‘,\
7"':.-/"!: -"*’.'r.r?.r?"".""’-u'é‘l
:_-..‘::‘. _,..ll‘.’.ffrffrP.i:.,,\:_:..
el APEEEE T R R
PR sebey bt ., NN
i s aat b1 Es g, " h Y




Latitude [°N]

34N

33N

32N

Shading: Bottom topography at 500m intervals

133E

134E

135E
Longitude [°E]

Kii Peninsula

Class 1

136E

Yes
Kuroshio latitude is
located far from
Cape Muroto.

No

Kuroshio bifurcation
flow occurs along
the western coast of
Cape Muroto.

Kuroshio or

its bifurcation flow
enters Ext-Kii
Channel region.

Yes

No

Yes

No

Bifurcation flow
induces northward
flow from Kuroshio.

Southwestward flow
occurs around Kii
Peninsula.

Anticyclonic
circulation pre-
existed in Ext-Kii
Channel region.

Inflow forms local
cyclonic circulation
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Case 4

Zonally dipole flow
mode

Case 2
Northeastward flow
mode

Case 1
Wave-like westward
flow mode

Case 3

Local cyclonic
circulation mode
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This paper proposed the total method for clustering the geophysical fluid circulations on the basis of the VAE
algorithm with the augmentation technigue using the PC-scaled noise injection.

The method successfully identifies 4 distinctive modes in the circulation field accompanied by Muroto-Kyucho
INn spite of using the data with a small sample size.

« This is the first study to objectively provide the specific circulation structures for the conventional human-
classified blurred flow patterns in this region.

Those modes are caused through different processes associated with the open ocean state variability,
suggesting that those modes are dynamically discriminative.

o [Ihe identified key phenomena on those processes may provide the bases for developing a simplifized
model for the Kyucho prediction and discovering the detailled mechanisms essential for Kyucho.

« Any other geophysical fluid circulation data with a small sample size, like given in Event Attributions.

o Our 2-channel network may be used to identify non-linear coherent modes between any two variables.
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