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» geophysics/environment to be investigated as a complex
system

« HM&Co moto: strong variability/heterogeneity of natural
and man-made environments over a wide range of scales

* not only applications: this inspires/requires new
complexity concepts and techniques

e cascades

 multifractals

* complex networks
e scaling anisotropy

 more and more data of higher quality and resolution




AN I Millenium problem of turbulence !
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DPSRI (dBR)
15:00 / 13-May-2016
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Pdf File: DP_50km_1km_A200_B150_400pix.dpsri
Clutter Filter: lIRDoppler 6

Time sampling:4096

PRF: 1200 Hz

Range: 50 km

Resolution: 0.250 km/pixel

Alg type: SRI

SRI H: 1.0 km

Data: Radar Data

Rainbow ® Selex ES GmbH
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Art piece ‘Windswept’ (Ch. Polarimetric radar observations of heavy
rainfalls over Paris region during 2016

Sowers, 2012): 612 freely rotating _ _
spring (100 m resolution):

wind direction indicators to help a ! )

large public to understand the - heaviest rain cells are much smaller

complexity of environment near than moderate ones _ .

the Earth surface - complex dynamics of their aggregation
into a large front



A I How many scales and voxels?
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Computing brute force
sufficient?

It requires N cubes of mm3
to reach the viscous scale
(=1mm):

N = 107(1010)2 =1027 >>
N,=1023

whereas N g e=107- 106

==> gtatistics or stochastics ?



A I Phenomenology: multiplicative cascades
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‘ LEVELS g
* Richardson’s quatrain (1922) : X);y
Big whirls have little whirls that feed on their velocit and little whirls have lesser have lesser whirls 0 a /
and so on to viscosity... =" 10
in the molecular sense.
» discrete multiplicative cascade processes (Yaglom 1966, Mandelbrot 1974...) R T .
: : PR o multiplication by 4

* From dead/alive alternative (B-model) to weak/strong infinite hierarchy of intensities independent random
* supported by an infinite hierarchy of fractals, p, . .

i h field i | MULTIFRACTAL (multlpllcatlve)

i.e. these fields are in genera increments
* however, multiplicative processes are not indispensable ! 1--

(\ L
NLyaL " — NLyaL™
/ LN\ 2- multiplication by 16
o L2 4 L2 g independent random
oy et

~ - (multiplicative)
L2 l .
[ increments
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A schematic illustration of a multifractal field analysed
over a scale ratio A, with two scaling thresholds, AY*and
A2, corresponding to two orders of singularity: y, > ¥;.

A I Universal Multifractals (UM)

* Multifractals: increasing variability clusters on smaller and
smaller space-time fractions, in fact fractal subsets

o => multi-scaling: < 8/? >~ A8 the scaling

function K(g) is nonlinear for a wide range of
resolutions A = L/

 Universal Multifractals (UM): stable and attractive multifractal

C
processes: K(g) = —1(q“ —q)
a —

« 0 < C;: mean intermittency, also the singularity of
the mean field. The field is homogeneous for C; = 0

e 0 < a < 2: multifractality index, measures the
increase of the intermittency with deviation from the
mean. The field is monofractal for & = 0, lognormal
fora = 2.

* Non-conservative fields: ¢, == e,4 " introduces the non-

conservative parameter H, e.g. order of fractional integration/
derivation.




A I Varenna summer school (1983)

PONTS
TCHAUSSEES
B pams » primary version of the multifractal formalism of Parisi and Frisch (1985) presented
at “Turbulence and Predictability in Geophysical Fluid Dynamics” organised by M.
Ghil, R. Benzi et G. Parisi
* clustering of higher activity on smaller spacetime fractions
 but: “Still the multifractal model appears to be somewhat more restrictive than
Mandelbrot’s weighted-curdling model which does include the logrnormal case”.
Homogeneous .

the conference proceedings (1985) refers to S+L (1984)):

or monofractal . : . :
* a small perturbation of the B-model is no longer limited to a unique

’ dimension (¢—model)
P : * the divergence of higher order moments is rather generic in cascade models

£ (P o’  the later introduces spurious scaling, an analytical approximation depending
N : Wind tunnel data on a unique scaling exponent H and the critical order a was proposed:

Anselmet &al. 1983 * it was shown to fit the experimental points from Anselmet et al. (1983), see
' fig. 1 with:

—

5 ? . 13 17 E&p)=pH+0(p—a)1 —pla) H=1/3,a =5,55,6
Fig.1 from S+L (1984)



A I Butterfly effect and ensemble predictions
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Initial Short-range Medium-range Loss of
(linear) {non-linear) predictability
(a (b) (c) (d)

Scheme of the evolution of the empirical pdf evolution of an Ensemble
Prediction System (EPS), according to Palmer,1999: from the phase space
region occupied by the initial ensemble (a), to (b) linear growth phase,

to (¢) nonlinear growth phase, to (d) loss of predictability




,& I Spectral analysis of space-time predictability
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Lorenz (1969)
Leith and Kraichnan(1972)
Metais and Lesieur (1986)

1\

/\5 peofy

e"(x,1) = u (x,1).u (x,1)
Flux from correlated ec to - >
decorrelated energy eA eA (x,1) = %—(22 (x,1)— l/tl(i(f, t))
Similar results with £ _1/2I3/2 5~ 10_3m2S_3, n = 10_3m

turbulence EhenomenOIOﬁi:




>Nl | Multifractal Predictability
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Rough idea:
1) relaxation of (common) past structures ==> flux of the past
i1) (new) independent structures ==> flux of the future

Cascade A L - Cascade B

fo o




vl | Multifractal Predictability
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Rain simulation (a=1.5, C,;=0.2, H=0.1 on log scale. Realizations A, B are identical until t=0, then they diverge.

Top: Realization A. Middle: Realization B. Bottom, forecast

L IR IR AN
RN B QM-
VI IRR MMMNIAI.II

*Power law divergence between the realizations A and B,

=> irrelevance of the finite dimensional ‘LE + MET’ scenario !
*Drastic loss of variability of forecast C with deterministic sub-grid
modeling (based on the conservation of the flux) => ‘baby theorem’:
stochastic sub-grid modeling does much better than deterministic one!

iSchertzer and LoveI'oilPhisica A 2004i




/>Nl |Rainfall time series prediction: VMD-RNN
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Original time sevies /()
N 1 . l :

Stepl: Divide the original rainfall time series into a training set and a non- | N = 7308
training set. l 1 l

™ st [y (0) i 3
Step2: Decompose the training set into K sub-sequences using VMD, MM TIEXIY | I T ‘::’

N, = 5120 \ WMP ’:.“- 2188
Step3: Sequentially append the non-training data to the training set to
generate new appended sequences and repeat decompose each append ey i ¥
sequence into K sets of appended sub-sequences. u * 0N+

Dex omguone Dex omguone

Step4: Exact the last sample of cach set of appended sub-sequences as a PR TN, S ——— memememeem————
non-training sample. : *azz () Yarx ()

Steps: For each sub-sequences, train four variant RNN models and tune s e i S ===
hyperparameters to find an ideal predicting model with optimal parameters. 212 o traeng 1ampie

Nontraining samples N, = 2185

Step6: For cach sub-sequences, input testing samples into the correspond
predicting models, and obtain individual predicted results y; (t).

Testing samgles (N, = 1024
Step7: Aggregate the predicting results of each sub-sequences to generate
the final predicted result y(¢) = 35 v, (0).

Final pr edxted teme 100t o LIt samgihes
Step8: Use the framework of UM to analyze the predicted and actual time l
series in the testing samples. ’ R

Figure 22: The process of the VMD-RNN model  (zZhou et al, 2022)
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Rainfall (mm/d)

° v, L AN Vo o8003
2018-05 2018-09

Figure 25: Predicted and actual daily time series in the testing set

Table 4: Prediction errors for daily time series in the testing set

% 3w
»

2019-01

Sl s Ll

2019-05 2019-09

2020-01

MAE RMSE MAPE

VMD-RNN 0.726 0.852 9.853
LSTM 6.825 2.612 10.475
LR 9.239 3.040 18.923

m— VMD-RNN
VMD-RNN 2 o LST™
— 5™ e LR -
— LR
- 15 1
@
©
Bu
® e
]
o
©
v o.
2021-01 0 5 10 15 20 2%

Actual
Figure 26: The comparison between predicted
and actual daily rainfall values

VMD-RNN model has better performance
in predicting high and low values, compared
with the pure LSTM and linear regression

VMD-RNN model has lowest prediction
errors in MAE, RMSE, MAPE
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I Rainfall time series prediction: VMD-RNN
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Figure 23: PSD of the corresponding last sub-sequence when K from 5 to 10
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I Methodologies: multifractal time series analyses

In(({))
> 'I‘race Moment (TM): A straight linear of slope K (q)
i. Calculate the empirical statistical moment (&, ) .
ii. Plot the logarithm of (sf ) versus the logarithm of 4 ,* cmpirical points
iii. Perform linear regression to obtain K(q) o’
Iv. K,(l) - C1 and K”(l) -_ aC1 *
In(,l)=

Figure 17: Illustration of the Trace Moment technique (Image source: Gires, 2012)

» Double Trace Moment (DTM): (K g m)|
linear portion of slope a
a=a and intercept b

I sf’) is renormalized by upscaling the n-power of the € =t 21

field at maximum resolution v T cmpinelpons
ii (e}")q) ~ 2%@m K(q,m) =n*K(q) :
iI. C, and a are obtained by the slope and intercept of the ) '

linear portion of the log-log plot of K(q,n) vs o .

In(n)

Fi 18: Illustration of the Double Trace Moment technique (Image source: Gires, 2012
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actual time series

predicted time series by
VMD-RNN

predicted time series by LSTM
without decomposition

Figure 27: UM results for daily
time series in the testing set

I Rainfall time series prediction: VMD-RNN

Estimated UM paramaters by DTM

TM Analysis DTM Analysis, g = 1.5
207 g=03;r =09 s W 044 * G=1%a=100C =024 Lottt
- 15 ™ Q-OS,I’-O” — 3.0 =09 -0.6 ...
A ) e gqw 08, F =09 A4 e A=IW . F=0m c_—o.a
’!: 101 ¢ ghf’ ¢ =2 A =0m L g-n,o
v - v - © =12 .
o 05 2| g = .
g I g 14 .
d - 3 1 -1.6 o'
0.0 -— e .
0 ' ooo-ooot""
00 05 10 15 20 25 00 05 10 15 20 25 -20 -15 =10 -05 00 05 10
'09(‘) ‘09‘/\) logm(n)
TM Analysis DTM Analysis, q = 1.5 Estimated UM paramaters by DTM
150 e qw03;r =098 4 W —0.50 v gq=1%a=106C =016 .,.-0
125 = q=05.r =09 -~ =15 =0m — -0.75 o
A 100 0" 3 o n=1wr. P =0 < 1'oo
T oo E. | o n=2m.f=0m . T
v w2 X 125 .
- 050 v e S .
_g. 025 M g ‘ o _8 s §
ot E.z;,ﬂ.on " R — -1.75 .
-0.25 0 . ~2.00 --oo-oo"”..
00 03 10 135 20 25 00 05 10 15 20 25 -20 =15 =10 =05 00 05 10
log(A) log(A) l0g10(n)
TM Analysis DTM Analysis, g = 1.5 Estimated UM paramaters by DTM
12 q=03. ¢ woW y 81, w0, =0 ~05{ * a=lSa=12xC =016 _,."""
1.0 @=05.rF =09 -~ T =0 -1.0 /.
‘ i - - A 25 = s (5
qﬁ o8 Q= 08; F =097 2 ® A= 1M =0% g -15 .
@ o6 S.20] ¢ n=2m. /" =0% ¥ -20 o
v 'c 15 o : o*
~ 04 - =2.5 .
e = 10 4 .t
S o2 g os — = -30 .
A
0.0 a0l = 35 et
-0.2 b
00 0S5 10 15 20 25 00 05 10 15 20 25 -20 -15 -10 -05 00 05 10
'09(/\) |09(/\) logm(n)




& I Methodologies: LSTM and ConvLSTM
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;
2D Tmagoe 3D Tonsor
(& -1 / :f.\

sigmoid

Convolutional LSTM - ConvLSTM

fe = o(Wys xe+ Wy he_y + by)
ip = 0(Wy x¢+ Wy hey+ by)
Ce = tanh(Wye x¢+ Wi he_y + b)
Ct = fOC;_y +i,OC
0y = 0(Wyo x¢+ Who he—1+ b,)
h: = 0,Otanh(Cy)

fe = o(Wyp » X +Wyp % Hy_y + Wep® Ceoy + by)
it = oWy * Xy +Whi * Hy—q +We;© Cp—1+ by)
C; = tanh(W,, * X, +Wj,. * H,_1 +b,)
Ct = f;OCi—1 + i:OC;
0r = 0(Wyo * Xy + Who * Hyq +Weo® Ce+ by)
H; = 0,Otanh(C;)



& I Methodologies: Generative Adversarial Networks (GAN) model
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e Generative: generate synthetic data

e Adversarial: a generator and a discriminator compete against each other, zero-sum
game

e the generator produces samples and try to fool discriminator
e the discriminator distinguishes real and generated data

e Networks: convolutional neural network, ConvLSTM, fully connected network

’ —) —>
CENT —> il Generated
Noise z Image




A I Precipitation nowcasting: dataset
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e Data source: Météo-Francel

* Accumulated precipitation (ACRR): the 5-minute rainfall in 1/100
mm

e Resolution: 5 min, 1 km

BRSO,
SO°N ... . [l BT S0 5 ‘ o Training  2018/01/01 - 2019/10/17 14014

P N A LA 200 S Validation ~ 2019/10/17 - 2019/12/24 3640
48°N ..., | T R IE )

::: ': R .. st -S

© N
460N ................. ?

=]

44°N

42°N

.........
..........

Accumuféted precipita

6°W 4°W 2°W 0° 2°FE 4°E 6°E B8°FE 10°F

40°N

1thanks to Thibaut Montmerle
) 1536 km 5 A precipitation map at 11:00 AM on June 11, 2018 and Yu Nan for suggestions and guidance
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Stepl: Use universal multifractals to obtain three
parameters in space and time.

Step2: Generate space-time data with 18 timesteps
by continuous-in-scale multiplicative cascades, then
to pick the 2D noise data at the lead times at Smin,
30min and 60min.

Step3: Define UM-GAN architecture based on the
application of space-time nowcasting.

Step4: Train the generator to create predictions that
try to fool two discriminators.

Step5: Train the spatial discriminator and
temporal discriminator to distinguish real data from
generated data in space and time.

Step 6: Continue training two discriminators and a
generator alternately for multiple epochs.

Step7: Save the best generator model for creating
predictions in the testing set.

a, Cyand H
in space and time

UM

Observation

continuous-in-scale

Dpace-ume gata

Inpul
Xe-25mins Xt~20min

«» Xg=Smin» Xt

multiplicative cascade

256% x 18
Noise data

Ne—25mins Me-20mins s e+ 55min

Generator

s Nes60min

pick

_

N4 Smins Mo+ 30mine Nes60min

Conv2D Conv2DTranspose

ConvLSTM2D

Temporal Discriminator

—

Xe4Smin

Observation

A I Precipitation nowcasting: UM-GAN model process

256 x3
Noise data

Prediction

256 x 3
Radar

—

Output
+Xt430mins Xt 4+ 60ming

Xe+Smins Xe+30mins Xt460min

e —— — — —— — — — —— — — — —— — — ——— — — —— — — — — —

Iteratively Tune

Spatial Discriminator

—€>

Iteratively Tune |




& I Precipitation nowcasting: results analysis— Event 12/06/2020
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AR 1P PARIS T)-escription: the thunderstorm with moderate ra?n \ Precipitation nowcasts by three different models and targets
at the lead times of 5, 30 and 60 minutes

due to a jet stream

Input : previous 6 steps of historical data gg%

(14:30, 14:35, 14:40, 14:45, 14:50, 14:55); 150

additional noise data generated by i 22

continuous-in-scale multiplicative cascades s §§ :

: . . : } : ' . 0 — 150 200 = ;0 é
\_Output: (15:00, 15:25, 15:55) _

The historical data from six previous time steps

RMSF:10.82
MAE20)

00 150 200

RMSE:12.50 > RNSE:12.49)
MAE2 88 )\ MAE:3 91

T 5 £

Accumulated precipitation (17100 mm)

&

=




I Precipitation nowcasting: Categorical scores — Event 12/06/2020
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A I Precipitation nowcasting: UM results— Event 12/06/2020
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at 5-minute lead time

Estimated UM paramaters by DTM Estimated UM paramaters by DTM Estimated UM paramaters by DTM Estimated UM paramaters by DTM » R
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 Conclusions

* VMD is effective for time series prediction (LSTM, GRU and
bidirectional variants), but still underestimates extremes

* GAN-based models have better MAE and RMSE scores, and
higher prediction accuracy in comparison to the ConvLSTM
without adversarial training or linear regression

* stronger performance of UM-GAN in POD and CSl scores, and
bias,particularly for thresholds of 10, 20, 30 (1/100 mm /5')

* UM parameters from ConvLSTM have a larger dispersion
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I Conclusions and prospects

* Prospects
* increase accuracy of mean intermittency (Cz) for longer lead times
* nowcasting of other geophysical fields
» multifractal prediction vs. RNN prediction (beyond GAN)
* neural networks and complex/climate networks
e ensemble predictions, or probalistic versions

Relative Total Degree Distribution for Case A (py =1)

Thomas et al., EGU Letters. 2024

25



