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DL for rainfall time series prediction
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Motivations: Challenges:
* Monitoring urban hydrological systems = Rainfall displays variability over a wide range of space-
* Early warning of flood and other extreme events time scales
* Guide for water resource allocation = Rainfall time series are extremely nonlinear
I __________________ A
Data Driven Statistical Model |
|
| deep learning :
| |
| Neural Network(NN) and Its Types | ; o SRR
| Mathematics behind | v i A
| Lot R
| -k R
I s m I = e I —
| | ABRRET O
Definition of NN I | . e ' '
: L Typesof NN : _ __ 1
I l |
| Output/prediction | o ' o
| | source: https://www.bbc.com/news/world-europe-36451009




& RNN(Recurrent Neural Network)
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Locs VYMD (Variational Mode Decomposition)
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Advantages:
o extract hidden information of complex nonlinear time series
o sound mathematical foundations

o avoid mode overlap problem

The original time series is a nonlinear signal f, and the variational problem is described as seeking K
finite bandwidth mode functions u,(t)(k = 1,2, ..., K) with central frequency, so that the sum of

bandwidth estimates of each mode is minimized. The constraint condition is that the sum of each
sub-sequences is equal to the input f.
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£o08 The implementation of VMD-RNN
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Stepl: Divide the original rainfall time series f(t) (t = 1,2, ..., N, Original time series £ (t)
where N is the length of total data) into a training set fr(t) (t =
1,2, ..., N, where N; is the training set length) and a non-training |

set fy(t) (t = 1,2, ..., N,, where N,, is the non-training set length). | |

Step2: Decompose the training set fr(t) into K sub-sequences Tra.l”"flse”%| ® " | ‘ ' ||H " YY M YY Non-training set fi ()
ur () (=12, ...,K) using VMD.

Step3: Sequentially append the non-training data to the training set | . . Seauentally appendP N =185
t— n=

| to generate new appended sequences quN ®) (G=12,..,N)and | new sequences fy (¢) |
J - |

| repeat decompose each append sequence f7y(t) into K sets of

N=7305

I Decompose VMD Decompose
| appended sub-sequences uTNl (t). | ) —0

Step4 Exact the last sample of each set of appended sub-
sequences as a non-training sample and divide the generated non-
training samples into two subsets: validation and testing samples.

Step5: For each sub-sequences, combine data from the training set
and validation samples as history data, which then were used to
train four variant RNN models and tune hyperparameters to find an

Extract the last sample
as a non-training sample

Non-training samples

Training samples

ideal predicting model with optimal parameters. validation sampyes o1 l
Step6: For each sub-sequences, input testing samples into the :
.. . e e . . 4 variant RNN .
correspond predicting models, and obtain individual predicted TranE models Predicing | coingsamples | Ny, = 1024
results y; (t) . 1

Step7: Aggregate the predicting results of each sub-sequences to
generate the final predicted result y(t) = Y5, v, ().

Step8: Utilize the framework of UM to analyze the predicted and l
actual time series in the testing samples. UM analysis

Final predicted time series in test samples



UM(Universal Multifractals)
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Let’s denote ¢, is a conservative field at resolution 4, the statistical moment of order g can be defined as:
(g2) = AX@

K(q) is the moment scaling function, characterizing the variability of the field at all scales.

Yt —q) a=z1
K@) ={a—11 ~1

C1qlng a=1
C; — the mean intermittency co-dimension;
a — the multifractality index.
» Trace Moment (TM): » Double Trace Moment (DTM):
i.  Calculate the empirical statistical moment () i gf?) is renormalized by upscaling the n-power of
ii. Plot the logarithm of (¢]) versus the logarithm of 1 the field at maximum resolution

iii.  Perform linear regression to obtain K(q)

7 (’7)‘1> ~ 2K _ oa
. \& ~ A . K(g,n) =n*K
iv. K'(1) =C; and K" (1) = aC, < p (a,m) =n“K(q)

iil. C; and a are obtained by the slope and intercept of
the linear portion of the log-log plot of K(gq,n) vs 1



& Daily time series

Dataset: Daily rainfall in Paris over the last 20 years ( 7305 data) —_—_——————————
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UM analysis for daily time series in the testing set
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£ocs UM analysis for daily time series in the testing set (scale from 1d to 16d)
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TM Analysis DTM Analysis, q = 1.5

UM paramaters for 1st scaling regime
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Hourly time series results

Rainfall (mm)

Rainfall (mm)

Dataset: hourly rainfall in Paris in 2001 (7305 data)
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2001-01 2001-02 2001-03 2001-04 2001-05 2001-06 2001-07 2001-08 2001-09 2001-10 2001-11
Actual and predicted hourly time series by VMD-RNN and LSTM in the testing set (1024 data)
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UM analysis for hourly time series in the testing set (scale from 1h to 16h)

Actual time series

Predicted time
series by VMD-
RNN

Predicted time
series by LSTM
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Thank you for your attention

Contact: hai.zhou@enpc.fr
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