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DL for rainfall time series prediction
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Motivations:

• Monitoring urban hydrological systems

• Early warning of flood and other extreme events

• Guide for water resource allocation

Output/prediction

Input

Data Driven Statistical Model
deep learning

Challenges:
▪ Rainfall displays variability over a wide range of space-

time scales 
▪ Rainfall time series are extremely nonlinear 

source: https://www.bbc.com/news/world-europe-36451009 



RNN(Recurrent Neural Network)
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Standard RNN

LSTM

GRU



VMD (Variational Mode Decomposition)
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The original time series is a nonlinear signal 𝑓, and the variational problem is described as seeking K
finite bandwidth mode functions 𝑢𝑘 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.

Advantages:

o extract hidden information of complex nonlinear time series

o sound mathematical foundations

o avoid mode overlap problem



The implementation of VMD-RNN
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N=7305

𝑁𝑣 = 1161

𝑁𝑛=2185

𝑁𝑡𝑒 = 1024

𝑁𝑡=5120



UM(Universal Multifractals)
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Let’s denote 𝜀𝜆 is a conservative field at resolution 𝜆, the statistical moment of order 𝑞 can be defined as:

𝜀𝜆 ≈ 𝜆𝐾(𝑞)

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

𝐾 𝑞 = ቐ

𝐶1
𝛼 − 1

(𝑞𝛼 − 𝑞) 𝛼 ≠ 1

𝐶1𝑞ln𝑞 𝛼 = 1

𝐶1 – the mean intermittency co-dimension;

𝛼 – the multifractality index.

 Trace Moment (TM):

i. Calculate the empirical statistical moment 𝜀𝜆
𝑞

ii. Plot the logarithm of 𝜀𝜆
𝑞

versus the logarithm of 𝜆

iii. Perform linear regression to obtain 𝐾 𝑞
iv. 𝐾′ 1 = 𝐶1 and 𝐾′′ 1 = 𝛼𝐶1

 Double Trace Moment (DTM):

i. 𝜀𝜆
(𝜂)

is renormalized by upscaling the 𝜂-power of

the field at maximum resolution

ii. 𝜀𝜆
(𝜂)𝑞

≈ 𝜆𝐾(𝑞,𝜂), 𝐾 𝑞, 𝜂 = 𝜂𝛼𝐾 𝑞

iii. 𝐶1 and 𝛼 are obtained by the slope and intercept of

the linear portion of the log-log plot of 𝐾 𝑞, 𝜂 vs 𝜂



Daily time series 
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Dataset:  Daily rainfall in Paris over the last 20 years ( 7305 data)
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Actual and predicted daily time series by VMD-RNN and LSTM in the testing set (1024 data)

Plot PSD of the last sub-sequence 

to determine the number of K 

K=8

K=9



UM analysis for daily time series in the testing set 
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~ 2.8 y

64 d

1 d

Actual time series

Predicted time

series by VMD-

RNN

Predicted time

series by LSTM



UM analysis for daily time series in the testing set (scale from 1d to 16d) 
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Actual time series

Predicted time

series by VMD-

RNN

Predicted time

series by LSTM

without

decomposition

1d

16d



Hourly time series results
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Dataset:  hourly rainfall in Paris in 2001 (7305 data)
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Actual and predicted hourly time series by VMD-RNN and LSTM in the testing set (1024 data)



UM analysis for hourly time series in the testing set (scale from 1h to 16h) 
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Actual time series

Predicted time

series by VMD-

RNN

Predicted time

series by LSTM

without

decomposition



Thank you for your attention

Contact: hai.zhou@enpc.fr


