1,;,' Check Point Threat Extraction secured this document ~» Get Original

See discussions, stats, and author profiles for this publication at: https://www.researchgate.net/publication/321264401

(In Korean) ‘000 OO0 OO OO 0O0: 00 000 0O0OC 0000 (Water Level
Forecasting based on Deep Learning: A Use Case of Trinity River-

Texas-The United States)

Article - June 2017
DOI: 10.5626/J0K.2017.44.6.607

CITATIONS READS
0 306

2 authors:

# Quang-Khai Tran [ Sa-kwang Song
" Korea Institute of Science and Technology Information (... Korea Institute of Science and Technology Information (...

6 PUBLICATIONS O CITATIONS 82 PUBLICATIONS 221 CITATIONS

SEE PROFILE SEE PROFILE

Some of the authors of this publication are also working on these related projects:

rect  Matrix Completion for Predicting Hurricane Damage Levels View project

roect S€Mantic Web View project

All content following this page was uploaded by Quang-Khai Tran on 24 November 2017.

The user has requested enhancement of the downloaded file.


http://a.com/?rand=01234567890123456789012345678901234567890123456789012345678901234567890123456789012345678901234567890123456789012345678901234567890012345678901234567890123456789012345678901234567890012345678901234567890123456789012345678901234567890012345678901234567890123456789012345678901234567890012345678901234567890123456789012345678901234567890
http://172.16.0.201/UserCheck/PortalMain?IID={1C5AD72E-5152-A110-73B5-B97EBF43410F}&origUrl=

ISSN 2383-630X(Print) / ISSN 2383-6296(Online)
Journal of KIISE, Vol. 44, No. 6, pp. 607-612, 2017. 6
https://doi.org/10.5626/JOK.2017.44.6.607

el Au A5 59 =
B WAL Edve g AT

(Water Level Forecasting based on Deep Learning:
A Use Case of Trinity River-Texas—The United States)
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Abstract This paper presents an attempt to apply Deep Learning technology to solve the problem
of forecasting floods in urban areas. We employ Recurrent Neural Networks (RNNs), which are
suitable for analyzing time series data, to learn observed data of river water and to predict the water
level. To test the model, we use water observation data of a station in the Trinity river, Texas, the
U.S., with data from 2013 to 2015 for training and data in 2016 for testing. Input of the neural networks
is a 16-record-length sequence of 15-minute-interval time-series data, and output is the predicted
value of the water level at the next 30 minutes and 60 minutes. In the experiment, we compare three
Deep Learning models including standard RNN, RNN trained with Back Propagation Through Time
(RNN-BPTT), and Long Short-Term Memory (LSTM). The prediction quality of LSTM can obtain
Nash Efficiency exceeding 0.98, while the standard RNN and RNN-BPTT also provide very high
accuracy.

Keywords: water level forecasting, deep learning, recurrent neural networks, back propagation

through time, long short-term memory
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Table 1 Training time, validation errors and prediction

errors

RNN | RNN-BPTT | LSTM

Training time
(hours)
Validation
(RMSE-
normalized)

~14 ~22 ~67

Training

0.0076 0.0064 0.0045

One prediction
(milliseconds)
RMSE-30
minutes
(normalized)
RMSE-60
minutes
(normalized)
RMSE-30
minutes
(feet)
RMSE-60
minutes
(feet)
NE-30
minutes
NE-60
minutes

0.0102 0.0091 0.0077

0.0105 00092 0.0079

Testing

0.4289 0.3839 0.3246

0.4420 0.3845 0.3317

0.9831 0.9865 0.9903

0.9820 0.9864 0.9898




610 AR e s =22 A4 A63(2017. 6)

‘43} 011? = 5 4
4560014 B = 31%0], 30 feeto]F (Ao A4
”ﬂoﬂ"ﬂ—:— ol & o Fdte AL AT 4 ok 30
&2 RMSE HH9= 0.4289ftol| A 0.3246ft71A] ©]
60 o|=2] RMSE W71 0.4420ftoll A 0.3317ft7}k
| olB2, Al RAES oF JlsAde v frasit
x 1. =% 1% 789 AEIEE FIME 7 2dd
AEA7} oF ASFFk 7t vijS & AR=E B F A
LSTMeo] st&53} o= B5olA w<s RNNI RNN-
BPTTE &7F8l= ©lf+ VG(Vanishing Gradient) ¥
A #E T8 e 2 AoZ HLATL BIE o] AF
oAlA AREE AME o7t s ZAe FARHI6 B
=) VG #FAl= 3] HFZH RNN 2o 453
Aol WEl7E H= Aoz KAtk LSTMol= A]fE2e

Ko s

N

—~

Fe A 2 F A=A ‘g}gﬁg 2= 98 Aot}
Ayt RE GugEe st o=(esE dxh
(F D& F3t=d @A 4 e 27F desite A
o fosllof gty LSTML sy #AI rR7iA=
B9 P22 Q8 938 FHseE Agte] el 4
dck 2y ol#d g3H(~28 L] X)lME AtE
zde d27 g A A AT F Utk wEbA
o] Rale M FgelA 9] dFe A2 F Ut

0.07

-~ RNN
------ RNN-BPTT ||
LSTM

0.06

RMSE

0.00
5

50 100 150 200
Epoch

ag 3 A ¢agjEd +8 85 epoch ©]F)
Fig. 3 Convergence process(after the 5th epoch)

4. A2 1

=<

o

% 17

B AFe HZ £ AeS Hole EF RNN,
RNN-BPTT, LSTM 5¢] t}ekst
ﬁf‘fm Alﬁl@‘ Al "ol E

i

A, NE%M 098 ool =2 #e A, 0%
Ao Zol A 60% SR} Ee =
53], 1741cﬂ tﬂ 1E1°ﬂ =2 *é%% iol% LSTM

ok
?E].

3 Bk RNN—BPTTQ} 3% RNNe] %4—3— 0191
=3 01 23k RdlE59 S5 HlolE o] Yot sy Ao
wh AlZko] At Aoz AR 27 Z‘]o% <
of 74«1 *‘Al?&zi g dSo] 7hsdl
|5 7Ves Aot

g5 ?i?it— # o we
EEER
E

2 o

A A5E A A1 o

2016.03

2016.05

[| — Real-60
|| ---- Predicted-60

2016.01

2016.03 2016.05
18 4 %% RNN9 o =3 9¥

Fig. 4 Predicted patterns of standard RNN

Flooding

2016.03

2016.05

[| — Real-60
|| ---- Predicted-60

2016.01

2016.03 016,05
29 5 RNN-BPTT9] o=3 o€l

Fig. 5 Predicted patterns of RNN-BPTT



Water Level

Water Level

2016.01

36
34
32
30
28
26
24
22

Fig. 7 Scatter plot of values predicted by standard RNN

36
34
32
30
28
26
24
22

36
34
32
30
28
26
24
22

)3} 34)

o
=

2016.03

201l6.05

Y 6 LSTM] o535 ==
Fig. 6 Predicted patterns of LSTM

Predicted-30 (y-axis) vs. Real-30 (x-axis)

Predicted-60 (y-axis) vs. Real-60 (x-axis)

36
34
32
30
28
26
24
22

22 24 26 28 30 32 34 36

22 24 26 28 30 32 34 36

a9 7 3F RNNY| &2 iAxs

Predicted-30 (y-axis) vs. Real-30 (x-axis)

Predicted-60 (y-axis) vs. Real-60 (x-axis)

G
/-

36
34
32
30
28
26
24
22

22 24 26 28 30 32 34 36

22 24 26 28 30 32 34 36

7% 8 RNN-BPTTY ¢j&4xe] 2xe
Fig. 8 Scatter plot of values predicted by RNN-BPTT

Predicted-30 (y-axis) vs. Real-30 (x-axis)

Predicted-60 (y-axis) vs. Real-60 (x-axis)

7

36
34

32t
301

28
26

24}
22}

22 24 26 28 30 32 34 36

22 24 26 28 30 32 34 36

7™ 9 LSTM9| o S4e] A2 s

Fig. 9

Bk olg dAaiA 949, Aol 3

283t dF HEd=E o

Scatter plot of values predicted by LSTM

1= ise

=
[$)

=0 n)F gas EUEG QT

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

611

References

B. Bazartseren, G. Hildebrandt, K. P. Holz, "Short-
term water level prediction using neural networks
and neuro—fuzzy approach,” Neurocomputing, Vol.
55, No. 3, pp. 439-450, 2003.

F. J. Chang, P. A. Chen, Y. R. Lu, E. Huang, K. Y.
Chang, "Real-time Multi-Step-Ahead Water Level
Forecasting by Recurrent Neural Networks for
Urban Flood Control,” Journal of Hydrology, Vol.
517, pp. 836-846, 2014.

A. Graves, ]. Schmidhuber, "Framewise Phoneme
Classification with Bidirectional LSTM and Other
Neural Network Architectures,” Neural Networks,
Vol. 18, No. 5, pp. 602-610, 2005.

K. Greff, R. K. Srivastava, J. Koutnik, B. R. Steu—
nebrink, J. Schmidhuber, "LSTM: A Search Space
Odyssey,” IEEE Transactions on Neural Networks
and Learning Systems, Vol. PP, Issue 99, 2016.

7. He, X. Wen, H. Liu, J. Du, "A Comparative
Study of Artificial Neural Network, Adaptive Neuro
Fuzzy Inference System and Support Vector Ma-
chine for Forecasting River Flow in the Semiarid
Mountain Region,” Journal of Hydrology, Vol. 509,
pp. 379-386, 2014.

N.Q. Hung, M.S. Babel, S. Weesakul, N.K. Tripathi,
"An Artificial Neural Network Model for Rainfall
Forecasting in Bangkok, Thailand,” Hydrology and
Earth System Sciences, Vol. 13, No. 8, pp. 1413-1425,
20009.

S. Hochreiter, J. Schmidhuber, "Long Short Term
Memory,” Neural Computation, Vol.9, No.8, pp.
1735-1780, 1997.

S. Hochreiter, "The Vanishing Gradient Problem
During Learning Recurrent Neural Nets and Pro-
blem Solutions,” International Journal of Uncertainty,
Fuzziness and Knowledge-Based Systems, Vol. 6,
No. 02, pp. 107-116, 1998.

Y. LeCun, Y. Bengio, G. Hinton, "Deep Learning,”
Nature, Vol. 521, No. 7553, pp. 436-444, 2015.

D. E. Rumelhart, G. Hinton, R. J. Williams, "Learn-
ing Representations by Back-propagating Errors,”
Cognitive Modeling, Vol.5, No. 3, p.213-220, 1988.
P. J. Werbos, "Backpropagation Through Time:
What It Does and How To Do It,” Proc. of the
IEEE, Vol. 78, No. 10, pp. 1550-1560, 1990.

Theano [Online]. Available: http://deeplearning.net/
software/theano/ (last accessed: Sep. 2016)
USGS-WaterWatch [Online]. Available: http://water—-
watch.usgs.gov/index.php?m=flood&r=tx&w=map (last
accessed: Sep. 2016)

=

=2 =

=

‘Nash Efficiency’(NE) X+ ‘Nash-Sutcliffe efficiency

coefficient & 9 & des SHsie o AHEHH



612 AR AT =EA A47 A63(2017. 6)

=3 Zo] AFETH25:

(Qloi Qp)Z
NE=1-1 —
Z(Qf QO)Z
‘n'e AWE Foli @9 Qe IFUT AdFUE
oty @"& BE WF @olth NE ol 1.001 e
25 o3 st Fopich

Eg 7}-0]
200793 Faculty of Information Tech-
nology, University of Science, Vietnam
National University - Ho Chi Minh City,
Vietnam(3AP. 2011 Faculty of Com-
% puter Science and Engineering, Uni-
versity of Technology, Vietnam National
University - Ho Chi Minh City, Vietham(XJA}). 20113 ~
20134 Faculty of Information Technology, Eastern Inter-
national University(EIU), Binh Duong, Vietnam(ZA})
201313 ~2014'd Department of Water Management, Unesco—
IHE, Delft, The Netherlands(2tAl2Hd H4Y). 20159~ &
A etrledgstaostn u ol shetahukAlag )
A). 20158 ~@AA A RATY JAHAFA AV
*04?@(3/‘304?" ARk Hueld, 1A%, 99
o, 765]——“]'6]' /\]DHF:] )]

S AF 3
A 1997L:1 Festa FAH E4(EHh
- v 1999 SEdistn Ui HFE sy
— Z9(42h. 2011 KAIST kg =4k
[ - g3} Z (e}, 1999 ~2000d 3=A
k/ AT ARAAATE A7
LR 20009 ~20039  (FIMAMN2E AR
*—“,% 2. 2003L~2010La A FAATY vlo] Q1 E
el ~E AAdATY. 20108 ~AA S |eHRAT
A GAEARDNEATA A 20143 ~3A HEr)EA
Foistdoisty Hldolg#sta} R @AlEoks Blo]
H, AFA5, H2E vloly, xAoixg], FRAM AlwiE] )



