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Devising a Two-Step Real-Time Recurrent Learning
Algorithm for Streamflow Forecasting

AT 4k kB M &k £ F
YEN-MING CHIANG L1-CHru CHANG F1-JOoHN CHANG
CIRVASE PN - CilvASY. PN - CIRVASE. PN -
AVERERA TRENIZERT  AEYIRERM TRENIZERT YRR TRV e
fiEl - BERFF 2 2R LR T 5E EEE 3 N
1 £

(] oo, S I A A TCAT m] AL 85 - R S S8 TR IR TR BRI R B £
S A SFHDIRY R R BIR S AT » B [0 22 TR B vy 1 R MR T B KR R 5
BB Rodlllok #E1 » mT DUE 5515 RRRAE A b — BRIl ok —32 #5207 > REPER HER SRV LAl
HRCRIVERE  DIER/K SRR - ANGi 2 0 AP B A i s REi i -
ST T PRI ACHR 2 BERN TR —/ NIRRT B - [RS8 SR Rk Ui E AEAE
2~3 {8l /NRFRL BIRE - HOSRE ITEBIRIRY BRTEAR AER - 5 IR /K S U8E IR 135 3E 21y
DRIRIFIH] » [KIELEF B — R - AR S fEggfre P Belol i sCEmi g B% - DUERS T —
/NRFZ TER il DR EC R R PR w71 - FMIDURHER baffeiin SEny HEGRAS SR - Q8
ARMAX £ X1 Pl - 58 5 1m0l i X R i S A s LA R 9 SRR RET T e AR HE A 6E

RAGRER « [ml X R R B o BIIRE (O] AR SR v Rk > R R -
ABSTRACT

The architecture of Recurrent Neural Network (RNN) provides an effident representation
of dymamic intemal feedback loops in the system to store information for later use. The
Real-Time Recurent Learning (RTRL) algorithm deriving for RNN is an on-line learning The
main feature of the RTRL is that it doesn 't need a great deal of historical data for training,and
it caan perform on-ine learning with training and operating at the same time. Most of the
traditional physical modes or feedforward neural networks for streamflow forecasting
emphasize the one-step ahead forecasting Due to the highmountainand steep chanrel all over
the Taiwan idand, the peak flow uswally approach downstream about 2 or 3 hours after heavy
rainfall on the watershed Consequently, it is desired and will be very beneficial if the model
can provide multi-step ahead forecasting The main aim of this study is to develop a two-step
ahead algorithm based RTRL. For the purpose of comparison, the predictive ahility of RTRL
and ARMAX model are performed by using the rainfallrunoff data of the Da-Chia River. Our
results demonstrate that the RTRL has a learning capadty with high efficiency and is an
adequate model for time series prediction.

Keywords: Reaurrent Neural Network, Real-Time Recurent Learning algorithm, On-ine
learning.
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