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Reinforced Two-Step-Ahead Weight Adjustment
Technique for Online Training of
Recurrent Neural Networks
Li-Chiu Chang, Pin-An Chen, and Fi-John Chang

Abstract— A reliable forecast of future events possesses great
value. The main purpose of this paper is to propose an innovative
learning technique for reinforcing the accuracy of two-stepahead (2SA) forecasts. The real-time recurrent learning (RTRL)
algorithm for recurrent neural networks (RNNs) can effectively
model the dynamics of complex processes and has been used
successfully in one-step-ahead forecasts for various time series.
A reinforced RTRL algorithm for 2SA forecasts using RNNs
is proposed in this paper, and its performance is investigated
by two famous benchmark time series and a streamflow during
flood events in Taiwan. Results demonstrate that the proposed
reinforced 2SA RTRL algorithm for RNNs can adequately
forecast the benchmark (theoretical) time series, significantly
improve the accuracy of flood forecasts, and effectively reduce
time-lag effects.
Index Terms— Real-time recurrent learning (RTRL) algorithm,
recurrent neural network (RNN), streamflow forecast, time series
forecast.

I. I NTRODUCTION

M

OST observational disciplines tend to infer properties of an uncertain system from the analysis of its
measured data. The analytical technologies for extracting
the meaningful characteristics of time series data have been
widely discussed for a long time [1]. Many mature techniques associated with time series analysis were used in many
important applications such as environment and marketing [2].
Because observations closer together in time generally would
be more closely related than observations further apart, it is
more difficult to obtain a satisfactory multistep-ahead forecast.
The recursive use of one-step-ahead forecasts for many time
steps into the future is a commonly used strategy, which
unfortunately has been shown to have shortcomings in realworld applications [3]. This is mainly because a small forecast
error at the beginning could propagate into the future. To solve
such a problem, it is argued whether an iterative adjustment of
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the model’s parameters based on additional information, such
as antecedent observed values and/or model outputs, would be
beneficial to multistep-ahead forecasts.
Over the last few decades, artificial neural networks (ANNs)
have been recognized for modeling the underlying nonlinearities and complexities in artificial or physical systems.
Many ANNs were developed to solve different problems,
such as rainfall and streamflow forecasting [4]–[9], seismic
[10], reservoir flood control [11], financial forecasts [12],
sunspot activity [13], and many other disciplines for multistepahead forecasts [13]–[17]. Most of these applied with neural
networks are classified into static neural networks and can
simulate the short-term memory structures within processes,
whereas the extraordinary time variation characteristics of time
series might not be well retained.
Lately, recurrent neural networks (RNNs) have attracted
much attention [18]–[24] for extracting dynamic time variation
characteristics. Because of their dynamic nature, RNNs have
been successfully applied to a wide variety of problems such
as system identification [25]–[27], speech processing and plant
control [28], and time series forecasting [29]–[33]. RNNs are
capable of improving forecast accuracy [3], [34]–[36]. The
training of an RNN, however, could be time consuming [13],
[37], such as back-propagation through time (BPTT). BPTT,
designed for training RNNs, can be derived by unfolding the
temporal operation of the network into a multilayer feedforward network. The two familiar implementations of BPTT
are the batch mode (epoch-wise BPTT) and real-time mode
(truncated BPTT) [38]. A potential drawback of truncated
BPTT is that the memory effects exceeding the truncation
depth (duration) cannot be captured by RNNs.
The real-time recurrent learning (RTRL) algorithm,
proposed by Williams and Zipser [39], is an effective and
efficient algorithm for training recurrent networks, and its
name is derived from the fact that real-time adjustments
are made to the synaptic weights of an RNN. A number of previous studies demonstrated that the RTRL algorithm for RNNs is very effective in modeling the dynamics
of complex processes and can provide accurate forecasts
[40]–[42], while some studies further made efforts to reduce
the time complexity of the RTRL algorithm [43]–[45].
Due to geophysical conditions, reservoirs in Taiwan are
relatively small when considering the amount of water falling
on watersheds during typhoon events. A controlled spillway
is equipped with mechanical gates to control the water release
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Reinforced 2SA weight adjustment procedure for RNN.

of a dam. The discharge rate must be carefully arranged by
suitably controlling the spillway gates. In this paper, it will
take about two hours to fully open the floodgates. Consequently, an accurate two-step-ahead (2SA) forecast will be
crucial and beneficial to decision makers. As a result, the
major goal of this paper is to develop a reinforced 2SA RTRL
(R-RTRL) algorithm for RNNs and further demonstrate its
reliability and applicability in 2SA forecasts for two famous
benchmark chaotic time series and an inflow of reservoir
in Taiwan by mitigating time-lag effects and increasing the
forecast accuracy. Its performance is compared with that of
the back-propagation neural networks (BPNNs) and RNNs.
II. 2SA F ORECAST M ETHODOLOGY
A. Concept and Procedure
The basic idea for forecasts is usually the case that additional information from antecedent observed values and/or
model outputs will be beneficial to forecasts, and forecast
results tend to be closer to the true values as the forecast
model can be iteratively adjusted through model performance
with a reduction of errors. The purpose of this paper is to provide evidence for the aforementioned arguments and propose
a reinforced weight adjustment technique for 2SA forecast
models under RNN infrastructures for increasing forecast
accuracy through incorporating the antecedent forecasted values and observed values into consecutive temp networks to
adjust weights in the learning process. Fig. 1 shows the proposed reinforced 2SA weight adjustment procedure for online
learning of RNNs. The proposed procedure is used to develop

an RNN of the 2SA RTRL algorithm, and its applicability
and effectiveness for various time series are shown in the
following section.
B. 2SA RTRL Algorithm
An RTRL algorithm was derived from the fact that realtime adjustments are made to the synaptic weights of a fully
connected RNN [39]. Based on the one-step-ahead RTRL
algorithm, Chang et al. [46] devised a 2SA RTRL algorithm.
Its weight adjustments could only be completed until obtaining
the observed value at time t + 2, which means the antecedent
information of the observed x(t +1) and model output z(t +3)
is ignored. Consequently, its weight adjustment process does
not fully use the antecedent information and has time-lag
problems. To fix this shortcoming, this paper develops a
2SA (R-RTRL) algorithm by utilizing all of the most current
information.
As shown in Fig. 1, at time t + 2, the weights are adjusted
by the differences between observed and forecasted values.
The RNNtemp with adjusted weights can be used to produce a
new updating output ẑ(t + 3) at time t + 1, and the reinforced
error between the updating and and former forecasted outputs
at time t + 1 can then be utilized to reinforce the weight
adjustments Ŵ (t) and V̂ (t + 1). The detailed algorithm
is shown in the next section.
C. Deriving the Algorithm
Fig. 2 is a 2SA R-RTRL architecture with M external inputs
and K outputs. Let x(t) denote the M × 1 input vector at
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Architecture of 2SA RNN.

discrete time t, y(t +1) denote the corresponding N× 1 vector
one-step later at time t +1 in the processing layer, and z(t +2)
denote the corresponding K × 1 output vector.
The x(t) and y(t) are concatenated to form the (M + N)×1
vector μ(t), whose i th element is denoted by μi (t). Let A
denote the set of indices i, for which x i (t) is an external input,
and B denote the set of indices i, for which yi (t) is the output
of the processing layer. Thus, vector μ(t) can be represented as

x i (t), if i ∈ A
μi (t) =
(1)
yi (t), if i ∈ B.
W and V denote the weight matrix in the processing layer
and output later, respectively. W ↔ w j i and V ↔ v kj are of
matrix forms. The output of neuron j in the processing layer
is given by





y j (t + 1) = f net j (t + 1) = f
w j i (t)μi (t) . (2)
i∈ A∪B

The net output of neuron k in the output layer at time t + 2
is computed by
⎛
⎞

z k (t + 2) = f (netk (t +2)) = f ⎝ v kj (t +1)y j (t + 1)⎠. (3)
j

Let dk (t + 2) denote the target value of neuron k at time
t + 2. The error vector is defined by
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where η1 and η2 are the learning-rate parameters and π is the
j
dynamics of the system with initial condition πmn (0) = 0.
δm j has a value of 1 if and only if j = m, otherwise its value
is zero [46].
The weights are adjusted at time t + 2; however, the
information from time t + 1 does not contribute to the
weight adjustment. We believe the closest antecedent (t + 1
in this case) information is crucial and could further diminish the time-lag effects. Consequently, we proposed that
the adjusted weights should be fed back to the network
at time t + 1 through incorporating the closest antecedent
information (i.e., the observed x(t + 1) and model output
z(t + 3)) to recalculate its forecasted value, and then the
adjusted weights are further modified through the comparison of the original forecasted value z k (t + 3) and the
reforecasted value. ẑ k (t + 3) is calculated by the following
equations:
ŷ j (t + 2) = f (n êt j (t + 2))



(w j i (t) + w j i (t))μi (t + 1)
= f

(9)

i∈A∪B

ẑ k (t + 3) = f (n êtk (t + 3))
⎛
⎞

= f ⎝ (v kj (t+1)+v kj (t +1)) ŷ j (t +2)⎠. (10)
j

Then the reinforced error vector êk (t + 3) of neuron k is
defined by
êk (t + 3) = ẑ k (t + 3) − z k (t + 3).

(11)

Therefore, the instantaneous overall reinforced error is
defined by
1 2
êk (t + 3).
2
K

Ê(t + 3) =

(12)

k=1

To minimize (12), the additional change of adjusted weights
can be written as

(4)

v̂ kj = −η3

(13)

Define the instantaneous overall network error at time
t + 2 as

∂ Ê(t + 3)
∂v kj

ŵmn = −η4

∂ Ê(t + 3)
∂wmn

(14)

ek (t + 2) = dk (t + 2) − z k (t + 2).

E(t + 2) =

K
1

2

ek2 (t + 2).

(5)

k=1

To minimize (5), the weight adjustments can be computed as
wmn (t) = η2

K


k=1
j
×πmn (t

ek (t + 2) f  (netk (t + 2))v kj (t + 1)
+ 1)

(6)


v kj (t + 1) = η1 ek (t + 2) f (netk (t + 2))y j (t + 1)
(7)

j
i
w j i (t)πmn
(t)+δm j u n (t)
πmn (t + 1) = f  (net j (t + 1))
i∈B

(8)

where η3 and η4 are the learning-rate parameters.
Now






∂ v kj
∂ Ê (t + 3)

= êk (t + 3) f n êtk (t + 3) 1 +
∂v kj
∂v kj

× ŷ j (t + 2)−f  (netk (t +3)) y j (t + 2)
(15)


2
∂(v kj )
= η1 − f  (netk (t + 2))y j (t + 1)
∂v kj


2
+ek (t +2) f (netk (t +2))y j (t +1) (15.1)
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∂ Ê(t + 3)
=
êk (t + 3) f  (n êtk (t + 3))
∂wmn
k


∂ ŷ j (t + 2)
× (v kj (t + 1) + v kj )
∂wmn


− f (netk (t + 3))v kj (t

j
+ 1)πmn (t

+ 2)

j

with initial condition λmn (0) = 0. The weight adjustments of
the R-RTRL algorithm for the RNN are then shown as follows:
new
wmn
= wmn + wmn + ŵmn
new
v kj
= v kj + v kj + v̂ kj .


(16)

∂ ŷ j (t + 2)
= f  (n êt j (t + 2))
∂wmn

∂yi (t + 1) 
(w j i (t) + w j i )
×
∂wmn
i


∂(w j i ) 
μn (t + 1)
+ δm j +
(16.1)
∂wmn
∂(wmn )
∂wmn
K  

∂y j (t + 1) 2
= η2
− f  (netk (t + 2))v kj (t + 1)
∂wmn
k=1


∂y j (t + 1) 2
+ ek (t + 2) f  (netk (t + 2)) v kj (t + 1)
∂wmn
2 y (t + 1) 
∂
j
.
+ ek (t + 2) f  (netk (t + 2))v kj (t + 1)
2
∂wmn
(16.2)
The first term in (15) is the additional information produced
by the reforecasted value, and the first term in (16) is the
information produced by the original forecasted value z k (t+3).
It is assumed that the initial state of the network at time
t = 0 has no functional dependence on the weights, and,
therefore
∂ 2 y j (0)
=0
2 (0)
∂wmn

(17)

∂ 2 y j (t + 1)
= f  (net j (t + 1))
2
∂wmn


∂yi (t)
w j i (t)
+ δm j μn (t)
×
∂wmn
i∈B

∂yn (t)

+ f (net j (t + 1)) δm j
∂wmn
+


i∈B



2


∂yn (t)
∂ 2 yi (t)
. (18)
w j i (t)
+ δm j
2
∂wmn
∂wmn

+ 1) = f (net j (t + 1))



2
i
w j i (t)πmn
(t)+δm j μn (t)

i∈B



n
+ f (net j (t + 1)) 2δm j πmn
(t)+ w j i (t)λimn (t) (19)


i∈B

III. M ODELS T ESTED AND V ERIFIED BY
S YNTHETIC T IME S ERIES
To demonstrate the proposed R-RTRL algorithm for
the RNN can construct a robust 2SA predictor by
effectively utilizing all of the most current information,
another type of RNN which possesses a highly interconnected and recurrent topology of nonlinear processing elements, called echo state network (ESN) [47], [48], and
one of the static-type NN, BPNNs with one-step-ahead
and 2SA predictors (BPNNI and BPNNII ) are trained
for 2SA forecasts. The forecast ability of the proposed
R-RTRL network is first compared on two simulated chaotic
systems: Mackey-Glass and Lorenz time series. The forecasts
on the future values of the chaotic Mackey-Glass and Lorenz
time series are recognized as benchmark time series that have
been commonly used and reported by a number of researchers
when comparing the learning and generalization ability of
different neural networks [49]–[52].
The Mackey-Glass differential delay equation is defined as
follows:
.

0.2x(t − τ )
d x(t)
=
− 0.1x(t)
dt
1 + x 10 (t − τ )

(21)

where the initial condition x(0) = 1.2, τ = 17.
A total of 1000 input-output data pairs were extracted where
the first 500 pairs were used for training while the remaining
500 pairs were used for testing.
The Lorenz series is given by
d x(t)
= σ [y(t) − x(t)]
dt
d y(t)
= x(t) [r − z(t)] − y(t)
dt
dz(t)
= x(t)y(t) − bz(t).
dt

We define a reinforced dynamic system described by a
j
j
triple indexed set of variables {λmn (t)}, where λmn (t) =
2 ] for all j ∈ B, m ∈ B, and n ∈ A ∪ B. For
[∂ 2 y j (t)/∂wmn
each time step t and all appropriate m, n, and j , the reinforced
dynamics system is governed by
j
λmn (t

(20)

(22)

A time series of x with variable length equal to 2500 was
generated by (22) with parameter values σ = 10, r = 28,
and b = 8/3. The first 1500 samples were used for training
while the remaining 1000 samples were used to test the
models. Based on Takens’ [53] embedding theorem, a series of
observations from a chaotic system can reconstruct an attractor
that is a subset of the phase space of the system with two parameters of time delay (T ) and dimension (D). If appropriate
time delay and dimension are selected, the attractor will retain
the topological properties and reveal the hidden information of
the original dynamic system. The mutual information method
[54] and Cao’s method [55] are used to determine proper
time delay (T ) and dimension (D), respectively. Therefore,
the embedding dimension D = 3 and time delay T = 7 are
determined for the Mackey-Glass time series, while D = 4
and T = 6 are for the Lorenz time series.
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TABLE I
M ODEL P ERFORMANCE OF 2SA F ORECASTING FOR M ACKEY-G LASS T IME S ERIES

R-RTRL
RTRL
ESN
BPNNI
BPNNII

Training
NMSE
Gbench
2.47E-04
0.997
8.49E-04
0.990
1.37E-06
0.999
2.70E-03
0.968
1.61E-03
0.981

RMSE
3.56E-03
6.60E-03
2.67E-04
1.18E-02
9.09E-03

Rp
48.6
43.2
71.1
38.2
40.4

RMSE
3.51E-03
6.49E-03
5.29E-03
1.17E-02
9.05E-03

NMSE
2.41E-04
8.26E-04
5.48E-04
2.68E-03
1.61E-03

Testing
Gbench
0.997
0.990
0.994
0.968
0.981

Gbench II
–
−2.4
−1.3
−10.1
−5.7

Rp
48.7
43.4
45.2
38.3
40.5

Gbench II
–
−2.7
−0.56
−15.7
−3.8

Rp
46.3
40.5
44.3
34.3
39.5

TABLE II
M ODEL P ERFORMANCE OF 2SA F ORECASTING FOR L ORENZ T IME S ERIES

R-RTRL
RTRL
ESN
BPNNI
BPNNII

Training
NMSE
Gbench
2.08E-05
0.998
5.91E-05
0.995
2.21E-10
0.999
3.88E-04
0.976
9.59E-05
0.993

RMSE
3.26E-02
5.49E-02
1.06E-04
1.41E-01
7.00E-02

Rp
47.7
42.5
97.5
35.2
41.1

Training datasets are used to construct neural network
models. The 2SA forecast is performed for each case based
on: 1) the constructed R-RTRL network; 2) the constructed
RTRL network; 3) the ESN; 4) the constructed BPNNI ; and
5) the constructed BPNNII . The root-mean-square error
(RMSE), normalized mean-squared error (NMSE), prediction
gain (R p ) [44], and the goodness-of-fit with respect to the
benchmark (G bench ) [56] are used for comparison. The NMSE,
R p , and G bench are defined as
n
∧

(Q i − Q )2
i
i=1
N MSE = n
(23)

(Q i − Q)2
i=1



R p = 10 log10
n


G bench = 1 −

δx2
δe2

i=1
n



[d B]

(24)

∧

(Q i − Q )2
i

(25)

(Q i − Q i,bench )2

i=1

where Q i is the observed value in the i th step, Q̂ i is the
forecasted value in the i th step, Q represents the average of
observed values, n is the number of data points, δx2 is the meansquare value of the input signal, δe2 is the mean-square value of
the forecast error, and Q i,bench is the previous observed value,
e.g., for the nth-step-ahead forecast, Q i,bench = Q i−n , and
in this case, n = 2. Furthermore, to compare the proposed
R-RTRL with the other models, the criterion G bench II was
defined, where the benchmark Q i,bench is the forecasted value
of the proposed R-RTRL models in the i th step.
For comparison, the processing layers of the RTRL network
and the proposed R-RTRL network consist of eight neurons
for the Mackey-Glass time series and six neurons for the
Lorenz time series, respectively, while the processing layers
of the BPNNI and BPNNII consist of 12 neurons for the
Mackey-Glass time series and six neurons for the Lorenz time

RMSE
3.82E-02
6.25E-02
4.76E-02
1.66E-01
8.35E-02

NMSE
2.38E-05
6.38E-05
3.70E-05
4.43E-04
1.14E-04

Testing
Gbench
0.998
0.995
0.997
0.972
0.991

series, respectively. And the number (N) of center vectors
of ESN is 400 with 1% connectivity for both the MackeyGlass and Lorenz time series. The numbers of the processing
neurons and layers determined above are identified the best by
a number of trials. Results are summarized in Tables I and II
and presented in Figs. 3 and 4, which clearly demonstrate the
following.
1) The BPNNI has the worst performance in both the
Mackey-Glass and Lorenz time series. It reveals that
small forecast errors that occured at the beginning of
each recursion will accumulate and propagate to the
future when recursively using the one-step-ahead forecast for the 2SA forecast, which will result in poor
forecast accuracy.
2) The performance of dynamic neural networks (R-RTRL,
RTRL, and ESN) is better than that of static neural
networks (BPNNI and BPNNII ) in each case. It shows
that the dynamic neural network can effectively extract
the dynamic characteristics of time variation.
3) The ESN has the best performance in the training stage,
whereas it cannot perform as well in the testing stage
because of the problem posed by the linear regression
algorithm.
4) The proposed R-RTRL algorithm has the best testing
performance of all of the models in terms of all indexes
(RMSE, NMSE, G bench , and R p values) in both cases.
It demonstrates that the proposed algorithm that takes
the closest antecedent information into consideration can
effectively adjust synaptic weights, and the constructed
network can provide reliable and accurate forecasts in
the real-time 2SA forecast.
Closely assessing the results shown in Tables I and II,
RTRL, ESN, BPNNI , and BPNNII compared with the proposed R-RTRL networks have negative G bench II values for
both the Mackey-Glass time series and the Lorenz time series
in the testing stage, which represents the outperformance of
R-RTRL networks. Results indicate that using the closest
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Fig. 3. (a) Mackey-Glass time-series (testing dataset). (b)–(f) 2SA forecast
errors for R-RTRL, RTRL, ESN, BPNNI , and BPNNII , respectively.

Fig. 4. (a) Lorenz time-series (testing data set). (b)–(f) 2SA forecast errors
for R-RTRL, RTRL, ESN, BPNNI, and BPNNII, respectively.

antecedent information to iteratively adjust the weights is very
useful and can significantly contribute to the accuracy of the
model forecast. The relationship between run time per learning
cycle and the number of neurons in the processing layers of
the neural networks for the 2SA forecast of the Mackey-Glass
time series when executing R-RTRL and RTRL algorithms on
the same computer (Intel Core2 CPU Q8400 @ 2.66 GHz,
2.66 GHz, 3 GB of RAM) is calculated and compared in
Fig. 5. Although the run time of the R-RTRL algorithm is
longer than that of the RTRL algorithm, the run time of the
R-RTRL algorithm is less than 1 s when the number of neurons
increases to 10. It shows that the R-RTRL algorithm that
additionally reinforces weight adjustments does not intensively
increase the computation time or cause a barrier in practical
applications. Also, the minimum time scale of the flood
forecasting in this paper is one hour (while it could be days in
other studies). Therefore, the additional time consumed of the

proposed R-RTRL algorithm is satisfactorily acceptable when
considering the significant improvement of forecast accuracy
at the same time. As a result, we can conclude that the
proposed R-RTRL network has effectively captured the most
current and essential components of underlying dynamics and
can be implemented to configure nonlinear dynamic systems
such as chaotic time series.
IV. A PPLICATIONS
Flood forecasting not only represents a very complex
nonlinear problem, but also is extremely difficult to model.
Building a real-time stream-flow forecast model has always
been one of the most important and challenging tasks for
engineers. Taiwan, located in the subtropical zone of the
North Pacific Ocean, is an island with mountainous terrains
and steep landforms, where typhoons, usually coupled with
heavy rainfalls, may cause downstream flooding within a
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Fig. 5. Run time per learning cycle versus the number of neurons for 2SA
forecasts.
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few hours. An accurate inflow forecast is crucial for flood
control and water resources management. The aforementioned R-RTRL network is applied to the Shihmen Reservoir
for forecasting real-time inflow and is also compared with
the other four models: RTRL network, ESN, BPNNI ,
and BPNNII .
The Shihmen Reservoir, situated upstream of the Tahan
Creek in Northern Taiwan, operates for multiple purposes,
such as water supply, flood control, hydropower generation,
and recreation. The Shihmen Reservoir is the most important
water resources facility for Taipei metropolitan areas and has
an effective storage of about 2.35 × 108 m3 .
When a typhoon is expected, the water level in the dam
can be reduced in advance to increase its floodwater storage
capacity for future use. The concrete ogee-type spillway has
six floodgates, where each gate is of 14 × 10.61 m, with
the minimum discharge rate of 600 m3 /s and the maximum
discharge rate of up to 11 400 m3 /s. It takes about two hours
to fully open all the six floodgates; consequently an accurate
two-hour-ahead (2SA) forecasting will be very beneficial to
decision makers.
Locations of the basin and 16 rainfall gauging stations
in this paper are shown in Fig. 6. The hourly inflow and
precipitation data collected from 2001 to 2006 are available.
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(e)
Fig. 7. 2SA stream-flow forecast (Matsa typhoon event of testing data set)
based on (a) R-RTRL, (b) RTRL, (c) ESN, (d) BPNNI, and (e) BPNNII,
respectively.

A total of 1492 datasets were used in this paper after eliminating the low-value stream-flow data of the year 2003. A
total of 917 data were used for training while the remaining
575 data were used to test the models. Moreover, the Shihmen
basin is divided into three areas: upstream basin, midstream
basin, and downstream basin. Because the travel distance and
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TABLE III
P ERFORMANCE OF R-RTRL AND O THER M ODELS FOR F ORECASTING R ESERVOIR I NFLOW
Training
R-RTRL

Testing

RMSE

NMSE

Gbench

Rp

RMSE

NMSE

Gbench

Gbench II

Rp

147.03

1.91E-02

0.67

18.9

152.57

2.95E-02

0.55

–

17.4

RTRL

166.38

2.44E-02

0.58

17.8

204.74

5.31E-02

0.18

−0.8

14.9

ESN

123.52

1.50E-02

0.69

19.8

199.78

5.05E-02

0.22

−0.7

15.1

BPNNI

217.54

4.17E-02

0.28

15.5

233.93

6.93E-02

−6.4E-02

−1.3

13.7

BPNNII

179.42

2.84E-02

0.51

17.2

227.28

6.54E-02

−4.5E-03

−1.2

14.0

the transit time of flows moving from each station to the Shihmen Reservoir are different, the Kendall tau rank correlation
coefficient [57] is applied to determine the highest correlation
between the different time lags between rainfall and the inflow
of the reservoir. The time lags of rainfall from the inflow of the
reservoir to the downstream, midstream, and upstream basins
are set to 6 h, 6 h, and 7 h, respectively, due to the highest
value of the Kendall tau rank correlation coefficient. The input
layers of the five different network models are established,
based on stream-flow data together with rainfall data collected
from three rainfall gauging stations in different areas, and each
processing layer of its corresponding network consists of eight
neurons, except the ESN model, which has N = 25 with 1%
connectivity in the center vectors. The performance of these
five models is presented in terms of the criteria of RMSE,
NMSE, G bench , R p , and G bench II.
Summarized results are presented in Table III. Results
show that the proposed R-RTRL algorithm has smaller RMSE
and NMSE values and much higher G bench values than the
other four network models in the testing stage. The proposed
R-RTRL algorithm has similar results in the training and
testing stages, while the other four models perform well only
in the training stage, especially the ESN model. It shows the
impressive stability and generalizability of the model based on
the R-RTRL algorithm. Besides, the RTRL, ESN, and BPNN
models can only produce small G bench values (even negative
numbers) in testing datasets, whereas the proposed algorithm
produces high G bench values (higher than 0.55) in both training
and testing datasets. When closely assessing the results shown
in Table III, RTRL, ESN, BPNNI , and BPNNII compared with
the proposed R-RTRL networks all have negative G bench II
for forecasting the 2SA stream flow in the testing stage.
Apparently, the proposed R-RTRL network has much better
performance than the other four networks.
To easily distinguish the performance of the five models,
The Matsa typhoon event with the highest-peak-flow (above
5000 cm) data in the testing dataset were extracted to show
the observed and forecasted flood flows from the proposed
R-RTRL algorithm and the other four models in Fig. 7. Results
demonstrate that the proposed algorithm can forecast 2SA
stream-flow values well, whereas the other four models have
significant time-lag phenomena and serious vibrations, which
show that they cannot forecast 2SA stream flow values well.
It appears that the proposed method could much more closely
keep the flow trails, significantly diminish the time-lag effects,
and provide much better and accurate 2SA forecasts.

V. C ONCLUSION
A reliable and precise forecast of future events can be
very beneficial. The RTRL networks can effectively model
dynamic complex systems with high accuracy for one-stepahead forecasts. Due to the lack of measurements in the
forecasts horizon to adjust the parameters of the models in
real time, a more than one-step-ahead forecast is more difficult
to achieve satisfactorily and practically. Many engineering
problems, however, require models providing multistep-ahead
forecasts. In this paper, a 2SA flood forecast was crucial and
beneficial to decision makers.
In this paper, a novel R-RTRL algorithm was derived for
the RNN, which iteratively accommodated the one- and 2SA
forecasted values and observed records in time series for
diminishing the time-lag effects and increasing the accuracy
in 2SA forecasts. Its ability of effective learning and accurate
forecasting was demonstrated through two benchmark time
series and the flood series of the Shihmen Reservoir in Northern Taiwan. For comparison, the original RTRL algorithm for
RNN, ESN, BPNNI , and BPNNII were also performed. In
the cases of two benchmark time series, results indicated that
the proposed R-RTRL network had better performance than
the other four network models for the 2SA forecast in all
cases, while the BPNNI had the worst performance. It revealed
that small forecast errors that occurred at the beginning would
accumulate and propagate to the future, which would decrease
the 2SA forecast accuracy. For building a rainfall-runoff model
for the Shihmen Reservoir, the proposed R-RTRL network
had the best performance on the 2SA flood forecast, which
significantly reduced the time-lag effects. The ESN model did
not perform as well in the testing stage as in the training
stage because of the problem posed by the linear regression
algorithm, which means the ESN needed some methods, such
as regularization method, to increase generalizability [33],
[58], [59]. Moreover, the R-RTRL algorithm equipped with
additional time-lag weight adjustments just slightly increased
the computation complexity, which did not cause a barrier
in practical applications. This paper demonstrated that the
developed reinforced 2SA weight adjustment technique had
great practicability and high accuracy for real-time 2SA
forecasting by incorporating antecedent forecast information
into the online learning process. And the proposed reinforced
2SA weight adjustment technique was suitable to be applied
to neural networks, where online learning was required and
could be further explored. Our future work will also involve
a reinforced multistep-ahead online learning strategy.
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