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Abstract. Various types of artificial neural networks (ANNs) Asia, in the last two decades. Taiwan is located in the north-
have been successfully applied in hydrological fields, butwestern Pacific Ocean, where the activities of subtropical
relatively scant on multistep-ahead flood inundation fore-jet streams are frequent. Typhoon Morakot struck southern
casting, which is very difficult to achieve, especially when Taiwan with a sudden rainfall (the highest rainfall reaching
dealing with forecasts without regular observed data. This1166 mmday?') on 8 August 2009, and the extreme rain-
study proposes a recurrent configuration of nonlinear autorefall induced vast mudslides and disastrous flooding through-
gressive with exogenous inputs (NARX) network, called R- out southern Taiwan. A mudslide buried the whole Xiaolin
NARX, to forecast multistep-ahead inundation depths in anVillage, which caused an estimated 500 deaths. In brief, Ty-
inundation area. The proposed R-NARX is constructed basegphoon Morakot resulted in 665 deaths, 34 missing, numer-
on the recurrent neural network (RNN), which is commonly ous refugees, and roughly NT$110 billion (US$3.3 billion)
used for modeling nonlinear dynamical systems. The mod-in damages. In 2010, Typhoons Fanapi and Megi hit south-
els were trained and tested based on a large number of irern and eastern Taiwan in mid-September and mid-October,
undation data generated by a well validated two-dimensionatespectively. Both typhoons resulted in loss of life and prop-
simulation model at thirteen inundation-prone sites in Yilan erty, and severely damaged city functions. Flood depth fore-
County, Taiwan. We demonstrate that the R-NARX model casting is an important component of the contingency plan
can effectively inhibit error growth and accumulation when for alleviating flood risk and loss of life and property.

being applied to online multistep-ahead inundation forecasts Flooding in urban areas poses a great challenge to hy-
over a long lasting forecast period. For comparison, a feeddrologists because of the complex interactions and disrup-
forward time-delay and an online feedback configuration oftions associated with nonriverine urban flooding. In the past
NARX networks (T-NARX and O-NARX) were performed. few decades, simulations of flood inundation extent have
The results show that (1) T-NARX networks cannot make been made by the advances in numerical modeling tech-
online forecasts due to unavailable inputs in the constructeaiiques (Bates et al., 1995; Lane, 1998; Marks and Bates,
networks even though they provide the best performances foR000; Bates and De Roo, 2000; Hsu et al., 2000; Wheater,
reference only; and (2) R-NARX networks consistently out- 2002; Kang, 2009) and the use of SAR (synthetic aperture
perform O-NARX networks and can be adequately appliedradar) (Bates et al., 2006; Mason et al., 2007; Zwenzner and
to online multistep-ahead forecasts of inundation depths invoigt, 2009). Conventional inundation models could provide
the study area during typhoon events. regional hydrogeologic characteristics in response to vari-
ous patterns of storm events (Hsu et al., 2000; Bates et al.,
2003), which are useful information for flood managementin

) early and/or planning stages, nevertheless these models com-
1 Introduction monly require substantial computational time for iterative

solutions to simulate high-resolution spatial flood depths.

The increasing frequency and severity of floods caused by-gnsequently, online inundation forecasts could not be ef-

climate change and/or land overuse has been continuousliyively conducted by conventional inundation models. The
reported both nationally and globally, especially in Southeast
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great potentiality of artificial neural networks in hydrologi- event (commonly over 20h in our cases) without any ob-
cal time series forecasting and their encouraging results observed flood depths. In the multistep-ahead inundation fore-
tained in literature were many (i.e., Maier and Dandy, 2000;cast problem, the error accumulation is a vital reason re-
Brath et al., 2002; Chau et al., 2005; Lin et al., 2006; Toth straining the accuracy of long-term inundation depth fore-
and Brath, 2007; Chen and Chang, 2009; Wu et al., 2009casts. As known, a small prediction error at the beginning
Abrahart et al., 2012). The majority of the applications arecan accumulate and propagate in the future (Parlos et al.,
river flow forecasting, nevertheless, there are relatively few2000), which results in poor prediction accuracy when mod-
researches on online flood inundation applications. Valerianels keep on making forecasts for a long time. To solve the
etal. (2009) stated that inundation areas were estimated usirlgck of observed depths and mitigate error propagation in the
topographic characteristics based on the simulated overflodong-run, this study proposes a recurrent configuration for a
volumes recorded at the control point downstream. Changionlinear autoregressive with exogenous inputs (NARX) net-
et al. (2010) integrated artificial neural networks (ANNs) work, called R-NARX, to construct multistep-ahead inunda-
with K-means clustering method, called clustering-based hytion depth forecast models. To verify its practicability, the
brid inundation model (CHIM), to forecast 1-h-ahead inun- Yilan County in northern Taiwan is used as the study area
dation extents and depths. Leedal et al. (2010) proposed twcand another two types (i.e., time-delay and online configu-
dimensional (2-D) real-time probabilistic inundation maps rations) of NARX networks are also implemented for fully
based on a modified Kalman filter model coupled into 2-D exploring their capabilities in multistep-ahead flood inunda-
hydrodynamic model to compute the maximum multistep-tion forecasts.
ahead inundation extent. Pan et al. (2011) used hybrid ANNs
in rainfall-inundation forecasting to estimate 1-h-ahead inun-
dation depths. 2 NARX network
Because of extremely limited response time to flood dis-
asters in urban areas of Taiwan, reliable multistep-ahead inNARX is an important and useful mathematical model of
undation depth forecasts would be helpful in managing condiscrete-time nonlinear systems. Nonlinear systems can be
tingencies and emergencies and in alleviating flood risk andapproximated by an MLP network, called NARX, a powerful
loss of life and property. However, online multistep-aheaddynamic model for time series prediction (Jiang and Song,
flood depth forecasts face two challenges. The first challeng@011; Menezes Jr. and Barreto, 2008). The architecture of
involves extending one-step-ahead forecasting to multistepa NARX network based on a multilayer perceptron neural
ahead forecasting. In one-step-ahead forecasting tasks, ANNetwork consists of antecedent values of exogenous input
models estimate the next sample value without feeding backectorsX (¢), such as online rainfall intensity; antecedent
its output to the model’s input layer. In other words, the input actual values (z +n — ¢), such as inundation depths, which
contains only observed values. For multistep-ahead forecastre tapped-delay inputs or fed back from the model’s output;
ing tasks, current inputs would be repeatedly mapped onteind a single:-step-ahead outpétz +n). For many practical
various multistep-ahead outputs, or model outputs would beapplications in hydrological systems, such as flood inunda-
sequentially fed back to the input layer to provide one-steption depth forecasting in this study, we commonly face the
further forecasts. In the latter case, the input layer might conproblem of lacking online data. ANNs are well known data-
tain not only observed values but also model outputs. Asdriven models. In case of no online data available, we have
known, feeding model outputs back to the input layer makeso find a way to train and test the networks step-by-step in
the model become a dynamic modeling task, which is subreal time through the whole flooding period. Bearing this in
stantially more complex than static modeling tasks. For thesgnind as a motivation, we propose three configurations of the
complex tasks, recurrent neural networks (RNNs) play an im-NARX network to fully explore and examine their capabili-
portant role (Menezes Jr. and Barreto, 2008; Chang et alties of learning and generalization in flood inundation depth
2012). RNNs usually incorporate with the architecture of aforecast tasks.
multilayer perceptron (MLP) for an exploitation of its non-
linear mapping capability (Haykin, 2009). For instance, the2.1 Learning algorithms
simple recurrent network (Elman, 1990) has the outputs of
the hidden layer fed back to the input layer, and demonstrateShree types of configured NARX networks are: (1) time-
its great ability in extracting dynamic time variation charac- delay-based static network (T-NARX); (2) online feedback
teristics. In recent years, RNNs have been applied to the field-NARX network (O-NARX); and (3) recurrent-based net-
of hydrological modeling (Chang et al., 2002, Chang et al.,work (R-NARX).
2004, Coulibaly and Baldwin, 2005; Besaw et al., 2010; Chi- In the T-NARX network (Fig. 1), all the inputsp(an-
ang et al., 2010). tecedent rainfalls ang¢ antecedent inundation depths) are
The other challenge is the lack of real-time observed in-observed values in both training and testing phases. The
undation depths, and thus models usually require proceedin@-NARX network is indeed a feedforward time-delay neu-
with online forecasts through the whole period of a typhoonral network (TDNN), which is a static neural network
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Fig. 2. Architecture of the O-NARX network during training and

Fig. 1. Architecture of the T-NARX network during training and testing phases in the online time delay mode.

testing phases in the time delay mode.

and frequently used to predict theoretical time series withUS€ the model outputs of inundation depths as the inputs in
long-range dependence present in data. The proper synaf©th fraining and testing phases. In this way, the NARX net-
tic weights of the network can be obtained using the batch/Orks would be trained with imperfect information as well
mode of the conjugate gradient back-propagation learning® 'émaining similar characteristics of input-output patterns
algorithm for searching minimum errors during the train- In the testing phase, and t.her(.afor.e we argueq -the conf!gured
ing phase. The constructed network and its synaptic Weightéz\lAF‘),x networks would mal_ntaln S|m|I_ar capability 9f online
would be fixed in the testing phase. In reality, only real-time multlstep—ahead forecasts in both training a_md testing phases.
rainfall values could be obtained, while real-time observedF9ure 3 shows that there apeantecedent rainfall angpre-
inundation depths could not be obtained online. Moreover,//0US model outputs in both training and testing phases. The
when inundation depth forecasts are conducted for mor&Pserved inundation depth is only used in the training phase
than two-hour-aheadi 1), theg antecedent actual values to calculate the error and adjust the weights. The constructed
(z(t+n—=1),z(t+n-2),.. -,z(t+n—q)) are future dataand Network with p antecedent rainfalls angl sequence model
cannot be obtained at present time. Consequently, the corUtPuts as the inputs can be used for online multistep-ahead
structed T-NARX could not conduct online forecasting. The forecasts. The synaptic weights of the network can be ad-
T-NARX network is implemented mainly to find the optimal justed using th? _onllne back-propagation learning algorithm
solution, where the long-range dependences inside the inputt—0 search for minimum errors on an example-by-example ba-

output patterns could be extracted and the solution could b&'S during the training phase and eventually reach a stable
provided as a reference. condition, where the error could not be further deduced and

It is interesting to learn the reliability (training data set) &/l the synaptic weights then remain the same in the follow-

and generalization (testing data set) of the models conling search process. The constructed network and its synaptic

structed above. Alternatively, we propose the O-NARX to in- WeIghts would be fixed in the testing phase to evaluate its

vestigate the capability of T-NARX networks constructed in applicability and reliability in new events (input-output pat-

the case of no onling antecedent actual inundation depths terns). We notice that the input Irjformatlon. based on model

available. After the networks have been constructed, the?UtPuts is not perfect (real), which could include different

model outputs of inundation depthig)) are fed back to the fault levels. It is interesting to Ie_arn_ how well '_[he conflgure_d

input layer for online forecasting in both training and test- NEWorks can perform by learning imperfect inputs. That is,

ing phases (Fig. 2). It is noted that the O-NARX networks to examine the effect of inhibition ability .of the constructed

are exactly the same as the T-NARX networks except for twol€tWOrks on error growth and accumulation.

major differences: thg antecedent actual inundations used

as inputs in both training and testing phases of the T-NARX2.2 Mathematical formulation

models; and the model outputs fed back to the input layer in

testing phase of the O-NARX models. This study minimizes the energy function by the steepest de-
We intended to further solve the problem of no actual in- scent method, and the recurrent configuration is used to ad-

undation depths during the online process and propose tfust the synaptic weights on an example-by-example basis.
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Define the instantaneous value of the network error at time
t + 1 as the energy function.

training phase
Observed data / simulated data

Z(t+n)

1
. Et+1) = Ee2(1+1) (7

e(t+n)=z(t+n)—2(t-+n)

Xt For the sequential model of the back-propagation learning
algorithm, the negative gradient ¥ E) of the energy func-
X{t-p) . tion is used to adjust the synaptic weights at each time step.
3t-+n—q) t+n) Th.e weight change for any particular weightcan thus be
written as
At-+n—
A2 Avj = —771—8E;t: D , (8)
2+ !
51 wheren is the learning-rate parameter.
training & testing phases Consequenﬂy,

Fig. 3. Architecture of the R-NARX network during training and IE(+1) = —e(t+1) 9z(t+1)

testing phases in the recurrent mode. ov; ov;
= —e(r+1) f'(netr + 1))
The mathematical formulation of the R-NARX is presented ayi(t+1)
as follows. (yj(ﬂrl) +Zvj j8v~ ©
The network containg/ exogenous inputs and a single ; L J )z !
L _ -~ N (¢t ‘
output. For simplicity, assume that=0, ¢ =1, arldn =1 yjt+1 _ Fine(t + D)w: z(1) (10)
in Fig. 3. Letx(#) denote theM x 1 input vector,z(t + 1) ov; v,

denote the corresponding single output, giid+ 1) denote 2(r+1)
the correspondingVv x 1 output vector in the hidden layer. — 45—
The inputx () and one-step delayed outfft) are concate- A
nated to form theX + 1) x 1 vectoru(zr), of which thei-th [y,- (t+1)+ Z”J‘ (f/(netj (t+ 1))wji3Z(’))} .(12)
element is denoted by; (7). Let A denote the set of indices 7 dv;

i, for which x; () is an external input, an@ denote the set
of indicesi, for which z(¢) is the output of the network. We

= f'(neft + 1))

81).,‘

The same method is also implemented for weight,

thus have whereAw j; = _nz_a%g};l) , andn; is the learning-rate pa-
xi(1) ificA rameter. The partial derivati\,fé%g)j—tl) can be obtained by the
wilt) = { z(t) ifieB 1) chain rule for differentiation, shown as follows
Let W denote theV x (M +1) weight matrix of the hidden  dE(¢+1D _ e+ 1) 9z(t +1)
layer. LetV denote theV x 1 weight matrix of the output owj; owjj
layer. The net activity of neurop at timer is computed b dyi(t+1
Y Y 4 prteay = e+ D et + 1) Yo D 1)
net(r+1) = Z wji i (1). 2 j Wi
icAUB ay;i(t+1 az; (¢
o | WCED _ prneyr+ 1) [ui(t) " wj,-z—()} (13)
The output of neuror is obtained by passing net + 1) ow ;i dwj;
through the nonlinearity'(.), yieldin Az +1
g Y (), yielding z; D _ et + 1)
yj(t+1) = f(net;(t +1)). 3 Wi
The net output in the output layer at times computed by |:Z vj f/(netj t+1) <ui +wj %)] .
J It
netr+1)=> vyt +1), (4) (14)
z2(t+1) = f(netr + 1)). 5 . . .
<+D=jeti+1) ®) As compared with the learning algorithm of TDNN, we
Let z(r + 1) denote the target value at time-1. The error  would like to note that the proposed algorithm has an ad-
e(t+1) is given as, ditional term in both Egs. (11) and (14), in whi¢ky) is a
. function ofw; (or v;), while in TDNN z(z) is not a function
e+ =z(+D—20+1). (6)  of wj; (orv;) but an observation value.
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Fig. 4. Locations of Yilan County’s inundation-prone sites and
nearby rain gauges.

(developed by the Hydrologic Engineering Center for flood
Table 1. 24-h cumulative rainfall of design rainfall events at three hydrograph computations, HEC-1), SWMM (the storm wa-
rainfall gauges. ter management model) and the two-dimensional noninertial
overland flow simulation model. The urban inundation model
proposed by Hsu et al. (2000) was implemented to simu-

24-h cumulative rainfall

Rain Gauge of design events (mm) late inundation in urban areas, where the movement of water
Return Period (Year) in the studied area is characterized by the sewer flow com-
ponent and the surcharge-induced inundation component.
10 25 100 200 SWMM is employed to provide the surcharged flow hydro-
R1 477.7 576.1 7219 794.2 graphs for surface runoff exceeding the capacity of the storm
R2 364.7 439.0 5489 603.4 sewers, and the 2-D diffusive overland-flow model consider-
R3 501.3 605.7 764.1 844.7

ing the non-inertia equation with alternative direction explicit
numerical scheme was used to calculate the detailed inunda-
tion zones and depths due to the surcharged water on over-
land surface. The detail description of the urban inundation
models (including SWMM and 2-D diffusive overland-flow
model) and their application for a 100-yr (return period) 24-h
Yilan County is selected as the case study. It is the most beawdesign rainfall of analyzing surface inundation in the Taipei
tiful urban county near Taipei City, but it has a long history of city can be found in Hsu et al. (2000).
flooding problems, which continue threatening the lives and There were 24 design rainfall events and 31 historical rain-
livelihoods of its residents. Yilan County, located in north- fall events. The 24 design rainfall events are comprised by
eastern Taiwan, spans an area of approximately 2143 kmvarious return periods of three nearby rain gauges. The 24-
and is divided by three river basins (Toucheng, Lanyoungh design hyetograph pattern of all rain gauges and the cu-
and Nan'ao). In the last two decades, Yilan has frequentlymulative rainfall for various return periods (10-, 25-, 100-
suffered from flood disasters that resulted in grave lossesind 200-yr) in three nearby rain gauges are shown in Fig. 5
of agricultural crops and private property. Thirteen villages and Table 1, respectively. The 31 historical rainfall events
have been identified as inundation-prone sites by the govare shown in Table 2. The corresponding 24-h flood inunda-
ernment project on the renovation of inundation-prone areastion depth hydrographs to those events (24 design events and
The thirteen inundation-prone sites are used to investigate th&1 historical events) were obtained from the WRA, Taiwan,
robustness and stability of the proposed models in this studyand used to configure the models. The proposed models of
Figure 4 shows the thirteen inundation-prone sites and threghirteen sites in this study area are then thoroughly trained
nearby rain gauges. and tested based on flood inundation data generated by the
Because historical observed data of inundation depths arevell validated inundation model with the design rainfall pat-
rare and no historical hydrograph of inundation depths areerns and/or historical rainfall events. The maximums, means
available for storm events, we have to find other data set@nd variances of flood inundation depths at 13 sites are shown
to build forecast models. Fortunately, the synthetic hydro-in Table 3. It appears that the maximums, means and vari-
graphs of flood depths were obtained from the Water Re-ances of the training case are much larger than those of the
sources Agency (WRA), Taiwan, which were well validated testing case at all sites. This is mainly because the return pe-
by the urban inundation model linkage of the HEC-1 modelriods of 24 design storms (only used in the training case) are

*All 24 design events were used for training data set.

3 Study area and materials
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Table 2. Rainfall information of the 31 historical rainfall events.

Peak of total Peak time 24-h cumulative
Event Date rainfall intensity (h) rainfall (mm)
(mmh1

R1 R2 R3

Typhoon Maggie 1999/06/05 92.5 02 186.5 1725 2775
Typhoon Kai-Tak 2000/07/08 455 10 56.1 686 89.0
Typhoon Bilis 2000/08/21 38.5 01 540 435 740
Storm 01+ 2000/10/29 28.0 07 461 316 0.1
Storm 02 2000/11/03 93.5 08 2185 1945 1875
Storm 03 2000/11/11 53.5 11 725 705 1545
Storm 04 2000/12/13 62.0 16 1315 1475 164.0
Storm 05 2000/12/19 40.0 24 1321 27.6 120.0
Typhoon Cimaron 2001/05/11 63.5 14 133.0 150.0 134.0
Storm 06 2001/09/23 11.5 24 80.0 185 230
Typhoon Lekima 2001/09/24 77.0 07 102.6 144.0 3270
Typhoon Haiyan 2001/10/15 16.5 02 22.5 10.6 10.1
Storm 07 2001/12/08 28.0 20 1471 411 271
Typhoon Rammasun  2002/07/02 58.0 17 53.1 76.6 26.1
Typhoon Vamco 2003/08/19 255 19 96.5 21 555
Typhoon Dujuan 2003/08/31 715 07 136.1 1245 87.5
Storm 08 2003/09/10 275 20 410 265 365
Typhoon Conson 2004/06/07 105.5 05 110.1 2235 301.0
Typhoon Aere 2004/08/23 3.7 01 0.6 0.6 9.0
Storm 09 2004/09/07 515 10 241 69.1 596
Typhoon Nock-Ten 2004/10/24 53.5 19 741 981 685
Typhoon Haitang 2005/07/16 37.5 02 271 535 1455
Typhoon Talim 2005/08/30 20.0 01 45.0 57.0 59.5
Typhoon Longwang  2005/09/30 28.0 12 91.6 91.6 57.6
Storm 10 2006/07/09 65.0 21 3305 140.0 84.0
Typhoon Shanshan 2006/09/14 19.0 24 22.1 32.6 42.6
Typhoon Pabuk 2007/08/06 14.5 02 56.0 350 200
Typhoon Sepat 2007/08/16 46.5 13 615 585 107.0
Storm 11 2007/10/13 86.5 24 148.0 1145 169.5
Storm 12 2007/11/05 59.0 14 321 321 263.6
Storm 13 2007/11/08 52.0 10 940 835 196.5

* Two events are used for training data)(and the other 29 events are used for testing data.

Table 3.Maximum, mean and variance of the 13 sites’ flood depths.much larger than those of historical typhoon events (mainly

used in the testing case).

Spot Training Testing

Max Mean Variance Max Mean Variance

4 Results

S1 245 087 0.69 112 0.24 0.11
gg g-gcl) 1-‘5“3" 1-2? 13% gg? 8-12 This study investigates the multistep-ahead inundation fore-
sS4 242 089 0.68 110 024 o1 cast performances of three types of NARX networks based
S5 284 118 065 127 036 013 on a large number of rainfall-inundation patterns for all thir-
S6 185 113 0.56 1.56  0.41 0.19 teen inundation-prone sites in Yilan County. The perfor-
S7 320 124 1.04 110 0.32 0.15 mances of these three models are evaluated by the root mean
S8 292 122 0.98 142 032 0.13 square error (RMSE) and the average normalized peak er-
S9 301 099 0.72 1.24  0.28 0.11 ror (ANPE hown below
S10 287 1.35 0.92 154  0.39 0.16 or ( ), as shown below.
S11 261  0.89 0.73 113 0.24 0.12
S12 292 125 0.89 1.33  0.32 0.16
S13  3.00 1.27 1.07 1.78  0.35 0.17

Hydrol. Earth Syst. Sci., 17, 935945 2013
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Table 4. Performance of one- to six-hour-ahead flood depth forecasts of the T-, O- and R-NARX models for all thirteen sites

T-NARX O-NARX R-NARX
Model RMSE (m) RMSE (m) RMSE (m)
ANPE (%) ANPE (%) ANPE (%)
Step max Min mean max min  mean max min  mean

1 Train 0.10 0.02 0.06 28 0.17 0.04 0.08 54 0.13 0.05 0.08 3.2
*1 Test 007 003 005 58 0.30 0.07 0.18 36.3 0.18 0.06 0.12 21.3

2 Train 0.10 0.02 0.06 19 017 0.04 0.09 45 0.13 0.05 0.08 33
"2 Test 007 003 0.05 71 032 0.09 019 36.8 019 0.06 0.13 27.1

3 Train 0.10 0.03 0.06 20 019 0.06 011 49 0.13 0.06 0.09 3.3
¥ Test 0.8 0.03 0.6 76 034 014 0.22 414 0.24 0.07 0.15 27.7

4 Train 0.11 0.04 0.07 19 021 0.08 0.12 48 0.14 0.08 0.10 35
+% Test 010 004 0.07 93 041 015 0.28 489 032 010 0.17 33.8

5 Train 0.12 0.04 0.08 20 019 0.10 0.14 51 0.8 0.07 0.12 3.8
49 Test 013 005 0.09 120 044 019 0.33 61.0 039 013 0.21 41.2

6 Train 0.13 0.04 0.09 19 034 012 0.19 6.1 0.23 0.07 0.14 3.6
+° Test 015 005 0.11 13.8 050 024 0.36 656 040 0.16 0.24 48.4

t —1andr — 2, i.e.,p = 2 in this study) of three nearby rain

gauges and one hour before thih-hour forecasted flood

depth ¢+n—1, i.e.,q =1 in this study), and the output

is the nextn step ¢+ n) flood depth. The input dimension
(15) is 10 and the output dimension is only 1. After implement-
ing an intensive trial-and-error procedure based on the train-
ing data set, the networks are constructed to have only one
hidden layer with three nodes, which in general would have
the most suitable performances for all models of thirteen
inundation-prone sites. The networks are then applied to the
whereH; andH; are the estimated flood depth and the simu-testing data set without further modifications. Moreover, for
lated flood depth of the-th data, respectivelyd ]’}( andH Jf’k investigating and emphasizing the influence of training strat-
are the estimated peak flood depth and the simulated peakgy of the R-NARX models on mitigating the error growth,
flood depth of theg-th event at thé-th inundation-prone site.  the constructed O-NARX networks recomputed their online

For each inundation-prone site, one- to six-hour-aheadorecasts by using the model outputs instead of the actual

(n = 1-6) flood depth forecast models are constructed by thénundation depths as inputs in the training data. The sum-
T-, O- and R-NARX networks, and there are 624 training datamarized results of the three kinds of one- to six-step-ahead
(26 events<24 h) and 696 testing data (29 evert®4 h). An  forecast models are presented in Table 4. It represents the
inland flood inundation occurs when intense precipitationresults of one- to six-hour-ahead forecasting for the maxi-
falls over a short period or precipitation accumulates overmum, minimum, average RMSEs and ANPEs of 13 sites in
several hours. Generally, real-time rainfall information could Yilan County. The maximum (minimum) indicates the maxi-
be obtained, while the observed inundation depth could notnum (minimum) value occurred at one of the 13 sites, while
be obtained. Consequently, the rainfall is the sole informa-the mean indicates the average RMSE value of 13 sites. The
tion to evaluate the change of flood inundation and it actsresults show that the RMSEs and ANPEs of T-NARX net-
as a driven force to the system as well as to the runningwvorks are relatively smaller than the other two networks in
model. If rainfall was not included in the forecast models, all cases. These values indicate the optimal results we might
the model cannot sequentially update the forecast values byeach based on the perfect anticipant conditions (rainfall and
itself without the driven force. Therefore rainfall plays a cru- inundation depths). In addition, the shapes of the inundation
cial role in the inundation forecast models. Moreover, thedepth hydrographs generated by three models are similar and
antecedent inundation depths represent the influence of théneir mean absolute differences of time-to-peak (MADT) of
precipitation accumulation on the current inundation depthsone- to six-hour-ahead inundation depth forecasts are rela-
and the current rainfall causes future inundation depths. Theively small. T-NARX has values from 0.5 to 0.6 and 0.8
inputs include current and two previous hourly rainfalls (

RMSE=

ANPE = (16)
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Fig. 6. Comparison of simulated and) one-hour-aheadp) three-hour-aheadc) six-hour-ahead forecasted inundation depths of the O-
NARX and R-NARX models during the testing phase at S2.

to 1.1h; O-NARX has values from 0.75 to 0.78 and 1.75rigid evidences that the reliability and generalization of the
to 2.3h; R-NARX has values from 0.63 to 0.84 and 0.95 constructed networks are poor in the training data set and bad
to 2.08h in training and testing cases, respectively. Thesén the testing data set if online antecedent inundation depths
MADT values do not show significantly different and are cannot be obtained, which indeed is the common situation
within acceptable ranges (less than two hours in most of theve have. The R-NARX model also has substantially smaller
cases). error accumulation and propagation than the O-NARX.

We have examined the results of T-NARX and O-NARX, The main reason for the poor performance of O-NARX
which have exactly the same structures and synaptic weightsodels is that the inputs of inundation depths of T-NARX
at each site. T-NARX models have the great performancesnd R-NARX models keep consistent in both training and
in all cases, while O-NARX models cannot effectively pro- testing phases, while those of O-NARX are different in the
vide accurate long-term inundation depth forecasts, espetraining process (actual inundation depths) from the online
cially in the testing cases. These results provide clear andorecasting process (sequential model outputs in training and
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testing data). We realize that the ANN has a great capability
of learning from input—output patterns and powerful ability
of generalization. Our analysis results provide extra evidence
that the consistent input—output patterns in both training and 04f]
testing phases is an important factor which can significantly 0351
influence the network capabilities of learning and generaliza-
tion. <
As we compared the results of O-NARX and R-NARX, 0.5
the RMSEs and ANPEs of the O-NARX are much larger z
than that of the R-NARX in all cases. For instance, the
mean RMSEs of six-hour-ahead forecasts in the testing cases
are 0.36m and 0.24 m for O-NARX and R-NARX models, otr S
respectively; and the maximum RMSEs of six-hour-ahead oosl
forecasts in the training cases are 0.34m and 0.23m for , ‘ ‘ ‘ ‘
O-NARX and R-NARX models, respectively. Similarly, the 0 5 wﬁme(hour) 1 20 2%
ANPEs of six-hour-ahead forecasts in the testing cases are
48 % and 65 % for O-NARX and R-NARX models, respec- (a) O-NARX
tively. These results indicate that R-NARX networks pro-
vide much better (accurate and reliable) forecasts than O-

0.5

t+1

0.45H t+2
....... t+3

0.3

0.2+

015
,

0.5

NARX networks. For one- to six-hour-ahead flood depth t+1

forecasts, the RMSE growth trends of T-NARX, R-NARX 048} NS 1
and O-NARX models increase slightly, moderately and dra- 0.4} ----- t+4 i
matically, respectively, in both training and testing phases. 0351 | o o |

To illustrate the forecasting accuracy of O-NARX and R- T

NARX models, the scatter plots of the simulated versus fore- ~ 3 1
casted flood depths of site 2 (one-, three- and six-hour-ahead) Woos| g e ,
in the testing data sets are shown in Fig. 6, respectively. Inthe = -

R-NARX model, almost all pairs of forecasted and simulated
points scatter closely to the diagonal line for flood depths 0.15¢
in Fig. 6. In the O-NARX model, only one- and three-hour- ol
ahead flood depths scatter suitably around the diagonal line.
According to the results, the R-NARX provides a signifi-

cantly superior performance to the O-NARX. Figure 7 shows o

the growth trends of the mean RMSE at 13 sites for one- to time(hour)
six-hour-ahead forecasts of R-NARX and O-NARX models

through online forecasts proceeding from the 1st hour to the (b) R-NARX

24th hour in the testing phase. It is noticed that the model

QUtPUtS will gradually pa_Lrt from tru.e values as the forecaSt'during the forecast period of 24 h (the mean RMSE of thirteen sites).

ing proceeds, and feeding those imperfect outputs back to

the input layer would further accelerate the growth of fore-

cast errors. R-NARX models can provide accurate long term

inundation forecasts and last a long forecasting period with® Conclusions

the consistent imperfect inputs in the training process and

online forecasting process. The mean RMSE growth trend®ue to the lack of observed inundation depths in online sit-

of R-NARX models increase gradually, whereas those of O-uations, modeling multistep-ahead inundation depth forecast

NARX models increase rapidly. This demonstrates that thes a challenging task. This paper presents a recurrent config-

R-NARX model has substantially smaller error accumula- uration for a nonlinear autoregressive with exogenous inputs

tion and propagation than the O-NARX model, and the pro-network (R-NARX) to build online multistep-ahead inunda-

posed R-NARX networks can provide reasonable and robustion depth forecasts based on the model outputs of inunda-

results for multistep-ahead flood depth forecasts if real-timetion depth as the input. To compare and verify the reliabil-

observed rainfall and the feedback of model inundation out-ity of the R-NARX model, the time delay-based network (T-

puts to the input layer can be implemented as the forecastin@lARX) and online configured network (O-NARX) were also

proceeds. applied to thirteen inundation-prone sites in Yilan County,
Taiwan, using a great number of design storms and histori-
cal typhoons rainfall-inundation patterns synthesized from a

Fig. 7. Stability comparison of the O-NARX and R-NARX models
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well validated simulation model to train and test the config- Bates, P. D., Anderson, M. G., and Hervouet, J. M.: Initial compar-
ured networks. The three models were built to perform one- ison of 2-dimensional finite-element codes for river flood sim-
to six-hour-ahead inundation forecasting, and the online fore- ulation, Proceedings of the institution of civil engineers-water
cast lasting for 24 h. The results show the findings: (1) given maritime and energy, 112, 238-248, 1995. .
perfect input information in both training and testing phases,Bates: P- D., Marks, K. J., and Horritt, M. S.: Optimal use of high-
the T-NARX networks could offer the most accurate flood resolution topographic Qata in flood inundation models, Hydrol.
depth forecasts than the other two networks, nevertheless i Process,, 17, 537_5560':10'1902/ hyp.1112003.

. . . . T Bates, P. D., Wilson, M. D., Horritt, M. S., Mason, D. C., Holden,
case of only 'mperf_eCt input information available, the O- N., and Currie, A.: Reach scale floodplain inundation dynamics
NARX networks, which have exactly the same structures and  gpserved using airborne synthetic aperture radar imagery : Data
synaptic weights as the T-NARX networks, would provide  analysis and modelling, J. Hydrol., 328, 306—318, 2006.
the worst forecast performances in all the cases; (2) the onBesaw, L. E., Rizzo, D. M., Bierman, P. R., and Hackett, W. R.: Ad-
line multistep-ahead forecasting by the R-NARX model can vances in ungauged streamflow prediction using artificial neural
continuously proceed for a long period (24 h in this study networks, J. Hydrol., 386, 27-37, 2010.
case) only based on rainfall information and the feedback oBrath, A., Montanari, A., and Toth, E.: Neural networks and non-
the model’s forecasting output and thus maintain acceptable parametric methods for imprpving real-time flood forecasting
accuracy; and (3) the RMSE (as well as ANPE) improve- thr_ough conceptue_ll hydrological models, Hydrol. Earth Syst.
ment rates of the R-NARX model are higher than 30 % in all Chi(r::é’ GI': 6?“232?}3"18 '%19‘323331]6;;7'50’(ge'al_time eour-
%n ﬁl:;g)s(l):r-lrc])?iltjerlta(?;?ﬁ eogfl: ggggrgfasetsi r?jn%oarggsr(?;jpvt\/k:ﬂ;;he rent ,Iearnir‘lg neurai netwo'rk for stream-,flow forecasting, Hydrol.
drographs generated by the three models are similar and the&hzaog(iel_s_ Sé_’lg'hiig F_ziéiniogi}ang‘ Y. M.: A two-step-ahead re-
mean absolute differences of time-to-peak are within accept- current neural network for stream-flow forecasting, Hydrol. Pro-
able range. cess., 18, 81-92, 2004.

The results demonstrate that the proposed R-NARX modeChang, L. C., Shen, H. Y., Wang, Y. F., Huang, J. Y., and Lin, Y. S.:
has the ability to tolerate imperfect inputs and effectively in-  Clustering based hybrid inundation model for forecasting flood
hibit error growth and accumulation when being applied to inundation depths, J. Hydrol., 385, 257-268, 2010.
multistep-ahead forecasts, and it has an outstanding capabizhang, L. C., Chen, P. A., and Chang, F. J.: Reinforced two-step-
ity for flood inundation depth forecasts and can proceed on- ahead weight adjustment technique for online training of recur-
line for a long period solely based on real-time rainfall infor- rlezrggneluzr% nzeg’i’grks’ IEEE Trans. Neural Net. Learn. Syst., 23,
mation. The better results Obt.amed by the R_NARX mOdeIChau, K. W, \;Vu, C. L., andLi, Y. S.: Comparison of several flood
over the O-NARX model provides sound evidence that the

- Ay forecasting models in Yangtze River, J. Hydrol. Eng., Am. Soc.
reliability and generalization of the constructed networks are  cjyi| eng., 10, 485-491, 2005.

poor if the input—output characteristics are not consistent inchen, Y. H. and Chang, F. J.: Evolutionary artificial neural networks
both training and testing phases. for hydrological systems forecasting, J. Hydrol., 367, 125-137,
2009.
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