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Flood forecasting is always a challenge in Taiwan, which has a subtropical climate and high mountains. This paper develops a fuzzy clustering neural network
(FCNN), and implements this novel structure and reasoning process for flood
forecasting. The FCNN has a hybrid learning scheme; the unsupervised learning
scheme employs fuzzy min-max clustering to extract information from the input
data. The supervised learning scheme uses linear regression to determine the
weights of FCNN. The network, which learns from examples, is a hydrological
processes theory-free estimator. Most of the parameters, weights of the network,
are adjusted automatically during the network training. Only one parameter
needs to be justified during constructing the flood forecasting models. The onehour-ahead floods of the Lanyoung River during tropical storms are forecasted
by the constructed models. Our results show that the simple but reliable model is
capable of real time flood forecasting.

Introduction

Flash floods are among the most deadly and damaging of natural disasters. Reliable
flood forecasting is one of the critical components for reducing risks for life and
property. Thus, flood forecasting, which is always a benchmark problem for hydrologists and water resources engineers, has received a prominent focus for many
decades. To develop flood forecasting models associated with rainfall and runoff,
one must know the behavior of hydrological systems. Many hydrological and phys-
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iographic factors will affect hydrological processes; however, the characteristics of a
hydrological system can be explored by building hydrological models. Two different
approaches for the development of flood forecasting models are employed: one is
based on hydrological theory, which is based on hydrological and geographical characteristics of hydrological system, and the other on statistical theory, which is based
on randomness of natural processes. The dynamic wave models (Fread 1978; Moussa and Bocquillon 1988) based upon the Saint-Venant equations and instantaneous
unit hydrograph (Gyasi-Agyei et al. 1996) are some of the most popular hydrological models. Unfortunately, many hydrological models in practice are still generally
based on simplified methods and only accept by a tolerance for imprecision. Development of stochastic models, such as hydrological time series (Montanari et al.
2000) and linear systems theory (Wang and Chen 1996) has been rapid, particularly
in the last few decades. However, hydrological systems are notoriously nonlinear.
Many stochastic models have difficulties in treating the nonlinearity of rainfallrunoff mechanisms. Owing to the lack of practicality and difficulty in use, the models such as conceptual instantaneous unit hydrographs (IUH) (Chang and Hwang
1999), autoregressive moving average with exogenous variable (ARMAX) model
(Chang and Chen 2001) and deterministic catchment model (Kraijenhoff and Moll
1986) cannot well represent the complicated hydrological systems in Taiwan whose
watershed characteristics include heavy rainfall, erodible soils, steep slopes, and
high mountains and do not produce satisfactory results.
This paper is concerned with the application of artificial neural networks (ANNs)
and fuzzy arithmetic to flood forecasting. The notion of fuzzy sets was first introduced by Zadeh (1965). Recently, fuzzy arithmetic has become an important tool for
dealing with uncertainty and is widely used in many scientific applications and engineering systems. After the first ANN was proposed by McCulloch and Pitts
(1943), the development of ANN was fast, particularly in the last decade. An ANN
is a massively parallel distributed processor inspired by modeling of mind and brain
activity. The benefit of ANNs is their computing power that can offer the properties
and capabilities of nonlinearity, input-output mapping, and adaptivity to solve complex problems. Thus, ANNs can be viewed as nonlinear self-organizing models that
learn from historical data. Many ANNs (Rumelhart et al. 1986; Hecht-Nielsen 1987;
Moody and Darken 1989; Jang 1992) have been developed for dealing with different
problems such as pattern recognition, control, speech recognition, and business.
ANNs have also been applied in hydrology, including rainfall-runoff modeling (Hsu
et al. 1995; Minns and Hall 1996; Chang et al. 2001), drainage and irrigation modeling (Yang et al. 2000), rainfall forecasting (Kuligowski and Barros 1998), and
groundwater modeling (Yang et al. 1997). In this study an FCNN, which is composed of ANN and a fuzzy system, is developed to build a rainfall-runoff model for
flood forecasting. Furthermore, the proposed FCNN is compared with the conceptual IUH by using the tropical storm rainfall and runoff data of the Lanyoung River for
evaluating its performance and showing the advantage of FCNN.
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Fig. 1. Structure of FCNN.

Network Structure
Neural network (NN) has at least two layers, the input and output layers. In order to
deal with different complex nonlinear problems, different kind of neural networks
have different layers. Thus each of these approaches has its own advantages. For example, the backpropagation NN has multiple (three or more) layers and the radial
basis function NN has only three layers. In this study, a four-layer neural network is
developed to represent the complex rainfall-runoff relationships. An FCNN is a multilayer feedforward neural network and each layer has it activation functions, as
shown in Fig. 1. The first layer, input layer, which is the layer contacting the outside
environment, is composed of n input nodes. The input data will be transformed or
normalized, if necessary, at layer one. The second layer is composed of m nonlinear
nodes that are fully connected to the first layer. The characteristics of the nonlinear
nodes are determined through the training data. Fuzzy min-max clustering (Simpson
1993) is employed herein for determining the center (or mean), the width (or variance), and the number of the nonlinear units. The output of each nonlinear unit of
layer two is determined by a Gaussian function, as shown by

where Mi is the degree of membership; Xis the input data with n dimensions; Cj and
crj are the center and width of the jth nonlinear unit; 11 X C, 11 measures the distance
between input data and the nonlinear unit j. The action of each node of layer three,

-
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which is composed of m nodes, is to give an output value as a function of the output
of layer two. The function used in this study is defined as follows

where 9 is the weight to be determined. The fourth layer, output of network, being
fully connected to layer 3 only consists of a single linear unit. The output of the network that responds to a given input is the sum of the outputs of layer 3.

Learning in FCNN
The learning scheme of the FCNN consists of a two-phase hybrid learning algorithm, unsupervised learning and supervised learning. In the supervised learning
scheme, learning is accomplished by presenting a sequence of input data associated
with the specific desired target data to adjust the weights or parameters of a network.
On the other hand, the unsupervised learning scheme, which involves no critic to
oversee the learning process, optimizes some performance functions to cluster similar input data together without any feedback information. Fig. 2 illustrates the learning scheme of FCNN. Fuzzy min-max clustering is employed in the unsupervised
learning scheme for determining the characteristics of nonlinear units in layer two.
The method of least squares is used to determine the weights of layer three. An explanation of both learning phases follows below.

-

Unsupervised Learning Phase Fuzzy Min-Max Clustering
Fuzzy min-max clustering adopting a simple fuzzy membership function was proposed by Simpson (1992). By using fuzzy min-max clustering, many hyperboxes (or
nonlinear units) defined by two extreme points (max and min points), will be created automatically by learning through the training data. The advantages of applying a
fuzzy min-max cluster are low computational cost, and the possibility to dynamically determine the number, center, and width of nonlinear units. During network training, the hyperboxes with n dimension, which can be viewed as hidden nodes of layer two, will be generated automatically. The degree of membership, which measures
the degree of the input falling within the hyperbox, will be calculated when an input
is present. The membership function is defined by
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where Hj is the degree of membership setting to (0,l); xi is the ith dimension of input x with n dimension; uji and vji are the ith dimension of maximum and minimum
points of the jth hyperbox, respectively; 5 is either xi-uji or vji-xi. The fuzzy min-max
clustering learning algorithm is characterized by the following three-step process.
1. Expansion: During expansion of the hyperbox, the constructed hyperbox with the
highest degree of membership will be tested for hyperbox expansion. The userdefined value 8 set to 0 I 8 I1 decides the expansion of hyperboxes. During expansion of the hyperbox, the hyperbox with the highest degree of membership
will be tested for hyperbox expansion according to

A small 8 means more hyperboxes will be created. If the hyperbox can be expanded, the old minimum and maximum points of the hyperbox will be replaced
with the new minimum and maximum values. If no hyperbox can be expanded, a
new hyperbox will be generated.
2. Overlap test: After the hyperbox is expanded, overlap between hyperboxes has to
be determined. If overlapping is found, the maximum and/or minimum points of
each dimension of the hyperbox could be contained within another hyperbox.
3. Contraction: If overlapping between hyperboxes is identified, the hyperboxes
will be contracted with the minimal disturbance principle. Only one dimension
that has the minimum overlap is adjusted.
The entire training data will be presented for clustering iteratively until no hyperbox
needs to be adjusted. Then the width of a nonlinear unit is set to be half the distance
between the maximum and minimum points of a hyperbox.

-

Supervised Learning Phase Method of Least Squares
After the number, centers, and widths of nonlinear units have been determined, the
weights of layer three are adjusted by supervised learning. The weights are determined to let the output of network Q, approximate the target Q,. The supervised
learning algorithm aims to minimize the following sum of squares error,
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Since the outputs of the network are linear combinations of the outputs of the hidden
layer, the linear regression model, given as
can be used to determine the weights. The Q, is an N x l matrix; z is the output of
hidden layer that is an Nx(m+l) matrix; w is the weight layer three that is a (m+l)x 1
matrix; and E is independent noise with zero mean. The method of least squares selecting weight matrix w* to minimize SSE is given by
w

* = ( Z TZ ) - 1z T Qo

(9)

By using the linear regression method to minimize SSE, FCNN will have the best
approximation property. In addition, the linear regression method consumes less
time for model training when compared with those of other three-layer neural networks.
In this model, there is only one parameter (8 ) that has to be determined. The selection of 8 will be executed after the training of network, which includes both unsupervised and supervised trainings, is done. The criterion used herein to determine
8 is the minimum root-mean-square-error (RMSE), given by
RMSE =

/N

where N is the number of data points, and Q, and Q, are observed and estimated
streamflows, respectively.

Network Modeling
Study Watershed and Data

To illustrate the application of FCNN, rainfall-runoff data of the Lanyoung River
during tropical storms are used to evaluate the performance of FCNN. Fig. 3 shows
the location of study watershed its river system. In Taiwan, tropical storms accompanied by torrential rainfall that usually occur in the summer are principally responsible for floods. The Lanyoung River, the most important river in northeastern Taiwan, is a mountainous river with a steep slope. Most of the catchment is covered by
mature forests and the average temperature is 22 Celsius. The geological condition
of the downstream area is alluvium. In contrast, the upstream region contains a complex suite of rocks that includes granite, gneiss, schist, sandstone, conglomerate, and
marl. The catchment area, which extends from mountains (elevation 3536 m) to sea
level, drains an area of 978 km2 to the Pacific Ocean. Within the catchment area the
river is 73 km long, and the average slope is 1121. The slope of the upstream is between 1110 and 11100, and downstream between 11100 and 11300. Due to its sub-
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Fig.3. Location of study area.

Table 1 - Summary description of rain gage stations in case study.

Latitude
Longitude
Elevation (m)
Mean annual rainfall (mm)
Maximum annual rainfall (mm)
Minimum annual rainfall (mm)
Period of record

Nanshan

Liumaoan

Tuchang

Fanfan

24'26' 19"
121022'17''
1050
2221
3313
1378
1954-96

24O32.02"
121026'36''
585
2550
3797
1501
1954-96

24'34'27"
121029'20"
400
2680
4395
773
1949-96

24'36'54"
121031'04''
300
3103
4740
1478
1960-96
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Table 2 - Summary description of hydro system data.
-

--

Number of Number of Mean
event
data set

Std. dev. Skewness Maximum

Rainfall (mm)

11

378

10.1

10.4

1.96

80

Runoff (m3ls)

11

378

727

821

1.39

3640

Rainfall (mm)

3

101

10.9

10.9

1.91

68

Runoff (m31s)

3

101

822

729

1.48

3350

Rainfall (mm)

3

103

9.8

8.5

1.38

50

Runoff (m3ls)

3

103

793

659

1.43

3020

Training

Validation

Testing

tropical location, the catchment receives an average of 3,173 mm of rainfall each
year; however, the rainfall is unevenly distributed in time and space. The historical
maximum and mean annual discharges are 4,580 and 65.8 m3/s, respectively. Four
rain gage stations are located in the study watershed, which is equipped with one
streamflow recorder. Table 1 shows the general information of rain gage stations.
Seventeen sets of rainfall and runoff data of the Lanyoung River during tropical
storms were measured from 1980 to 1997. The available data collected by Taiwan
Water Conservancy Agency for the study watershed are hourly data measured at the
rain and streamflow gauging stations. Thus the hourly time step data is used to provide information for the flood forecasting model.
The available data is split into a training subset, a validation subset, and a testing
subset (Stone 1974). The training subset, the first eleven tropical storm events with
378 set data (1980-1990), is devoted to adjusting the parameters and weights of the
network. The validation set, the data of Typhoons Tim, Doug, and Yanni with 101
set data (1990-1994), is used to choose the best model for the various candidate
ones. The testing subset (1994-1996), the latest three typhoon events with 103 set
data, is applied to show the performance of the selected model. Thus the testing subset data is not used to derive and determine the parameters of the model. Each data
set for training consists of 16 data. The descriptive statistics of chosen events are
briefly provided in Table 2.
Performance Evaluation

For the purpose of comparison, the conceptual IUH is used to simulate the runoff
during tropical storms. IUH, which is an impulse response function, is a hydrograph
with unit amount of excess rainfall and infinitesimally small duration. The IUH can
be determined by mathematical methods, for example, Fourier Series (O'Donnell
1960) and conceptual methods such as linear reservoirs in series. The simplest conceptual IUH is the linear reservoir model. The assumption of the conceptual model
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is that a watershed may behave like a series of linear reservoirs. In general, for the
conceptual IUH (Chow et al. 1988)

where k is time constant of the added linear reservoirs; r(o) is the gamma function;
n is number of linear reservoirs. Therefore, the direct runoff at time t becomes

in which I(z) is the excess rainfall at time z.
Let Q, and Q, denote the observed and forecasted streamflows and Po,iZ,, denote
the mean of observed and forecasted streamflows, respectively. Also let Qp, denote
the peak of observed strearnflow and Qpe the predicted streamflow when Qp, occurs. The performance of FCNN and IUH is evaluated on RMSE (Eq. (lo)), which
measures the closeness of the forecasted and observed floods, and the following indices.
The correlation coefficient, given by

indicates the strength of association of forecasted and observed floods. It implies
perfect matching when CC is unity.
The coefficient of efficiency, given by

measures how good the performance of the model is. A CE of 1 means that the performance of the model is perfect.
Error rate of peak flow, given by

measures the accuracy of predicated peak flow. The smaller EQp is, the better performance of the model is.
Estimation of the Parameters and Weights of FCNN

For forecasting flood lead times of up to one hour, the rainfall and discharge within
three hours are used as input to the models, and the output of the models is the next
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240
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Fig.4. Effect of 8 on RMSE.

one hour's forecasted flood. Thus the input data to the FCNN consist of the 15 dependent variables and the network output is represented by a single variable. The
training of an FCNN by using training subset data is initialized by 8 = 0.05. Additional candidate models will be created with adding 0.025 to 8 until 8 = 1.O. Thus it
will be 39 candidate rainfall-runoff built. When training is complete, the parameters
and weights of every constructed model will be fixed for the specific FCNN. The
model is selected with the minimum RMSE by using the validation subset data. Fig.
4 shows the relation of 8 and RMSE. The RMSE does not change when 8>0.55, because there is only one hyperbox created for this model. It appears when 8 = 0.2 the
model has minimum RMSE. Therefore the FCNN with 8 = 0.2 will be used to forecast the one-hour ahead flood of the Lanyoung River at the Lanyoung Bridge by using testing subset data.
Simulation Results

For the built FCNN with 8=0.2, the number of nodes of hidden nodes in layers 2 and
3 are both 145. It means that the rainfall-runoff data of the Lanyoung River can be
clustered into 145 patterns. Thus the rainfall-runoff model of the Lanyoung River
can be built through the combination of the 145 patterns. Fig. 5 presents the training
of FCNN with 8=0.2 for the Lanyoung River at the Lanyoung Bridge. The hydrographs of observed and forecasted streamflows are quite satisfactory. Even the event
has two peak flows, the runoff can also be accurately forecasted by the rainfall. The
figure of residual indicates that the runoff measured is correctly forecasted by the
FCNN. Fig. 6 shows the performance of validation subset data by the FCNN with
8=0.2 and IUH. Fig. 7 illustrates the hyetographs of each rain gage station and the
observed and forecasted hydrographs by FCNN with 8=0.2. The peaks are captured
by the FCNN and the forecasting lines fairly fall on the observed flood data. It also
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Fig. 5. Training of FCNN with 8=0.2 for the Lanyoung River at the Lanyoung Bridge.
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Fig. 6 . Performance of one-hour-ahead flood forecasting by the FCNN with 8=0.2 and simulation results by IUH in validation subset data.
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Fig. 7. Accuracy of floods forecasted by FCNN and simulated by IUH for the Lanyoung
River at the Lanyoung Bridge.
shqws the comparison of the IUH and the FCNN. The ability of IUH to forecast the
flood with 2 peaks is weak. In addition, IHU severely underestimates the peak of the
event of Typhoon Herb. The FCNN can provide one-hour-ahead flood forecasts
quite well and has better performance than the IUH. The overall performance of the
FCNN and IUH for flood forecasting is summarized in Table 3. Apparently, the
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Table 3

- Performance of FCNN and IUH for flood forecasting.

Subset

Event

Peak
flow

RMSE

CC

CE
%

m3Is

EQP
%

m31s
Training

Verification

Testing

Noms
Ike
June
Andy
Nelson
Brenda
Alex
Gerald
Lynn
Sarah
Dot
Tim
Doug
Yanni
Gladys
Seth
Herb

1280
782
1330
2916
409
1230
393
1350
3060
3090
3640
3350
1030
1880
1780
1100
3020

FCNN

IUH

FCNN

IUH

20.1
24.7
18.6
73.8
34.9
48.6
28.6
38.8
125.9
69.9
108.7
227.0
50.1
66.4
116.4
47.2
98.9

158.5
336.0
281.8
449.4
59.1
180.5
57.5
603.1
252.2
716.2
466.8
289.2
132.8
313.8
297.0
252.1
688.9

0.999
0.996
0.999
0.998
0.986
0.993
0.989
0.996
0.986
0.997
0.994
0.978
0.984
0.993
0.984
0.981
0.994

0.960
0.688
0.830
0.920
0.901
0.920
0.858
0.692
0.990
0.902
0.953
0.968
0.919
0.789
0.891
0.763
0.833

FCNN

IUH

FCNN

IUH

99.7 77.2
0
2.1
98.0 -52.4
0
12.2
99.8 -27.0 0
27.3
99.5 64.9 0.2 13.7
99.6 72.1 0.1
1.9
98.6 71.0
0
8.8
95.8 59.4 0.2 -11.3
99.1 -109.6 -0.3 41.9
97.1 93.3
0 -16.5
99.2
19.9 -0.3 68.3
98.8 75.8 -3.6 5.8
95.5 87.3 7.4 -4.7
95.5 37.1
0
5.3
98.3 56.7 2.2 4.6
96.2 59.8 0.1 6.2
97.8 35.7 1.1 -27.4
98.5 28.7 1.8 -31.1

FCNN has better performance in training, verification, and testing, than the IUH in
terms of RMSE, CC, CE, and EQp'. All CCs and CEs of FCNN are very close to 1.
Compared with IUH, the RMSEs and EQp of FCNN are much smaller. This shows
that the forecasting ability of the FCNN is better than the simulated performances of
the IUH. These results indicate the accuracy and reliability of the FCNN.

Conclusions
The structure, training and application of the FCNN for flood forecasting are presented herein. In essence, the FCNN shows good capability for flood forecasting. By
adopting a hybrid learning scheme, the model can be split into two phases, unsupervised and supervised learning. During the unsupervised learning, the fuzzy min-max
clustering is employed to measure the similarity of the input data for classifying.
During the supervised learning, the method of least squares is used to determine the
weights between the hidden and output layers. A model-free estimator is one of the
most notable advantages of the FCNN and the ability to learn is another. The structure and weights of the model are adjusted automatically and dynamically by learning the historical data. Only one user-defined parameter, 0, is needed to construct the
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flood-forecasting model. This enables the users to easily apply the FCNN. T h e rainfall and floods of the Lanyoung River are used to verify the FCNN for flood forecasting. The FCNN can provide better predictive capability than the simulation of
the IUH. The results also indicate that the FCNN is a practical tool offering reliable
and accurate flood forecasting.
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