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Forecastmg Nile River Flood Using a Fuzzy Neural
Network Model
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River flood forecasting has a significant social and economic impact as it can help in
protection from water shortages and possible flood damages. River flood forecasting is a very
difficult process since it means handling large amounts of dynamic nonlinear systems with a
great amount of uncertainty and noisy data. In addition, the data about many variables that
affect flood are not available and the underlying physical relationships are not fully
understood. A model that combines both neural networks and fuzzy systems can be effective
in handling this problem. This system will have the ability to learn from data with good
generalization capability using neural networks and to deal effectively with uncertainty using
fuzzy systems. ANFIS (Adaptive Network based Fuzzy Inference System) is a model that
combines both neural networks and fuzzy systems. In this paper we use ANFIS for
forecastmg river Nile flood. In addition to ANFIS, we use regression and neural networks for
river Nilé flood forecasting and then we make a comparison between the performances of the
three techniques in forecasting river Nile flood.

Keywords: Fuzzy systems, neural networks, ANFIS, neural fuzzy systems, Nile River, flood forecasting,
subtractive clustering, fuzzy clustering, preprocessing data techniques.

1. Introduction

The River Nile is the main source of life to many African countries in general and to
Egypt in particular. Egypt is the most downstream country and basically depends on the river
Nile for getting water. The climate is arid and annual rainfall is too little to depend on it as a
source of water. Agriculture in Egypt is possible mainly with irrigation. Forecasting the river
flow has a significant economic impact, as it helps in management of agricultural water,
prediction of water storage, protection from potential flood damage, and estimation of bridges
load. Forecasting River Nile flow can also help in determining the optimum amount of water
io be released by high dam, and thus can help to more efficient management of the water [2],
[17].

The river flood forecasting problem has been traditionally tackled using techniques such as
regression, neural networks and fuzzy systems. Previous studies show that flood has a great
amount of uncertainty; many variables that affect flood are not taken in consideration because
the data about them are not available and even if they are available their exact relationship
with flood is not clear. River flood forecasting needs new techniques that can deal effectively
with uncertainty, have the ability to generalize to unseen patterns and in the same time do not
need a mathematical representation of the flood process.
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Neural networks have the ability to learn from training data with good generalization
capability. Fuzzy set techniques are known as effective tools in dealing with systems that
have great amount of uncertainty and strongly nonlinear behavior of time varying
characteristics. Both techniques are nonlinear models that do not need a mathematical
formulation of the underlying system. It seams that combining both techniques can provide
better performance than that obtained from the previous mentioned techniques.

One of the most powerful models that combine both neural networks and fuzzy set
techniques is ANFIS (Adaptive Network based Fuzzy Inference System). ANFIS is known
for having a great capability in approximating complex nonlinear models with high degree of
accuracy. In this paper, we use ANFIS for forecasting river Nile flood and then we make a
comparison with regression and neural network techniques in solving this problem.

2. Review of Some Models Used In River Flow Forecasting

There are different techniques used in forecasting river flow. Examples of these
techniques are regression analysis, neural network and fuzzy systems. We review in this
section four previous models that were used for forecasting river flow: two for the river Nile
and two for other rivers.

The first model for the river Nile is a multivariate step-wise linear regression model, used
for real-time forecasting and for generating multi-lead forecasts for monthly discharges at
different stations on the Nile Basin [8], [19]. The model uses past and present discharges of
the station at which the forecasting is done and also at the upstream stations. This model has
the advantages of a small sum of square errors and of being a multivariate model, yet it has
the disadvantages of tending to either overestimate low floods or underestimate high floods.
In other words, the performance of the model is excellent for low or medium flows. Since the
main advantage of forecasting a river flow is forecasting the high flows (flood) to prevent
damage resulting from them, then there is a need for another method to overcome these
disadvantages [8], [19].

The second model for the river Nile developed by Atiya et al. [2], used the neural network
for the river Nile flow forecasting. They used readings of the flow volume for each ten-days
and month period at Dongola station located in northern Sudan (south of high dam). The data
spanned the period from 1974-1992. They used a network consisting of one hidden layer with
three hidden nodes and trained it using the standard back-propagation method. The
Normalized Root Mean Square Error (NRMSE) is used as a measurement of error. Different
combinations of inputs were used and they reported that combinations possessing the flow
value at the same period to be forecasted but one year ago resulted in lower error than
combinations possessing purely previous flow value. The network has reasonable
generalization ability, and quite accurate forecasts for all periods of the year were obtained
except for the peak flow periods (flood periods) where there were some small errors. So they
suggested training a separate network for the high flow periods with some kind of expert type
network.
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See et al. [18], used a neural network for real-time flood forecasting for the Quse River
catchments in the United Kingdom. All data were originally recorded at 15 minute intervals.
However to reduce the amount of data, hourly averages were used. Five years of hourly water
level data (1982- 1986) with the previous five hourly observations as inputs were used to fit
both ARMA (Auto-Regressive Moving Average) models and Neural Networks. Three years
of testing data (1987 - 1989) were then used to validate the model performance. The study
aimed to make horizon forecast of six hours and used Root Mean Square Error (RMSE) as a
measurement of errors. They found that as a global model, neural network performs worse
than statistical models on the important flood events but by simply disaggregating the data
Into low and high level events, the neural networks can concentrate their efforts on learning a
smaller number of similar patterns and thus significantly improve their forecasting accuracy.
They recommended experiments with more intelligent disaggregating techniques such as
fuzzy logic, where rainfall data might have been clustered by previous level measurements
with a self organizing neural network.

Stuber et al. [19], used fuzzy model for forecasting a six hour flow level at river
Trier/Mosel in Germany. They used only discharges as input variables, no rainfall data or
other variables were considered. Measured data were used from nine previous flood events for
the generation of the model, and then the model was tested with four other events. Data were
measured and provided regularly in one-hour periods. They used Takagi-Sugeno model and
assigned algebraic product for AND operator. Simulation results show that at least the same
forecast quality (compared with other techniques) was achieved even without the
consideration of measured rainfall values and rainfall forecasts.

3. Adaptive Network based Fuzzy Inference System (ANFIS)

Although fuzzy systems and Neural Networks have many advantages, they have
drawbacks that may limit their usage as effective nonlinear and time variant solving
techniques, [13], [15]. Combining Neural Network and fuzzy logic system can avoid many
disadvantages and gain many advantages to both techniques. From the point view of fuzzy
systems, the most important reason for combining fuzzy systems with neural networks is their
learning capability. Combining neural networks with fuzzy systems enhances the
generalization capabilities of fuzzy systems and makes it easier to generate fuzzy systems that
achieve a pre-specified accuracy output. From the point view of neural networks, such
combinations enables neural network to incorporate prior knowledge into the system, which
shortens the learning process. In addition, the structure of neural networks will be determined
by the rules and fuzzy sets used for the underlying problem such that there is no need to
specify any network parameters (e.g. number of hidden units). Using fuzzy logic System with
neural network can speed up convergence of neural networks by using variable learning rates.

ANFIS is one of the first models that combine fuzzy systems and neural networks. It was
proposed by Jang in 1992 as stated by Rajasekaran [16]. ANFIS gained a great fame as an
effective technique in dealing with complex nonlinear systems since it approximates these
systems with a high degree of accuracy. It can generate fuzzy systems from input-output data
automatically using feed-forward neural networks. ANFIS is a neural fuzzy system with
Takagi-Sugeno fuzzy rule whose consequents are linear combinations of their preconditions.
The Takagi-Sugeno fuzzy rules have the following form [13]:
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R:IF x; isA] AND x2isA} .. AND x, is A} THEN y =1, =aj +aJ x/. . +a, x,/ (1)

where x; is an input variable, y is the output variable, A/ 's are linguistic terms of the
precondition part, with membership function p al (X)), al € R are the coefficients of the
l

linear equations fi(xi, . ., xn) and j=1,...,m, i=1,... n. For simplicity, assume that the fuzzy
system under consideration has two inputs (x,and x,) and one output y and that the rule base
contains two Takagi-Sugeno fuzzy rules as follows:

R':IFx;is Al ANDx;is A} THENy=f=a,' +a,' x;' +2,' x;"
R%:IF x;is AZ AND x;is A2 THENy=1f =a,> +a,% x;* + a;% x;° 2)

For the given input values x; and x; the inferred output Y* is calculated by
Y*= w,f, +w,f, (3)

where WJ is the firing strength of R’, j =1, 2 relative to the sum of all rules firing strength.
The corresponding ANFIS structure is shown in Figure 1 [13].

ANFIS consists of 6 layers, each node in these layers functions as follows:

Hoar(xy) X1 X2
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N
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Az‘ Haztx;)

Figure 1: Structure of ANFIS.

Layer 1: Every node in this layer is an input node that just passes external signals to the next
layer.

Layer 2: Every node in this layer acts as membership function p ;(x;), and its output
]

specifies the degree to which the given x; satisfies the quantifier A!. Usually, we
choose |4, ; (X;) to be bell-shaped with 1 as a maximum and 0 as a minimum, such as

4

1
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or
b.J

Haj (x;)=exp —(xi-l?i J (%)

.

1

where {m;, c;, b} } is the parameter set to be tuned. In fact, any continuous and piece-wise-
differentiable functions, such as the commonly used Gaussian or the triangular membership
functions, are also qualified candidates for node functions in this layer. Parameters in this
layer are referred to as precondition or antecedent paramelters.

Layer 3: Every node in this layer is a fixed node labeled]] . It multiplies incoming signals to
obtain wj, i.e. wj = [] p e (X;), and sends the product out. Each node output represents the
i 1

firing strength of a rule. In fact, other t-norm operators, other than the product, can also be
used as the node function for the generalized AND function [10].

Layer 4: Every node in this layer is a fixed node labeled N. The jth node calculates the ratio
of the jth rule's firing strength to the sum of all the rules firing strengths

W;
m

W, = ,j=1,2,....m. - (6)

M

W
1

Layer 5: Every node j in this layer calculates the weighted consequent value _Wu;fj , Where
Wj is the output of layer 4 and (a, , ay, azj) 15 the parameter set to be tuned. Parameters in this

layer are referred to as consequent porameters.

Layer 6: The only no*de in this layer labeled £, and it sums all incoming signals to obtain the
final inferred result Y~ for the whole system.

ANFIS is functionally equivalent to fuzzy systems with Takagi-Sugeno rules. It updates
its parameters according to back-propagation algorithm. Also, ANFIS can make use of a
mixture of back-propagation to adapt parameters of the membership functions and uses the
least mean squares estimation procedure to determine the coefficients of the linear
combination in the rule's consequents. This procedure is called sybrid learning. A step in this
learning procedure has two parts. In the first part, (called forward pass) the input patterns are
propagated, and the optimal consequent parameters are estimated by iterative least squares
procedure, while the antecedent parameters (membership functions) are assumed to be fixed
for the current cycle through the training set. In the second part (called backward pass), the
patterns are propagated again, and in this epoch, back-propagation is used to modify the
antecedent parameters, while the conclusion parameters remain fixed [1]. Hybrid learning is
known to yield better results than those obtained by using back-propagation only.
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ANFIS needs an initial fuzzy system. This initial fuzzy system can be created using input
space partitioning techniques. There are many techniques that can be used in input space
partitioning. The most famous one is grid partitioning method [4] in which the domains of
antecedent variables are a priori partitioned by a number of membership functions. They are
usually evenly spaced and shaped. The rule base is then established to cover all the
combinations of the antecedent terms. A severe drawback of this approach is that the number
of rules grows exponentially since it equals the product of the number of fuzzy partitions per
each input variable. This problem is known as the curse of dimensionality problem which
means that, the number of parameters that need to be optimized is large relevant to the
available data set. '

To overcome this problem either crisp or fuzzy clustering methods can be used. Using
cluster methods minimizes the rule base size and so help in solving the curse of
dimensionality problem. In crisp clustering techniques we can find objects that can not be
assigned strictly to one cluster because they are located between clusters. In addition, crisp
clustering techniques can not handle uncertain and noisy data. In these cases it is preferable to
use fuzzy clustering techniques since they can effectively handle noisy and uncertain data [6].
Fuzzy clustering techniques use the concept of fuzzy membership to some prototypical object.
The degree of similarity can be calculated using a suitable distance measure in such a way
that the objects within each cluster are as similar as possible, and the objects in different
clusters are dissimilar as much as possible [5]. The antecedent membership functions are then
extracted by projecting the clusters onto the individual variables. The number of clusters in
the data can either be determined a priori such as fuzzy c-means clustering method (FCM) or
sought automatically such as subtractive clustering method.

ANFIS is a local model approach as it uses Takagi-Sugeno fuzzy rule. The Takagi-
Sugeno fuzzy rule functions as a piece-wise linear approximation of a nonlinear function (see
Figure 2). In local models, the structure depends on decomposition of the considered input
space into different operating regimes. Within each operating regime, a simple local sub-
model is valid (each sub-model is valid in a specific region). The overall model output is
given by the combination of all locally active sub-models [3]. Local models can deal with
systems that have a high degree of complexity and nonlinearity where a global model may be
not convenient.

Figure 2: Takagi-Sugeno model as smoothed piece-wise linear approximation of a
nonlinear function.
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4. The Application

4.1 Data Collecting and Handling

Nile river flow depends on a large number of variables. These variables include
meteorological, physical, and time variables. However, since data about most of these
variables are not available or available for short or intermitted periods we will use only
discharges of Aswan station and upstream stations to predict Nile flood flow at Aswan
station. We choose stations that lie on the main rivers that provide Egypt's Nile river with its
water to limit the number of stations (variables) taken in consideration. For each main river
we choose only one station to avoid the multi-collinearity problem from which the
multivariate step-wise regression model suffers [19]. A station is chosen such that it lies at the
end of the river, so that all tributaries of this river are taken in consideration. Accordingly, we
collected data from four stations in the period (1912-2000). So we have 89 pairs of input-
output data. These stations are Malakal, Khartoum, Atbara and Aswan. Since we are
interested in forecasting monthly flood flows, the obtained stations’ discharges are the used
monthly discharges. The used model (ANFIS) is known to require enough data set size for the
training data set to give good results. We choose to train the model with 80 pairs of input-
output data set and test the model with the remaining data set (9 pairs of input-output data).

The collected data are not of the same nature; that is some of them are natural discharges
and some are not. By natural discharge, we mean the discharge as it is given by nature [19]
without. any losses in the river discharge that can happen by nature such as evaporation or by
man such as reserve a guentity of water using dams (for example, High dam). So data are
handled such that they are all natural discharges. This process is called naturalization process.
Equations that convert discharge to natural discharge are taken from specialists on river Nile
(Engineer Ahmed Fahmy at the Ministry of Water Resources and Irrigation). The data of
Aswan and Malakal are given after naturalization, so we naturalize the discharges of Atbara
and Khartoum as follows:

Natural discharge at Atbara = discharge at Atbara + Release by Khashm el-Kerba canal +
Evaporation at Khashm el-Kerba reservoir + change in contents of Khashm el-Kerba reservoir

Natural discharge at Khartoum = discharge at Khartoum + discharge at Gezira and el-
Marakel + evaporation at Sennar station+ change in contents of Sennar station + evaporation
at Roseirs station + change in contents of Roseirs station

After naturalization, we perform some data preprocessing techniques. Data preprocessing
is to remove irrelevant information and extract key features of the data to simplify solving the
problem without throwing any important information [i2]. The objectives of data
preprocessing is size reduction of the input space, smoother relationship, noise reduction, and
feature extraction. One method of feature extraction is data normalization. Data normalization
(scaling) can provide a better model and avoid numerical problems. Normalization is a linear
scaling algorithm. It transforms the original inputs range into a new data range (in most cases
interval [0, 1] is chosen). One of the most important and used techniques of data
normalization is Min-Max method is given as

Y __( Yald “minl )

new —

: ! (maxz—min2)+ min, @)
max,—min, )
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Table 1: ANFIS related information.

Variables Used in | Number of | Number of Cluster Learning
Prediction rules parameters Radius rates

June-Atbara

July June-Malakal 7 70 30 10
June-Aswan
July-Atbara

August July-Khartoum 4 40 45 A2
July-Malakal

August-Atbara
August-Khartoum
August-Malakal
August- Aswan

September 4 52 45 .345

January-Atbara
October June-Khartoum 6 60 .30 18
September-Aswan

August-Atbara

November October-Khartoum

4.3 ANFIS Results

ANFIS is applied with different combinations of variables as inputs and different values
of learning parameters. The model with the best performance is chosen for each month. The
model with the best performance is the one that gives good results for all the three goodness-
of-fit statistics. Based on Table 1, it is obvious that using subtractive clustering method
reduces effectively the number of rules compared to grid partition without affecting model
performance. For example if we use grid partition with three variables each has three
membership functions, we will have 3x3x3= 27 rules. With subtractive clustering the
maximum number of rules we use for any month model is 7 rules.

Table 2: ANFIS Goodness-of-fit Statistics using Normalized Discharges.

RMSE MAE R? R?
Data Type Train | Test | Whole | Train | Test | Whole | Train Test | Whole
Data | Data Data Data | Data Data Data Data Data
Month
July 054 .073 056 .037 061 .039 938 935 899
August .093 136 099 064 097 |.067 .886 .828 765
September |.079 .099 083 059 088 |.062 900 .885 .805
October 074 082 075 .048 073  ].051 .942 905 884
November 071 091 073 .058 078 1.060 .940 925 .885
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Table 2 shows the goodness-of-fit statistics for river Nile flood forecasts obtained using
ANFIS model for each month from July to November. Based on these results, we can see that
the models developed using ANFIS for flood prediction at river Nile have high performance
degree for all months The three goodness-of-fit statistics reflect such a high performance of
ANFIS models. These statistics show that the models are stable, have small errors and in the
same time reserve a high and positive correlation between the actual and predicted values for
both test and training data. Comparing results obtained for training and testing data, we can
say that the developed models do not suffer from overfitting problems and have good
generalization ability since the performance of the training data set is near to performance of
the testing data set. We observe that August and September have a performance degree
smaller than other months; which is expected as flood occurs basically in these months so
they have a degree of variability and uncertainty greater than other months. Figures from 3 to
7 show the actual and predicted output for months July-September obtained by ANFIS.

July results

Actuqllzza nd predicted values

------ Predicted
Value

—— Actual
Value

191209169200924 9281934936194 01944 9489521956 9601964968197 29769801 984988992 99€2000

i
I
|
|
. 0 'L:WTYWW‘WWﬂYWWW?TTW‘WTWﬁ‘W’W
I

Years

Figure 3: Actual and predicted (using ANFIS) values for July.
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] August results
lActual and predicted values

] e o O, S S S G o

------- Predicte
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Actual
Value
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191219160920192492893219381940( 944 9481952 9561960196 4 968197 297619801 9849881992 9982000
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Figure 4: Actual and predicted (using ANFIS) values for August.
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. September results
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Figure 7: Actual and predicted (using ANFIS) values for November.
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Other techniques were used to judge our approach of using ANFIS model to predict flood
flow in Egypt at Aswan. These techniques are stepwise regression and neural networks.

In stepwise regression, the previous twelve monthly discharges for each station were
used. The size of date set for regression analysis is 88 not 89 pairs because of existence of one
lag. The lagged value is assumed to be variable in the previous year since we use the
previous twelve variables. Training data set is fixed (80 pairs) and the test data is reduced to 8
instead of 9 pairs. Variables that are selected by regression analysis indicate that river Nile
has a memory that varies from one month to the other (see Table 3). Table 4 shows goodness-
of-fit statistics obtained using regression analysis technique.

Table 3: Variables used by Regression Analysis.

Variables Used in Prediction

July Discharge of Khartoum on June, Malakal on May, Aswan on May
Discharge of Atbara on September, Khartoum on June, Khartoumn on July,
August
Khartoum on September
September Discharge of Aswan on July, Aswan on August, Aswan on October
Discharge of Atbara on September, Khartoum on March, Khartoum on July,
October

Malakal on January, Aswan on March Aswan on September
Discharge of Atbara on Mars, Atbara on December, Khartoum on
November September, Khartoum on October, Malakal on September, Aswan on April,
Aswan on September L

Table 4: Regression goodness-of-fit statistics using normalized discharges.

[ RMSE MAE R R’
Data Train |Test Whole | Traine | Test | Whole Traine | Test | Whole
Type|Data |Data Data d Data | Data d Data Data

Month Data Data

July 112 147 116 091 113 .094 .680 811 567

August 134 164 A37 106 122 108 748 669 535

September 106 201 118 082 175 092 815 .599 .608

October .085 d12 .088 .069 .081 072 925 882 .846

November .068 118 .073 055 .083 .057 .945 .843 .869
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River flood forecasting is a very difficult problem that needs certain techniques capable of
handling nonlinearity, uncertainty and noisy data. A model that combines both neural
networks and fuzzy set techniques can help in handling this problem effectively. ANFIS is a
model that combines both neural network and fuzzy systems and is known to be effective for
approximating nonlinear complex systems and model identification problems. In this paper
we use ANFIS for forecasting river Nile flood. Results show that ANFIS is superior to both
stepwise regression and neural networks with high performance for all months included in the
study. Combining fuzzy systems with neural networks lead to a great improvement in the
performance of the model. With ANFIS, the model can be better understood so that the black
box problem of neural network is solved. With ANFIS it is easier to generate fuzzy models
that achieve a certain degree of accuracy

Some preprocessing data techniques are applied to our data set after naturalizing them.
First a feature selection method is applied to select variables with the most predictive power
to the underlying process which is done by generating a group of ANFIS models for each
month. Feature selection techniques help us in generating powerful models with small number
of variables so the curse of dimensionality problem of ANFIS is solved. Second we have
normalized our data set to avoid numerical problems. Normalization leads to a great
enhancement in the performance of the model compared with its performance in case of using
the original data. Models with original data suffer from overfitting problem with high number
of parameters. Normalization helps in overcoming these problems effectively by reducing the
number of parameters to a high extent. Finally, subtractive clustering is used to initialize
ANFIS. This enables ANFIS to distribute the system knowledge between the rules, resulting
in a reduced rule base.

For further research a model that combines both neural network and fuzzy set techniques
with a feedback connection can be used as flood always depends on previous discharges.
Neural networks with fuzzy inputs can be used to increase the ability of neural networks of
handling uncertainty. Also it is possible to use neural networks with fuzzy parameter
adaptation to reduce time taken in choosing values of neural network’s parameters that give
best performance which will lead to faster convergence. Additional comparison with the
“radial basis function network” can also be suggested to check whether that ANFIS is
superior to both of stepwise regression and neural networks. Finally, other efficient
neurofuzzy models with higher performance can be applied to this forecasting problem as that
given in [21].
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