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Abstract: As the natural flows in rivers dramatically decrease during drought season in Korea, a deterioration of
river water quality is accelerated. Thus, consideration of downstream water quality responding to changes in
reservoir release is essential for an integrated watershed management with regards to water quantity and quality. In
this study, water quality models based on artificial neural networks (ANNs) method were developed using histori-
cal downstream water quality (rm NH; -N) data obtained from a water treatment plant in Geum river and reservoir
release data from Daechung dam. A nonlinear multiple regression model was developed and compared with the
ANN models. In the models, the rm NH3; —N concentration for next time step is dependent on dam outflow, river
water quality data such as pH, alkalinity, temperature, and rm NH; —N of previous time step. The model parameters
were estimated using monthly data from Jan. 1993 to Dec. 1998, then another set of monthly data between Jan.
1999 and Dec. 2000 were used for verification. The predictive performance of the models was evaluated by com-
paring the statistical characteristics of predicted data with those of observed data. According to the results, the

ANN models showed a better performance than the regression model in the applied cases.
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1. INTRODUCTION reaclll of river is accelerated. In addition, t.he
efficiency and cost of water treatment are quite

Since most of intake stations that withdraw
water from rivers in Korea are located along
downstream reach, river water quality man-
agement is important issue for securing public
health and clean water supply in Korea. In
particular, as the natural flows in rivers dra-
matically decrease during drought season, a
water quality deterioration in the downstream

dependent on the quality of raw water.

The major roles of multi-purpose dams are
flood control, water supply, hydropower genera-
tion, and conservation of downstream water
quality through supplying environmental main-
tenance flow. In the reservoir operation, consid-
eration of downstream water quality responding
to the changes in reservoir release is essential



144

for an integrated watershed management with
regards to water quantity and quality. Water
quality models can be applied to predict
downstream water quality when monthly res-
ervoir operation plan is made to improve the
efficiency of reservoir water utilization. In
other words, an adequate allocation of monthly
reservoir releases considering the characteris-
tics of downstream water quality may improve
the river water quality while satisfying a safe
water supply.

Fig. 1 shows the trend of daily ammonia ni-
trogen(NH;-N) concentrations from 1993 to
1998 at the intake site of a water treatment

plant located in the lower reach of Geum River,

Korea.

It revealed that the river water quality dra-
matically deteriorates during drought season as
the water temperature drops. The most con-
cerned period is between December and April.
During this period, the NH; —N concentrations
reach as high as 2.0 ~5.0 mg/L, which is quite
grater than the water quality standard (0.5
mg/L) for drinking water. The plant operators
have experienced a great difficulties in the
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treatment process in recent dry season due to
the occurrences of high level NH; —N concen-
trations in the raw water. Some extent of dete-
rioration of water quality can be attenuated by
control of reservoir releases based on the pre-
dicted water quality in the downstream of the
river.

The major objective of this study is to de-
velop water quality models based on ANNs
algorithm and multiple regression method for
predicting the effect of dam reservoir outflow
on the water quality, NH; —N, in downstream
where a water treatment is located. The model
parameters were determined using monthly
data from Jan. 1993 to Dec. 1998, then another
set of monthly data between Jan. 1999 and
Dec. 2000 were used for verification. The pre-
dictive performance of the models was evalu-
ated by comparing the statistical characteris-
tics of the predicted data with those of ob-
served data.

2. METHODOLOGY

Two different methods are used in the
development of water quality models. The first
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Fig. 1. Seasonal variation of daily NH;-N concentrations in Geum River
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one is a statistical method of multiple nonlin-
ear regression. The second is the ANNs
method, which simulates biological neural
systems and human way of thinking and
learning. There are many applications of
ANNs to water resources in last decades.
Theses include rainfall forecasting (French et
al., 1992) and streamflows forecasting(Kim et
al., 1992), multivariate modeling hydrological
time series (Kim, 1993; Roman and Sunilku-
mar, 1995), water resources time series mod-
eling, modeling of rainfall and runoff process
(Hsu et al., 1995; Shamseldin, 1997), and river
flow forecasting (Karunanithi et al., 1994;
Zealand et al., 1999). These contribute to the
field of water resources to get a conclusion on
the usefulness and applicability of ANNs. Fur-
thermore, many applications of ANNs have
shown the improved accuracy and experienced
excellence in water resources predictions by
adoption of ANNSs techniques.

One of the main features of neural network
is the realization of a complex nonlinear map-
ping from n-dimensional input spaces to
m-dimensional output spaces. The prediction
problem of water quality can be regarded as
pattern recognition problem. It can be ex-
plained that different input patterns give rise to
different output patterns. During training, the
ANNs would extract the relevant patterns from
the input parameter and associate them with
different output.

A black box type water quality model based
on multiple regression and neural network
methods may have practical advantages com-
pared to a mathematical model in river and
reservoir operational purposes in which vari-
ous input data are difficult to obtain in time.
In particular, once the black box type model is
constructed based on historical records. it can
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be applied immediately using key variables
without various initial and boundary condi-
tions that are inevitably needed in mathemati-
cal models. Once the models are constructed
by using enormous historical records, they can
be used directly for prediction without various
input data which is inevitably needed in

mathematical models as boundary conditions.

2.1 Multiple nonlinear regression

Scatter diagrams of each of the predictor
variables were individually analyzed against
the response variable as water quality. A mul-
tiple nonlinear regression model that describes
the relationship between the NH; —~N and the
independent variables is given as follows :

Y=a,x X2 x5 x" +e, (D
where y denotes dependent variable; x;,
Xy oy X, denote the independent variables;

a,,a,,a,, -, a,denote model parameters; and e,

denotes the error term.

2.2 Artificial neural network

2.2.1 Overview of ANN

The ANN is a mathematical model of theo-
rized mind and brain activity which attempt to
exploit the massively parallel local processing
and distributed storage properties believed to
exist in the brain. A conventional method
based on the mathematical model uses algo-
rithm-based calculation. However, the ANNs
operate with highly distributed transformations
through thousands of interconnected neurons
and appear to store the informations as distrib-
uted correlations among connections. The
primary elements characterizing the neural
network are the distributed representation of
information, local operations and nonlinear
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processing. These attributes emphasize the
popular application area of neural networks.

2.2.2 Structure and learning process of ANNs
The structure of ANNs is based on under-
standing of biological neurons system and it
performs through dense interconnection of
many computational elements connected by
The node is
characterized by an internal threshold and

links with variable weight.

non-linearity. Neural network models are
specified by the net topology, node character-
istics and training or learning rules. These
rules specify an initial set of weights and indi-
cate how weights should be adapted during use
to improve performance. The structure of neu-
ral network can be shown in Fig.2 (b) as com-
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pared with biological neurons system.

In this paper, the generalized Delta rule is
used to train a multilayer perceptron for fore-
casting. As an output, the water quality is
produced by presenting an input pattern to the
network. According to the difference between
the produced output and the observed, the pa-
rameters of network are adjusted to reduce the
output error. The error at the output layer
propagates backward to hidden layer, until it
reaches the input layer. Because of feedback
propagation of error, the generalized Delta rule
is also called error back propagation algorithm
The output from node i, O,, is connected to

the input node j through the interconnection
weight w, Unless node k is one of the input
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Fig. 2. A prototype of biological neuron (a) and artificial neuron (b) (Lisboa, 1992)
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nodes, the state of node k is:
o :f(szkOi) @)

where, f(x)=1/(1+e™) called transfer function,

and the sum is over all nodes in the adjacent
layer. Let the resulting target(output) state
node be t. Thus, the error at the output node
can be defined as;

E=20,-0,) 3)

where node % is the output node.
The gradient descent algorithm adapts the
weights according to the gradient error, i.e.,

0.
AW, Lo B )
’ VV’J Oj I/Vt/

Specially, we define the error signal as;

8, = (%)

£
J O/'

With some manipulation, we can get the
following generalization Delta rule;

AW, =né,0, (©)
where 77 is an adaptation gain. O is com-

puted, based on whether node j is in the output
layer or not. If node j is one of the output
nodes,

5, =(t-0,) 0,(-0)) (7
If node j is not in the output layer,

5,=(t-0)) 0,3k &, W, (®)
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In order to improve the convergence char-
acteristics, we can introduce a momentum term
with momentum gain a to Equation (6).

AW;(n+1)=n 5,0, +aAW;(n) )

where n represents the iteration index.

Once the neural network is trained, it pro-
duces very fast output for a given input data.
It only requires a few multiplications and cal-
culations of sigmoid function as transfer func-
tion.

3. DESCRIPTION OF MODEL STRUC-
TURE

3.1 Multiple nonlinear regression model
A multiple nonlinear regression model is
used in this study as follows ;

Ct =q,- ta1 'T;az '(ALKt)a3 'Cta—41 +e, (10)

where, C,is the concentration of NH; —N in
downstream, (,is the dam outflow, T, is the

temperature, ALK, means alkalinity, and C,_,

denotes previous monthly concentration of NH;
—N as input variables. The model given by equa-
tion (10) will be called as Model 1.

3.2 ANNs model

A multilayer perceptron of neural network
consists of one input layer, one or more hidden
layers and output layer. Each layer employs
several nodes and each node in a layer is con-
nected to the nodes in the adjacent layer with
different weights. Signals flow into the input
layer, pass through the hidden layers, and ar-
rive at the output layer. With the exception of
input layer, each node receives signals from
nodes of previous layer linearly weighted by
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Then,
it produces its output signal by passing the

the interconnect values between nodes.

summed signal through a sigmoid function.
There are two important points in using a neu-
ral network for water quality prediction. The
first point is to determine the network ar-
chitecture which is composed with the input
layer, the output layer, the number and size of
the hidden layers. The second point is to
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choose a prediction algorithm. In this study,
following models are assumed which is similar
to time series model structure and applied us-
ing ANNs architecture. The autoregressive
characteristics of NH; -N are analyzed for
determining lag and outflow. Also, tempera-
ture and alkalinity are considered as model
variables.

The ANNs equations of each model are ex-

input hidden
layer J

layer |

output
layer K

Fig. 3. The architecture of ANNs for prediction of water quality (Model II)

input hidden
layer | layer J

—_NH,N

output
layer K

Fig. 4. The architecture of ANNs for prediction of water quality (Model III)
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pressed as follows;

Model 11

Ct ZANN(Q“T;,ALK“CF])*‘@[ (11)

Model 111

Ct = ANN(Q;)Z:ALKt:Ct~1 ’Ct—2>ct—3) + et
(12)

where, Ct is the concentration of NH; ~N in
downstream, (J, is dam outflow, 7, is the tem-
perature, ALK, means alkalinity, C,,, C,,,
C,_, denotes the NH;-N concentration of previous
months, past two months and three months ago

respectively. Architecture of Model 11 and Model
III can be shown in Fig. 3 and Fig. 4.

4. APPLICATIONS AND RESULTS

The multiple nonlinear regression model
and two neural network models developed in
this study are applied to predict the monthly
concentration of NH; —N in downstream of
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Daechung dam. The autoregressive charac-
teristics of NH; —N are analyzed for determin-
ing the effective range of time lag. The amount
of reservoir outflow, river water quality such
as water temperature, pH, alkalinity, and NH;
—~N in previous time steps were selected as
independent variables through correlation
analysis with the state variable, NH; —N for
next time step.

Three models are developed by using 72
monthly data between Jan. 1993 and Dec.
1998, and 24 months of data between Jan.
1999 and Dec. 2000 are used for verification.
These data are measured and collected by
The plant

uses the raw water taken from pump station

Seuksung water treatment plant.

located in Geum river.

The model performances are evaluated by
correlation coefficient between the observed
and the predicted water quality. The determi-
nation coefficient values of three models are

more than 0.92 as the results are shown in Ta-

Table 1. Comparison of models performance in training phase

Model I C, =f(Q,T,ALK,,C,) 0.92 0.38
Model I1I C,=ANN[Q,.T,, ALK ,C, ] 0.99 0.14
Model 111 | C, = ANN[Q,.T,, ALK ,,C, ,C ,,C, ;] 0.99 0.14

Table 2. Comparison of models performance in training phase

o

Model I C,=f(,T,ALK,,C, ) 0.92 0.15
Model 11 C,=ANN[Q,.T,,ALK ,C, ] 0.90 0.23
Model 111 | €, = ANN [Q,,T,, ALK ,,C,,,C,,,C, ] 0.95 0.13
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ble 1. It shows the training results of each
model. According to the results, it can be
found that ANN models give more excellent
predictive capability than multiple regression
model. Time series plot of calibration results for
each model (Jan. 1993 ~ Dec. 1998) can be seen
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in Fig. 5. Also the verification results are noted
in Table 2. Time series plot of verification results
for 24 months (Jan. 1999 ~ Dec. 2000) are pre-
sented in Fig. 6. Linear relationship between
observed and predicted values can be seen in Fig.
7 ~ Fig. 9. As they are presented through the
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Fig. 5. Time series plot of calibration results for each model
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Fig. 6. Time series plot of verification results for 24 months
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Fig. 7. Linear relationship between observed and predicted values of Model I
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Fig. 8. Linear relationship between observed and predicted values of Model IT



152

Water Engineering Research, Vol. 3, No.2, 2002

® Observed vs Estimated
— Linear Regression Line
——— 95% Confidence Limits
4 ——— 95% Prediction Limits

Estimated

0 T T
0 1 2

3 4 5

Observed

Fig. 9. Linear relationship between observed and predicted values of Model 111

ranges of 95% prediction limits and confi-
dence limits, the Model III showed the best
predicting performance among three models.

5. CONCLUSIONS

Two different types of water quality models
were developed based on ANNs and a multiple
nonlinear regression method to support the
control of downstream water quality, ammonia
nitrogen concentrations, during dry season
through an approximate regulation of reservoir
release. The model parameters were de-
termined using monthly data collected in
Geum River from Jan. 1993 to Dec. 1998.
Then, the predictive performance of the mod-
els were tested using another set of monthly
water quality and reservoir operation data. The
results indicated that the performance of
ANNs based model II is best among the
proposed models but model II is not better
than model I which is based on multi- re-

gression technique. It can be seen that not
enough data series for training of ANNs can
cause inaccurate prediction. In this case, it
should be more careful to configure the neural
network structure and determine input vari-
ables. Since the consideration of river water
quality in the operation of river and reservoir
systems is essential, the methodology sug-
gested in this study can be a promising tool for
the integrated water resources management.
It is expected that further applications in this
field is needed to improve the predictive capa-
bility.
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