
 2015pp. 727-732Vol. 14ISSN: 0972-6268 No. 3Nature Environment and Pollution Technology
An International Quarterly Scientific Journal

Original Research Paper

Water Quality Prediction Based on BP Neural Network at Dahuofang
Reservoir, China
Lingling Ma, Linfei Zhou and Tieliang Wang†
College of Water Resource, Shenyang Agricultural University, Shenyang, Liaoning, 110866, China
†Corresponding author: Tieliang Wang

ABSTRACT

To ensure the safety of drinking water, understanding the trends of water quality in water resource and
to provide a scientific basis for water quality management, a three-layer BP neural network is selected to
simulate and predict six water quality indicators of the outbound of Dahuofang Reservoir. The six water
quality indicators  are dissolved oxygen, five days’ biochemical oxygen demand, permanganate index, ammonia
nitrogen, total nitrogen and total phosphorus. Training the model with water quality data from 2005 to 2011,
Levenberg-Marguardt optimization algorithm is adopted to train samples. After reaching the error requirement,
simulate the model with the water quality monitoring data in 2012 and test the model accuracy. Simulation
results show that the accuracy of the model prediction is higher in 2012. It is proved that this model can be
used to predict water quality of the outbound mouth in Fushun section, and the model provides a theoretical
basis for improving the water quality of the reservoir area and can be used to guide the actual water quality
management.

INTRODUCTION

Water quality tends to deteriorate gradually with human in-
terventions, such as land use change (Wagner et al. 2013),
hydrological alterations (Arias et al. 2014), application of
chemical fertilizers and pesticides (Matthews et al. 2012,
Álvarez-Romero et al. 2014), which cause series of envi-
ronmental problems, such as soil erosion (Keesstra et al.
2013), shortage and deterioration of drinking water (Khan
et al. 2013), and degeneration of aquatic ecosystems (Ryan
et al. 2013). With water pollution becoming an increasingly
serious problem, it has attracted much attention from the
public and the government. Therefore, integrated research
on water quality prediction is one of the most important
research issues.

Dahuofang reservoir is located 18km east of Fushun city,
Liaoning Province, and is a valley reservoir, whose main
role is controlling flood, irrigation, industrial water supply
and drinking water. With the accomplishment of water con-
veyance project of Dahuofang reservoir, it has become a
water supply source for 23 million population in Liaoning
Province, and is one of the nine important water source ar-
eas in China. In recent years, with the rapid development of
the local economy, pollution load in the reservoir increases
year by year. Higher use of chemical fertilizers and pesti-
cides pollutes ground and surface water, along with surface
runoff and soil erosion. Livestock manure and garbage with-
out effective treatment timely enter into the reservoir or river
with the rain and pollute the water source seriously.

Dahuofang reservoir plays a key role in the development of
national economy and social stability in Liaoning Province.
Systematic researching and grasping the changes of water
quality of Dahuofang reservoir will play an important part
in controlling and improving the water quality and ecologi-
cal environment, and will make the indicators of water qual-
ity and ecology meet the national type II standard of sur-
face water in China.

The water quality prediction model can be divided into
mechanistic prediction model and non-mechanistic predic-
tion model. Mechanistic prediction model is usually very
complex, the calculation process requires more basic infor-
mation and parameters, while our nation relatively lacks
the  basic information and data of the majority of our rivers,
lakes and reservoirs, which limits the practical application
of mechanistic prediction model for water quality forecast-
ing (Fan et al. 2010). While non-mechanistic prediction
model is a “black box” approach, establishing a water qual-
ity model through mathematics, has an ideal forecasting
effect, and is widely used in simulation and prediction of
water quality. The common ones of non-mechanistic pre-
diction model are artificial neural networks (Perera et al.
2014, Sarkar et al. 2015), gray theory prediction method
(Wei et al. 2013), the time series method (Liang 2014),
Markov method (Wöhling et al. 2011, Tong et al. 2012).

All things considered, an artificial neural network
method for the prediction of water quality will be selected
in this study.
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MATERIALS AND METHODS

Study area: Dahuofang reservoir is situated at east longi-
tude 123°04’28”to 124°27’46”and north latitude 42°21’10”
to 42°04’01”, and is located in the eastern part of Fushun
City, Liaoning Province, middle and upper area of Hun
River, 18km away from Fushun city. The reservoir was com-
pleted and put to use in 1958. All basins are distributed in
three counties, which are Qingyuan, Xinbin and Fushun in
Fushun city. The reservoir controls total area of 5437km2 of
all basins. The maximum capacity is 2.268 billion m3.
Dahuofang reservoir accepts the surface water from Hun
River, She River and Suzi River. Hun river is originated in
Qingyuan county, from east to west throughout the whole
Fushun city. Hun river is 169km long above the dam site,
the river slope is 2.8 ‰, and flowing into Dahuofang reser-
voir in Beizamu. Suzi river originates in Xinbin county, river
length is 132km, the river slope is 2.3 ‰, and flowing into
Dahuofang reservoir in Gulou. She river originates in Fushun
county and is 46km long, flowing into the reservoir in
Taigou, and the river slope is 7 ‰.

There are 7 monitoring sections in Dahuofang reservoir,
respectively, warehousing mouth: Taigou (She River), Gulou
(Suzi River), Beizamu (Hun River); the reservoir area:
Hun37 (middle of the reservoir), Hun73 (tail of the reser-
voir), Hun7 (front of the reservoir); outbound mouth: out-
bound mouth in Fushun (front of the dam). The sectional

distribution is shown in Fig. 1. Sampling points of each sec-
tion of the reservoir are given in Table 1.

BP neural network model: Artificial neural network be-
longs to the “black box” model, one of the most widely used
is BP (Back Propagation) neural network. The team of sci-
entists led by Rumelhart and McCelland raised BP (Back-
Propagation) neural network in 1986, which is a multilayer
forward neural network that is trained by the error back-
propagation algorithm. Currently, in the practical applica-
tion of artificial neural networks, the vast majority use of
the neural network models is BP network and its variations.
It is the core part of forward networks, reflecting the es-
sence of the artificial neural networks.

BP network is a kind of three-layer or more neural net-
work, composed of an input layer, hidden layer and an out-
put layer. A full connection between layers and there is no
connection between neurons of each layer, as shown in
Fig. 2. Its main characteristic is signal forward propagation
and error back propagation. In the forward propagation, in-
formation inputs from the input layer, calculates layer by
layer in the hidden layer, and then transports to the output
layer. State of neurons in each layer only affects the status
of next-layer neurons. If the output layer does not get the
desired output, calculate the error variance of the output
layer, and then turn to back propagation. The error signal
propagates through back-propagation along the original

Fig. 1:  Dahuofang reservoir monitoring section location map.
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connection pathway. The network modifies the neurons’
weight of each layer according to the error change value,
repeated iterative operation, until the error is reduced to
the desired target. The typical BP network has three lay-
ers, which contains one hidden layer. This structure not
only meets the accuracy requirements, but also can accel-
erate the convergence of the network and reduce training
time. The BP neural network is applied to predict the wa-
ter quality by many scholars and better results are obtained
(Yan et al. 2014, Tong et al. 2014, Mallesh 2011, Xue et al.
2013).

Steps to Establish BP Neural Network

1. Select the training samples and pretreat. Determine in-
put layer and output layer neurons, and normalize the
samples, which can avoid the differences of magnitude
to affect network precision.

2. Establish BP network and train the network. Select the
number of network layers and the number of hidden layer
neurons. The network format is: net = newff (PR, [S1,
S2…SN],{TF1, TF2…TFN}, BTF, BLF, PF). PR is the
matrix of ranges of network input vector, [S1, S2…SN]
is the neuron number of hidden layer and output layer,

{TF1, TF2…TFN} is the transfer function of hidden
layer and output layer, BTF is the network training func-
tion, BLF is weight learning function, PF is perform-
ance function.

3. Simulate the model and determine whether can be ap-
plied to the water quality prediction actually.

Data source: This research adopts the samples for water
quality data of the period 2005-2012. After comparing the
evaluation criteria and actual indicators, six representative
indices are selected: dissolved oxygen (DO), five days bio-
chemical oxygen demand (BOD

5
), permanganate index

(COD
Mn

), ammonia nitrogen (NH
3
-N), total nitrogen (TN),

and total phosphorus (TP). Data are the annual average of
monitoring section.

Selection of training samples: Select the water pollution
index data from 2005 to 2011 of Taigou (She River), Gulou
(Suzi River), Beizamu (Hun River); the reservoir area:
Hun37 (middle of the reservoir), Hun73 (tail of the reser-
voir), Hun7 (front of the reservoir) as input samples to es-
tablish a network, which are training samples. Select the
index data of outbound mouth in Fushun (front of the dam)
as output layer neurons. Simulate and predict DO, BOD

5
,

COD
Mn

, NH
3
-N, TN and TP respectively. Select the moni-

toring data of 2012 as test samples to verify the accuracy of
the network.

Pretreatment of training samples: Different pollution in-
dex data have different magnitudes. Carry out normaliza-
tion processing of training samples using prestd function in
MATLAB.

Establish network structure: Typically, neural network
does not need to be too complicated. Complex networks of-
ten require more parameters. If too many parameters are es-
timated, the accuracy of network will decline naturally, net-
work forecasting accuracy will decline too. According to the
universal approximation theorem “a three-layer BP network
with a hidden layer, as long as there are sufficient number
of nodes, it can approximate any continuous function on a
bounded region with arbitrary precision”, so a three-layer
BP network with a hidden layer is selected.

Table 1: Sampling section layout of Dahuofang resevoir.

                                                  Warehousing mouth                                               Reservoir area Outbound

Hun River SuziRiver She River Tail of the Middle of the Front of the
reservoir reservoir reservoir

Section Beizamu Gulou Taigou Hun73 Hun37 Hun7 Outbound mouth
 in Fushun

Vertical line 1 1 1 1 2 2 1
Sampling point 1 1 1 1 6 6 1

Fig. 2:  BP neural network topology structure.
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Determining the number of nodes in the hidden layer is
quite a complex issue. If the number of nodes are too less,
network training will be insufficient and the fault-tolerance
performance is poor. If the number of nodes are excessive,
learning time of the network will be extended and it can not
guarantee an optimal error. At present, there are no mature
and complete theoretical methods to determine the hidden
layer nodes of the network. The trial and error approach is
adopted to determine the number of hidden layer nodes.
Firstly, determine the approximate range based on empirical
formula ( )l m n a   , and then determine the optimal
number of nodes by trial and error approach. Where l is the
number of hidden layer nodes, m is the number of output
layer nodes, n is the number of input layer nodes, a is the
constant between 0-10. When the number of hidden layer
nodes is 3, training steps are less and overall error is small.
Therefore, determine the number of nodes of the hidden
layer as 3.

Select the network parameters: Select the tansig function
as the hidden layer transfer function, which is a hyperbolic
tangent S-type transfer function, and will achieve arbitrary

nonlinear mapping between inputs and outputs. Select
purelin as the output layer transfer function, which is a lin-
ear function. Through the comparison of the performance
of several learning algorithms, it is found that Levenberg-
Marguardt algorithm convergence is satisfactory and has a
small error. So trainlm is selected as the network training
function, which is Levenberg-Marquardt algorithm based
on numerical optimization (Referred LM algorithm). This
algorithm is an improved method of the original BP algo-
rithm. It has the fastest convergence rate for the medium-
sized BP neural network, which not only increases the reli-
ability of the algorithm but also improves the learning rate
of the network. LM algorithm is a fast algorithm with stand-
ard numerical optimization techniques. It is a combination
of gradient descent algorithm and Gauss-Newton method,
which can also be said to be the modified form of Gauss-
Newton method. It has both local convergence performance
of Gauss-Newton method and global characteristics of the
gradient descent method. With the aid of the approximate
second derivative, the LM algorithm is more efficient than
the gradient method. Select learngdm function as the weight
learning function of the network. It is a decreasing function

Table 2: The results of water simulation and prediction.

Year DO CODMn BOD5 NH3-N TN TP

2005 Actual value (mg.L-1) 8.1000 2.7000 0.8000 0.1000 1.4200 0.1000
Predicted value (mg.L-1) 8.1000 2.6962 0.8006 0.0997 1.4198 0.1000
Absolute error 0.0000 0.0038 0.0006 0.0003 0.0002 0.0000

2006 Actual value (mg.L-1) 8.5000 3.1000 1.0000 0.1800 2.1100 0.0150
Predicted value (mg.L-1) 8.5000 3.1002 1.0033 0.1796 2.1100 0.0150
Absolute error 0.0000 0.0002 0.0033 0.0004 0.0000 0.0000

2007 Actual value (mg.L-1) 6.7000 2.8000 1.2500 0.2300 1.6100 0.0100
Predicted value (mg.L-1) 6.7000 2.7939 1.2500 0.2299 1.6099 0.0100
Absolute error 0.0000 0.0061 0.0000 0.0001 0.0001 0.0000

2008 Actual value (mg.L-1) 8.0500 3.3000 1.6000 0.1600 1.5800 0.0150
Predicted value (mg.L-1) 8.0500 3.2999 1.6000 0.1599 1.5800 0.0150
Absolute error 0.0000 0.0001 0.0000 0.0001 0.0000 0.0000

2009 Actual value (mg.L-1) 8.6500 2.6000 1.4000 0.1000 1.8700 0.0150
Predicted value (mg.L-1) 8.6501 2.6012 1.4000 0.0997 1.8700 0.0150
Absolute error 0.0001 0.0012 0.0000 0.0003 0.0000 0.0000

2010 Actual value (mg.L-1) 8.2500 2.5000 1.1000 0.2100 1.1500 0.0100
Predicted value (mg.L-1) 8.2501 2.4991 1.1000 0.2100 1.1500 0.0100
Absolute error 0.0001 0.0009 0.0000 0.0000 0.0000 0.0000

2011 Actual value (mg.L-1) 9.0000 2.1000 1.2000 0.1200 1.4500 0.0100
Predicted value (mg.L-1) 9.0006 2.1007 1.2000 0.1202 1.4500 0.0100
Absolute error 0.0006 0.0007 0.0000 -0.0002 0.0000 0.0000

Table 3: The simulation results of water simulation and predietion.

DO CODMn BOD5 NH3-N TN TP

Actual value (mg.L-1) 10.0000 2.0000 1.3000 0.1350 0.9800 0.0100
Predicted value (mg.L-1) 9.9225 2.1814 1.4010 0.1374 1.0620 0.0103
Absolute error 0.0775 -0.1814 -0.1010 -0.0024 -0.0820 -0.0003
Relative error (%) 0.7750 -9.0700 -7.7690 -1.7778 -8.3670 -3.0000
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using the gradient descent method with batch process and
adding a momentum item and which is a feedforward neu-
ral network training method. It not only has faster conver-
gence but also introduces a momentum term, which effec-
tively avoids local minima problems in network training.
Select mean square error performance analysis function mse
as network performance function. Set the display frequency
of training process at 10 times, the initial learning rate at
0.01, the maximum training cycles at 100 times and antici-
pation error of network training at 1e-4.

Train the network: Train the network based on MATLAB
7.0.1. Its implementation code is as follows:

net = newff(minmax(p),[3,1],{‘tansig’, ‘purelin’},’
trainlm’,’learngdm’,’mse’);
net.trainParam.show=10;
net.trainParam.lr=0.01;
net.trainParam.epochs=100;
net.trainParam.goal=1e-4;
net=train(net,p,tt);

RESULTS AND DISCUSSION

Predicting the main pollutants of 2005-2011 with water qual-
ity simulation model, which has been built, Table 2 shows
the predictive value of DO, COD

Mn
, BOD

50
, NH

3
-N, TN, TP

at the outbound mouth in Fushun section and the absolute
error of predicted value and the actual value.

Table 2 shows that the effect of simulation and predic-
tion of water quality monitoring indicators is satisfactory,
absolute errors are all less than 0.01. Therefore, simulation
training of the network is successful.

Verify the water quality simulation and prediction
model: Weights and the threshold value of network have
been determined after being trained. Now, only need to vali-
date the trained model to determine whether the model can
be used to practice and achieve the intended purpose. We
need to take the test samples into the network to validate
the model and calculate the network output. Analyse error
of the output value and the actual monitoring value, if the
network accuracy meets the requirement, the model can be
used to predict water quality. The statement based on the
MATLAB is:

[y,meanp,stdp]=prestd(y)
y1=y’
y2=sim(net,y1)
y3=poststd(y2,meanp,stdp);

Where, sim is the simulation function, prestd is normali-
zation function, and poststd is anti-normalization function.
The test results are given in Table 3.

Simulation results show that the simulation effect is
better and the relative error is between 0.7750%  and

9.0700%. The network has been relatively stable after
training, model prediction accuracy meets the requirements
and it can be used to forecast the water quality of outbound
mouth in Fushun of Dahuofang reservoir.

CONCLUSIONS

1. In this study, the BP neural network method was adopted
to predict the outbound water quality of Dahuofang res-
ervoir in 2012. The results show that the predictive ac-
curacy of the model is high, relative error is small, and
is between 0.775% and 9.07%, which is less than 10%.
The predicted results are objective and reasonable, and
it has a strong nonlinear predictive ability. Thus, the
model can be applied to forecast these six indicators of
any section. Only need to know the actual value of cer-
tain indicator of other six sections, we can then calcu-
late the predicted values of the section to be predicted.

2. Predict the water quality with application of neural net-
work, through a simple multiple complex of nonlinear
function to achieve nonlinear accurate mapping, which
has strong adaptive ability and generalization ability and
provides a new research method on water quality pre-
diction. With the help of MATLAB, it is easy to operate
the prediction process without manual calculation. It is
convenient for application, only need to enter the actual
monitoring data, and can obtain predictive values.

3. BP neural network method is adopted to forecast water
quality of outbound and which will be targeted to im-
prove the water environment in the reservoir area and
ensure the safety of drinking water. It can also provide a
realistic approach to environmental control of large-
scale projects.
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