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ԦޑـǴନΑ໺಍Нᕉნ᝼ᚒύၨதޑϷН፦ᓬᎦЬᚒว৖рٰࢉவᘉණԦࢂ
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ӧҁԛࣴ૸཮ύǴҁΓ܌วޑ߄ፕЎ೏Ӽ௨ӧ Session 20Ǵ೭ঁ൑ԛޑЬᚒ

ࣁ Water Quality Assessment and MonitoringǴЬाޑ᝼ᚒ๱ख़ӧН፦ᅱෳϷኳᔕ
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Applying the Back-Propagation Neural Network (BPNN) Model to 
Predict Pollution Concentration in a Watershed  

Chia-Ling Chang *, Meng-Yuan Li ** 

* Feng Chia University; No. 100 Wenhwa Rd., Seatwen, Taichung, 40724, Taiwan. f89541201@ntu.edu.tw 
** Feng Chia University; No. 100 Wenhwa Rd., Seatwen, Taichung, 40724, Taiwan. 

Abstract: In order to make a useful watershed management strategy, it is important to utilize 
deterministic or stochastic models to predict watershed responses to weather patterns. Watershed 
responses include flows, pollution exports, and water quality conditions. Some models lack a holistic 
approach to key environmental conditions and, as such, it is difficult to improve the reliability of 
pollution simulations, particularly when the monitoring records are insufficient. This study applies the 
Back-Propagation Neural Network (BPNN) model in an attempt to increase the reliability of pollution 
simulations. As the BPNN is more flexible than many deterministic models, it is more likely to 
accurately describe the relationship between any two-model factors. The results indicate that the 
consistent simulation error evident in pollution prediction will decrease when the BPNN neurons are 
adjusted. For this paper, the neurons in the BPNN output layer constitute pollution concentration. 
When the average precipitation for the five days prior to the water quality monitoring date are 
calculated as the neurons in the BPNN input layer, the pollution concentration can be accurately 
predicted.  

Keywords: BPNN; modeling; pollution simulation; watershed management. 

Introduction 

Climate change increases the difficulty to resolve environmental problems (Bates et 
al., 2008), and as a result of increased economic development, many natural 
environments have become over-developed and polluted, and in turn generate a 
negative impact on local ecologies. Water quality and water quantity problems are 
usually inter-related and are important factors in the management of water. For 
example, storms often bring large amounts of precipitation, and in Taiwan 
particularly, most rainfall cannot be saved and transferred to useful water resources. 
Heavy storms cause high-turbidity in water and impact the stability of a water supply 
system as high particle levels in water often lead to water treatment plants shutting 
down (Jinno et al., 1995; Haimes et al., 1998; Tidwell et al., 2005; Lee et al., 2009). 
Consequently, floods and suspended water supplies may occur at the same time. 

In order to implement a correct environmental management strategy, it is necessary 
to utilize modeling tools to predict environmental responses (Lung, 2001). As 
watershed environmental management is critical for decreasing flood damage and 
maintaining a stable water supply system, the prediction of watershed responses plays 
an important role in watershed management. Watershed responses, such as water 
flows, pollution exports, and water quality conditions, are the foundation of a 
watershed management strategy. Many models have been developed and commonly 
applied. However, improving the reliability of simulation results has remained elusive. 

As pollution exports are influenced by numerous factors, such as rainfall properties, 
geographic properties, and land-use conditions, it becomes more difficult to decrease 
the errors in pollution simulation than those in flow simulation. Many studies have 
demonstrated that the Back-Propagation Neural Network (BPNN) model is more 
flexible than other models (ASCE, 2000a, b; Philip and Joseph, 2003; Rajurkar et al., 
2004; Palani et al., 2008). As the BPNN is a stochastic model, the simulation results 



may vary even though the input parameters and data are fixed. By adjusting the 
parameters in the BPNN, there is a high probability that the simulation results will be 
improved. The objective of this study is to use the BPNN to improve the reliability of 
pollution simulations. 

Material and Methods 

BPNN 

The BPNN is an Artificial Neural Network (ANN) model that emulates the ability of 
a biological neural network to create a mathematical system that is able to describe 
complex relationships within networks in a simplified form; this form can be 
considered a ‘black box’ as it translates historical data into predictable outcomes 
(Huwe and Totsche, 1995; Wu et al., 1997; Calenda et al., 2009). As a result of this 
advantage, it is often used in many different fields; and it is also common for 
predicting environmental responses (Maier and Dandy, 2000; Karul et al., 2000; 
Philip and Joseph, 2003; Rajurkar et al., 2004; Palani et al., 2008; Chang and Liao, 
2012). 

Many studies describe the relationship between rainfall and runoff. Contrarily, few 
studies create the relationship between rainfall and pollution concentration; this is the 
purpose and value of this work. By adjusting the parameters, training times, learning 
velocity, transfer function, and neurons, it is possible to create a satisfactory BPNN 
model foundation. This process is called model calibration and validation by using a 
training set and an internal test set. When the BPNN model foundation is determined, 
it can be used to predict the output responses of different input data (external set). 
According to the simulation results by using an external set, it allows us to prove the 
effectiveness of the BPNN model foundation. 

Case study 

As shown in Figure 1, the Daiyuku Creek and the Qupoliao Creek located in the Fei-
tsui reservoir watershed in northern Taiwan provides the setting for this case study. 
This site covers an area of 79 km2. The flow and water quality stations are located 
near the outlet of this sub-watershed. This study collects precipitation, flow, and 
pollution concentration data from 2007 to 2010. The data from 2007 (training set) are 
used for model calibration, and the data from 2008 (internal test set) for model 
validation. By using the data from 2009 and 2010 (external set), our goal is to judge if 
the BPNN model foundation-with the parameters determined by careful model 
calibration and validation-could withstand the rigors of time. 

 
Figure 1 Case area: the Daiyuku Creek and the Qupoliao Creek. 



Results and Discussion  

A simulation error in pollution prediction may cause false decision-making in 
watershed management. This study attempts to increase the reliability of pollution 
simulations by adjusting the BPNN parameters. The training times are calculated as 
100 times, and the learning velocity is 1 repetition per 10 seconds. The transfer 
function is determined as ‘Log sigmoid transfer function’. The neurons in the BPNN 
output layer determine predicted pollution concentration. As the change of the 
neurons in the BPNN input layer greatly influences the pollution prediction, this study 
compares the pollution simulation results by varying the neurons in the BPNN input 
layer. 

Firstly, the average monthly precipitation is calculated as the neurons in the BPNN 
input layer. The pollution simulation results are shown in Figure 2. The values for R2 
between predicted and observed SS concentration are 0.99 in model calibration (2007) 
and 0.47 in model validation (2008). The values for R2 between predicted and 
observed TP concentration are 0.85 in model calibration (2007) and 0.12 in model 
validation (2008). The values for RMSE in SS concentration simulation are 0.069 
mg/l in model calibration (2007) and 3.04 mg/l in model validation (2008). The 
values for RMSE in TP concentration simulation are 0.003 mg/l in model calibration 
(2007) and 0.63 mg/l in model validation (2008). These results illustrate that the 
reliability of the pollution simulations is not satisfied, as the simulation results are out 
of the acceptable range in model validation. 

Secondly, the data for model calibration are increased. The average monthly 
precipitations in 2007-2009 are used for model calibration and the average monthly 
precipitations in 2010 are used for model validation. The pollution simulation results 
are shown in Figure 3. The values for R2 between predicted and observed SS 
concentration are 0.83 in model calibration (2007-2009) and 0.91 in model validation 
(2010). The values for R2 between predicted and observed TP concentration are 0.84 
in model calibration (2007-2009) and 0.003 in model validation (2010). The values 
for RMSE in SS concentration simulation are 0.97 mg/l in model calibration (2007-
2009) and 2.28 mg/l in model validation (2010). The values for RMSE in TP 
concentration simulation are 0.1 mg/l in model calibration (2007-2009) and 0.39 mg/l 
in model validation (2010). These results show that the reliability of pollution 
simulations cannot be efficiently improved by increasing the data in model calibration. 
Although the SS concentration simulation is improved, any improvement in the TP 
simulation is irrelevant. 

Thirdly, this study changes the neurons in the BPNN input layer. Both the average 
monthly precipitation and average monthly flow are calculated as the neurons in the 
BPNN input layer; the pollution simulation results are shown in Figure 4. The values 
for R2 between predicted and observed SS concentration are 0.99 in model calibration 
(2007) and 0.008 in model validation (2008). The values for R2 between predicted and 
observed TP concentration are 0.99 in model calibration (2007) and 0.06 in model 
validation (2008). The values for RMSE in SS concentration simulation are 0.21 mg/l 
in model calibration (2007) and 2.54 mg/l in model validation (2008). The values for 
RMSE in TP concentration simulation are 0.0005 mg/l in model calibration (2007) 
and 0.57 mg/l in model validation (2008). These results demonstrate that pollution 
simulation results cannot be improved when adding the flow records as the neurons in 
the BPNN input layer. 
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(a) SS concentration simulation 
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Figure 2 Pollution simulation results when the average monthly precipitation is calculated as the 
neurons in the BPNN input layer. 
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Figure 3 Pollution simulation results when increasing the data for model calibration. 

Finally, the average precipitation for the five days prior to the water quality 
monitoring date are calculated as the neurons in the BPNN input layer; the pollution 
simulation results are shown in Figure 5. The values for R2 between predicted and 
observed SS concentration are 0.76 in model calibration (2007) and 0.53 in model 
validation (2008). The values for R2 between predicted and observed TP 
concentration are 0.81 in model calibration (2007) and 0.66 in model validation 
(2008). The values for RMSE in SS concentration simulation are 0.85 mg/l in model 
calibration (2007) and 0.83 mg/l in model validation (2008). The values for RMSE in 
TP concentration simulation are 0.005 mg/l in model calibration (2007) and 0.22 mg/l 
in model validation (2008). These results show that both SS and TP concentration 
simulation can be improved when the average precipitation for the five days prior to 
the water quality monitoring date are regarded as the neurons in the BPNN input layer. 

When the average precipitation for the five days prior to the water quality 
monitoring date are calculated as the neurons in the BPNN input layer, the 
effectiveness of the model foundation is acceptable. The values for R2 between 
predicted and observed SS concentration are 0.59 in 2009 and 0.91 in 2010. The 
values for R2 between predicted and observed TP concentration are 0.59 in 2009 and 
0.88 in 2010. The values for RMSE in SS concentration simulation are 2.31 mg/l in 
2009 and 3.89 mg/l in 2010. The values for RMSE in TP concentration simulation are 
0.04 mg/l in 2009 and 0.009 mg/l in 2010. These results show that the pollution 
simulation results are satisfied in 2009 and 2010 (external set). Both the reliability and 
effectiveness of pollution simulations are poor in other scenarios. These findings 
prove that the BPNN model can work well for the external set when the average 
precipitation for the five days prior to the water quality monitoring date are calculated 
as the neurons in the BPNN input layer. 
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Figure 4 Pollution simulation results when both the average monthly precipitation and average 
monthly flow are calculated as the neurons in the BPNN input layer. 
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Figure 5 Pollution simulation results when the average precipitation for the five days prior to the water 
quality monitoring date are calculated as the neurons in the BPNN input layer. 

Conclusions 

As the BPNN model is flexible, it is able to improve prediction reliability. This study 
utilizes the BPNN model to predict SS and TP concentration in a watershed. Several 
scenarios with different neurons in the BPNN input layer are compared. As pollution 
concentration in a river system is influenced by numerous factors and, therefore, 
difficult to predict, most deterministic models cannot efficiently predict pollution 



concentration. The BPNN, a stochastic model, overcomes this problem. Although 
water flow is related to pollution concentration, the reliability of pollution simulations 
cannot be improved when calculating the average monthly flow as the neurons in the 
BPNN input layer. Similarly, it is impossible to improve pollution simulation results 
by increasing data in model calibration. When the average precipitation for the five 
days prior to the water quality monitoring date are calculated as the neurons in the 
BPNN input layer, both the reliability and effectiveness of pollution simulations can 
be considered a major improvement over the other scenarios. 
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