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Abstract 

This paper focuses on the study of comparison among various black box and regression-based 

techniques in determining the rainfall-runoff relations. Without considering the temperature, 

topography or other parameters of the study area, simply using the data of rainfall and runoff to 

predict the future runoff is the key characteristic of these techniques. Ignoring the parameters of 

temperature, topography may lead to inaccuracy in forecasting future runoff, but the use of 

black-box or regression-based techniques provide a simple and fast way to determine the runoff.  

Three methods were compared in this study: autoregressive integrated moving average 

(ARIMA), regression, and artificial neural network (ANN). ARIMA model is a traditional 

approach to handling the rainfall-runoff model, which is highly fitted to the time series data. 

The main characteristic of this model is that, instead of considering two parameters, rainfall and 

runoff, it only uses one parameter, which is runoff, to forecast future runoff value. The multiple-

linear regression model and the non-linear (quadratic) regression model comprise both 

parameters. The only difference between this two regression models is the order of parameter. 

Furthermore, artificial neural network (ANN) model are also studied to compare each method’s 

strengths and weakness. 

Two sets of data were tested in this study. One set is based on the station data while another one 

is based on the Aphrodite’s data. Aphrodite is a new method of calculating the daily rainfall 

data proposed by two Japanese research institutes. The purpose of introducing Aphrodite’s 

rainfall data is to assess its accuracy. 
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1. Introduction 

1.1. Background of the study 

Tracing back to the ancient world, it can easily be found that all the civilizations begun 

alongside the rivers. Some examples are like ancient Egypt alongside Nile, ancient India 

alongside Indus and ancient China alongside Yellow River. As the ancient society mainly 

depends on the development of agriculture, it’s no wonder that the places near rivers initiated 

the early human civilizations. Many people probably think river has been used as the source of 

water for consumption purpose and facilitating the water supply for agriculture. Besides that, 

river has also been used as a way of transportation and a way of defense. Furthermore, it 

promotes the development of technology like hydropower. The best example is Three Gorge 

Dam, which is built recently in China. 

As river provides so many benefits for human beings and at the same time it also makes 

tremendous disasters like floods and droughts. Understanding the behaviors of river, or 

specifically runoff, has become an essential and important topic for engineers. There are many 

challenging questions that need to be answered by hydrology engineers such as, “How often 

will the floods occur and how large will they be?” (Wilson, 1990) and “How often will there be 

droughts and how long will they continue?” (Wilson, 1990) Floods and droughts are side-

products of water. In order to control them, we must understand the behavior of river and then 

make the river behave as we expect. How to control? The most direct way is to predict the 

process of rainfall-runoff. As we know, the water in river comes from precipitation and finally 

streams into the sea. And there are many forms of precipitation like rain, snow, etc.  

When rain falls down from sky, usually it will separate into two parts. One part of water will 

infiltrate into the unsaturated soil and some of the infiltration water will be absorbed by the soil 

or by the plants while some of it will become groundwater runoff and eventually flow into the 

sea. Another part of rainfall will flow downhill over the land if it hits the saturated soil or 

impervious road, which is called surface runoff. During the process of flowing, each stream of 

water would like to emerge when they meet each other. Together, they flow into river and 

eventually run into the sea. Because of the sun radiation, when sea receives heat, part of its 

water evaporates into the air and form clouds. When the cloud becomes bigger and bigger, the 

self-weight of droplet overtakes floating force, the precipitation, or rain, forms. In this way, it 

forms the water cycle. Normally, a larger river flow will be expected during a heavy rainfall 

while a smaller runoff will be seen during a small rainfall or no rainfall.  
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During recent years, the needs for developing accurate modeling, which studies rainfall-runoff 

relationship, have grown tremendously. A reasonable relationship between rainfall and runoff 

needs to be created for the prediction of further runoff based on current available data. Numbers 

of factors that may affect the final runoff includes the type of rainfall, rainfall intensity and 

rainfall duration. The runoff also depends on the geology and topography of the land. 

Furthermore, the urbanization also has a great impact on the runoff. “As more and more people 

inhabit the Earth, and as more development and urbanization occur, more of the natural 

landscape is replaced by impervious surfaces, such as roads, houses, parking lots, and buildings 

that reduce infiltration of water into the ground and accelerate runoff to ditches and 

streams.”(The Water Cycle: Surface Runoff, 2011) By taking into all the factors into account, 

an integrated and accurate model is needed to predict the future runoff. 

 

1.2. Objectives and scope of the study 

This study aims to investigate the feasibility and effectiveness of different rainfall-runoff 

models and then identify the strengths and weakness of each one. In total, 3 models are studied 

in this paper including autoregressive integrated moving average (ARIMA) model, regression 

model, and artificial neural network (ANN) model. All these models have the same dependent 

variables, which are the value of next day’s runoff or next few days’. The primary objective is 

to determine the different independent variables for different models. For instance, the variables 

of multiple-linear regression model might be the rainfall on the same day of observed runoff, 

the rainfall on the previous day or the runoff on the previous day. In such a case, the 

combination could be numerous since the number of independent variables is uncertain. And in 

this study, the number of independent variables for regression model is fixed at three. 

The study area is focusing on the Heshui catchment of China. All the raw data of both rainfall 

and runoff from year 1988 to year 2000 are obtained in order to create a model that is fitted to 

this area. This study will not consider the climate change, topography and other factors that may 

affect the amount of runoff. Therefore, the models to be developed are only applicable for 

Heshui catchment. However, the ideas and principles of how to develop a model that can 

precisely predict the runoff for a certain catchment area can be adopted for other catchments. 

Basically, there are two sets of precipitation data obtained in this study. One set is obtained 

from hydrological gauge station, which can be considered with high accuracy, while another 

one is from Aphrodite precipitation data developed by two Japanese research institutes. The set 
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of station based rainfall data is going to be used first to establish predicting models and compare 

the forecasting power among the ARIMA, regression and ANN models. And then, the set of 

Aphrodite’s rainfall data is applied into the established models and check the accuracy of 

Aphrodite’s rainfall data. The purpose of introducing Aphrodite’s rainfall data is to assess 

feasibility of Aphrodite’s data, because it is a brand-new method developed recently for 

obtaining precipitation data. 
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2. Literature review 

Generally, the rainfall-runoff forecasting model needs to fulfill four principles: parsimony, 

modesty, accuracy and testability (Abrahart and See, 2000). Three rainfall-runoff models 

(ARIMA model, regression model and ANN model) that are examined in this paper are highly 

meeting the requirement. Three different models have different assumption when processing the 

forecasting. For ARIMA and regression model, it assumes linear relationship between the input 

and output, or to the certain number of degree of freedom. While for ANN model, the 

assumption is that a deterministic dynamic system is proposed to study the random-looking 

hydrologic time series data (Wu and Chau, 2010). Hence the literature review is conducted to 

have a deep look at the recent studies regarding these three models. 

 

2.1. Autoregressive integrated moving average (ARIMA) model 

Recent studies have drawn a lot of attention to the forecasting of rainfall-runoff model, since the 

runoff data plays an important role in the water resource management. One conceptual approach 

is auto-regressive (AR) model. ARIMA is one specific form of auto-regressive (AR) model and 

it is well suited to the time series analysis. Based on the assumption of linear relationship 

between inputs and outputs, ARIMA model uses the historical data, in our cases which is runoff 

data on the previous days, as the only parameter to predict the future value. Providing that there 

is a nice pattern of statistical data such as seasonality, which refers to a certain repetitive trend 

over a period of time, the ARIMA model can generate a highly accurate rainfall-runoff 

predicting model. As discussed by Wu and Chau (2010), the ARIMA model adopted for the 

study area of Xiangjiaba, Cuntan, Manwan, and Danjiangkou based on the monthly stream flow 

data, showed a higher Nash-Sutcliffe model efficiency coefficient and lower root mean square 

error over other methods such as ANN model and K-Neareast-Neighbors model. “The ANN 

cannot perfectly capture the auto-correlation relationship in each stream flow series. (Wu and 

Chau, 2010)” However, Abrahart and See (2000) concluded differently. In the study, the authors 

investigated two contrasting catchments, which are the Upper River Wye and the River Ouse by 

using a 3 year period river flow data, and 5 evaluation measures including mean absolute error 

(MAE), root mean squared error (RMSE), mean higher order error function (MS4E), Nash and 

Sutcliffe efficiency coefficient and percentage of predictions grouped according to degree of 

error, are chosen to compare between ARMA model and neural networks model. Abrahart and 

See (2000) summarized that the aritificial neural network produced a similar or sometimes 
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better evaluation measures compared with the standard statistical time-series model for two 

contrasting catchments. Besides, both authors suggested that the incorporation of ARIMA 

model and ANN model may lead to a better forecasting model. And this idea is proven by Jain 

and Kumar (2007), Cigizoglu (2003) and Chen and Barry (2006). All these three authors 

understand there are certain limitations and strength in both conceptual model like ARMA and 

neural network model. They are trying to only adopt the strength of each model and eliminate 

the weakness in order to obtain a more accurate rainfall-runoff model. The poor raw data may 

limit the training process of ANN. To get a set of good fitted data for ANN, the pre-processing 

of raw data is needed by using auto-regressive (AR) model. For instance, de-trend and de-

seasonalise the raw data before it goes to ANN model (Jain and Kumar, 2007). After examining 

the proposed combination model, the same conclusion has been drawn out. The hybrid model 

increases the accuracy of prediction significantly. 

Auto-regressive (AR) model including auto regressive moving average (ARMA), ARIMA and 

Seasonal ARIMA with exogenous input (SARIMAX) are widely used in hydrological 

forecasting. It captures the auto-correlation relationship between each stream flow.  However, it 

shows certain limitation in handling the data which are non-stationary and non-linear, as the 

basic assumption is linear relationship between inputs and outputs. 

 

2.2. Regression 

Regression model is another highly recognized method for hydrological prediction. Like 

ARIMA model, it presumes there is a linear relationship between inputs and outputs, or to 

certain number of degree of freedom. Regression analysis studies the correlation between 

independent variables and dependent variables by fitting a linear or non-linear curve to the 

observed data. Usually, the relationship is found by using least square method. 

Multi-linear regression is one specific method among regression analysis. It is the simplest and 

well known approach to handling forecasting model. One research using MLR to establish 

rainfall-runoff model is conducted by Magra and Jothiprakash (2011). Out of 47 years of 

reservoir inflow data, 33 years of data are used for training and 14 years of data are used for 

validating. The result of this paper gives an acceptable range with R square from 0.6 to 0.8. 

Aravinda (2011) developed a non-linear regression model to forecast runoff based on the data of 

Heshui catchment of China. The author retrieved the precipitation and runoff data of year 1988 

to year 2000. By studying the relationship between rainfall and runoff, it’s possible to obtain a 
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simulation equation consisting of independent variable (e.g. runoff) and dependent variable (e.g. 

rainfall). The author examined both multi-linear regression method and quadratic regression 

method and finally concluded that quadratic regression model can give a more accurate result. 

In total, the author tested 8 sets of data to obtain the most effective dependent variables. 

Eventually, P(t), P(t-1) and R(t-1) , which are representing the rainfall on the same day of observed 

runoff, on the previous day and the runoff on the previous day respectively, were used as 

dependent variables. By using this data set, it yielded acceptable R-square value (> 0.90) and 

Standard Error (< 0.10) for calibration data. Furthermore, the Nash-Sutcliffe model efficiency 

(E), which is commonly used in hydrological model to determine the effectiveness of prediction, 

was also calculated. The author calculated all the coefficients for each dependent variable term 

and then obtained the general equation from the calibration data. Using the general equation to 

predict two years’ runoff, it showed a good enough result with E = 0.9330. Besides, the author 

also suggested that more advanced modeling method could be used such as Artificial Neural 

Network (ANN) and the Adaptive Neural-Fuzzy Inference System (ANFIS). 

 

2.3. Artificial Neural Network (ANN) 

“Artificial neural networks (ANNs), which emulate the parallel distributed processing of the 

human nervous system, have proven to be very successful in dealing with complicated problems, 

such as function approximation and pattern recognition (Luk et al., 2000).” Due to its powerful 

function of handling complicated problems, artificial neural network has been applied into many 

fields like financial and environmental engineering. In hydrological engineering, ANN provides 

an alternative way to conceptual model including auto-regressive (AR) model and regression 

model. It has gained popularity in water quality management, scheduling of hydroelectric power 

systems and rainfall-runoff modeling. 

Artificial neural network can be considered as a flexible structure or adaptive system. The 

structure of the whole system will change when the inputs data varies. It doesn’t need to make 

any pre-assumption unlike other traditional approaches (Luk et al., 2000). The mechanism of 

processing data is unclear. Or in other words, there is no certain formula obtained at the last step 

of modeling. While for AR and regression model, the objective function is easily obtained. 

Hence, ANNs demonstrate a powerful capacity in dealing with uncertain model or complicated 

problems. 
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Furthermore, the ability of handling nonlinearity makes ANN suitable to represent the 

complexity of physical process of hydrology. Numerous hydrologists have believed that the 

process of rainfall-runoff is a non-linear phenomenon due to its spatial and temporal variability. 

The traditional approaches are only good at modeling linear relationship between inputs and 

outputs. When the inputs data has a non-linear relationship, the traditional approaches become 

struggling and inaccurate. Besides that, ANN is able to deal with non-stationary data while it’s 

not applicable for the traditional approaches. The power and accuracy of ANN techniques has 

been proven by Luk et al. (2000), Abrahart and See (2000), and Dawson and Wilby (2001). 

Although ANNs have numerous advantages, the poor modeling practice has lead to inaccuracy 

in the final results, pointed out by Dawson and Wilby (2001). Hydrologists who adopt ANNs 

have often undertaken the choice of network type, training methods and data handling 

techniques (Dawson and Wilby, 2001). Dawson and Wilby (2001) conducted a survey to assess 

recent studies using ANN methods and concluded that there is no rigorous framework that 

exists for the application of ANNs. In order to obtain an accurate hydrological model, one needs 

to be careful with the data preprocessing, network type selection and training algorithm. 

 

2.4. Summary 

In conclusion, all three models that are going to be examined in this study are suitable for 

rainfall forecasting based on recent studies. And the predicting power of each technique is 

within a certain acceptable range. Due to the limitation of each technique, most researchers 

suggested that a proper hybrid model should be adopted such as incorporating ARMA models 

into artificial neural networks. 

Some authors selected two of the three models and conducted comparison between them. The 

comparison results differed from case by case. Some studies were proven that ANN is better 

than regression model, while some studies concluded differently. However, there is no research 

study that examines all three models for one case study. The predicting power of these three 

models is still uncertain to researchers. Therefore, in this study all three techniques are 

examined by comparing performance measures. 
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3. Methodology 

3.1.  Autoregressive integrated moving average (ARIMA) 

The autoregressive integrated moving average model is a special case of auto regressive (AR) 

model. It is an effective time-series analysis approach to recognize the pattern of data and 

predict future values in statistics. The general form of this model is represented by ARIMA(p, d, 

q) in which p, d, and q refer to the order of the autoregressive, integrated, and moving average 

parts of the model respectively.  When d and q equal 0, it become AR(p) model. While when p 

and d equal 0, it become MA(q) model. The Autoregressive integrated moving average model 

only needs one type of independent variables, which is the runoff data in our cases. The models 

ignore the rainfall data and only use previous runoff data to predict future runoff. To some 

researchers, it might be an advantage since it simplifies the input demand. Or in other cases, the 

users have no choice, when there are no recording for rainfall data. However, other researchers 

would probably argue that the less input parameter may lead to a model with low accuracy. The 

rainfall does play an import role in determining runoff. These doubts will be clarified in this 

paper by comparing different approaches. 

The mathematical expression of ARIMA using lag operator is given as follows: 

 1 −   ∅𝑖𝐿
𝑖𝑝

𝑖=1  (1 − 𝐿)𝑑𝑋𝑡 =  1 −   𝜃𝑖𝐿
𝑖𝑞

𝑖=1  𝜀𝑡      (1)

  

where L is the lag operator, 

∅𝑖  is the parameter or coefficient of Xt, 

𝜃𝑖  is the parameter or coefficient of εt, 

Xt is the time series data, 

εt is the error term. 
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In this project, one commercial computer software called IBM SPSS Statistics 19, is used to 

establish ARIMA model. The key advantage of this software is that the user doesn’t need to 

determine the numerical value of p, d, and q. the software will automatically search for the best 

model for the given data. Hence, it saves a lot of time to examine such models. 

 

3.2. Regression 

Regression analysis is a widely used technique for forecasting, as it is easily to implement and 

less time consuming compared with ANN technique. Figure 1 gives us a simple illustration of 

linear regression. The basic principle is to investigate the relationship between independent 

variables and dependent variables. The major advantage is that it’s very straight forward to see 

how dependent variables change when independent variables vary. Regression analysis aims to 

find a formula that relates dependent variables and independent variables by fitting a curve 

towards observed data. Unlike neural network, there is a clear relationship between dependent 

and independent variables no matter whether it is linear or non-linear. The coefficients obtained 

from regression analysis for each independent variable have significant meaning to researcher. 

They determine how significant it is the independent variables influence the dependent variables. 

In some situations, the casual relationship between the dependent variable and independent 

variable can be derived from regression analysis. 

 

Figure 1. An illustration of linear regression (Regression analysis, 2010) 
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An important guideline in using regression analysis is that, one must be careful with the 

selection of independent variables, which must be logical and relevant to dependent variables. 

In this study, two types of regression model are going to be investigated including Multiple 

Linear Regression (MLR) and Quadratic Regression (QR). One is assuming linear relationship 

between dependent variable and independent variables while another one is assuming non-linear 

relationship. 

The general form of MLR is given as follows: 

𝑌 =  𝑎0 +   𝑎𝑖 𝑋𝑖 +  𝜀        (2)  

where Y is the output value, 

a0 is the intercept, 

ai is the coefficient of Xi, 

Xi is the inputs value, 

εt is the error term. 

 

The general form of QR with two independent variables is given as follows: 

𝑌 =  𝑎 +  𝑏𝑋1 +  𝑐𝑋2 +  𝑑𝑋1𝑋2 +  𝑒𝑋1
2 +  𝑓𝑋2

2 +  𝜀     (3) 

where Y is the output value, 

a, b, c, d, e, and f are the coefficients, 

X1 and X2 are the inputs values, 

εt is the error term. 
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3.3. Artificial Neural Network (ANN) 

The artificial neural network (ANN), usually called neural network, originates from the concept 

of biological neural network. It is very good in non-linear statistical data modeling. In the ANN, 

an artificial node is introduced to represent the biological neuron in brain. Generally, the 

mechanism of artificial neural network is to study the complex behavior of input elements by 

connecting input elements and element parameters such as weights and bias. Figure 2 shows a 

graphical interpretation of ANN. 

 

Figure 2. The configuration of artificial neural network (Holderbaum et al, 1999) 

 

Similar to the regression models, the ANN is trying to find a relationship between output and 

input. In a simple mathematical term, it’s just f: x → y. For a neural network, at least it consists 

of three layers - one input layer, one hidden layer and one output layer. In some cases, the 

numbers of hidden layers can be increased several layers to achieve a more accurate function. In 

order to interconnect each layer, the weights and bias are introduced. The input value is 

transmitted by multiplying weights and plus the bias. And then sum up all the obtaining value 

for each input. This becomes the input for the first neuron of the second layer, which is hidden 

layer. Normally, the weights and bias are randomly assigned some values. The mathematical 

expression is shown as follows: 
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𝑛 =   𝑃𝑤 + 𝑏         (4) 

where n is the weighted sum and also the input of activation or transfer function, 

P is the input value, 

w is the weight, 

b is the bias. 

In order to achieve the input value for next layer, an activation or transfer function is needed. 

The activation function is a predefined function by user. Hard-limit transfer function, linear 

transfer function and log-sigmoid transfer function are three commonly used functions in data 

fitting problems as shown in Figure 3. 

 

Figure 3. Types of transfer function (Matlab, 2011b) 

 

With the value of the weighted sum n and predefined transfer function, the input value for the 

next layer is easily obtained. In a simple mathematical expression, 𝑎 = 𝑓(𝑃𝑤 + 𝑏) . By 

repeating the process above, the output value of function will be generated automatically. 
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The overall objective is to update the weights and bias to achieve an accurate relationship that 

makes the function output as close as to the target value. This process is called learning 

algorithm. “Most of the algorithms used in training artificial neural networks employ some form 

of gradient descent. This is done by simply taking the derivative of the cost function with 

respect to the network parameters and then changing those parameters in a gradient-related 

direction.”(Artificial neural network, 2012) 

A feed forward neural network is going to be used in this research. The feed forward neural 

network is one simplest type of neural networks. There is only one processing direction in this 

form of neural networks. The inputs are moving forward and no feedback adjusting on the bias 

and weights of hidden layers. The counterpart model of feed forward model is recurrent neural 

network as shown in Figure 4. 

 

Figure 4. The illustration of recurrent neural network (Edward, 2008) 

 

3.4. Performance measures 

Performance measures are used to validate the regression model, to examine the effectiveness 

and accuracy of the model. There are numerous means of performance measures such as 

coefficient of determination (R
2
), standard error of the regression (SER), and T-statistic. In 

hydrological analysis, another coefficient is often used instead of coefficient of determination, 

which is Nash-Sutcliffe coefficient. It is being taken as an alternative measure to R
2
. It has been 
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proven that Nash-Sutcliffe coefficient is more appropriate than coefficient of determination (R
2
) 

in hydrological model. 

In this study, a focus will be made on to coefficient of determination (R
2
) and Nash-Sutcliffe 

coefficient to compare the performance of three different models. Hence, a best model with 

higher Nash-Sutcliffe and higher R
2
 can be found. 

 

3.4.1. Coefficient of determination (R
2
) 

Coefficient of determination is one measurement to show the goodness of fit in statistics. It 

defines how well the model fits the real data. It gives us an idea of how good the future data 

predicted by the model. Usually, the range of R
2
 varies from 0 to 1. In some cases, the different 

definition of R
2
 may be negative when analyzing non-linear regressions. The closer the value of 

R
2
 is to 1, the more accurate the model fits the real data. When the R

2
 is equal to 1, it means the 

proposed model perfectly fits the real data. 

The general form of coefficient of determination is given as follows: 

𝑅2 =   
  𝑂𝑖−𝑂  (𝑃𝑖−𝑃 )𝑁
𝑖=1

   𝑂𝑖−𝑂  
2𝑁

𝑖=1  
0.5

  (𝑃𝑖−𝑃 )2𝑁
𝑖=1  

0.5 

2

       (5) 

Where O is the observed data, 

𝑂  is the mean value of observed data, 

𝑃 is the predicted value from forecasting model, 

𝑃  is the mean value of predicted value. 

3.4.2. Standard error of regression (SER) 

Standard error of regression is another performance measure to assess the goodness of fit of the 

model and examine the forecasting capacity. Standard error includes two terms: the standard 

deviation and the size of sample data. A good model should have a small SER compared to a 

not well established model.  
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The formula of standard error of regression is given as follows:    

𝑆𝐸𝑅 =   
𝜎2

𝑛−𝑑
          (6) 

where 𝜎 is the standard deviation of the data, 

n is the sample size, 

d is the degree of freedom (= the number of independent variables). 

3.4.3. Nash-Sutcliffe coefficient  

In hydrological problems, Nash-Sutcliffe coefficient is more often used rather than coefficient 

of determination (R
2
). Like R

2
, the closer the Nash-Sutcliffe coefficient is to 1, the more 

accurate the proposed model is. One difference between R
2
 and Nash-Sutcliffe coefficient is the 

range of Nash-Sutcliffe coefficient can vary from −∞ to 1 while the range of R
2
 is from 0 to 1. 

In this research, the Nash-Sutcliffe coefficient is treated as the most important indicator to 

assess the proposed model while the second most important one is R
2
. 

The general expression of Nash-Sutcliffe coefficient is as follows: 

𝐸 = 1 −  
 (𝑄0

𝑡− 𝑄𝑚
𝑡 )2𝑇

𝑡=1

 (𝑄0
𝑡− 𝑄0    )2𝑇

𝑡=1

         (7) 

where 𝑄0
𝑡  is the observed discharge at time t, 

𝑄𝑚
𝑡  is the model discharge at time t, 

 𝑄0
     is the mean of the observed discharge. 
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4. Case introduction on study area 

4.1. Background 

The Heshui watershed is a level 1 tributary of the Ganjiang River. It originates from Lianhua 

Country, which is located in the southern part of Wugong Mountain, and flows into Ganjiang 

River at Jizhou District. The watershed is located around the middle reaches of the Ganjiang 

River and originates at E114
0
01’, N27

0
24’. The total area of the watershed is 9103 km

2
 and the 

total length of main stream is 256 km. The topography of the watershed is higher at west and 

lower at east. Hence, the river is flowing from east to west. In total, the Heshui River passes 

through 7 countries, 1 city and 2 districts. In the upper reaches of the Heshui River, the 

topography comprises of several mountains. In the middle reaches, the topography comprises of 

hilly land. And in the downstream, the topography is plain area. Figure 5 shows the terrain map 

of the Heshui basin. 

 

Figure 5. Digital elevation model of the Heshui basin (Aravinda, 2011) 

 

The basin belongs to the subtropical moist monsoon climate zone. During the whole year, it has 

mild climate, abundant rainfall, and sufficient sunlight. In spring, the climate is warm with 
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abundant rainfall. There is a high temperature and hot weather with little rainfall in summer and 

autumn, especially in the months of September and October. In winter, the temperature drops 

below 0 degree Celsius.  

There are 3 countries and 72 towns within the Heshui watershed. It has a population of 

1,129,382 people. The total land area is 634,300 ha, which yields 0.56 ha land per capita. The 

population per area is smaller compared with other areas in China. And the total surface water 

area is 33,094.3 ha. 

 

4.2. Data collection 

In order to meet the objective of this study, two types of parameters need to be collected before 

establishing forecasting model. For the runoff data, it’s collected based on the record of 

hydrological gauge station, which is Yongxin station that covers the Heshui catchment in this 

study. From the Yongxin station, the rainfall data also can be achieved easily. And this is 

considered the first set of data used to do the prediction. The second set of data is to replace the 

station-based rainfall data with the Aphrodite’s rainfall data and keep the station-based runoff 

data unchanged. Both sets of data are going to be tested in this study to do the comparison. 
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5. Prediction using station-based rainfall data 

5.1. Variable determination 

5.1.1. Autoregressive integrated moving average (ARIMA) 

ARIMA is represented by the form, ARIMA(p, d, q). The ARIMA model is a simple time series 

forecasting model, in which the rainfall data is ignored. It only focuses on the previous observed 

runoff data to predict future forecast value for runoff. Therefore, there is no need to determine 

the independent variables. The independent variables are already fixed to be previous observed 

runoff data, and the only unknown is the number of runoff period to be used. 

 

5.1.2. Regression 

For regression model, it’s extremely important to determine the number of independent 

variables and which independent variables to be used before processing the raw data. The 

selection of independent variables should be reasonable and logical to achieve a predicting 

model with high accuracy. In this project, two types of data are presented: rainfall and runoff. 

Hence, various combinations of independent variables can be derived such as today’s rainfall 

plus today’s runoff, or today’s rainfall plus today’s runoff plus yesterday’s runoff.  

For regression model in this study, some assumptions are made before processing the raw data. 

First, the number of independent variables is fixed at 3. Second, the data within three previous 

days have major contribution to predicting future runoff. That is to say to forecast tomorrow’s 

runoff, both the observed data of rainfall and runoff that are three days ago have no effects on 

tomorrow’s prediction. This assumption is reasonable and logical since the data of three days 

ago regarding the rainfall and runoff have dissipated.  

Eight sets of data are prepared first to determine which set has the highest effectiveness in 

forecasting using the data from year 1988 to 1991. And then, out of 8 sets, 3 best sets are 

selected for future testing. Table 1 lists the eight sets of data. 

 

 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library 



19 

 

Table 1. 8 sets of data for the variables determination 

 

P(t), P(t-1), and P(t-2) denotes the rainfall on the same day, on the previous day and on the two days 

ago respectively. While R(t), R(t-1), and R(t-2) denotes the runoff on the same day, on the previous 

day and on the two day ago respectively. 

The quadratic regression model is used for the initial testing and the selection criteria are based 

on the performance measures of R
2
 and Nash-Sutcliffe coefficient. The results are given in the 

Table 2. 

 

 

 

 

 

 

Set X1 X2 X3 

1 P(t) P(t-1) R(t-1) 

2 P(t) P(t-1) P(t-2) 

3 R(t) R(t-1) R(t-2) 

4 P(t) R(t-1) R(t-2) 

5 P(t-1) R(t-1) R(t-2) 

6 P(t-2) R(t-1) R(t-2) 

7 P(t-2) P(t-1) R(t-1) 

8 P(t) P(t-2) R(t-1) 
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Table 2. Results of R
2
 and Nash-Sutcliffe using data from year 1988 to year 1990 

 

Based on the result of Table 2, one can easily see that the 1
st
 set, 5

th
 set and 7

th
 set have the best 

three results with R
2
 above 0.9 and Nash-Sutcliffe coefficient also above 0.9. Within these three 

results, the 5
th
 set gives us the best result with the best R

2
 and the highest Nash-Sutcliffe 

coefficient. The values between R
2
 and Nash-Sutcliffe coefficient are slightly different for all 

the data sets, which are not shown in the table. Hence, it can be concluded that for regression 

model, the 1
st
, 5

th
, and 7

th
 sets of data are going to be used for further testing. 

 

5.1.3. Artificial Neural Network 

Like regression model, ANN can have various combinations for its independent variables. The 

number of independent variables is also fixed to be 3. And it’s being believed that the results of 

initial testing for regression model are also valid for ANN. That is to say for ANN, three sets of 

data used in regression model are also going to be used in ANN model. These three sets are the 

set with P(t), P(t-1), R(t-1), the set with P(t-1), R(t-1), R(t-2), and the set with P(t-2), P(t-1), R(t-1). 

Test X1 X2 X3 

1988 to 1990 

R
2
 Nash-Sutcliffe 

1 P(t) P(t-1) R(t-1) 0.9372152 0.9372152 

2 P(t) P(t-1) P(t-2) 0.5503077 0.5503077 

3 R(t) R(t-1) R(t-2) 1.0000000 1.0000000 

4 P(t) R(t-1) R(t-2) 0.7957164 0.7957164 

5 P(t-1) R(t-1) R(t-2) 0.9379287 0.9379287 

6 P(t-2) R(t-1) R(t-2) 0.7638093 0.7638093 

7 P(t-2) P(t-1) R(t-1) 0.9362150 0.9362150 

8 P(t) P(t-2) R(t-1) 0.7980029 0.7980029 
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In this study, a feed-forward neural network (as shown in Figure 6) with two hidden layers that 

consists of 10 neurons in each layer, one output layer is going to be used for testing. 

 

Figure 6. Feed-forward Neural Network (Matlab, 2011b) 

 

5.2. Training 

Generally, there are two processes in developing forecasting model: the first step is to get a 

predicting model through training process, and the second step is to assess the model using 

different sets of data to see how good in predicting this model is. The data from year 1988 to 

year 1997 is going to be used for training. The rainfall and runoff data are daily basis. Therefore, 

there are 3652 observations inputs for the training process. For ARIMA and regression, the 

whole series of 3652 observations are used for training (or calibration). However, the training 

process is slightly different for ANN compared with ARIMA and regression. There is an 

internal training within ANN called validation. The purpose of validation is to adjust weights 

and bias between two different layers. Therefore, out of 3652 observations, it is being further 

divided into two parts: first 3287 observations for training and the rest for validation. Figure 7 

shows how ANN trains the input data. 
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Figure 7. An illustration of how ANN trains the data 

 

Table 3 gives a summary of R
2
 and Nash-Sutcliffe coefficient of ARIMA model, while table 4 

shows a summary of R
2
 and Nash-Sutcliffe coefficient of regression model and neural network 

model. Before analyzing the results, it should be noted that the model type of ARIMA is 

automatically determined by commercial software, “IBM SPSS Statistics 19”. It will 

automatically search for the best model type that is suited to the input data. And another notice 

is that each time running neural network model will generate slightly different result. This is 

because neural network uses bias and weights to predict final results and each time the bias and 

weights are assigned differently. However, the range only varies around 0.03 for both R
2
 and 

Nash-Sutcliffe coefficient. Hence, the effect of slight difference can be ignored.  

From Table 3, it can be concluded that neural network gives a best performance during the 

training process and followed by quadratic regression and multi-linear regression. And ARIMA 

model has a lowest result. Regression model and neural network model have relatively higher 

R
2
 and Nash-Sutcliffe coefficient, which are around 0.9. While ARIMA model only generates 
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R
2
 of 0.769 and Nash-Sutcliffe of 0.769, which means AMIRA model can provide a reasonable 

model for hydrological problem, but compared with regression and neural network model, the 

forecasting power is inferior. 

Table 3. Results of R
2
 and Nash-Sutcliffe of ARIMA model 

 

 

Table 4. Results of R
2
 and Nash-Sutcliffe of regression and ANN models for training 

 

X1 X2 X3 

Training (Data using from 1988 to 1997) 

Model R
2
 Nash-Sutcliffe 

P(t) P(t-1) R(t-1) Multi Linear Regression 0.892645 0.892645 

 

Quadratic Regression 0.919347 0.919347 

Neural Network 0.934122 0.931962 

P(t-1) R(t-1) R(t-2) Multi Linear Regression 0.888501 0.888501 

 

Quadratic Regression 0.912481 0.912481 

Neural Network 0.921830 0.920768 

P(t-2) P(t-1) R(t-1) Multi Linear Regression 0.889171 0.889171 

 

Quadratic Regression 0.911588 0.911588 

Neural Network 0.919749 0.916864 

 

 

 

ARIMA Model Type R
2
 Nash-Sutcliffe 

ARIMA(1,0,4) 0.769 0.769 
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It also should be noted that for ARIMA model and regression model, the coefficient of each 

parameter is able to be easily obtained. And then one can obtain a formula, which can be written 

on a piece of paper for further prediction. While for neural network, it’s hard to obtain an exact 

formula. All the information needed for further forecasting including bias and weights is stored 

in the computer. One example of coefficient obtained in quadratic regression model is shown as 

follows:  

Y = a + bX1 + cX2 + dX3 + eX1X2 + fX1X3 + gX2X3 + hX1
2 + iX2

2 + jX3
2  (8) 

 

Table 5. Coefficients for the quadratic regression calibration model using parameters, P(t), P(t-

1), and R(t-1) 

 

5.3. Prediction 

In this part, the focus is made on regression model and neural network model. The ARIMA 

model is excluded since the limitation of ARIMA model is that it can only predict next one 

day’s result. The power of prediction is inferior. Our purpose is to use the model established 

during the training process to produce hundreds of further prediction and then assess the 

effectiveness of existing model. The data used for prediction is from year 1998 to year 2000, in 

total which are 1096 observations. The bias and weights in neural network model and 

coefficients in regression model will not change during the predicting process. 

 

 

 

a -2035.5 f 0.0017 

b -0.1884 g 0.0072 

c -0.7831 h -1.0399e-05 

d 38.3198 i -2.5087e-05 

e 1.327e-04 j -0.1711 
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Table 6. Results of R
2
 and Nash-Sutcliffe of regression and ANN models for prediction 

 

From Table 6, it can be seen that for all the three sets of data, R
2
 and Nash-Sutcliffe coefficients 

yield out a very good result, which are around 0.9. Within each set of test, quadratic regression 

gives a best result over other two models and followed by Neural Network. Multi linear 

regression has the lowest result of R
2
 and Nash-Sutcliffe coefficient, but still acceptable. 

Compared with different tests, it can be seen that although test 1 has the highest results of R
2
 

and Nash-Sutcliffe coefficient during training, but it yields the lowest R
2
 and Nash-Sutcliffe 

coefficient for all three models during prediction. While the result of test 3 is reversed, now test 

3 has the highest result among the 3 tests. And test 2 remains its second ranking.  

 

  

Test X1 X2 X3 

Predicting (Data using from 1998 to 2000) 

Model R
2
 Nash-Sutcliffe 

1 P(t) P(t-1) 
R(t-

1) 

Multi Linear Regression 0.897317 0.898514 

  

Quadratic Regression 0.926676 0.924976 

Neural Network 0.907218 0.906181 

2 
P(t-

1) 

R(t-

1) 

R(t-

2) 
Multi Linear Regression 0.899671 0.898388 

  

Quadratic Regression 0.929585 0.928405 

Neural Network 0.914108 0.911946 

3 
P(t-

2) 
P(t-1) 

R(t-

1) 
Multi Linear Regression 0.901151 0.900002 

  

Quadratic Regression 0.929797 0.927931 

Neural Network 0.917227 0.916160 
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6. Prediction using Aphrodite rainfall data 

6.1. Introduction 

Aphrodite stands for Asian Precipitation – Highly-Resolved Observational Data Integration 

Towards Evaluation of Water Resources. Generally speaking, Aphrodite is new method to 

obtain the daily precipitation data developed by the Research Institute for Humanity and Nature 

(RIHN) and the Meteorological Research Institute of Japan Meteorological Agency (MRI/JMA) 

since 2006. The main study area of this project is focused on Asia and Russia with high-

resolution grids as shown in Figure 8. For some areas within the studying scope, the data can be 

traced back to year 1951, as this study is a continuous project. 

 

Figure 8. Domain covered in current progress (APHRODITE’s Water Resources, 2010) 

 

The purpose of introducing Aphrodite’s daily rainfall data is to assessing the accuracy of 

Aphrodite’s data by using the same approach developed in previous sections. That is to say all 

the rainfall data obtained from hydrologic gauge station are going to be replaced by the 

Aphrodite’s data, but keep the runoff data unchanged. Still, multi linear regression, quadratic 

regression and neural network models are applied to examine the accuracy of Aphrodite’s data. 

The set with parameter P(t), P(t-1), R(t-1), is used for the assessing since this set of parameters 

performs better in the training process. 
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6.2. Assessment 

As what was being done for previous model, the data from year 1988 to year 1997 is going to be 

used for training, which consists of 3652 observations in total. And the last three years from 

1998 to 2000 are used for prediction to assess the accuracy of three different models or assess 

the accuracy of Aphrodite’s data. 

 

Table 7. Comparison of results of R
2
 and Nash-Sutcliffe of regression and ANN models for 

training using P(t), P(t-1), R(t-1) 

 

 

 

 

 

 

 

 Training Comparison (Data using from 1988 to 1997) 

  
Hydrologic gauge 

station 
Aphrodite 

X1 X2 X3 Model R
2
 

Nash-

Sutcliffe 
R

2
 

Nash-

Sutcliffe 

P(t) 

P(t-

1) 

R(t-

1) 

Multi Linear 

Regression 
0.892645 0.892645 0.848389 0.848389 

 

Quadratic 

Regression 
0.919347 0.919347 0.876747 0.876747 

Neural Network 0.934122 0.931962 0.896752 0.893680 
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Table 8. Comparison of results of R
2
 and Nash-Sutcliffe of regression and ANN models for 

prediction using P(t), P(t-1), R(t-1) 

 

From Tables 7 and 8, it can be seen that there is a drop in the R
2
 and Nash-Sutcliffe coefficients, 

but the drop is within a small range. For both training and prediction process, the drop doesn’t 

exceed 0.1. The results are still acceptable, in the sense that all the R
2
 and Nash-Sutcliffe 

coefficients are above 0.8. One interesting fact can be noticed that for neural network, it has the 

best R
2
 and Nash-Sutcliffe coefficient at training. However, it has the lowest result for the 

prediction. We can’t conclude that the accuracy of Aphrodite’ data using the results obtained 

above, because there is a weakness regarding above model. The parameters used consists of 

both rainfall and runoff data. It’s not sure about which parameter has the major effects on the 

prediction. Therefore, another model is proposed by using only the rainfall data as parameter, 

which are P(t), P(t-1) and P(t-2), to assess the accuracy of Aphrodite’s data.  

 

 

 

 

 

 

 Prediction Comparison (Data using from 1998 to 2000) 

  
Hydrologic gauge 

station 
Aphrodite 

X1 X2 X3 Model R
2
 

Nash-

Sutcliffe 
R

2
 

Nash-

Sutcliffe 

P(t) 

P(t-

1) 
R(t-1) 

Multi Linear 

Regression 
0.897317 0.898514 0.823157 0.822391 

 

Quadratic 

Regression 
0.926676 0.924976 0.845591 0.844882 

Neural Network 0.907218 0.906181 0.805632 0.803624 
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Table 9. Comparison of results of R
2
 and Nash-Sutcliffe of regression and ANN models for 

training using P(t), P(t-1), P(t-2) 

 

 

Table 10. Comparison of results of R
2
 and Nash-Sutcliffe of regression and ANN models for 

prediction using P(t), P(t-1), P(t-2) 

 Prediction Comparison (Data using from 1998 to 2000) 

  
Hydrologic gauge 

station 
Aphrodite 

X1 X2 X3 Model R
2
 

Nash-

Sutcliffe 
R

2
 

Nash-

Sutcliffe 

P(t) P(t-1) P(t-2) 

Multi Linear 

Regression 
0.505777 0.483735 0.387544 0.372524 

 

Quadratic 

Regression 
0.511654 0.487402 0.393593 0.378764 

Neural 

Network 
0.493492 0.468501 0.350819 0.344700 

 

 

 Training Comparison (Data using from 1988 to 1997) 

  
Hydrologic gauge 

station 
Aphrodite 

X1 X2 X3 Model R
2
 

Nash-

Sutcliffe 
R

2
 

Nash-

Sutcliffe 

P(t) P(t-1) P(t-2) 

Multi Linear 

Regression 
0.494215 0.494215 0.447370 0.447370 

 

Quadratic 

Regression 
0.507278 0.507278 0.455360 0.455360 

Neural 

Network 
0.528151 0.514669 0.431281 0.398835 
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The results of R
2
 and Nash-Sutcliffe coefficients do drop significantly. All the values are around 

0.5, which are rather low compared with the previous model. It shows that the runoff data is 

extremely important in determine the further values. However, when we refer to Tables 9 and 

10, we are not looking at the absolute value. The objective is to look at the comparison between 

precipitation value obtained from rain gauge, which is considered very accurate, and the 

precipitation extracted from Aphrodite. The value of performance of Aphrodite’s data is lower 

than the performance of rain gauge data as expected, but the difference is only about 0.1 in 

terms of both R
2
 and Nash-Sutcliffe coefficients. Therefore, it can be concluded that the 

accuracy of Aphrodite’s data is acceptable for research purpose. 
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7. Conclusion 

The overall objective of this project was to generate a model for predicting the runoff data using 

previous rainfall and runoff data. Since there are various methods to establish the forecasting 

model, three approaches were selected to compare their power or effectiveness of prediction. 

They were auto-regressive integrated moving average (ARIMA) model, regression model and 

artificial neural network (ANN) model. Two performances measures are used to assess the 

effectiveness of these three models including coefficient of determination (R
2
) and Nash-

Sutcliffe coefficients. During the training process, regression model and ANN yield a very good 

performance of results with R
2
 and Nash-Sutcliffe coefficients being equal to 0.9 and above, 

while ARIMA only gives us a relatively low performance with R
2
 and Nash-Sutcliffe 

coefficients being equal to 0.769. And the predicting power of AMIAR model is limited to one 

day. It cannot conduct more than one day’s prediction. After training, the prediction was carried 

out using the model established during training. Out of three models being assessed, quadratic 

regression model demonstrated a highest prediction power and followed by neural network and 

multi linear regression model. Thus, it can be concluded that both regression model and neural 

network model are well suited to the hydrological forecasting, and can be identified as a 

trustable model in prediction. 

It also should be noted that another important factor to achieving such a high accuracy model is 

due to the long enough data obtained. When there is short of data, or the data is not daily basis, 

it may cause a low accuracy of the same model proposed in this study. In such a case, a hybrid 

model may be helpful in solving the questions as mentioned in the second chapter. 

Finally, the assessment of Aphrodite’s data using the same approach has proven that the 

accuracy of Aphrodite’s data is acceptable for research purpose. Although there are some 

variances compared with the data obtained from rain gauge, which is considered very credible 

data, the Aphrodite’s data shows a similar trend and pattern as rain gauge data. Furthermore, 

with the advantages of large domain covered and long duration, Aphrodite’s data can be applied 

in other hydrological problems. 
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Appendices 

(A) Results and figures of prediction of multi-linear regression using rain gauge of P(t), P(t-1), R(t-1) 

(B) Results and figures of prediction of quadratic regression using rain gauge of P(t), P(t-1), R(t-1) 

(C) Results and figures of prediction of neural network using rain gauge of P(t), P(t-1), R(t-1) 

(D) Results and figures of prediction of multi-linear regression using rain gauge of P(t-1), R(t-1), 

R(t-2) 

(E) Results and figures of prediction of quadratic regression using rain gauge of P(t-1), R(t-1), R(t-2) 

(F) Results and figures of prediction of neural network using rain gauge of P(t-1), R(t-1), R(t-2) 

(G) Results and figures of prediction of multi-linear regression using rain gauge of P(t-2), P(t-1),  

R(t-1) 

(H) Results and figures of prediction of quadratic regression using rain gauge of P(t-2), P(t-1), R(t-1) 

(I) Results and figures of prediction of neural network using rain gauge of P(t-2), P(t-1), R(t-1) 

(J) Results and figures of prediction of multi-linear regression using Aphrodite’s data of P(t),  

P(t-1), R(t-1) 

(K) Results and figures of prediction of quadratic regression using Aphrodite’s data of P(t), P(t-1), 

R(t-1) 

(L) Results and figures of prediction of neural network using Aphrodite’s data of P(t), P(t-1), R(t-1) 

(M) Results and figures of prediction of multi-linear regression using rain gauge of P(t), P(t-1), P(t-2) 

(N) Results and figures of prediction of quadratic regression using rain gauge of P(t), P(t-1), P(t-2) 

(O) Results and figures of prediction of neural network using rain gauge of P(t), P(t-1), P(t-2) 

(P) Results and figures of prediction of multi-linear regression using Aphrodite’s data of P(t),  

P(t-1), P(t-2) 

(Q) Results and figures of prediction of quadratic regression using Aphrodite’s data of P(t), P(t-1), 

P(t-2) 

(R) Results and figures of prediction of neural network using Aphrodite’s data of P(t), P(t-1), P(t-2) 
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(C) Results and figures of prediction of neural network using P(t), P(t-1), R(t-1) 
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(D) Results and figures of prediction of multi-linear regression using P(t-1), R(t-1), R(t-2) 

 

 

 

 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library 



 

 

(E) Results and figures of prediction of quadratic regression using P(t-1), R(t-1), R(t-2) 
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(H) Results and figures of prediction of quadratic regression using P(t-2), P(t-1), R(t-1) 
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(J) Results and figures of prediction of multi-linear regression using Aphrodite’s data of P(t),  
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(M)  Results and figures of prediction of multi-linear regression using rain gauge of P(t), P(t-1),  

P(t-2) 

 

 

 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library 



 

 

(N) Results and figures of prediction of quadratic regression using rain gauge of P(t), P(t-1), P(t-2) 

 

 

 

 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library 
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