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 This paper investigates the ability of Least Square Support Vector Machine (LSSVM) 
with Principal Component Analysis model as data preprocessing tool to improve the 

accuracy of stream flow forecasting. The objective of this study is to evaluate the 

potential of a Principal Component Analysis (PCA) method, by extracting the principal 

components from lagged input of monthly stream flow data. To assess the effectiveness 

of this model, monthly stream flow record data from two stations: Muda and Selangor 

River in Malaysia, have been used as the case study. The performance of the LSSVM 
model using PCA as data preprocessing tool is compare with single LSSVM model 

using various statistics measures. The comparison results indicate the LSSVM with 

PCA model is a useful tool and a promising new method for stream flow forecasting. 
The results showed that LSSVM with PCA as data preprocessing technique were found 

to provide a better representation and good forecasting results for both of the rivers. 
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INTRODUCTION 

 

 Nowadays, stream flow forecasting is an active research area that have been studied. The flow is critical to 

many activities such as designing flood protection works for urban areas and agricultural land and assessing 

how much water may be extracted from a river for water supply or irrigation. With the development of software 

technology, there have been many approaches affiliated to the technique used including artificial neural network 

(ANN). An ANNs is the most widely and comprehensive statistical methods used for time series forecasting 

including to model a complex hydrologic system and has been successfully employed in modeling a wide range 

of hydrologic process. There were some researchers employed ANN for a stream flow forecasting, and some of 

them used to compare ANNs with the other traditional statistical technique for stream flow prediction. The 

majority of the studies showed that ANNs are able to outperform other traditional statistical techniques (Wu et 

al. 2008). 

 ANNs is one of artificial intelligence (AI) frequently applied in a number of diverse fields.  An ANNs 

appears to be a useful alternative to traditional statistical techniques for modelling of complex hydrologic 

system as it has been successfully employed in the modelling of various aspects of hydrologic processes. 

Previous studies have demonstrated that the ANN has received much attention for stream flow forecasting (Hu 

et al. (2001); Shamseldin et al. 2002; Dolling & Varas, 2003; Muhamad & Hassan, 2005; Firat, 2008; Kisi, 

2008; Wang et al., 2009; Keskin & Taylan, 2009), rainfall forecasting (Luk et al., 2000; Rajurkar et al., 2002; 

Shamseldin et al. 2007; Hung et al., 2009), ground water management (Affandi & Watanabe, 2007; Birkinshaw 

et al., 2008) and water quality management (Maier & Dandy, 2000). However, the selection of an optimal 

network structure (layers and nodes) and training algorithms always needs the attention of modellers (Maier and 

Dandy, 2000).  

 Aside from ANN, Suykens and Vandewalle (1999) have proposed another method for forecasting purpose 

namely Least Square Support Vector Machine (LSSVM). LSSVM is a modification form of SVM model with 

an additional advantages that its requires solving a set of only linear equations, rather that quadratic 

programming which is much easier and computationally more simples. LSSVM method uses equality 

constraints instead of inequality constraints and adopts the least squares linear system as its loss function, 

making it computationally attractive and also has good convergence and high precision.  LSSVM has been 

successfully applied in diverse fields (Afshin et al., 2007; Gestel et al., 2001). In the water resource field, the 

LSSVM method has received very little attention and only a few applications of LSSVM to modeling of 
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environmental and ecological systems such as water quality prediction (Yunrong & Liangzhong, 2009) have 

been carried out. 

 Recently, researchers believe by applying a data pre-processing technique can improve the performance of 

data-driven models. One of the famous techniques that usually applied for data pre-processing technique is 

Principal Component Analysis (PCA). PCA is an efficient statistical technique for unsupervised dimension 

reduction, by projecting data into a lower dimensional subspace.  The central idea of PCA is to reduce the 

dimensionality of the dataset consisting of a large number of interrelated variables while retaining as much as 

possible of the variation present in the dataset (Wu et al., 2010). The PCA uses all of the original variables to 

obtain a smaller set of new variables of principal components – PCs, which can be used to approximate the 

original variables. For example, Roadknight et al. (1997) applied PCA to the inputs of the ANN model for 

determining the critical level of ozone for visible injury to occur under various microclimatic conditions. 

Guhathakurta et al. (1999) investigated long-range forecasts of Indian summer monsoon rainfall using ANNs 

with the PCA as a preprocessing tool. Hu et al. ( 2007) employed PCA as an input data preprocessing tool to 

improve the prediction accuracy of ANN models for rainfall-runoff transformation. 

 The main purpose of this study is to develop a forecasting technique of LSSVM coupled with PCA as a 

data-preprocessing technique by extracting the number of principal components from lagged input stream flow 

data in order to improve the accuracy of stream flow forecasting. The forecast results using LSSVM with PCA 

are then compared with single LSSVM model. To ensure a wider application of the conclusions, two case 

studies consisting of two monthly stream flow data from Selangor River in Selangor Malaysian and Muda River 

in Kedah, Malaysia are investigated. 

 

Methodology: 

Principal Component Analysis (PCA) Model: 

 PCA was first introduced by Pearson and developed independently by Hotelling (1933), and has now well 

entrenched as an important technique in data analysis. The idea PCA technique is to reduce the dimensionality 

of a data set consisting of a large number of interrelated variables, while retaining as much as possible of the 

variation present in the data set. This is achieved by transforming the dataset into new set of variables which are 

uncorrelated. The PCs transform an original data to new coordinate systems on the principle of variance 

maximization. The first PC shows the direction of highest variance of the database. The second PC is orthogonal 

to the first PCs and is in the direction of the second highest variance. The loadings on each PC correspond to its 

eigenvectors. The Eigen values represent the variance of the data in the corresponding PCs. The contribution of 

the components to the total variation reduces from step to step (Jolliffe, 2002).  

 

Least Square Support Vector Machine (LSSVM) MODEL: 

 The LSSVM, as a modification of SVM was introduced by Suykens et al. (2005). The LSSVM provides a 

computational advantage over the standard SVM by converting a quadratic optimization problem into a system 

of linear equations. This new version of  SVM simplifies and converge the problem quickly. The LSSVM 

predictor is trained using a set of time series historic values as inputs and a single output as the target value. The 

LSSVM has been developed to find the optimally non-linear regression function: 

bxwxy T  )()(               (1) 

 When LSSVM is used for function estimation, the optimization problem is formulated by minimizing the 

regular function (Suykens et al., 2005) as: 
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 After elimination of ie  and w  as the solution is given by the following set of linear equations: 
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 where  nyyy ...,,1 , and  1...;;11 ,  n ...,,1 . This finally leads to the following LSSVM 

model for function estimation: 
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 where i  and b  are the solution to the linear system. For LSSVM, there are many kernel functions, and 

the examples of the kernel function are as follows: 
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 where , r and d  are kernel parameters. The most popular kernel function used in LSSVM is the Radial 

Basis Function (RBF) because of RBF has superior efficiency compare to other kernels. 

 

 
 

Fig. 1: Monthly Streamflow for Muda River From January 1962 – December 1989. 

 

Application: 

Study Area And Data: 

 Two monthly stream flow data from Selangor River located in Selangor, and Muda River located in Kedah 

Penisular Malaysia were analyzed in this study. The 1
st
 case study was gathered from monthly stream flow  of 

Muda River, Kedah. Muda River is the longest river in Kedah, which is located in northern Malaysia.  This river 

is about 178 km, in areas of Baling, Sik, Kuala Muda and Kulim before its end in the Straits of Malacca.  This 

river, which made the boundary between the states of Kedah and Penang, is the main source of water in Penang 

and a source of irrigation for rice cultivation in this area. The data for Muda River was recorded from January 
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1962 to December 1989. Figure 1 shown the data plotting from January 1966 until December 1989 for Muda 

River in Kedah.  This graph shows the time series has a pattern of behaviour is going up and down, and seasonal 

variation with the highest monthly flow usually occurs between October to December each years.  Set of model 

building consists of 336 monthly data from January 1962 to December 1989.  The training set is from January 

1962 until December1984 while the test set consists of 60 data of the last months, from January 1985 until 

December 1989.  

 

 
 

Fig. 2: Monthly Stream flow for Selangor River From January 1960 – December 2006. 

 

 The 2
nd

 case study was gathered from monthly stream flow of Selangor River located in Selangor, 

Peninsular Malaysia.  Selangor River is the third largest river basin catchments area in Selangor, Malaysia.  The 

length of the Selangor River about 110 km from the Main Range mountains bordering the State of Pahang, near 

the Fraser Hill’s resort and flows through the town of Kuala Kubu Baru and Daerah Hulu Selangor, next to the 

Batang Berjuntai and Kuala Selangor in Kuala Selangor District before entering the mouth of the Malacca 

Straits.  The observation data for Selangor River was recorded from January 1960 to December 2006.  Figure 1 

shown the data plotting for January 1960 until December 2006 for Selangor River in Selangor.  This graph 

shows the time series has a pattern of behaviour is going up and down, and seasonal variation with the highest 

monthly flow usually occurs between October to December each years.  In this study, 89% of the data sets 

consist of 504 monthly records from January 1960 to December 2001 is used for training whilst 11% of data sets 

containing of 60 monthly stream flow, recorded from January 2002 to December 2006 is used for testing.   

 Essentially, each data set is divided into two parts; training and testing. Training set is used exclusively for 

model development and testing set is used to measure the performance of the model on untrained data. 

Solomatine et al. (2008) suggested that in splitting of whole data into training and testing data sets, these sets 

should have similar distribution of low and high flow or similar properties of the input and output variables.  

However, they found to make the generalization of the training and testing sets with the similar properties are 

not an easy task.  

 

Experiment using lssvm: 

 In order to better evaluate the performance of the proposed approach, a cross-validation and grid search of 

),( 2  within
 


 
the range 10 to 1000, and 

2  in the range 0.01 to 1.0 were consider in this study. For each 

hyper parameter pair ),( 2 in the search space, 10-fold cross validation on the training set is performed to 

predict the prediction error. The best fit model structure for each model is determined according to the criteria of 

the performance evaluation. Previous works on the use LSSVM in time series modelling and forecasting have 

demonstrated favourable performances of the RBF (Liu & Wang, 2008; Gencoglu & Uyar, 2009).  Therefore, 

RBF is used as the kernel function for stream flow forecasting in this study. 

 

Performance criteria: 

 There are different types of performance evaluation that have been documented in the literature (Luchetta & 

Manetti, 2003; Goswami et al., 2005). The performance evaluation for each model should have at least a 

measure of absolute error, such as Mean Absolute Error (MAE) or Root Mean Square Error (RMSE) (Legates & 

McCabe, 1999). Wang et al. (2006) stated that RMSE is a good performance evaluation measurement because it 
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is very sensitive to even small errors, in which case it is better to compare the small differences in the model’s 

performance.  

 The MAE and RMSE are define as follows: 





n

t

tt oy
n 1

ˆ
1

MAE  

  


n

t
tt oy

n 1

2ˆ
1

RMSE  

 where ty  and tô  are the observed/actual and the predicted at the time t. The criterions to judge for the best 

model are relatively small of MAE and RMSE in the modeling and forecasting. Other than that, the correlation 

coefficient (R) was also used as a performance measurement. R was also used to test the ability of the model to 

capture the complex nature of the process that was being modelled (Jain & Kumar, 2007; Lin & Wu, 2009). It is 

a measure of how well the future outcomes are likely to be predicted by the model, where the predicted flows 

correlate with the observed flows. R is define as: 
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 Where y  and ô  are the mean observed and mean predicted stream flow series respectively, and n  is the 

number of data points. The R value is used to evaluate the linear correlation between the observed and the 

predicted flow. Clearly, an R value close to unity indicates a satisfactory result, while a low value or one close 

to zero implies an inadequate result.  

 Other than using MAE, RMSE and R, other researchers believe that CE known as Nash–Sutcliffe 

Coefficient Efficiency is one of the best performance measurements that can be used to assess the predictive 

power of hydrological models. CE is define as: 
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 Essentially, the closer the CE is to one, the more accurate the model is (Shamseldin, 1997; Dawson et al., 

2007). Where y  and ô  are the mean observed and predicted stream flow series respectively, and n  is the 

number of data points. 

 

RESULTS AND DISCUSSIONS 

 

 This section will discuss the predicted results of the Single LSSVM and LSSVM with PCA models using 

two types of modes, namely normal and data pre-processing mode. For normal mode forecasting, the Single 

LSSVM were employed where for data pre-processing mode, PCA was used in this study.    

 

Forecasting using lssvm: 

 In the study, the LSSVM is employed, so a kernel function has to be selected from the qualified function. In 

general, the RBF is suggesting for LSSVM.  The RBF kernel nonlinearly maps the samples into the high-

dimensional space, so it can handle nonlinear problem. Therefore, the RBF, which has a parameter 
 
as in Eq. 

(9), is adopting in this work. Table 1 and 2 shows the performance results obtained in the training and testing 

period of the LSSVM approach.   

 By considering these result, the lowest MAE and RMSE, with the largest r  and CE  statistics for training 

period were selected from 12tx  with value of  11.2142, 18.6008, 0.7563 and  0.5627 where the the number 

input is 12. Model input of 12tx also produce the best result amongst other five models input for testing phase 

with values of 10.1808, 15.2907, 0.7805 and 0.6109 for MAE, RMSE, r and CE respectively. Therefore, input 

12 was selected as the best input variables for Muda River. 
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Table 1: Single LSSVM results for Muda River. 

  Model Training Testing 

   Input MAE RMSE R CE MAE RMSE R CE 

 
2tx  

13.9702 22.0305 0.6113 0.3735 13.2599 18.5716 0.6493 0.4260 

 
4tx  

12.5659 18.8725 0.7447 0.5432 13.8750 18.0336 0.6853 0.4588 

Single LSSVM 
6tx  

13.1357 20.3242 0.7072 0.4740 13.6044 18.1890 0.6709 0.4494 

 
8tx  

12.3648 19.3463 0.7433 0.5266 13.7714 17.8105 0.6924 0.4721 

 
10tx  

12.9109 20.7588 0.6761 0.4554 11.7131 16.8135 0.7240 0.5296 

 
12tx  11.2142 18.6008 0.7563 0.5627 10.1808 15.2907 0.7805 0.6109 

 
Table 2: LSSVM result for Selangor River. 

 Model Training  Testing 

 Input MAE RMSE R CE  MAE RMSE R CE 

 
2tx  

19.8325 25.8352 0.5804 0.3370  21.0176 29.3920 0.5287 0.2773 

 
4tx  

17.8379 24.7913 0.6374 0.3919  22.1629 29.7939 0.4968 0.2574 

Single LSSVM 
6tx  

19.6361 25.9302 0.5807 0.3358  20.4746 29.5992 0.5157 0.2670 

 
8tx  

19.4290 25.7017 0.5935 0.3478  20.2821 29.5487 0.5229 0.2695 

 
10tx  

18.6484 25.0947 0.6191 0.3805  19.9669 29.1916 0.5380 0.2871 

 
12tx  

17.6232 23.6165 0.6746 0.4526  19.0753 28.1986 0.5884 0.3348 

 

 Meanwhile, LSSVM results for Selangor river presented in Table 2. Based on  these result, the lowest MAE 

and RMSE, with the largest r  and CE  statistics for training period were selected  from 12tx  with value of  

17.6232, 23.6165, 0.6746 and 0.4526 where the the number input is 12. For testhing phase, the model input of 

12tx also produce the best result of all four statistical measures with values of 19.0753, 28.1986, 0.5884  and 

0.3348 for MAE, RMSE, r and CE respectively. With these results, input 12 was selected as the best input 

variables for Selangor River. 

 

Data pre-processing technique using pca: 

 Since there are several inputs variables used in this research, the variables with 12 inputs were used to 

proceed with data preprocessing technique using PCA. Monthly stream flow for Muda and Selangor rivers using 

12 input variables was used due to the good forecasting result of MAE, RMSE, r  and CE  both in training and 

testing. By using PCA as a data pre-processing technique, the input variables changed into principal components 

(PCs) that are independent and linear compound of the input variables. After changing the input variables into 

PCs, the PCs will be change again into input variables and used it to forecast using several forecasting 

technique, which are in this study, LSSVM is use.  

 By using this method, the information of input variables will present with a minimum losses in PCs form 

(Helena et al., 2000). Detailed extraction procedure are published  in Wackernagel (1995), Rencher (1998), 

Tabachnick & Fidell (2001),  Noori et al.(2007),  Noori et al.(2009a,b) and so on. In order to extract PCs and 

reduce the dimension of the input space, the monthly stream flow for Muda and Selangor river using 12 input 

variables from 1962 to 1989 and from 1960 to 2006 are use respectively. 

 
Table 3: Descriptive Statistics of PCs For Muda River. 

PCs Eigen Value % of Variance Cumulative of %  

1 1974.53 22.01 22.01  

2 1852.15 20.64 42.65  

3 1545.07 17.22 59.87  

4 955.56 10.65 70.52 1st cut off 

5 858.98 9.57 80.09  

6 384.52 4.29 84.38  

7 307.47 3.43 87.80  

8 249.42 2.78 90.58 2nd cut off 

9 230.66 2.57 93.15  

10 218.18 2.43 95.58  

11 200.77 2.24 97.82  

12 195.49 2.18 100.00  
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 Table 3 and 4 shows the result of PCAs for both of the rivers. In this study, two cut off value were select in 

the range of 70% to 90% based on Jolliffe (2002). The selected PCs provide an adequate summary of the data. 

For Muda river, the first cut off value was selected from forth PCs with the total variation of 70.52% and the 

second cut off value was selected from eighth PCs with the total variation of 90.58%. In total, for Muda river, 

the new input variables were range from four to eight input variables. 

 
Table 4: Descriptive Statistics of PCs For Selangor River. 

PCs Eigen Value % of Variance Cumulative of %  

1 2436.99 19.77 19.77  

2 2348.81 19.06 38.83  

3 1740.99 14.12 52.95  

4 1640.19 13.31 66.26  

5 1481.40 12.02 78.27 1st cut off 

6 579.95 4.70 82.98  

7 453.66 3.68 86.66  

8 362.20 2.94 89.60 2nd cut off 

9 333.67 2.71 92.30  

10 323.14 2.62 94.93  

11 315.37 2.56 97.48  

12 310.03 2.52 100.00  

 

 For Selangor river, the first cut off value was selected from fifth PCs with the total variation of 78.29% and 

the second cut off value was selected from eighth PCs with the total variation of 89.60%. Thus, for Selangor 

river, the new input variables were range from five to eight input variables. By considering these results, the 

new input variables for Muda and Selangor river were then used to forecast using LSSVM forecasting model. 

 

Forecasting using lssvm with pca: 

 Table 9 shows the performance results obtained in the training and testing period of the LSSVM with PCA 

approach for Muda and Selangor river. By considering these result, the lowest MAE and RMSE, with the largest 

r and CE  statistics of 10.87,17.7585, 0.7810 and 0.7888 for training period was collected from LSSVM with 

8PCs  were the input varriables of eight principal component. While the lowest MAE, RMSE and largest r 

and CE  statistics of  were collected from LSSVM with 8PCs as well with 9.8980, 14.5947, 0.8098 and 0.8068 

respectively  for testing phase.  

 
Table 5: PCA-LSSVM results for Muda River. 

 Input Training  Testing 

  MAE RMSE R CE  MAE RMSE R CE 

 4PCs 12.8340 20.3016 0.6995 0.7240  11.2789 16.4742 0.7393 0.7538 

 5PCs 12.3443 19.8146 0.7158 0.7371  10.5520 15.6929 0.7658 0.7766 

PCA_LSSVM 6PCs 12.1365 19.6208 0.7236 0.7422  10.5771 15.2787 0.7815 0.7882 

 7PCs 11.9691 19.3026 0.7344 0.7505  10.6905 15.4767 0.7743 0.7827 

 8PCs 10.8700 17.7585 0.7810 0.7888  9.8980 14.5947 0.8098 0.8068 

 

 For Selangor river, the best results for LSSVM with PCA were obtained from  8PCs with the lowest MAE 

and RMSE, with the largest r and CE  statistics of 17.4144, 23.1311, 0.6892 and 0.856  for training period and  

for testing phase, the best results were collect from LSSVM with 8PCs  as well with the value of  18.3113, 

27.5980, 0.6004 and 0.8309  for MAE and RMSE, and the largest r and CE  statistics. Therefore, LSSVM with 

8PCs were selected as the best result representing Muda and Selangor river respectively. 

 
Table 6: PCA-LSSVM results for Selangor River. 

 Input Training  Testing 

  MAE RMSE R CE  MAE RMSE R CE 

 5PCs 19.0521 25.2850 0.6102 0.8280  18.8116 27.9983 0.5981 0.8259 

PCA_LSSVM 6PCs 18.6734 24.6877 0.6339 0.8360  18.1375 25.6785 0.6675 0.8536 

 7PCs 18.0026 24.1186 0.6552 0.8435  17.3974 24.7529 0.6985 0.8639 

 8PCs 17.4144 23.1311 0.6892 0.8560  15.7103 21.3166 0.7834 0.8991 

 

Comparison: 

 In this section, the predictive capabilities of the proposed LSSVM with PCA are compared with a single 

LSSVM model for both Muda and Selangor river. Furthermore, the MAE, RMSE, r and CE  were used to 

evaluate the performance of the proposed LSSVM with PCA and Single LSSVM models. The statistical results 

of the different models for Muda  and Selangor river are summarised in Tables 7. From the results, it can be 
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noted that the proposed LSSVM with PCA model has the best performance with the lowest MAE and RMSE, 

and the largest r and CE  both of training and testing phase.  

 
Table 7: Comparative results for Muda and Selangor river. 

Rivers Models Training Testing 

  MAE RMSE R CE MAE RMSE R CE 

Muda Single LSSVM 11.2142 18.6008 0.7563 0.5627 10.1808 15.2907 0.7805 0.6109 

River PCA-LSSVM 10.8700 17.7585 0.7810 0.7888 9.8980 14.5947 0.8098 0.8068 

          

Selangor Single LSSVM 17.6232 23.6165 0.6746 0.4526 19.0753 28.1986 0.5884 0.3348 

River PCA-LSSVM 17.4144 23.1311 0.6892 0.8560 15.7103 21.3166 0.7834 0.8991 

 

 In the testing phase for Muda river, the LSSVM model with 8PCs improved over Single LSSVM model 

with about a 2.77% and 4.55% reduction in MAE and RMSE values respectively, 3.75% and 32.05% 

improvements of the forecast results for the r and CE  values respectively. As for Selangor river, the LSSVM 

with 8PCs improved over Single LSSVM model with about a 168.58% in CE  value, 33.12% in r and 

reductions 17.64 % in MAE and 24.40% reduction in RMSE values. 

 

  
 

  
 

Fig. 3: Observed and Predicted Stream Flow for Muda River During Testing Period. 

 

 Figure 3 show the comparison the observed and predicted flows data for the last sixty months for the testing 

phase on the Muda River between Single LSSVM and LSSVM with PCA as data preprocessing tools. From 

Figure 3, these two models gave a close approximation to the actual observation data. Meanwhile, Figure 4 

shows the hydrographs and the scatter plots for Selangor River. Based on the hydrographs, the predicted flows 

for both of the models gave a close approximation to the observed flows.  

 The scatter plots shows both of the models for both rivers are close to the actual flows. The scatter plots 

also shown that the R
2 

and the fit line equation coefficients of the LSSVM with PCA are superior compared to 

the single LSSVM for both of the rivers. Follows in these results, it also indicates that Single LSSVM and the 

proposed model of LSSVM with PCA fits the monthly stream flows, and these models are applicable for stream 

flows forecasting as well as an alternative method for modelling river flow time series. 
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Fig. 4: Observed and Predicted Stream Flow for SelangorRiver During Testing Period. 

 

Conclusion: 

 An accurate prediction of stream flow plays an important role in stream flow forecasting. Therefore, the 

goal of this research is to offer a suitable model for predicting a monthly stream flow. In this study, the PCA 

method was employed as a data-driven technique to reduce the numbers of inputs variables of the dataset.  In 

this research, Muda and Selangor river was used to the idea of using PCA as a data pre-processing technique. 

Before PCA was employed, the dataset for both of the study area were tested using single LSSVM model. The 

stream flow data varied of inputs variables starts from 2, 4,6,8,10 and 12 lags were used. From the experiment, it 

can be noted that Muda and Selangor river with 12 lags were produced a good forecasting results among others 

numbers of variables. Since the input variables with 12 lags produce a good forecasting result for ANN and 

LSSVM, the same input variables was then used to employ PCA. The result shows that the performance of 

stream flow forecasting can be significantly enhanced by using the proposed LSSVM with PCA as the data pre-

processing technique.  

 To illustrate the capability of the LSSVM with PCA, monthly stream flow data from Muda and Selangor 

data were analyze in this study. The experimental results show that LSSVM with PCA perform better than 

Single LSSVM model. Throughout the comparison applied in monthly stream flow forecasting, it can be 

concluded that the reduction of the numbers of input variables resulted in the shortening the LSSVM training 

and testing periods. Other than that, it is clear that input variables using data pre-processing generally have a 

positive effect on LSSVM operation. After comparing the results of LSSVM with PCA with other model, it 

became clear that data pre-processing technique caused a simpler network structure from twelve input variables 

reduced to four to eight input variables. With this results, input variables by using PCA as a data pre-processing 

technique is recommended for increasing LSSVM model operation, especially in cases that there is not a great 

deal of knowledge about input variables. In this study, only stream flow data was considered for analysis, so in 

the future research can further test the idea of the proposed model by employed the rainfall-runoff data, weather 

forecast, economic and so on to prove its capability and usability.  

 

 

 

 



179                                                                 Shuhaida Ismail and Ani Shabri 2014 

Journal of Applied Science and Agriculture, 9(11) Special 2014, Pages: 170-180 

REFERENCE 

 

Affandi, A.K., K. Watanabe, 2007. "Daily groundwater level fluctuation forecasting using soft computing 

technique." Nature and Science, 5(2): 1-10. 

Afshin, M., A. Sadeghian and K. Raahemifar, 2007. "On efficient tuning of LS-SVM hyper-parameters in 

short-term load forecasting: A comparative study." Proc. of the 2007 IEEE Power Engineering Society General 

Meeting (IEEE-PES). 

Birkinshaw, S.J., G. Parkin, 2008. "A hybrid neural networks and numerical models approach for predicting 

groundwater abstraction impacts." Journal of Hyrdoinformatics: 127-137.1): 1529-1539. 

Dolling, O.R., E.A. Varas, 2003. "Artificial neural networks for streamflow prediction." Journal of 

Hydraulic Research, 40(5): 547-554. 

Enke, D. and S. Thawornwong, 2005. "The use of data mining and neural networks for forecasting stock 

market returns." Expert Systems with Applications, 29(4): 927-940. 

Firat, M., 2008. "Comparison of Artificial Intelligence Techniques for river flow forecasting." Hydrol. 

Earth Syst. Sci., (12): 123-139. 

Gencoglu, M.T. and M. Uyar., 2009. "Prediction of flashover voltage of insulators using least squares 

support vector machines." Expert Systems with Applications, 36(7): 10789-10798. 

Gestel, T.V., J.A.K. Suykens, 2001. "Financial time series prediction using least squares support vector 

machines within the evidence framework." Neural Networks, IEEE Transactions, 12(4): 809-821. 

Goswami, M., K.M. O’Connor, 2005. "Assessing the performance of eight real-time updating models and 

procedures for the Brosna River." Hydrol. Earth Syst. Sci., 9((4)): 394–411. 

Guhathakurta, P., M. Rajeevan, V. Thapliyan, 1999. "Long Range Forecasting Indian Summer Monsoon 

Rainfall by a.  

Hecht-Nielsen, R., 1990. Neurocomputing. Menlo Park, CA., Addison-Wesley. 

Helena, B., R. Pardo, M. Vega, E. Barrado, J.M. Fernandez, L. Fernandez, 2000. "Temporal evolution of 

groundwater composition in an alluvial aquifer (Pisuerga River, Spain) by principal component analysis." Water 

Research, 34(3): 807–816. 

Hotelling, H., 1933. "Analysis of a complex of statistical variables into principal components." Journal of 

Educational Psychology (24): 417–441. 

Hu, T.S., K.C. Lam, S.T. Ng, 2001. "River flow time series prediction with a range-dependent neural 

network." Hydrological Sciences, 24(5): 729–745. 

Hu, T.S., K.C. Lam, S.T. Ng, 2007. "Rainfall-Runoff Modelling using Principal Component Analysis and 

Neural Network." Nordic Hydrologiy, 38(2): 235-248. 

Huang, C.L. and C.Y. Tsai, 2009. "A hybrid SOFM-SVR with a filter-based feature selection for stock 

market forecasting." Expert Systems with Applications, 36(2, Part  

Hybrid Principal Component Neural Network Model." Meteorology and ATM Ospheric Physics, 71(3-4): 

255-266. 

Jain, A. and A.M. Kumar, 2007. "Hybrid neural network models for hydrologic time series forecasting." 

Applied Soft Computing 7(2): 585-592. 

Jolliffe, I.T., 2002. Principal Component Analysis. New York, Springer. 

Kang, S., 1991. An investigation of the Use of Feedforward Neural Network for Forecasting, Kent State 

University. Ph.D. Thesis. 

Keskin, M.E. and D. Taylan, 2009. "Artificial Models for Interbasin Flow Prediction in Southern Turkey." 

Journal of Hydrology Engineering, pp: 752-758. 

Kisi, O., 2008. "River flow forecasting and estimation using different artificial neural network technique." 

Hydrology Research, 39(1): 27-40. 

Knowledge Discovery and Data Mining, 2009. WKDD 2009. Second International Workshop on  900-904. 

Legates, D.R. and G.J. McCabe Jr., 1999. "Evaluating the use of goodness-of-fit measures in hydrologic 

and hydroclimatic model validation." Water Resour. Res., 35(1): 233–241. 

Lin, G.F. and M.C. Wu, 2009. "A hybrid neural network model for typhoon-rainfall forecasting." Journal of 

Hydrology, 375(3-4): 450-458. 

Liu L., W. Wang, 2008. "Exchange rates forecasting with least squares support vector machines." 

International Conference on Computer Science and Software Engineering, pp: 1017-1019. 

Luchetta, A. and S. Manetti, 2003. "A real time hydrological forecasting system using a fuzzy clustering 

approach." Computers & Geosciences, 29(9): 1111-1117. 

Luk, K.C., J.E. Ball, A. Sharma, 2002. "A study of optimal model lag and spatial inputs to artificial neural 

network for rainfall forecasting." Journal of Hydrology, 227: 56-65. 

Maier, H.R., G.C. AD., 2000. "Neural Networks for the production and forecasting of water resource 

Environmental modelling and software variables: a review and modelling issues and application", (15): 101-

124. 



180                                                                 Shuhaida Ismail and Ani Shabri 2014 

Journal of Applied Science and Agriculture, 9(11) Special 2014, Pages: 170-180 

Muhamad, J.R. and J.N. Hassan, 2005. "Khabur River flow using artificial neural networks." Al-Rafidain 

Engineering, 13(2): 33-42. 

Noori, R., M.A. Abdoli, A. Ameri, M. Jalili-Ghazizade, 2009a. "Prediction of municipal solid waste 

generation with combination of support vector machine and principal component analysis: A case study of 

Mashhad." Environmental Progress and Sustainable Energy, 28(249-258). 

Noori, R., M.A. Abdoli, M. Jalili-Ghazizade, R. Samifard, 2009b. "Comparison of neural network and 

principal component-regression analysis to predict the solid waste generation in Tehran." Iranian Journal of 

Public Health, 38: 74-84. 

Noori, R., R. Kerachian, A. Khodadadi, A. Shakibayinia, 2007. "Assessment of importance of water quality 

monitoring stations using principal component and factor analyses: A case study of the Karoon River." Journal 

of Water and Wastewater Persian, (63): 60–69. 

Palmer, A., J.J. Mantano, 2005. "Designing an artificial neural network for forecasting tourism time series." 

Tourism Management, 27(5): 2006. 

Rajurkar, M.P., U.C. Kothyari, U.C. Chaube, 2002. "Artificial neural networks for daily rainfall—runoff 

modelling." Hydrological Sciences Journal, 47(6): 865-877. 

Rencher, A.C., 1998. Multivariate Statistical Inference and Applications. New York, Wiley-Interscience. 

Roadknight, C.M., G.R. Balls, 1997. "Modeling complex environmental data." IEEE Transactions on 

Neural Networks, 8(4): 852-862. 

Rumelhart, D.E., J. McClelland, 1986. Parallel Distributed Processing. Cambridge, MIT Press. 

Shamseldin, A.Y., K.M. O'Connor, A.E. Nasr, 2007. "A Comparative Study of Three Neural Network 

Forecast Combination Methods for Simulated River Flows of Different Rainfall-Runoff Models." Hydrological 

Sciences Journal, 52(5): 896-916. 

Shamseldin, A., E. Ahmed, Nasr, K.M. O’Connor, 2002. "Comparison of different forms of the multi-layer 

feed-forward neural network method used for river flow forecasting." Hydrol. & Earth Syst. Sci., 6(4): 671-684. 

Suykens, J.A.K., J. Vandewalle, 1999. " Least squares support vector machine classifiers." Neural Process. 

Lett, 9(3): 293-300. 

Suykens, J.A.K., T.V. Gestel, 2005. Least Square Support Vector Machine. New Jersey, World Scientific. 

Tabachnick, B.G., L.S. Fidell, 2001. Using multivariate statistics. Boston, London, Allyn and Bacon. 

Tan, C.N.W. and G.E. Witting, 1993. A study of the parameters of a backpropagation stock price prediction 

model. The First New Zealand International Two Stream Conference on Artificial Neural Networks and Expert 

Systems (ANNES. University of Otago, Dunedin, New Zealand, IEEE Computer Society Press. 

Tang, Z. and P.A. Fishwick, 1993. "Feedforward Neural Nets as Models for Time Series Forecasting." 

ORSA Journal on Computing, 5(4): 374-385. 

Wackernagel, H., 1995. Multivariate geostatistics: An introduction with applications. New York and 

London, Springer. 

Wang, W., P.H.A.J.M.V. Gelder, 2006. "Forecasting daily streamflow using hybrid ANN models." Journal 

of Hydrology, 324(1-4): 383-399. 

Wang, W.C., K.W. Chau, 2009. "A comparison of performance of several artificial intelligence methods for 

forecasting monthly discharge time series." Journal of Hydrology, 374(3-4): 294-306. 

Wong, F.S., 1991. "Time series forecasting using back propagation neural networks." Neurocomputing, 2: 

147–159. 

Wu , C.L., K.W. Chau, C. Fan, 2010. "Prediction of rainfall time series using modular artificial neural 

networks coupled with data-preprocessing techniques." Journal of Hydrology, (389): 146–167. 

Wu, C.L., K.W. Chau, 2008. "River stage prediction based on a distributed support vector regression." 

Journal of Hydrology, 358(1-2): 96-111. 

Yunrong, X. and J. Liangzhong, 2009. "Water Quality Prediction Using LS-SVM and Particle Swarm 

Optimization."  

Zhang, G., B. Eddy Patuwo, 1998. "Forecasting with artificial neural networks: The state of the art." 

International Journal of Forecasting, 14(1): 35-62. 


