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Abstract In recent years, support vector regression (SVR), a novel neural network 

technique, has been successfully used for financial forecasting. This paper deals with 

the application of SVR in exchange rate forecasting. Based on SVR, a nonparametric 

autoregressive (AR) model is applied to forecasting the daily exchange rates of two 

currencies (South Korea Won and Singapore Dollar) against the US dollar. The 

empirical results show that under various forecasting horizons, SVR performs better 

than the random walk model, parametric AR model and the nonparametric AR model 

estimated by neural network, based on the criteria of two evaluation metrics and three 

encompassing tests. No structured way being available to choose the free parameters 

of SVR, the sensitivity of the forecasting performance is also examined to the free 

parameters 
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1.  Introduction 

 
Exchange rate forecasting is one of the most challenging applications of 

modern time series forecasting. It has been widely accepted that exchange 

rates are inherently noisy, non-stationary and nonlinear. In recent years, 

Neural Network model (NN) has been successfully used for forecasting 

financial time series including exchange rates; for recent work, see Kuan and 

Liu (1995), Leung et al. (2000) and Chen and Leung (2005). The main appeal 

of NNs is their flexibility in approximating any non-linear function arbitrarily 

well without a priori assumptions about the properties of the data; see Hornik 

et al. (1989) for a discussion of the NN’s universal approximation property. 

However, NN suffers from a number of weaknesses including the need for a 

large number of controlling parameters, difficulty in obtaining a global solution 

and the danger of over-fitting (Tay and Cao, 2001). The over-fitting problem 

is a consequence of the optimization algorithms used for parameter selection 

and the statistical measures used to select the best model.  

   Recently, a novel neural network algorithm, called support vector machine 

(SVM), was developed by Vapnik and his co-workers (1995, 1997) and is 

gaining popularity due to many attractive features. While the traditional NN 

implements the empirical risk minimization (ERM) principle, SVM implements 

the structural risk minimization (SRM) principle which seeks to minimize an 

upper bound on the Vapnik-Chervonenkis (VC) dimension (generalization 

error), as opposed to ERM that minimizes the training error on the in-sample 

estimating data; refer to Gunn (1998) for a good introduction to SVM and 

related concepts. Based on SRM principle, SVM achieves a balance between 

the training error and generalization error, leading to better forecasting 

performance than traditional NN. Selecting the best model in SVM is 

equivalent to solving a quadratic programming, which gives SVM another merit 

of a unique global solution.1 

SVM was originally developed for classification problems (SVC) and then 

extended to regression problems (SVR). Both SVC and SVR have been 

successfully applied to financial variables classification (e.g., Härdle et al., 

2005, 2006; Chen et al., 2006; Lee et al., 2006) and financial time series 

forecasting (see Trafalis and Ince, 2000; Cao and Tay, 2001; Yang et al., 2002, 

to name a few). However, the literatures of SVR above mostly focus on stock 

market prediction and, to the best of our knowledge, none in forecasting 

exchange rates. In this paper, we apply SVR to forecasting the daily exchange 

rates of two currencies, South Korea Won (KRW) and Singapore Dollar (SGD) 

against the US dollar in the framework of a nonparametric univariate 

Autoregressive (AR) model. The data period is from January 2, 2003 to 

December 29, 2006. To examine the sensitivity of SVR results to kernel 

                                                        
1 See Haykin (1999) pp344 for more explanation on this issue and Deng and Tian (1994) for prove of the unique 
solution of SVR 
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functions and free parameters, we experiment with three kernel functions 

(namely, linear, polynomial, Gaussian) and also with several values of the free 

parameters. The forecasting performance between SVR and three competing 

approaches, random walk model (RW), parametric AR model and nonparametric 

AR model estimated by NN, are compared using two evaluation metrics and 

three encompassing tests at 1-day, 1-week and 1-month forecasting horizons2.  

This paper is organized as follows. Section 2 introduces the theory of SVR 

briefly. Section 3 describes the real data, specifies the empirical modeling and 

forecasting scheme. Section 4 evaluates the forecasting performance of SVR for 

KRW and SGD exchange rates. The conclusion is presented in Section 5. 

 

2.  Support Vector Regression (SVR) 

 
SVR originates from Vapnik's statistical learning theory (Vapnik, 1995, 

1997), which has the design of a feedforward network with an input layer, a 

single hidden layer of nonlinear units and an output layer (Haykin, 1999). Unlike 

the traditional NN, SVR estimates a function by nonlinearly mapping the input 

space into a high dimensional feature space and then running the linear 

regression in the output space (see Figure 1). Thus, the linear regression in the 

output space corresponds to a nonlinear regression in the low dimensional input 

space.  

 

 

 

Figure 1 Architecture of Support Vector Machines for Regression (SVR) 

Given a set of data points {( , )}n
i i ix y  where m

ix R forms the input vector with 

                                                        
2 Equivalent to be 1-, 5-, 20-day-ahead forecast. 
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m-dimension and  is a scalar output, SVR approximates the unknown 

function by 

1
iy R

' ( )  
1

( )
l

i i
i

f x w x  b w x 


 b , where       1 , , l 'x x x   L  

is the nonlinear transfer function from the input layer to the feature layer with 

the dimensions ;.  is a set of linear weights that connect the 

feature space to the output space and  is the threshold.  

l  1, , 'lwL

w b

w w

b
To estimate the coefficients  and , SVR formulates the regression 

problem by using a specific loss function called the  -insensitive loss 

function  ( ,L x )y   max 0, ( )y f x   , which ignores errors smaller than a 

certain threshold   > 0. The regression problem becomes 
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  is the empirical error measured by the 

 -insensitive loss function; the second term 
21

2
w  indicates the Euclidean 

norm of the weight vector ;  controls the penalizing extent on the sample 

data which exceeds 

w C
 . Both  and C   are free parameters which must be 

selected by the user. 

In SVR, equation (1) is transformed to the primal problem given by equation 

(2) by introducing the positive slack variables i  and *
i  as follows: 
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              (2) 
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*0, 0 1,2, ,i i i    L             

The formulation of the cost function in equation (2) of primal problem is in 

perfect accord with the principle of structural risk minimization, which is 

illustrated in Figure 2 (in which the dark circles are data points extracted as 

support vectors). In equation (2), the first term indicates the Euclidean norm of 

the weight vector  and measures the function flatness, the minimization of 

which is related to the maximization of the margin of separation (

w

2 / w ), i.e., 
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maximizing the generalization ability. The second term represents the empirical 

risk loss determined by the  -insensitive loss function and is similar to the 

sum of residual squares in the objective function of MLE and NN. Finally, SVR 

obtains the tradeoff between the two terms; as a result, it not only captures the 

historical data well but forecasts the future data excellent. It is the special 

design of minimizing the structural risk that endows SVR with the strongest 

forecasting ability among all methods. Evgeniou et al. (2002) also denoted that 

minimization of an empirical error only is both ill-posed and not necessarily 

leading to models with good predictive capabilities, thus, one needs to minimize 

a structural risk.  

 

Figure 2 Principle of Structural Risk Minimization of SVR 

 

The corresponding dual problem of the SVR can be derived from the primal 

problem by using the Karush-Kuhn-Tucker conditions as follows: 3  

        * * * *

1 1 1 1

1
min

2

n n n n

i i j j i j j j j j j
i j j j

K x x y        
   

       

1,

 (3) 
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1

. . 0
n

j j
j

s t  


                 

*0 , , 2, ,j j C i j n   L            

where   and *  are the Lagrange multipliers and      , 'j jK x x x x   is 

called as the kernel function. In fact, the SVR theory considers only the form of 

 in the feature space without specifying  ,jK x x  x  explicitly and without 

computing all corresponding inner products. Therefore, the kernel function 

                                                        
3 The dual problem can be solved more easily than the primal problem (Scholkopf and Smola, 
2001; Deng and Tian, 2004). 
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becomes the crucial part of SVR and greatly reduces the computational 

complexity of SVR. This paper experiments with three different kernels to 

investigate the sensitivity of kernel types. 

Linear:                 ,j jK x x x x '

Polynomial:     , '
d

j jK x x x x 1            

Gaussian:   
2

2

 
, exp

2
j

j

x x
K x x



  
 
 



x

          

The solution of the dual problem given by equation (3) can be used to obtain the 

solution of primal problem: 
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Finally, the decision function can be obtained as follows, 
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3.  Empirical modeling and forecasting scheme 

 

3.1. Data Description 
 

Exchange rates used for the empirical analysis in the current study are the 

daily nominal bilateral exchange rates. The data were obtained from a database 

provided by Policy Analysis Computing and Information Facility in Commerce 

(PACIFIC) at University of British Columbia, which contains the closing rates 

for a total of 81 currencies and commodities. T wo currencies were selected 

for our study: South Korea Won (KRW) and Singapore Dollar (SGD) against the 

U.S. dollar for the period of January 2, 2003 to December 29, 2006. The ADF 

unit root tests reveal that both variables are integrated of order one. To avoid 

the issue of possible nonstationarity, this paper considers the rates in 

first-difference logarithm terms, ty . It is also called returns of the level of 

exchange rates, tI . The transformation formula is as below: 
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 1100 log logt ty I    tI

t

                 

 

3.2. Empirical Modeling 
 

In terms of theoretical view, the daily exchange rate might follow a 

random-walk process and thus it is difficult to forecast such a random-walk 

process (Taylor (2003) for the exchange rate, and Hamilton (1996) and Sarno, 

Thornton, Valente (2005) for the daily Federal funds rate). From this point of 

view, the paper incorporates the simple random walk model (RW) without drift, 

specified as below, into the comparison of forecasting performance.  

1t ty y                         

The linear univariate Autoregressive Integrated (AR) model estimated by 

MLE is also the benchmark described as below: 

1 1t t P t py y y t       L               

According to Akaike information criterion, the appropriate lag lengths of AR 

model for KRW and SGD returns are 1 and 3, respectively.  

As the basic forecasting framework, the AR model estimated by SVR and 

NN (ARSVR and ARNN for short in the remaining part of this paper) has the 

nonlinear form different with the linear one above, which is described as follow: 

1( , , )t t t py f y y t  L  .                          

The lag orders are set the same as the linear ARI model for the purpose of 

comparison.  

For SVR approach, we choose the fixed value of  for Gaussian 

kernels and 

2 0.2 

2d   for polynomial kernels which are determined by the 

sensitivity analysis and are not provided here for saving space. The choice of 

the values of two free parameters are C=0.1,  =0.3 for both series will also 

be determined according to the sensitivity analysis which is discussed in 

detail in Section 4. The benchmark neural network is feedforward 

back-propagation network. We specify it with the following architectures: one 

nonlinear hidden layer with 4 neurons in which tangent-sigmoid differentiable 

transfer function is used to generate their output, and one linear output layer 

with 1 neuron. The fast training Levenberg-Marquardt algorithm is chosen and 

designed into the training function. The value of learning rate parameter used in 

this training process is 0.05. These specification and choices are quite standard 

in the neural network literatures.  

 

3.3. Forecasting Scheme 
 

In this paper, a recursive forecasting scheme is employed. The estimating and 
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forecasting process is carried out recursively by updating the sample with one 

observation each time. The notations are as follows. The total number of 

returns ty  is denoted as  and the number of observations used for the first 

in-sample estimation is . Then, 

T

1T 1T T  observations are retained as a hold-out 

sample. Let the actual return at period t j  and the j -step-ahead forecast of 

the returns made at period  be written as t t jy   and $ty j , respectively. Then, 

we can write 

$  1| | , , ,t j t tt j ty E y y y y   L 1               (4) 

so that the j -step-ahead forecast of the series made at time  is the 

expected value of the series 

t

j  periods in the future, given all information 

available at time . In equation (4), t 1, ,t T T j L  and . The 

forecast horizon is fixed at 

1,5,j  20

j  steps ahead, and the starting point  is 

varied. Therefore, we can estimate and forecast the model for 

 times.  

t

1n T j T   1

In this paper, we set 60n   and obtain sixty 1-, 5- and 20-day-ahead 

forecasts which are employed to evaluate the out-of-sample forecasting 

performance. The recursive estimation is carried out from the former 923 

observations through the former 982 observations of the exchange rate returns 

and the sixty 1-, 5- and 20-day-ahead forecasts correspond to the 924th, 928th 

and 943rd actual return through 983rd, 987th and the last returns data. 

 

3.4. Evaluation Metrics and Encompassing Tests 
To compare forecasting performance between SVR and two competing 

methods, we use two approaches: evaluation metric approach and 

encompassing test approach. The first approach tells us which method is the 

dominant one in forecasting the error magnitude and turning points; particularly, 

the correctness of turning points forecasts may yield important information for 

financial decisions such as market timing. The results should be tested 

statistically which can be done using the second approach, encompassing tests. 

For the evaluation metric approach, two statistical criteria are considered: 

normalized mean square error (NMSE) and correct sign predictions (sign) 

(Pesaran and Timmerman, 1990; Moosa, 2000). The NMSE measures the 

magnitude of the forecasting error and the sign metrics estimates the 

correctness in predicted directions. Their formulas are 
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The second approach, encompassing tests, can be described as follows. 

When a forecast does not carry any additional information compared to a target 

forecast, it is said to be encompassed (Sollis, 2005). In this study, the null 

hypothesis of encompassing test is that the SVR based forecasts encompass 

those by the benchmark methods. We consider three encompassing tests: OE 

statistic by Ericsson (1992), HLN test by Harvey et al. (1998), and CM test by 

Clark and McCracken (2001). Assume that  and  are sets of forecast 

errors of SVR and the benchmark method, respectively, and that there are n of 

these forecasts. Three statistics and their distribution can be expressed as 

1te 2te


1

1 1 2
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where , 1 1 2( )t t t tc e e e  1

1

n

t
t

c n c



  , and 2MSE  is the mean squared 

forecasting error of the competing method. The CM statistic does not follow the 

standard normal distribution, their critical values at different significance level 

are given in Clark and McCracken (2001).  

 

4.  Forecasting Performance Evaluation 

 
In this section, we investigate the forecasting performance of all candidates 
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for two financial returns: KRW/USD and SGD/USD exchange rates. 

 

4.1.  Comparing SVR Based Forecasts with the Candidates 
 

Table 1 presents the forecasting performance of ARSVR and three 

competing approaches at 1-, 5- and 20-day horizons, in which the upper panel 

displays the results of two quantitative metrics (NMSE and sign) and the lower 

panel shows the corresponding average rankings.  

 

Table 1 Measures of forecasting performance of various methods for exchange rate 

returns 

ARSVR 
samples horizons metrics RW AR ARNN 

linear polynomial Gaussian

NMSE 215.72 103.20 100.73 100.59 100.80  100.07 
1 

sign 50.85 47.46 62.71 62.71 59.32  61.02 

NMSE 191.24 105.53 104.21 102.42 102.97  100.72 
5 

sign 55.93 42.37 66.10 64.41 67.80  67.80 

NMSE 195.14 100.83 100.43 100.04 100.06  100.37 

KRW/USD 

20 
sign 50.85 55.93 61.02 59.32 61.02  62.71 

NMSE 168.94 104.59 102.71 102.66 100.06  103.31 
1 

sign 52.54 57.63 54.24 55.93 57.63  61.02 

NMSE 189.46 103.91 102.04 102.36 101.98  102.38 
5 

sign 52.54 59.32 55.93 55.93 61.02  59.32 

NMSE 207.32 106.97 105.96 105.05 104.43  104.24 

SGD/USD 

20 
sign 50.85 49.15 61.02 61.02 61.02  57.63 

NMSE 6 5 4 1 2 2 
1 

sign 6 5 3 2 3 1 

NMSE 6 5 4 2 1 2 
5 

sign 6 4 3 4 1 2 

NMSE 6 5 4 1 1 1 
20 

sign 5 5 1 3 1 3 

NMSE 6 5 4 1 1 3 

Rankings 

Averaged 

Across 

Two 

Samples 

average
sign 6 5 3 4 1 2 

Note: "average" is the average ranking over two samples and over all the forecast 

horizons. 

 

 First, we compare the forecasting performance between ARSVR and AR. 

Obviously, the ARSVR consistently behaves better than AR estimated by MLE in 

forecasting exchange rates magnitude in terms of NMSE metric. For example, 

the values of NMSE in 1-period-ahead forecast for KRW are about 100% for 
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three kinds of ARSVR but reach to 103.2% for AR. The sign metric reveals that 

ARSVR also has a superior ability to simple AR in forecasting the turning points 

just with two exceptions: 1- and 5-day-ahead direction forecast for SGD, in 

which ARSVR with linear kernel are all inferior to AR.  

Then, we evaluate the forecasting ability between ARSVR and ARNN. Again, 

based on the NMSE rankings averaged across two returns, ARSVR with 

different kernels generally produces more accurate post-sample forecasts than 

ARNN at different horizons in forecasting the returns magnitude. However, 

according to sign metric, ARNN also predicts the directions of change not bad. 

It even dominates some kinds of ARSVR in 1- and 5-day-ahead forecast for 

KRW and 20-day-horizon for both series. Of course, in other cases, ARSVR still 

performs better than ARNN in forecasting the turning points.  

As Table 1 denoted, the simple random walk model (RW) always performs 

the worst in any case. In a word, according to the average rankings of two 

samples and three horizons, three kinds of ARSVR are top three methods on 

NMSE grounds. This is followed by ARNN, while RW is ranked last. The 

situation is the same as that according to sign metric except that ARSVR with 

linear kernel and ARNN change the ranking turn. 

 

Table 2 Encompassing tests in forecasting exchange rates 

RW vs. ARSVR AR vs. ARSVR ARNN vs. ARSVR 
Horizons Statistic

KRW/USD SGD/USD KRW/USD SGD/USD KRW/USD SGD/USD

OE 0.0095  0.0992 0.9367 -1.5898 0.9512  -1.6359 

HLN 0.0154  0.0898 0.0661 -0.2423 0.1187  -0.1964 1 

CM 0.3969  0.1833 0.7055 -0.1032 0.3698  -0.6332 

OE -0.0096  0.0889 1.8110* -1.7559* 1.1100  1.9058* 

HLN -0.0092  0.1090 0.0272 -0.1459 0.0287  -0.0101 5 

CM -0.2390  0.8511 0.3951 -0.4681 0.3708  -0.0092 

OE 0.0219  -0.0359 -1.2880 1.7346* -1.0380  -0.5726 

HLN 0.0388  0.0544 0.1241 -0.2032 0.1225  0.1655  20 

CM 1.2432** 0.7142 1.6603** -0.6288 1.4414** 0.1417  

Note: * and ** denote significance at the 10% and 5% levels, respectively. 

 

The encompassing tests for the forecasts of exchange rate returns are 

displayed in Table 2, in which the values of ARSVR adopt the polynomial 

kernel for SGD and Gaussian kernel for KRW, the best one among three 

kernels. As for RW and ARSVR, the hypothesis that ARSVR forecasts 

encompass the random walk model is only rejected by the CM test 

at-20-horizon for KRW. In the case of AR vs. ARSVR, the null hypothesis that 

ARSVR forecasts outperform the AR is only weakly rejected by OE statistic in 

5-day-ahead forecast for both series, 20-day-ahead for SGD and rejected by 

CM at 20-day-horizon for KRW. In other situations, the null hypothesis of 
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encompassing test is not rejected by any of the tests. For ARNN vs. ARSVR, 

the null hypothesis is not rejected by HLN statistic but is only weakly rejected 

by OE at 5-day-horizon for SGD and rejected by CM test for KRW at 

20-day-horizon. In a word, the statistical encompassing tests also indicate that 

ARSVR significantly outperforms three competing methods in forecasts, which 

further justifies the conclusions obtained in Table 1 as correct. 

We plot the actual and 1-day-ahead forecasting returns by AR, ARNN and 

ARSVR in Figure 3, in which ARSVR uses the best kernel, i.e. polynomial kernel 

for SGD and Gaussian kernel for KRW – described before. The forecasts by 

random walk model were not drawn in this figure because they were just one lag 

of actual returns of exchange rates. The 60 one-day-ahead forecasts 

correspond to the out-of-sample period from September 6, 2006 through 

November 30, 2006 for both exchange rate returns. As anticipated, ARSVR 

captures the actual returns more accurately. 

5 10 15 20 25 30 35 40 45 50 55 60

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

(a) South Korean Won / US dollar

actual returns
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actual returns

AR forecast
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Figure 3 Actual and One-Step-Ahead Forecasted Returns of Exchange Rates 
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4.2.  Investigating the Sensitivity of SVR Forecasts 
 

In fact, Table 1 also describes the effect of kernel functions on the 

forecasting performance of SVR. Both metrics generally select the polynomial 

kernel as the best one for SGD and the Gaussian kernel for KRW. However, the 

linear kernel also behaves well in some situations (turning points predicting at 

1-day horizon for KRW and 20-day horizon for SGD, and 20-day-ahead 

forecast of error magnitude for KRW). No clear winner emerges and the 

preferred kernel for each case is different. Furthermore, the three kinds of SVR 

almost have similar performance each other and behave better than the 

competing methods.  

Figure 4 describes the effect of the values of C and   (epsilon) in the case 

of the one-day-ahead forecasts. The polynomial kernel is exemplified for SGD 

and the Gaussian kernel for KRW. Figure 4 (a) illustrates the NMSE (implying 

the generalization error) of SVR versus C. The regularization parameter C 

varies between values of 0.001 and 1000 for both returns, with   being 

arbitrarily chosen to be 0.3. Apparently, C is found to have almost no impact on 

the generalization error, NMSE, within a quite broad range. Figure 4 (b) depicts 

the NMSE of SVR versus  . Parameter   varies between values of 0.01 and 

0.8 for two samples, with C being fixed to be 0.1 both. As illustrated in Figure 4 

(b), the generalization error was not influenced greatly by   in some intervals. 

Of course, the insensitivity interval of   varies from the different samples. In 

this study, the better values of free parameters  are C=0.1 and  =0.3 for both 

samples. Thus, the researchers can easily choose the appropriate values of the 

free parameters according to the sensitivity analysis.  
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Figure 4 Sensitivity of ARSVR Forecasts with respect to Free Parameters 
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5.  Concluding Remarks 

 
In this paper we have investigated the post-sample forecasting ability of SVR 

for daily exchange rates of two currencies (South Korea Won and Singapore 

Dollar) against the US dollar for the period from January 2, 2003 to December 

29, 2006. The forecasting performance of SVR at different horizons has been 

compared with a linear random walk and AR model and a nonlinear ARNN by 

using two evaluation metrics and three encompassing tests. NMSE metric 

reveals that ARSVR with linear, polynomial and Gaussian kernel are top three in 

forecasting the exchange rates magnitude. This is followed by ARNN, while AR 

is ranked last. In terms of sign metric, ARNN defeats AR and linear ARSVR but 

is still inferior to other two kinds of ARSVR. Empirical analysis is in favor of the 

theoretical advantage of SVR for forecast, and the encompassing tests 

significantly confirm all these conclusions in statistical view. The sensitivity to 

kernel type and two free parameters of SVR results is also examined. It is found 

that the kernel types can affect the SVR’s forecasting performance but the 

values of free parameters are not very sensitive to the generalization error of 

SVR. Thus future research topic is either how to choose a suitable kernel 

function or to find a method insensitive to the choice of kernels. Furthermore, 

the exchange rate forecasting performance of nonparametric SVR model can 

also be investigated as opposed to the newly developed parametric models such 

as Exponential Smoothing Transitional Autoregressive Model (ESTAR) 

proposed by Taylor and Sarno (1998) and Taylor and Peel (2000). Finally, 

statistical comparison of forecasting results by bootstrap or other hypothesis 

tests proposed by, say, Diebold and Mariano (1995), is worth studying in the 

future for the nonparametric SVR approach. 
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