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Abstract:    Health trend prediction has become an effective way to ensure the safe operation of highly reliable systems, and online 
prediction is always necessary in many real applications. To simultaneously obtain better or acceptable online prediction accuracy 
and shorter computing time, we propose a new adaptive online method based on least squares support vector regression (LS-SVR). 
This method adopts two approaches. One approach is that we delete certain support vectors by judging the linear correlation 
among the samples to increase the sparseness of the prediction model. This approach can control the loss of useful information in 
sample data, improve the generalization capability of the prediction model, and reduce the prediction time. The other approach is 
that we reduce the number of traditional LS-SVR parameters and establish a modified simple prediction model. This approach can 
reduce the calculation time in the process of adaptive online training. Simulation and a certain electric system application indicate 
preliminarily that the proposed method is an effective prediction approach for its good prediction accuracy and low computing 
time. 
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1  Introduction 
 

In recent years, health condition diagnosis and 
prognosis technology has been an effective technique 
for the reliability and safety of complex systems. With 
the wide use of electronic systems in complex sys-
tems, electronic systems have become the key to the 
reliability of the whole system. According to the data 
collected from the electronic system, we can infer the 
health condition, determine the fault location, analyze 
the health condition, predict the future failure, and 
then give the necessary maintenance tips.  

Based on statistical theory and the structural risk 

minimization principle (Vapnik, 1995), support vec-
tor machine (SVM), which characterizes a simple 
model structure, has excellent classification and 
generalization ability in solving learning problems 
(Vapnik, 1998). Its hidden layer can be adjusted 
automatically so that the complexity of machine 
learning can be consistent with the actual problem. 
SVM-based methods have received extensive atten-
tion in electronic system health condition diagnosis 
and prognosis. 

For regression or prediction, the SVM-based 
model is called support vector regression (SVR). SVR 
is determined endogenously as part of the optimiza-
tion problem, which has a unique solution of a (con-
vex) quadratic programming (QP) problem. The so-
lution of the QP problem provides the necessary in-
formation for choosing the most important data points, 
called support vectors. Based on SVR formulation, 
SVR uniquely defines the estimated regression func-
tion. SVR exhibits better accuracy in nonlinear and 
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non-stationary prediction via the kernel function in 
practice (Pang et al., 2011). For large sample data, 
however, the QP problem is more complex and will 
cost much more computing time. Thus, least squares 
support vector regression (LS-SVR) was proposed by 
Suykens and Vandewale (1999). As a well-known 
supervised machine learning technique, LS-SVR has 
been applied successfully to prediction applications 
(Suykens et al., 2002; Guo et al., 2009; Guo and Guan, 
2010; Zhao et al., 2011; Qu and Zuo, 2012). In 
LS-SVR, the loss function is replaced by the equality 
constraints to accelerate the training process, and 
fewer tuning parameters are involved. So, the training 
time of LS-SVR is improved greatly. However, in 
practice of online prediction using LS-SVR, we 
should consider the prediction accuracy and time cost 
synchronously. According to the new information 
principle (Deng, 2004), researchers used an adaptive 
algorithm (Zhang and Wang, 2006); i.e., they re-
moved the data located farthest from the prediction 
point when new data was added to the sample data set, 
to improve prediction accuracy by enriching the pre-
diction information and reduce computing time by 
keeping the amount of training sample data. 

One drawback should be considered; i.e., all the 
training sample data is selected as support vectors in 
LS-SVR. This will lead to redundant information 
entirely fitting to LS-SVR and lack of sparseness 
compared with SVR (Müller et al., 1997; Schölkoph, 
et al., 1999). These influence the generalization ca-
pability of LS-SVR and the training complexity, 
giving rise to increase in prediction time. Moreover, 
the low generalization capability will cause low pre-
diction accuracy in practice, because many uncertain 
factors exist in the sample data, such as noise.  

Aiming at the existing problems of adaptive 
online prediction based on LS-SVR, we propose a 
new regression scheme, which modifies the tradi-
tional LS-SVR to a more simple form and applies a 
new method based on linear correlation to prune the 
support vectors. A sparseness method is used to im-
prove the generalization capability of the prediction 
model and reduce the prediction time, and a new 
simple prediction model is used to reduce the adaptive 
calculation time in training. This way, the increase in 
training time due to the sparseness process can be 
avoided. Simulation and a certain electronic system 

application indicate that the proposed scheme satis-
fies the requirements of actual applications, including 
good accuracy and less computing time. 

 
 

2  Least squares support vector regression 

 
Given the labeled data set S={(xi, yi)|i=1, 2, …, 

n}, where xiú
d is the input sample, and yiú is the 

corresponding output label or target value, LS-SVR 
begins with approximating an unknown function in 
the primal feature space using the following equation: 

 
T( ) ( ) ,f b x w x

 
                     (1) 

 
where φ(·): úd→F is a nonlinear function which maps 
the input data to a higher dimensional feature space, w 
is the coefficient value, and b is the bias term. The 
idea of LS-SVR is to estimate w and b that optimize 
the generalization ability of the repressor by mini-
mizing the regularized loss function. 

LS-SVR preserves the following characteristics: 
the error variable ei is used to control the deviations 
from the regression function, and a squared loss 
function is used to replace the insensitive loss func-
tion. This way, the following optimization problem is 
given: 
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where the parameter c

 
determines the trade-off be-

tween the model complexity and the goodness of fit to 
the sample data. To solve this optimization problem, 
its Lagrangian function is constructed as follows: 
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where αi is the ith Lagrangian multiplier. Eq. (3) sat-
isfies Karush-Kuhn-Tucker (KKT) conditions and its 
solution can be obtained by partial differential with 
respect to w, b, ei, and αi, shown as follows: 
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After eliminating w and ei 

from Eq. (4), we obtain the 
solution with the following matrix form: 
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where 1n is an n-dimensional vector of all ones, I is a 
unit matrix, α=[α1, α2, …, αn]

T, y=[y1, y2, …, yn]
T, and 

Ki,j=k(xi, xj)=φ(xi)
Tφ(xj). Let H=K+I/c. We have the 

following equations from Eq. (5): 
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Thus, Lagrangian dual variables α and bias term b  are 
obtained solely by 
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Any unlabeled input x can thus be estimated by the 
following function: 
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Eq. (8) shows that the kernel function is a key issue 
which greatly influences the performance of LS-SVR. 
The kernel functions of LS-SVR are Mercer functions, 
which meet the Mercer condition. The main kernel 
functions used by LS-SVR include the polynomial 
kernel function, radial basis function (RBF) kernel 

function, and sigmoid kernel function. Due to the 
better goodness of fit and generalization ability, the 
Gaussian RBF function is one of the most common 
kernel functions, and we choose it as the kernel 
function in this study. 
 
 
3  The proposed adaptive online prediction 
method 

 
In many adaptive online prediction applications, 

fast and accurate prediction is the basic requirement. 
To meet the demand, we modify the traditional 
LS-SVR with a simple form and propose a novel 
method to prune the support vectors in this section. 

3.1  Linear correlation based method of pruning 
support vectors 

For the prediction with LS-SVR, because almost 
every sample data will be a support vector, LS-SVR 
has one main drawback, i.e., lack of sparseness. In 
order to obtain a sparseness solution, several methods 
(Suykens et al., 2000; Keerthi and Shevade, 2003; de 
Kruif and de Vries, 2003; Hoegaerts et al., 2004; Zeng 
and Chen, 2005; Jiao et al., 2007) were proposed. The 
basic idea of these schemes is to find the smaller 
indication value of the support vector first, and then 
remove the corresponding training samples. It is ob-
vious that the idea of the reported schemes is simple, 
but all the schemes require computation duplication in 
solving the linear equations group (Chen et al., 2007; 
Zhou et al., 2009). For this reason, these schemes are 
not suitable for adaptive online prediction. 

In this study, we consider removing the support 
vectors by judging the linear correlation among the 
sample data in the mapping space. This proposed 
method is based on the vector-based learning theory 
(Cawley and Talbot, 2002; Yaakov et al., 2002). It can 
be described as follows. 

Suppose φ(xk) is one of the n  support vectors in 
the high-dimensional feature space. If and only if λi=0 

(i≠k), the equation 
1,

( ) ( )k

n

i ii i k
 

 
 x x  holds. 

Here xk is called the base vector (BV) and the set 
consisting of xk is called the base vector set (BVS). To 
reduce the number of support vectors and obtain a 
sparseness result in LS-SVR, any support vector that 
is linearly related to the BV can be deleted. Assume 
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that there are n support vectors in the sample data and 
that the BVS currently includes m support vectors 
(m<n). If the (m+1)th sample xτ cannot be represented 
by a linear combination of the m support vectors in 
the high-dimensional feature space, it will be added to 
the BVS; otherwise, it does not join in the BVS. 

The requirement for strict linear dependence 
may lead to numerical instabilities (Yaakov et al., 
2002). This means that the new sample data may not 
be absolutely linearly dependent on the existing 
support vectors. Thus, for the sample data xτ, we will 
be content with finding coefficients λτ,i 

with at least 
one non-zero element satisfying the approximate 
linear dependence condition: 
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where υ is a small positive constant. Rewrite Eq. (9) 
to the following optimization problem based on the 
idea of Yaakov et al. (2002): 
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By minimizing Eq. (10), we can obtain the linear 
correlation coefficients λτ=[λτ,1, λτ,2, …, λτ,m]. To re-
duce the amount of BV, we may sometimes prefer to 
sacrificing the optimality of λτ. According to experi-
ence, let υ=||λτ||

2/(mc2), which is an l2 norm regulari-
zation. The minimization problem defined in Eq. (10) 
can be rewritten as  
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where c is the same as the LS-SVR regularization 
parameter c. Solving Eq. (11) and if δτ′ is larger than 
zero, add xτ to the BVS; otherwise, drop it.  

Thus, we can draw a reasonable conclusion that 
the proposed scheme will hold back much of the in-
formation and will not lose too much useful informa-
tion because it is based on linear correlation. So, the 
prediction accuracy will not be reduced largely while 
the model’s generalization ability is improved. 
Compared with traditional LS-SVR, although this 
processing increases the calculation time, most pa-
rameter values have already been computed and 
stored in the process of setting up the prediction 
model. Therefore, the training time will not increase 
much, and the prediction time will be reduced greatly 
owing to fewer support vectors. Moreover, the pro-
posed method can avoid a difficult problem in Yaa-
kov’s scheme, i.e., parameters selection, as no rules 
have been reported to solve the problem. 

3.2  Modified simple prediction model based on 
LS-SVR  

For the known adaptive online prediction me-
thods based on LS-SVR, the parameters of LS-SVR, 
such as Lagrangian multipliers and the bias term, 
always need to be recalculated. To further reduce the 
computing time, based on Yaakov et al. (2002), we 
propose a simple LS-SVR based prediction model. 

The scale of the training sample data remains 
unchanged for the adaptive algorithm; i.e., the sample 
data is always moved as a window. We use a window 
size of length l, and the training sample data is de-

scribed by the input  
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yt(t)]

T. As time goes on, the new sample data is added 
and the oldest one is removed. In this subsection, we 
give an approach to eliminating the bias term b. 

Let w(t)=[w(t)  b/γ]T and i(t)=[φi(t)  γ]
T, where γ 

is a constant and φi(t) is the mapping function of the 
ith input data at time t. Then rewrite the optimization 
problem of Eq. (2) as follows: 
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The solution of Eq. (12) is obtained after constructing 
the Lagrangian function 
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where ai(t) is the ith Lagrangian multiplier at time t. 
The optimality conditions are shown as follows: 
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The solution to Eq. (14) is given by Eq. (15) (at the 
bottom of this page) after eliminating ei(t) and w(t). 
Let 
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where I is an l×l identity matrix. Then the new re-
gression function is presented as follows: 
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According to Eqs. (16) and (17), when the new sam-
ple data pair (xt+1(t), yt+1(t)) or (xt(t+1), yt(t+1)) is 
added and (xt−l+1(t), yt−l+1(t)) is dropped, we do not 
need to compute b. This way, at time t+1, a can be 
calculated via Eq. (16), i.e., a(t+1)=y(t+1)H(t+1)−1. 
Here H(t) can be rewritten as  
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v(t+1)=φt(t+1)Tφt(t+1)+γ2+1/c, φt(t+1)=φt+1(t), and 
H(t+1)−1 can be computed quickly using the block 
matrix approach (Cowen, 1996). 

It is obvious that the modified prediction model 
is simple, and it may be applied to reduce the com-
puting time due to fewer parameters. 

3.3  The proposed adaptive online prediction 
method 

Following the analysis in Sections 3.1 and 3.2, 
we can obtain the regression function and set up the 
simple prediction method.  

First, we choose two sample data corresponding 
to the two largest Lagrangian multipliers as the initial 
BV. When the rth support vector sample data xr 

is 
mapped to the high-dimensional feature space, φ(xr) 
depends linearly on the other existing support vectors 
(Eq. (20)). This new support vector can be moved 
away. 

1

( ) ( ),
m

r j j
j




x x                      (20) 

 
where λj 

is a constant coefficient, m is the number of 
independent support vectors contained in the BVS. 
Substituting Eq. (20) into Eq. (17), Eq. (17) can be 
rewritten as follows: 
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(21) 

 
where xj is the sample data corresponding to BV. By 
inference from Eq. (21), we obtain a new regression 
function with the BV. It can be described as 
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m

i i
i
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 x x x x           (22) 

Here, βi is combined with the Lagrangian multiplier 
and the linear combination coefficient. 

In this case, we can use the modified simple 
prediction model and the proposed sparseness method 
to execute the adaptive online prediction. The pre-
diction steps are described as follows: 

1. Initialize t and choose appropriate basis ker-
nels γ and window size l. 

2. Compute H(t) and a(t). 
3. Judge linear correlation and prune support 

vectors and compute the new BV-based Lagrangian 
multiplier β(t). 

4. Set up the simple prediction model and predict 
yt+1(t) or yt(t+1). 

5. Add (xt+1(t), yt+1(t)) to the sample data and 
delete the oldest one, then let t←t+1, and return to 
step 2. 

To evaluate the prediction accuracy, we use the 
root mean square error (RMSE) metric: 

 

2

1

1
ˆRMSE ( ( ) ( )) ,

n

i i
k

y k y k
n 

 
         

 (23) 

 
where n is the size of the original test sample data and 
yi(k) and ˆ ( )iy k  are the prediction and actual values, 

respectively. 
 
 
4  Simulation and real application 
 

To evaluate the efficiency of the proposed 
methods, we perform two simulations and an appli-
cation experiment, using MatlabR2011b with LS- 
SVMlab1.8 Toolbox under the Windows XP operat-
ing system (The software and guide book can be 
downloaded from http://www.esat.kuleuven.be/sista/ 
lssvmlab).  

4.1  Simulation and results analysis 

The two simulations are carried out to estimate 
our approaches presented in Sections 3.1 and 3.2. One 
is to test the proposed sparseness method based on 
linear correlation (Simulation 1), and the other is to 
test the modified simple prediction model (Simulation 
2). All tests are run 50 times. 

We perform the simulations with x=sin t/t+ξ de-
fined on the interval t[0.1, 20]. Here ξ is Gaussian 
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noise with standard 0.01; i.e., the simulations are 
implemented on a random set of samples corrupted by 
an additive zero-mean Gaussian noise. We select 200 
values of x as the sample data and set the first 100 
values as the training sample data points. Any con-
tinuous 11 data points are taken as a sample, where 
the first 10 data points compose an input sample 
vector and the last one as the output vector. Thus, in 
the simulation, we have 90 training data points. Then 
we predict Nos. 101 to 200 data points using the 
trained model. 
Simulation 1    According to Chen et al. (2011), the 
classification or prediction accuracy of LS-SVR is 
almost the same when υ≤0.001. We thus compare the 
proposed method with traditional LS-SVR and Yaa-
kov’s scheme (Yaakov et al., 2002) with υ=0.01 and 
υ=0.001, respectively. Here the Gaussian RBF kernel 
k(x, y)=exp[−||x−y||2/(22)]

 
with standard deviation 

2=3 is chosen as the kernel function. The mean 
values of training time (TrTime), prediction time 
(PrTime), prediction RMSE and the number of sup-
port vectors (NSV) are measured. The prediction 
results are shown in Figs. 1–3 and Table 1. 

Figs. 1–3 and Table 1 show that using the pro-
posed sparseness method although the sparseness 
process causes the training time to increase, we can 
still obtain the following conclusions: (1) The pro-
posed sparseness method has good prediction accu-
racy, specifically, better than Yaakov’s scheme with 
υ=0.01 and almost the same as the traditional LS- 
SVR and Yaakov’s scheme with υ=0.001; (2) The 
proposed sparseness method costs the least prediction 
time under similar prediction accuracy. This may be 
due to the fact that the linear correlation based 
sparseness strategy ensures the information in the 
data to be maximally retained and the sparseness 
prediction model improves the generalization capa-
bility to improve the model’s adaptability to noisy 
sample data. The other important merit is that the 
proposed sparseness method can avoid parameter 
selection. Thus, it may be more valuable in practice. 
Simulation 2    We compare the following two meth-
ods: one is the modified simple prediction model and 
the other is the traditional LS-SVR. The selection of 
the kernel function and parameters is the same as in 
Simulation 1. The prediction results are reported in 
Table 2. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1  Prediction results in Simulation 1 
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Fig. 2  Prediction RMSE in Simulation 1 
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Fig. 3  Prediction RMSE of traditional LS-SVR, Yaa-
kov’s scheme with υ=0.001, and the proposed sparseness 
method in Simulation 1 

Table 1  Prediction results of Simulation 1 

Method TrTime (s) PrTime (s) RMSE NSV

Traditional LS-SVR 1.1856 1.1790 0.0584 90

Yaakov’s scheme 

υ=0.01 1.3072 1.0961 1.6642 74

υ=0.001 1.7384 1.1733 0.0583 86
Proposed method in 

Section 3.1 
1.4725 1.1040 0.0595 77
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Table 2 shows that the modified simple predic-

tion model can reduce the computing time with the 
same prediction accuracy as traditional LS-SVR. The 
reason may be that the modified LS-SVR model has 
fewer parameters, which reduces the computing 
complexity. 

4.2  A real application and results analysis 

The proposed adaptive online prediction method 
is applied on a certain electronic system to demon-
strate its efficiency. We compare two methods on 
prediction accuracy and computing time. One method 
is the traditional adaptive online prediction based on 
traditional LS-SVR (Method 1) (Zhang and Wang, 
2006). The other method is the modified simple pre-
diction model with the linear correlation-based 
sparseness method (Method 2). We collect 5000 data 
points from the raw data as training and testing sam-
ples (Fig. 4). The first 2500 data points are taken as 
the 2490 initial training samples; i.e., we take any 11 
continuous data points as a sample, where the first 10 
data points compose an input sample vector and the 
last one as the output vector. Then we predict Nos. 
2501 to 5000 data points. To avoid overfitting, we run 
the prediction 100 times and take the average of the 
results.  

Here we choose the Gaussian RBF kernel with 
2=5 as the kernel function. Other parameters are 
c=100 and γ=200.The results are shown in Figs. 5–7. 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 
 
 
 
 
 
To show the prediction results more clearly, we 

report the results in Table 3. 
 
 
 
 
 

Table 2  Prediction results of Simulation 2 

Method TrTime (s) PrTime (s) RMSE

Traditional LS-SVR  1.1856 1.1790 0.0584
Modified simple prediction 

model in Section 3.2 
0.8824 1.1801 0.0584
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Fig. 4  Raw data of the application  

Table 3  Prediction results of the application experiment 

Method TrTime (s) PrTime (s) RMSE 
1 158.2672 64.4453 3.5738 

2 140.0364 51.8336 3.3639 
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Fig. 5  Prediction results of the application 
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Fig. 6  Prediction RMSE of the application using Method 1

Fig. 7  Prediction RMSE of the application using Method 2
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Table 3 and Figs. 3–5 show that the proposed 
adaptive online prediction method has better predic-
tion accuracy and less computing time. This may be 
due to the fact that we prune the support vectors by 
judging the linear correlation among the support 
vectors, and we modify the LS-SVR model to reduce 
the number of parameters in the model. The pruning 
method and modified LS-SVR model can reduce the 
prediction time, improve the prediction accuracy, and 
cut down the training time. The proposed method 
meets the requirements of fast and accurate prediction. 
 

 
5  Conclusions 

 
We deal with the issue of adaptive online pre-

diction based on LS-SVR. We use two approaches to 
achieve good prediction accuracy and less computa-
tion time. First, we remove the support vectors by 
judging the linear correlation. This approach can 
control the loss of useful information in the sample 
data, improve the generalization capability of the 
prediction model, and reduce the prediction time. 
Second, we reduce the number of LS-SVR model 
parameters and establish a modified simple prediction 
model. This means that less calculation time is con-
sumed in the process of adaptive online training. 

We conduct two simulations to assess the pro-
posed methods and apply them to a real electronic 
system, to demonstrate the effectiveness of the pro-
posed adaptive online prediction method via com-
parison with the traditional scheme using LS-SVR. 
The results show that the sparseness method and the 
modified simple prediction model have better per-
formance, and the adaptive online prediction method 
combining the two proposed approaches is suitable 
for practical applications. 
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