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Abstract:    Selecting the optimal parameters for support vector machine (SVM) has long been a hot research topic. Aiming for 
support vector classification/regression (SVC/SVR) with the radial basis function (RBF) kernel, we summarize the rough line rule 
of the penalty parameter and kernel width, and propose a novel linear search method to obtain these two optimal parameters. We 
use a direct-setting method with thresholds to set the epsilon parameter of SVR. The proposed method directly locates the right 
search field, which greatly saves computing time and achieves a stable, high accuracy. The method is more competitive for both 
SVC and SVR. It is easy to use and feasible for a new data set without any adjustments, since it requires no parameters to set. 
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1  Introduction 
 

Support vector machine (SVM) is a popular 
machine learning method introduced by Vapnik in 
1970s, based on statistical learning and structural risk 
minimization. Some machine learning methods, such 
as neural network and the genetic algorithm, have 
problems of dimensionality curse, excessive learning, 
and local optimization. SVM effectively overcomes 
these difficulties (Vladimir and Vapnik, 2000; Deng 
and Tian, 2004) and is widely used in various fields, 
for example, pattern recognition (text classification 
(Wang and Chiang, 2007), face detection (Roohi et al., 
2007), etc.), image classification and retrieval (Kim et 
al., 2007), system control (Suykens et al., 2001), 
function approximation (Vapnik et al., 1997), and 
time series prediction (Lau and Wu, 2008; Sa-
pankevych and Sankar, 2009). 

Due to SVM’s high dependency on a proper set-

ting of its parameters, the main issue is how to effec-
tively find the optimal parameters. Aiming for the 
radial basis function (RBF) kernel, in support vector 
classification (SVC) we need to set penalty parameter 
C and kernel width γ, and in support vector regression 
(SVR) there is one more parameter, epsilon parameter 
ε, to set. The various methods to set SVM parameters 
can be grouped into four types: (1) grid search, such 
as four-step search (Po and Ma, 2002) and diamond 
search (Zhu and Ma, 1997); (2) direct setting of pa-
rameters using empirical formulas (Cherkassky and 
Ma, 2004; Cristianini et al., 2006); (3) metaheuristic 
algorithms, such as particle swarm optimization 
(Huang and Dun, 2008) and the genetic algorithm 
(Huang and Wang, 2006); and (4) others, such as 
linear search (Keerthi and Lin, 2003), which is based 
on asymptotic behavior rules of parameters, and the 
gradient descent method (Bengio, 2000; Chapelle et 
al., 2002). The prime grid search method, which 
searches all the points on the grid, achieves a high 
accuracy, but costs too much computing time. The 
direct-setting method performs rapidly but hardly 
guarantees accuracy. Metaheuristic algorithms do 
offer good results and are of good generality, but it is 
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still necessary to choose their own proper parameters 
(e.g., crossover rate, mutation rate, and initial popu-
lation) for the algorithms when they are used to op-
timize SVM parameters. 

In this paper, a novel linear search method is 
proposed to obtain the optimal C and γ effectively. 
This method requires no extra parameters to set and 
guarantees high accuracy and stability with less 
computing time. As for ε, we use an existing formula 
with thresholds to set it directly. 
 
 

2  Brief principle of SVM 

2.1  Principle of SVR 

SVM is a powerful tool for solving classification 
and regression problems. It is used basically for bi-
nary classification. Regression problems, however, 
can be transformed equivalently to classification 
problems. The key idea of binary SVC is to map the 
original data from the input space to a high dimen-
sional space using some mapping function ψ(X), so 
that the nonlinear problem in a low dimensional space 
can be transformed to a linear quadratic programming 
problem in a high dimensional space (Vladimir and 
Vapnik, 2000; Deng and Tian, 2004). As shown in  
Fig. 1, ‘○’ and ‘−’ represent two types of data. The 
original nonlinear problem is to search for the optimal 
elliptic curve to separate these two types of data in the 
2D space. By using ψ(X) the original nonlinear 
problem can be transformed to a linear problem of 
searching for the right hyper-plane to separate the 
points in the 3D space. Obviously, it is easier to 
search for a plane than to search for a curve. 

 
 
 

 
 
 
 
 
 
 
 
 
 

Given a set of data {(X1, y1), (X2, y2), …, (Xn, 
yn)}, where the vector Xi=(xi1, xi2, …, xik)ú

k (i=1, 
2, …, n) is the input vector denoting k attributes of 

samples and has its corresponding value yi, the prob-
lem is to obtain the objective function f(X) to fit to 
points (Xi, yi). Mapping function ψ(X) is to transform 
f(X) to a linear function in the feature space: 
f(X)=W·ψ(X)+b. We can directly set up the primal 
optimization problem of SVR: 
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where ξi is a slack variable depicting the estimation 
error for each point, and C is a penalty parameter 
punishing the total error of the training set. ε is in-
troduced from the ε-insensitive loss function 
(Vladimir and Vapnik, 2000) to measure estimation 
quality. If the point lies inside the ε-tube (i.e., ξi≤ε), 
the error will be ignored. Otherwise, it will be penal-
ized (Fig. 2). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

The optimization Eq. (1) is usually transformed 
to its dual problem by introducing the Lagrange mul-
tipliers α=(α1, α1', α2, α2', …, αn, αn') (0≥αi≥C, 
0≥αi'≥C). The vector Xi corresponding to αi (0≥αi≥C, 
0≥αi'≥C) are support vectors. A final decision function 
can be obtained:  
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Here the optimal Lagrange multiplier α*=(α1
*, α2

*, …, 
αn

*) is the optimization solution, and K(Xi, Xj) is a 

Fig. 2  ε-tube for support vector regression (SVR) 
f(X) is the objective function that we need to find to fit to 
points. The ε-tube is the area between the two dotted lines 
which are shifted up/down by ε from f(X). Errors of points 
inside the ε-tube are ignored when the ε-insensitive loss 
function is used 
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Fig. 1  Space mapping using a mapping function 
‘○’ and ‘−’ represent two types of data 
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kernel function defined as 
 

( , ) ( ) ( ).  i j i jK X X X X               (3) 

 

A function satisfying Mercer’s condition can be 
accepted as a kernel function, which means its cor-
responding mapping function exists. Some common 
kernels are listed as follows (Scholkopf and Smola, 
2002): 
 

Linear kernel: K(Xi, Xj)=Xi·Xj;  
Polynomial kernel: K(Xi, Xj)=(Xi·Xj+1)d; 
Radial basis function kernel:  

K(Xi, Xj)=exp(−γ||Xi−Xj||)
2; 

Sigmoid kernel: K(Xi, Xj)=tanh(C1(Xi·Xj)+C2). 
 
Eq. (2) shows that only penalty parameter C and 

the kernel function need to be ascertained to solve the 
regression problem using SVR, regardless of the 
mapping function and the concrete high dimensional 
feature space. 

2.2  Connection between SVC and SVR 

To use deductions of SVC to support our sum-
marized rule of SVR theoretically, it is necessary to 
point out the connection between SVC and SVR.  

The training data of SVC has the same form  
(Xi, yi) as SVR, while yi could just take the limited two 
values ±1 denoting two categories. As shown in Fig. 2, 
the regression problem to find the fitting curve f(X) 
can be equivalently transformed to a classification 
problem of separating the two sets D+={(Xi, yi−ε), +1} 
and D−={(Xi, yi+ε), −1} (Bi and Bennett, 2003). Here 
points shifted up by ε gather around the curve f(X)+ε 
and form D+, and points shifted down by ε gather 
around the curve f(X)−ε and form D−. The only dif-
ference is that the dimensionality of the input vector 
Xi'=(Xi, yi+ε) is increased by one. Thus, we can say 
SVR is equivalent to SVC. 
 
 
3  The preparation work 

3.1  Kernel selection and order of parameter  
selection  

As the RBF kernel is applicable in different 
situations for its wider convergence domain and has 
been accepted as the most common and ideal kernel 
(Scholkopf and Smola, 2002), we choose it for our 

experiments. Now we just need to ascertain epsilon 
parameter ε, penalty parameter C, and kernel width γ. 

These three parameters are not entirely de-
pendent on each other; searching for the optimal pa-
rameter one by one is therefore not advisable. The 
experiment results show that the estimation error map 
of parameter pair (C, γ) takes on a similar trend with 
different values of ε (details in Section 4.1), and has 
nearly the same optimal pair when ε varies little. This 
indicates that the selection of ε is independent of the 
pair (C, γ) to some degree (details in Section 5.1); 
hence, ε can be separated out. Our method to set the 
three optimal parameters is to set the optimal ε first 
and then to search for the optimal (C, γ) using the 
proposed method. How to set ε is illustrated in detail 
in Section 5.3.1. Next we focus on how to obtain the 
optimal pair (C, γ) first. 

It is well known that letting the C and γ grow 
exponentially is a practical method to identify good 
parameters. An r×r uniform grid in the 2D logarith-
mic coordinate space (C'=log2 C, γ'=log2 γ) is usually 
used. The point in the grid represents a parameter pair 
(C', γ'). Here we perform experiments on a 21×21 
uniform grid where C' and γ' both have a range 2−10, 
2−9, …, 29, 210. Among several performance measures, 
we use the fivefold cross validation error (CV-error) 
to measure the performance (Duan et al., 2003).  

3.2  Asymptotic behavior of (C', γ') for SVC and 
the linear search method 

Before presenting our proposed method, we 
have to introduce Keerthi and Lin (2003)’s asymp-
totic behavior and their linear search method, since 
part of their conclusions can support our summarized 
rule for SVR theoretically. Moreover, their method 
will be used for a comparison with our method. 

Keerthi and Lin (2003) drew two conclusions for 
SVC based on mathematical deduction (Fig. 3): (1) 
There does exist a good region (in which (C', γ') is 
most likely to have a small CV error), which is lo-
cated in the center part of the grid and separated from 
the overfitting/underfitting region by a contour line. 
(2) When γ takes a small value (i.e., σ2=1/γ is large), 
all classifiers trained by points on the straight line 
log σ2=log C−log C0 are nearly the same (in the loga-
rithmic coordinate space, the line is −γ'=C'−C0', and 
its slope is −1). When γ approaches the limit value 0, 
the RBF SVM classifiers approximate the linear SVM 
classifier with parameter C0'. 
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Keerthi and Lin (2003) proposed a linear search 
method based on the second conclusion, which first 
searches for the optimal C0'

* using a linear kernel and 
then searches for the best (C', γ') satisfying −γ'= 
C'−C0' using the RBF kernel. This method performs 
efficiently because it needs only to search 21+21=42 
points, while the grid search method needs to search 
21×21=441 points.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

3.3  Query about the search field of linear search 

There is a concern about the linear search 
method in theory. According to the second conclusion, 
we can indeed deduce the distribution rule of good 
points in the extreme region (where γ'−∞ or γ0): 
the classifier defined by the bold line LP in Fig. 3 with 
good C0'

* which is searched with a linear kernel has a 
smaller CV error than the one defined by the line LP1 
or LP2 with worse C0'. On the other hand, there is no 
proof of the connection between the normal good 
region and the extreme region, and we cannot con-
clude that the classifier defined by the extension line 
of LP in the good region (the bold dashed line in  
Fig. 3) has the smallest error. Stated another way, the 
distribution of good points in the good region may not 
be the same line (bold dashed line) as the one in the 
extreme region (line LP). It could be another line (for 
example, the thin dashed line in Fig. 3) or even a 
triangle or quadrilateral. Thus, the linear search 
method may locate the wrong search field, searching 
for the best point in the good region directly along the 

extension from the best line with a fixed unit slope in 
the extreme region. This concern will be confirmed 
by the following experiment results. 

 
 

4  The proposed method 

4.1  Rough line rule 

Extensive experiments based on simulation data 
and practical data were used to summarize how the 
good points with small CV errors are distributed. Grid 
maps, whose color shows the performance of SVR 
using the parameter point of the gird, are needed. 

We simulated five sets of data using sinc func-
tion y=asin x/x where a takes −5, −1, −0.1, 0.1, 1, 5 
and another five sets by adding Gaussian noise with 
15 dB to the former five sets. Eight sets of practical 
data with much more random noise are from UCI, 
Statlog, StatLib, and other collections (which are 
available on Lin Chih-Jen’s homepage, http://www. 
csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/). These 
eight sets have different numbers of attributes and 
different ranges (Table 1). The number of training/test 
examples for all the SVR data sets is 250. 

 
 

 
 
 
 
 
 
 
 
 
 

 

We implemented experiments directly using the 
grid search tool in Python language which is provided 
in Package LibSVM 3.1 by Lin Chih-Jen. It can be 
used to search for the best combination of three pa-
rameters so that we can obtain several grid maps at 
different values of ε (i.e., 2−10, 2−9, …, 29, 210). For 
every set of training data, we can obtain 21 grid maps 
with 21 different values of ε. A new grid map could be 
obtained when the number of training data sets or  
the fold of the CV error varies. Due to the space 
limitation, we just present some typical gird maps in 
Fig. 4. 

Table 1  Description of SVR data sets 

SVR data set
Number of 
attributes 

Range of the 
regression value 

abalone 8 1–26 

cpusmall 12 0–99 

housing 13 12–50 

mg 6 0.4–1.3 

mpg 7 9–46 

space_ga 6 0.1–1.0 

cadata 8 6E3–5E6 

bodyfat 14 0.99–1.10 

−γ′=C′−C0′
Underfitting 

Overfitting Underfitting 

Good region 

Extreme region

LP 

LP2 
LP1 

C′=log2 C

γ′=log2 γ 

0   

0  −∞ +∞ 

+∞ 

−∞ 

Contour line 

−45° 

Fig. 3  Good region and straight line 
The contour line does exist which seperates the good region 
from the underfitting/overfitting regions. In the extreme 
region where γ'−∞, three parallel lines are satisfying the 
expression −γ'=C'−C0' with different values of C0', and the 
bold line LP has the optimal C0'

* 
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For the simulation data, there are smaller dif-

ferences when ε or a takes a different value. In addi-
tion, grid maps always take on a similar distribution 
though the amount of training data varies. Hence, we 
just present four maps here (Fig. 4). Nothing new is 
illustrated, except that a good region does exist. The 
good region is located at the center part of the grid, 
which supports the first conclusion in Keerthi and Lin 
(2003). 

As for the practical data, we also just present 
some typical grid maps for different sets and different 
ε (Fig. 4) due to their similar trends and limited space. 
To make it clearer, we mark out the good region by 
dashed lines and the rough LP line by solid lines in 
Fig. 5. In Fig. 4, the LP line in most maps is a rough 
line (used for the proposed method) with an unfixed  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4  Grid maps obtained using three-dimensional grid search 
Coordinates of the grid map are as shown in the lower-left corner. The first row: grid maps of two sets of 200 simulation data 
(a=1), the left two maps for ε=2−2 and the right two for ε=2−6. The lower three rows: grid maps of eight sets of 250 practial data 
for different ε. Values of  ε are marked on the left side, and names of practical data sets are marked on the bottom of each map
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Fig. 5  Rough line cutting through the good region 
(housing data, ε=2−6) 
The good region is marked out by dashed lines and the rough 
LP line by solid lines 
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slope, which has a small CV error cutting through the 
good region, rather than a straight line with a unit 
slope (used for the linear search method). The rough 
line always radiates from the center part to a point on 
the below or right adjacent part. In addition, the rough 
line is several lattices wide. Therefore, we propose a 
method which searches directly along this rough line 
for the optimal point rather than in the whole grid or 
along the straight line with a fixed unit slope. 

4.2  Novel linear search method 

Novel linear search based on the above rough 
line rule first needs to ascertain the slope of the rough 
line by finding two points on the line. The detailed 
procedures are presented in the following (Fig. 6). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
1. Find the first point A on the rough line 

(marked by larger solid dots): as the rough line always 
radiates from the center part, the line LQ with a unit 
slope passing the center point (0, 0) must intercross 
with the rough line LP. The intercross point of line LP 
and line LQ must have the smaller CV-error on line 
LQ. Thus, among the points next to the center point 
on line LQ, if point A has the smallest error, it must be 
on the rough line. Hence, we search five points on line 
LQ (marked by hollow dots) for point A, which has 
the smallest CV error. 

2. Find the second point B on the line (marked by 
larger solid dots): since the rough line radiates to the 
bottom/right adjacent line, we search 30 points on the 
two adjacent lines (marked by the black dashed line) 
for point B, which has the smallest CV error. 

3. Search for the optimal point (marked by solid 
thick ‘+’) along the rough line LP: first calculate the 
slope of line LP determined by points A and B, and 
then search the points on line LP for the best point 

(C'*, γ'*). 
This method needs only to search about 5+15×2 

+10=45 points, which are much fewer than the 441 
points used in the prime grid search method. It is 
competitive with the linear search method, with a 
higher accuracy while costing nearly the same time. 
We name this method ‘novel linear search I’. 

However, the rough line is several lattices long 
and sometimes the optimal point may not be on line 
LP, but just next to it (for example, the point marked 
by thin dashed ‘+’). In this case, one widens the 
search field from line LP to both sides for high ac-
curacy. This is to search along LP, LP1, and LP2 
(which are shifted up or down by one unit from LP). 
We name this ‘novel linear search II’. This method 
needs to search 5+15×2+10×3=65 points. As a matter 
of fact, novel linear search I is able to achieve nearly 
the same accuracy as novel linear search II in most 
cases. This can be seen in Section 5.1. 

For a map with a rough line, this method is quite 
targeted while the linear search method using the 
straight line with a unit slope will fail because of its 
incorrect search field. If the map does not have a 
rough line with a small error, this method is still ef-
fective. For one thing, the method to find the rough 
line guarantees that the rough line must cut through 
the good region; for another, the points in the good 
region perform more or less the same (such as the 
third or fourth map of the first row in Fig. 4). Hence, 
this method narrows the search field from the good 
region to a line in the good region. This saves time 
while achieving nearly the same accuracy as the grid 
search. 

 
 

5  Comparison results 

5.1  Comparison of the two proposed methods 

Here we compare the two methods based on 
eight practical SVR data sets in the case ε=0.01. Table 
2 lists the optimal point, computing time, and CV 
error using the two methods. 

Table 2 shows that, in most cases, novel linear 
search I can find the same optimal point as novel 
linear search II, but saves much more time. For the 
three exceptions (space_ga, cadata, and bodyfat), er-
rors of method I increase by (0.133−0.0131)/0.0131= 
1.5%, (2128.2−2016.1)/2016.1=5.56%, and (1.2072− 
1.1994)/1.1994=0.65%, all less than 6%. Hence, novel 

Fig. 6  Skech map of the proposed method 
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linear search I is more competitive and is recom-
mended. Since SVC and SVR are equivalent, the con-
clusion is also established for SVC. Method I indeed 
performs well in all the subsequent experiments. 

 
 
 
 
 
 
 
 
 
 
 
 

 

5.2  Comparison of three methods for SVC 

To explicitly demonstrate the advantages of our 
method, we replicated the study of Keerthi and Lin 
(2003). We adopted nearly the same data sets and the 
same number of training/test examples (http://ida.first. 
fraunhofer.de/projects/bench/benchmarks.htm). The 
only two exceptions are Svmguide1 and German 
(Table 3), because we want to make the number of 
attributes range evenly. Another difference is that we 
normalized the attributes first to improve accuracy. 
The genetic algorithm is included for comparison. 
The selection, crossover, and mutation function are 
stochastic uniform function, scattered crossover, and 
Gaussian mutation, respectively. Since the two pa-
rameters to be optimized range from −10 to 10, we set 
the size of the population to 20 and the generation to 
100. Once fitness varies less than 1E-6, the genetic 
optimization will stop. Comparison results are shown 
in Table 4. 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
It is shown that our method and the linear search 

both save considerable time compared to the prime 
grid search and the genetic algorithm, and the genetic 
algorithm is the most time-consuming. As for accu-
racy, the decreased accuracy (DA) is used as a 
benchmark, which is the relative increase in error: 

 

comp gs

gs

Error Error
DA 100%,

Error


             (4) 

 

where Errorcomp is the error of the compared method 
and Errorgs is the error of the gird search. 

Fig. 7a shows DA of eight data sets using three 
methods compared with the prime grid search. We 
find that the CV-error using the novel linear search 
has increased by less than 7% for all cases, while the 
CV-error using linear search increases by more than 
15% for four cases. As for the genetic algorithm, it 
always guarantees acceptable accuracy, but its DA 
curve fluctuates drastically. The genetic algorithm 
sometimes performs better than the grid search be-
cause its search pace is much smaller, and sometimes 
worse.  

 
 
 

 
 
 
 
 
 
 

 
 

Table 4  Comparison of four methods for SVC 

(C'*, γ'*) CV-error Time (s) 
Data set 

PG LS I GS PG LS I GS PG LS I GS 

Banana (9, 4) (−2, 5) (8, 4) (8.67, 4.48) 0.0725 0.0980 0.0772 0.0800 29.02 2.86 3.33 94.95 

Svmguide1 (2, 2) (5, 1) (2, 2) (3.90, 0.74) 0.0337 0.0385 0.0337 0.0287 89.33 7.67 6.41 74.95 

Diabetes (3, −3) (6, −5) (3, −3) (0.14, −1.10) 0.2351 0.2351 0.2351 0.2500 64.26 5.49 7.59 14.17 

Image (8, 0) (4, 3) (5, 2) (7.52, 1.86) 0.0278 0.0285 0.0283 0.0260 660.5 79.3 49.36 666.40

German (6, −7) (8, −8) (5, −6) (7.85, −8.17) 0.2340 0.2660 0.2340 0.2360 103.3 59.9 12.40 173.87

Splice (2, −3) (1, −3) (1, −2) (7.33, −4.48) 0.1220 0.1260 0.1280 0.1250 1319 1113 181 2817.24

Adult (1, −4) (1, −4) (1, −4) (2.80, −5.23) 0.1623 0.1623 0.1623 0.1657 4303 2851 2253 3885.5

Web (4, −4) (10, −9) (4, −4) (9.22, −9.24) 0.0171 0.0202 0.0171 0.0182 4395 2648 2451 4248.6

PG: prime grid search; LS: linear search; I: novel linear search I; GS: genetic search 

Table 2  Comparison of the two rough line search methods*

(C'*, γ'*) CV-error Time (s) 
Data set 

I II I II I II 

abalone (1, −1) (1, −1) 0.1939 0.1939 9.20 13.40
cpusmall (5, −2) (5, −2) 0.2475 0.2475 9.22 14.60

housing (2, −1) (2, −1) 0.2099 0.2099 7.30 11.80
mg (1, 3) (1, 3) 0.0075 0.0075 4.51 8.27
mpg (−1, 1) (−1, 1) 0.1910 0.1910 5.73 9.64
space_ga (10, −8) (10, −9) 0.0133 0.0131 5.64 9.33
cadata (1, 1) (2, 1) 2128.2 2016.1 6.50 10.60
bodyfat (10, −8) (9, −8) 1.2072E-4 1.1994E-4 3.26 5.42

* ε=0.01. I and II represent novel linear search I and novel linear 
search II, respectively 

Table 3  Description of SVC data sets 

Data set k Ntr Nte N= 

Banana 2 400 4900 1200 

Svmguide1 4 800 300 800 

Diabetes 8 168 300 400 

Image 18 1300 1010 <200 

German 24 500 200  

Splice 60 1000 2175  

Adult 123 1605 29 589  

Web 300 2477 38 994  

k is the number of attributes. Ntr, Nte, and N= are the numbers of 
training examples, test examples, and training examples when novel 
linear search and linear search cost the same time, respectively 
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The initial population has a great influence on 

the final optimal result, because it is quite easy to fall 
into a local optimum. For example, the Banana set 
had four different results when the software ran four 
times. Table 5 lists another three results apart from the 
one result in Table 4. 
 
 

 
 
 
 
 
 

 
Therefore, the genetic algorithm performs in an 

unstable fashion. In contrast, the novel linear search 
and linear search perform in a relatively stable fashion. 
Fig. 7a shows that the novel linear search has higher 
accuracy than the linear search. Fig. 7b shows that the 
optimal point using our method continues to be lo-
cated next to the correct one using the grid search. 
Moreover, our method always finds the same point as 
the correct one using the grid search method. Hence, 

our method guarantees nearly the same accuracy as 
the grid search and performs stably. Undoubtedly, 
locating the correct search area is the key step for the 
next search for the optimal point. To further illustrate 
the stability of our method, we list the numbers of 
data sets corresponding to three different high accu-
racy results (ED=0, ED<3, and DA<7%) in Table 6. 
Euclidean distance (ED) between the optimal point 
searched by the compared method and the optimal 
one searched by the prime grid search is used to 
measure the accuracy of the compared method. If ED 
approximates 0, the compared method can guarantee 
nearly the same accuracy as the grid search. 

 
 
 
 
 
 
 
 
 
 
 
 
 
Table 6 shows that all the eight sets using the 

novel linear search I keep similar accuracy (DA<7%) 
to the grid search, indicating that our method locates 
the correct search area, while the optimal point found 
using the linear search is far from the right one, 
meaning that the linear search fails to locate the cor-
rect search area. 

Undoubtedly, computing time costs are pro-
duced mainly during the training. For example, the 
computing time for the Image data set increases by less 
than 0.2 s and 0.4 s for the novel linear search and 
linear search, respectively, when the number of test 
examples increases from 200 to 2000. Table 4 shows 
that the novel linear search is much faster than the 
linear search when k is not smaller than 18. In addi-
tion, even if k is small, the novel linear search is still 
faster when the number of training examples is large 
(e.g., in Svmguide1). The main reason is that the 
linear search changes the kernel type from the linear 
kernel to the RBF kernel, while novel linear search 
continues using the RBF kernel. As we know, the 
SVM program needs to calculate the matrix Q= 

Table 5  Different results of the Banana set using the 
genetic algorithm 

(C'*, γ'*) CV-error 

(6.96, 4.66) 0.0750 

(−1.59, 5.78) 0.0875 

(7.48, 4.59) 0.0700 

(8.67, 4.48) 0.0800 

Table 6  Statistics of three cases for the two methods 

Number of data sets 

Same point* Adjacent point** 
Similar  

accuracy*** 
 

LS I LS I LS I 

SVC 1 4 2 7 4 8 

SVR         

ε=0.01 1 5 2 8 1 8 

ε=0.02 0 2 0 7 2 8 

Optimal ε 0 3 1 7 1 8 
* ED=0; ** ED<3; *** DA<7%. ED: Euclidean distance; DA: de-
creased accuracy. LS: linear search; I: novel linear search I 

(b) 

Fig. 7  Comparison of the three methods 
(a) The decreased accuracy (DA) compared with grid search; 
(b) Euclidean distance of the two optimal points obtained 
using linear search, rough linear search, and genetic search 
compared with grid search. ‘○’, ‘∆’, and ‘×’ represent novel 
linear search, linear search, and the genetic algorithm, 
respectively 
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∑yiyjK(Xi, Xj) for every parameter point (C, γ). Yet, Q 
will not be recalculated for the same index and kernel. 
C decides the upper limit of αi and further influences 
the number of support vectors. The support vectors 
alternate little when C varies. Both of the methods 
search for parameter points consecutively. If γ varies 
in the novel linear search program, only the coeffi-
cient of the RBF kernel varies and Q just needs to 
multiply exp(γpresent/γbefore). As a result, the novel lin-
ear search just needs to calculate the alternating 
support vectors for the new parameter. The linear 
search needs, however, to recalculate Q when the 
kernel changes, which will cost more time if there are 
more training examples or attributes. The last column 
in Table 3 provides a simple proof for this. Apart from 
kernel type, the numbers of training examples and 
attributes are other factors. N= is the number of 
training examples when the novel linear search and 
the linear search have an equal cost. If the number of 
training examples is larger than N=, the novel linear 
search method will cost less time. N= does not exist 
for the last four data sets, because small training 
examples cannot provide enough information to ob-
tain an accurate SVM model. That is, there are too 
many attributes and the model is complex. Hence, the 
novel linear search will cost less time if k is larger 
than 24. 

Therefore, a conclusion can be drawn that, our 
method not only locates the correct search field and 
guarantees nearly the same accuracy as the grid 
search (which is much more accurate than the linear 
search), but also saves much more time compared to 
the grid search and costs more or less the same time as 
the linear search when the number of training exam-
ples or attributes is small. However, if the number of 
training examples or attributes is large, our method 
has overwhelming time superiority to the linear 
search. The results show that the genetic algorithm 
can guarantee an acceptable accuracy in nearly every 
case, and sometimes it performs even better than the 
grid search and our method (because the search pace 
of the grid search is large). However, the genetic 
algorithm consumes more time and performs unstably, 
more easily falling into a local optimum, and has a 
different result for a new running. Thus, the genetic 
algorithm greatly relies on the choice of its own initial 
parameters. A deeper understanding of the genetic 

algorithm may solve these problems (Gijsberts et al., 
2010). 

5.3  Comparison of three methods for SVR 

Next we will illustrate that the above conclusion 
is also established for SVR. We conducted similar 
experiments and made the same analysis as for SVC. 
The only difference is that we have to set another 
parameter ε.  

5.3.1  Setting of ε 

The optimal (C'*, γ'*) is different when ε varies, 
because ε decides the number of support vectors; that 
is, a smaller ε results in more support vectors and 
consequently a more accurate SVM model (Deng and 
Tian, 2004). And the variation of ε will greatly in-
crease the search time because yi varies and to cal-
culate Q=∑yiyjK(Xi, Xj) requires recalculating the 
alternating support vectors. Therefore, we need to set 
ε first and then search for the optimal (C'*, γ'*). Table 
7 shows how an optimal ε helps to obtain high accu-
racy. Here we use Eq. (5) (Cherkassky and Ma, 2004) 
to set ε directly, which provides better performance in 
terms of prediction risk and robustness: 
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However, in Fig. 4 we find that grid maps in the 
last row with smaller ε always have more obvious 
features of a rough line in the good region. Thus, to 
guarantee the effectiveness of the rough line method 
and to achieve a better performance, we should make 
sure that the optimal ε0 calculated using Eq. (5) is not 
larger than the upper limit 0.2. An extremely small ε 
will increase the search time dramatically and even 
make it impossible to obtain the SVM model, because 
two convex hulls are not separable now (Bi and 
Bennett, 2003). Thus, the lower limit is necessary, 
and we use 0.001. The limits are chosen according to 
results of our experiments. If one wants to skip the 
setting of ε, just set it to 0.001, which can guarantee 
an acceptable accuracy. In this work, ε is set as  
follows: 

0

0 0

0

0.001,  0.001,

= , 0.001 0.2,

0.2,  0.2.
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              (6) 
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Table 7 lists the results of eight SVR data sets 
using the above method to search for the optimal ε, 
which will be further analyzed by comparing results 
with different ε. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

5.3.2  Comparison results for SVR 

Here we present the comparison results of three 
methods based on eight practical SVR data sets when 
ε takes 0.01 and 0.02. Then we use the above method 
to set optimal ε and include the genetic algorithm in 
the comparison. 

Tables 8c and 9 show that the genetic algorithm 
for SVR also conforms to the conclusion for SVC. 
Then we still focus on the analysis of the other two 
methods. Table 8 directly shows that our method 
shortens the search time by more than a factor of two  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 7  The optimal ε of eight SVR data sets 

Data set k Optimal ε Data set k Optimal ε

abalone 8 0.20 mpg 7 0.05 

cpusmall 12 0.015 space_ga 6 0.03 

housing 13 0.01 cadata 8 0.03 

mg 6 0.04 bodyfat 14 0.001 

 

(c) Optimal ε 
(C'*, γ'*) CV-error Time (s) 

Data set 
PG LS I GS PG LS I GS PG LS I GS

abalone (1, 0) (10, 0) (1, 0) (0.91, 0.05) 0.1757 0.1758 0.1757 0.1755   1.15 0.23 0.29 3.82

cpusmall (6, −2) (0, 0) (6, −2) (−0.13, −0.25) 0.2417 0.2650 0.2417 0.2560 28.42 6.78 6.47 32.85

housing (2, −2) (9, 1) (2, −1) (−1.88, −2.78) 0.2099 0.3079 0.2099 0.3989 33.20 7.12 7.30 47.45

mg (1, 4) (−4, 2) (3, 2) (1.83, 2.98) 0.0069 0.0083 0.0075 0.0070 13.70 1.79 1.85 40.20

mpg (3, 0) (−2, 0) (3, 0) (3.21, −2.40) 0.1806 0.2173 0.1806 0.2377   6.50 1.95 1.95 12.15

space_ga (10, −9) (2, 7) (10, −8) (0.52, 0.26) 0.0127 0.0157 0.0128 0.0150 22.80 3.82 4.54 24.31
cadata (1, 2) (3, −4) (0, 2) (0.83, 1.75) 2015.1 2267.3 2018.5 1999.6 27.90 3.79 4.20 33.04

bodyfat (10, −8) (9, 0) (10, −7) (3.49, −1.05) 1.0015E-4 2.9927E-4 1.0051E-4 0.9527E-4 19.77 6.36 6.50 128.05
* The numbers of training/test data are both 250. PG: prime grid search; LS: linear search; I: novel linear search I; GS: genetic search 

(b) ε=0.02 

(C'*, γ'*) CV-error Time (s) 
Data set 

PG LS I PG LS I PG LS I 

abalone (0, −1) (4, 6) (0, −1) 0.1928 0.2202 0.1928 26.56 5.31 5.70 

cpusmall (6, −2) (1, 0) (6, −2) 0.2419 0.2573 0.2419 22.48 5.61 6.51 

housing (2, −2) (9, 1) (2, −1) 0.2100 0.3340 0.2214 19.02 4.39 4.19 

mg (1, 4) (−4, 2) (1, 3) 0.0069 0.0084 0.0070 25.50 2.63 2.20 

mpg (0, 0) (7, −4) (0, 0) 0.1869 0.1933 0.1869 19.37 3.90 4.52 

space_ga (10, −9) (2, 7) (10, −8) 0.0127 0.0157 0.0128 22.80 3.82 4.54 
cadata (2, 1) (−2, −1) (0, 2) 2016.1 2283.7 2019.4 32.60 4.13 4.70 

bodyfat (8, −7) (8, 1) (10, −7) 1.5616E-4 3.9291E-4 1.6174E-4   4.00 1.40 0.86 

Table 8  Comparison of searching methods with different ε for SVR* 

(a) ε=0.01 

(C'*, γ'*) CV-error Time (s) 
Data set 

PG LS I PG LS I PG LS I 

abalone (1, −1) (10, −1) (1, −1) 0.1939 0.2218 0.1939 37.8 8.65 9.20 

cpusmall (5, −2) (1, −1) (5, −2) 0.2475 0.2692 0.2475 34.6 9.10 9.22 

housing (2, −1) (9, 1) (2, −1) 0.2099 0.3079 0.2099 33.2 7.12 7.30 

mg (1, 3) (−4, 1) (1, 3) 0.0075 0.0087 0.0075 28.7 3.29 4.51 

mpg (−1, 1) (−1, 2) (−1, 1) 0.1910 0.1956 0.1910 19.2 4.50 5.73 

space_ga (10, −9) (2, 8) (10, −8) 0.0131 0.0156 0.0133 30.7 4.50 5.64 

cadata (2, 1) (−3, 0) (1, 1) 2016.1 2272.7 2128.2 45.6 5.32 6.50 

bodyfat (9, −8) (10, 0) (10, −8) 1.1994E-4 3.4119E-4 1.2072E-4   9.2 3.48 3.26 
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compared with the grid search, and uses almost the 
same time as the rough line search. Fig. 8a shows that 
the CV-error using our method increases by less than 
6% for all cases, while the CV-error using linear 
search increases by more than 22% for most cases and 
even more than double for some cases (housing and 
cadata), which means these searches fail. The statis-
tical results are shown in Table 6. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

 

Comparing three cases for every SVR data set, 
we find that the CV-error of every SVR data set using 
the optimal ε is smaller than those in the two cases 

using ε=0.01 or ε=0.02 (Table 8). This implies that 
our method of setting ε is effective and feasible. 

Putting the above together, both theoretically 
and empirically, we conclude that our method which 
locates the correct search field has overwhelming 
advantages of accuracy and stability with competitive 
computing time. Compared with the genetic algo-
rithm, our method has three advantages: (1) it has 
good stability and hunts the global optimum, not a 
local optimum; (2) it is simple to use because it does 
not need to set parameters; (3) it has overwhelming 
time superiority when the number of attributes or 
training examples is large. 
 
 

6  Conclusions 
 

We summarize the rough line rule of SVR pa-
rameters (C, γ) based on extensive experiments and 
propose a novel linear search method, which proves 
competitive in terms of efficiency, accuracy, and 
stability for both SVC and SVR, both theoretically 
and empirically. As for the epsilon parameter, a  
direct-setting formula with thresholds also proves 
feasible and effective. The example of motion pre-
diction indicates that SVR using our method is feasi-
ble in setting the epsilon parameter ε, penalty pa-
rameter C, and kernel width γ in a real application.  

While there is still a large space for improving 
the operational efficiency, we can try to shrink the 
sample set strategically or use the optimization algo-
rithms for SVM internal training, such as the SVM- 
light algorithm and sequential minimal optimization. 
The robustness of SVM for noise is also the next 
focus of our research. A new geometry-based (GB) 
criterion is shown to be more competitive and stable 
than the CV-error (Ahn, 2010), and may help to 
maintain the nice properties of the rough line rule and 
enhance the robustness of our method. Thus, the GB 
criterion is a good choice for robustness. 
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