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Rapid and brief communication

Design efficient support vector machine for fast classification
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Abstract

This paper presents a four-step training method for increasing the efficiency of support vector machine (SVM). First, a SVM
is initially trained by all the training samples, thereby producing a number of support vectors. Second, the support vectors,
which make the hypersurface highly convoluted, are excluded from the training set. Third, the SVM is re-trained only by
the remaining samples in the training set. Finally, the complexity of the trained SVM is further reduced by approximating
the separation hypersurface with a subset of the support vectors. Compared to the initially trained SVM by all samples, the
efficiency of the finally-trained SVM is highly improved, without system degradation.
� 2004 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

Support vector machine (SVM) is a statistical classi-
fication method proposed by Vapnik in 1995[1]. Given

m labeled training samples,{(⇀x i, yi)|⇀x i ∈ Rn, yi ∈
{−1, 1}, i = 1 · · · m}, SVM is able to generate a separa-
tion hypersurface that has maximum generalization ability.
Mathematically, the decision function can be formulated as

d(
⇀
x ) =

m∑

i=1

�iyiK(
⇀
x i,

⇀
x ) + b, (1)

where�i and b are the parameters determined by SVM’s

learning algorithm, andK(
⇀
x i,

⇀
x ) is the kernel function

which implicitly maps the samples to a higher dimensional

space. Those samples
⇀
x i with nonzero parameters�i are

called “support vectors” (SVs).
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SVM usually needs a huge number of support vectors to
generate a highly convoluted separation hypersurface, in or-
der to well address a complicated nonlinear separation prob-
lem. This unavoidably increases the computational burden
of SVM in classifying new samples, since it is computation-
ally expensive to calculate the decision function with many
nonzero parameters�i in Eq. (1).

In this paper, a novel training method is proposed to im-
prove the efficiency of SVM classifier, by selecting appropri-
ate training samples. The basic idea of our training method
is to exclude the samples that incur the separation hypersur-
face highly convoluted, such that a few number of support
vectors are enough to describe a less convoluted hypersur-
face for separating two classes.

2. Methods

2.1. Problem analysis

Support vectors in SVM can be categorized into two
types. The first type of support vectors are the training
samples that exactly locate on the margins of the separation
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Fig. 1. Schematic explanation of the separation hypersurface (solid
curves), margins (dashed curves) and support vectors of SVM (gray
circles/crosses). The positive and the negative training samples are
indicated by circles and crosses, respectively.

hypersurface, i.e.,d(
⇀
x i) = ±1, as the gray circles/crosses

shown inFig. 1. As these samples exactly locate on the mar-
gins of the separation hypersurface, their number is directly
related to the shape of the separation hypersurface. The sec-
ond type of support vectors are the training samples that lo-

cate beyond their corresponding margin, i.e.,yid(
⇀
x i) < 1,

as the dashed circles/crosses shown inFig. 1. For SVM,
these training samples are regarded as misclassified samples
even though some of them still locate at the correct side of
the hypersurface.

SVM usually has a huge number of support vectors, when
the distributions of the positive and the negative training
samples highly overlap with each other. This is because, (1)
a large number of the first-type support vectors are needed
to construct a highly convoluted hypersurface, in order to
separate two classes; (2) even the highly convoluted separa-
tion hypersurface has been constructed, a lot of confound-
ing samples will be misclassified, and thus selected as the
second type of support vectors.

Reducing the computational cost of the SVM is equiv-
alent to decreasing the number of the support vectors, i.e.

the number of training samples
⇀
x i with nonzero�i in Eq.

(1). Osuna and Girosi have proposed an effective method to
reduce the number of support vectors of the trained SVM
without system degradation[2]. Its basic idea is to approx-
imate the separation hypersurface with a subset of the sup-
port vectors by using support vector regression machine
(SVRM). However, in many real applications, SVM usu-
ally generates a highly convoluted separation hypersurface
in the high-dimensional feature space. In this case, Osuna’s
method still needs a large number of support vectors to ap-
proximate the hypersurface. Obviously, an efficient way to
further decrease the number of the support vectors is to sim-
plify the shape of the separation hypersurface, by sacrificing
a very limited classification rate.

An intuitive method to simplify the shape of the hyper-
surface is to exclude some training samples, thereby it is
possible to separate the remaining samples by a less convo-

luted hypersurface. To minimize the loss of the classification
rate, only the training samples that have largest contribu-
tions to the convolution of the hypersurface are preferred to
be excluded from the training set. Since the support vectors
determine the shape of the separation hypersurface, they are
the best candidates to be excluded from the training set, in
order to simplify the shape of the separation hypersurface.

Excluding different sets of support vectors from the train-
ing set will lead to different simplifications of the separation
hypersurface.Fig. 2 presents a schematic example in the
two-dimensional feature space, where we assume support
vectors exactly locating on the margins. As shown inFig.
2(a), SVM trained by all the samples has 10 support vectors,
and the separation hypersurface is convoluted. Respective
exclusion of two different support vectors, SV1 and SV2,
denoted as gray crosses inFig. 2(a), will lead to two dif-
ferent separation hypersurfaces as shown inFigs. 2(b) and
(c), respectively. SVM inFig. 2(b) has only 7 support vec-
tors, and its hypersurface is less convoluted, after re-training
SVM with all samples except SV1, which was previously
selected as a support vector inFig. 2(a). Importantly, two ad-
ditional samples, denoted as dashed circle/cross, were pre-
viously selected as support vectors inFig. 2(a), but they are
no longer selected as support vectors inFig. 2(b). In con-
trast, SVM inFig. 2(c) still has 9 support vectors, and the
hypersurface is very similar to that inFig. 2(a), even SV2,
which was previously selected as a support vector inFig.
2(a), has been excluded from the training set. Obviously, the
computational cost of SVM inFig. 2(b) is less than that in
Fig. 2(c), while the correct classification rates are the same.

It is usually more effective to simplify the shape of the
hypersurface by excluding the support vectors, like SV1,
which contribute more to the convolution of the hypersur-
face. For each support vector, its contribution to the convo-
lution of hypersurface can be approximately defined as the
generalized curvature of its projection point on the hyper-
surface. The projection point on the hypersurface can be lo-
cated by projecting each support vector to the hypersurface
along the gradient of the decision function. For example, for
two support vectors SV1 and SV2 in Fig. 2(a), their projec-
tion points on the hypersurface are P1 and P2. Obviously,
the curvature of the hypersurface at point P1 is much larger
than that at point P2, which means the support vector SV1
has more contribution to make the hypersurface convoluted.
Therefore, it is more effective to “flatten” the separation hy-
persurface by excluding the support vectors, like SV1, with
their projection points having the larger curvatures on the
hypersurface.

2.2. Our training algorithm

By the analysis given above, we design a four-step train-
ing algorithm for SVM as detailed below:

Step1: Use all the training samples to train an initial SVM
[3], resulting inl1 support vectors{SV In

i
, i = 1, 2, . . . , l1}

and the corresponding decision functiond1(
⇀
x ).



Y. Zhan, D. Shen / Pattern Recognition 38 (2005) 157–161 159

(a) (b) (c) Margin

Separation 
Hypersurface 

Margin

Separation 
Hypersurface 

Margin
Margin

Margin Margin

P1

P2

SV1 

SV2 

SV1 

SV2 

SV1 

SV2 

Separation 
Hypersurface 

Fig. 2. Schematic explanation of how to selectively exclude the support vectors from the training set, in order to effectively simplify the
separation hypersurface. The circles and the crosses denote the positive and the negative training samples, which are identical in (a)–(c).
The training samples locating on the margins are the support vectors.

Step2: Exclude from the training set the support vectors,
whose projections on the hypersurface have the largest cur-
vatures:

2a: For each support vectorSV In
i

, find its projection on the

hypersurface,p(SV In
i

), along the gradient of decision

functiond1(
⇀
x ).

2b: For each support vectorSV In
i

, calculate the generalized

curvature ofp(SV In
i

) on the hypersurface,c(SV In
i

).

2c: SortSV In
i

in the decrease order ofc(SV In
i

), and exclude
the topn percentage of support vectors from the training
set.

Step3: Use the remaining samples to re-train the SVM,
resulting inl2 support vectors{SV Re

i
, i = 1, 2, . . . , l2} and

the corresponding decision functiond2(
⇀
x ). Notably, l2 is

usually less thanl1.
Step4: Use thel2 pairs of data points{SV Re

i
, d2(SV Re

i
)}

to finally train the SVRM, resulting inl3 support vectors
{SV Fl

i
, i=1, 2, . . . , l3} and the corresponding decision func-

tion d3(
⇀
x ). Notably, l3 is usually less thanl2.

3. Experiment

In our study of 3D prostate segmentation from ultrasound
images[4], SVM is used for texture-based tissue classifica-
tion. The input of SVM is texture features extracted from
the neighborhood of each voxel under study, and the output
is a soft label denoting the likelihood of that voxel belong-
ing to the prostate tissue. In this way, prostate tissues can
be differentiated from the surrounding tissues. As the tissue
classification is performed for many times (i.e. 106) during
the segmentation stage and the real-time segmentation is
usually required in clinical applications, our proposed train-
ing method is very critical for speeding up the SVM in tissue
classification. The experimental dataset consists of 18105
training samples collected from five ultrasound images
and 3621 testing samples collected from a new ultrasound

image. Each sample has 10 texture features, extracted by a
Gabor filter bank[4].

In the first experiment, we use our method to train a series
of SVMs by excluding different percentages of support vec-
tors in Step 2c. The performances of these SVMs are mea-
sured by the number of support vectors finally used, and the
number of correct classifications among 3621 testing sam-
ples. As shown inFig. 3(a), after excluding 50% of initially
selected support vectors, the finally-trained SVM has 1330
support vectors, which is only 48% of the support vectors
(2748) initially selected in the original SVM; but its clas-
sification rate still reaches 95.39%. Compared to 96.02%
classification rate achieved by original SVM with 2748 sup-
port vectors, the loss of classification rate is relatively triv-
ial. If we want to further reduce the computational cost, we
can exclude 90% of initially selected support vectors from
the training set. Our finally-trained SVM has only 825 sup-
port vectors, which means the speed is triple, and it still has
93.62% classification rate. To further validate the effect of
our trained SVM in prostate segmentation, the SVM with
825 support vectors (denoted by the white triangle inFig.
3(a)) is applied to a real ultrasound image for tissue classifi-
cation. As shown inFig. 3(b), the result of our trained SVM
is not inferior to that of the original SVM with 2748 support
vectors (denoted by the white square inFig. 3(a)), in terms
of differentiating prostate tissues from the surrounding ones.

In the second experiment, we compare the performances
of different training methods in reducing the computational
cost of the finally trained SVM and also in correctly classi-
fying the testing samples. The five methods are compared;
they are (1) a method of slackening the training criterion by
decreasing the penalty factor to errors[3]; (2) a heuristic
method, which assumes the training samples distributing in
a multi-variant Gaussian way, then excludes the “abnormal”
training samples distant from the respective distribution cen-
ters, and finally trains a SVM only by the remaining sam-
ples; (3) a method of directly excluding the initial support
vectors from the training set and then training a SVM only
by the remaining samples, i.e., our proposed method with-
out using Step 4; (4) Osuna’s method[2]; (5) our proposed
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Performance of OurTrained SVM vs Percentage of Initial Support Vectors Excluded from theTraining Set
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Fig. 3. (a) The performance of the finally trained SVM changes with the percentages of initial support vectors excluded from the training
set. (b) Comparisons of tissue classification results using (b1) the original SVM with 2748 support vectors and (b2) our trained SVM with
825 support vectors. The tissue classification results are shown only in an ellipsoidal region.

method. The performances of these five methods are eval-
uated inFig. 4(a), by the number of support vectors used
vs the number of correct classifications achieved. As shown
in Fig. 4(a), the methods 3–5 are obviously more effec-
tive in reducing the number of the support vectors. In par-
ticular, by checking the beginning curves of methods 3–5,
Osuna’s method is the most effective in initially reduc-
ing the number of support vectors. However, to further re-
duce the support vectors with limited sacrifice of classifica-
tion rate, our method has better performance than Osuna’s
method, i.e., less support vectors required for the similar
classification rate. The classification abilities of two SVMs,
respectively trained by Osuna’s method and our method,
are further compared here. The SVM trained by Osuna’s
method, as denoted by the white square inFig. 4(a), needs
884 support vectors and its classification rate is 92.93%. The
SVM trained by our method, as denoted by the white trian-
gle in Fig. 4(a), needs only 825 support vectors, while its
classification rate is 93.62%, higher than 92.93% produced
by Osuna’s method, which uses more support vectors (884).
Moreover, our trained SVM actually has much better clas-
sification ability than the SVM trained by Osuna’s method,

once checking the histograms of their classification outputs
on the same testing dataset. As shown inFig. 4(b), the clas-
sification outputs of Osuna’s SVM concentrate around 0,
which means the classification results of the positive and
the negative samples are not widely separated. In contrast,
most classification outputs of our trained SVM are either
larger than 1.0 or smaller than−1.0. This experiment further
proves that our training method is better in keeping the clas-
sification ability of the finally trained SVM, after reducing
a considerable number of initially selected support vectors.

4. Conclusion

We have presented a training method to increase the effi-
ciency of SVM for fast classification, without system degra-
dation. This is achieved by excluding from the training
set the initial support vectors that incur the separation hy-
persurface highly convoluted. By combining with Osuna’s
method, which uses SVRM to efficiently approximate the
hypersurface, our training method can highly increase the
classification speed of the SVM, with very limited loss of
classification ability. Experimental results on real prostate
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Num of Support Vectors vs Num of Correct Classification
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Fig. 4. (a) Comparing the performances of five training methods in increasing the efficiency of SVM. (b) Histograms of classification outputs
on a testing dataset respectively from our trained SVM (black bars) and Osuna’s SVM (white bars).

ultrasound images show good performance of our training
method in discriminating the prostate tissues from other tis-
sues. Compared to other four training methods, our proposed
training method is able to generate more efficient SVMs,
with better classification abilities.
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