Chapter 2

Classiﬁcation Technique for HSI

Classiﬁcation is one of the most basic and most important research contents of the
hyperspectral data processing (Richards and Jia 2006). Classiﬁcation is an analytical technique of describing the land object target or class, with the main task of a
process of giving a class mark to each pixel point of the data volume to generate the
thematic map. It is one of the important ways for people to extract the useful
information from the remote-sensing image. The thematic map upon classiﬁcation
can clearly reflect the spatial distribution of the land objects, so that people can
know and discover the rules and the hyperspectral remote-sensing image possesses
the real use value and is effectively put into the practical application. After introducing several typical classiﬁcation methods and evaluation criteria, this chapter
focuses on the burgeoning SVM (Vapnik 2000)-based classiﬁcation method.

2.1

Typical Classiﬁcation Methods

1. Spectral angle match
Spectral Angle Match (SAM) (Sohn and Rebello 2002) is an angle-based hyperspectral image classiﬁcation method. It automatically compares the image spectrum
with various spectrums or spectral libraries. According to the physical basis of
remote sensing, the reflection spectrum of the land objects can determine the land
object types to a great extent, and accordingly lead out SAM classiﬁcation. Thereby
ﬁnishing the transformation from the measurement space to the eigenspace through
mapping the measurement spectral vector into a series of angle values on behalf of
the similarity of this vector and the reference spectral vector. Calculating the
spectral angle between the two spectrums can determine the level of their similarity.
The dimension of the spectral vector is the number of bands. The similarity a
between the unknown spectrum t and reference spectrum r shall be determined by
the following formula.
a ¼ cos1

ht; ri
ktk  krk
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With the standard spectrum measured in the laboratory or the average spectrum
of the known point directly extracted from the image for reference, take the generalized included angle a for each pixel vector and reference the spectral vector in
the image. The smaller a is, the greater the level of their similarity is. In the general
application, usually select the known type of the area from the image, classify with
the sample center of the average spectrum, take the included angle between each
pixel of the image and the center of each class, and then put the pixel into the class
of the corresponding minimum included angle.
2. Maximal likelihood classiﬁcation
Maximal likelihood (ML), also known as Bayes code (Chen and Tu 1996; Jia and
Richards 1994), discrimination function is the parametric method of the statistical
pattern recognition. This method should employ various a priori probabilities pðxi Þ
and conditional probability density functions pðX=xi Þ. The priori probabilities
pðxi Þ are generally given in accordance with all kinds of a priori knowledge
(practical situation of the speciﬁc problems, and information accumulated in history
etc.) or are supposed to be equal. Moreover, pðX=xi Þ ﬁrstly determines the distribution form, and then estimates the parameters used in this form by the training
ﬁeld. The estimation of the distribution form has multiple methods such as the
maximum entropy method and the polynominal method. In the remote-sensing
problem, the assumption of the normal distribution is reasonable, i.e., some
non-normal problems can be converted into the normal problems for handling in the
mathematical method.
Given pðX=xi Þ is the iði ¼ 1; 2; . . .; NÞ class of the probability density function
in d dimension characteristic data space, and pðxi Þ is the i class of the occurrence
probability in the data set, the decision X is xi class, rather than xj class, equivalent
to
pðX=xi Þpðxi Þ  pðX=xj Þpðxj Þ

ð2:2Þ

In the practical application, the probability density function is often assumed to
be the normal or Gaussian distribution, and then the class probability density
function is expressed as


1
T 1
pðX=xi Þ ¼
exp  ðX  li Þ Ri ðX  li Þ
2
ð2pÞN=2 jRi j1=2
1

ð2:3Þ

where, li is the class mean value vector, and Ri is the covariance matrix. In this
case, the class mean value vector and the class covariance matrix can be estimated
only if selecting the appropriate samples.
If the assumption of Gaussian distribution is correct, the decision function can be
simpliﬁed further. Then, for all j ¼ 1; 2; . . .; N, if the formula (2.2) is correct, then
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ln½pðX=xi Þpðxi Þ  ln pðX=xj Þpðxj Þ

ð2:4Þ

It is also correct, so the decision function can be expressed as
1
1
gðXÞ ¼ ln½pðxi Þ  lnjRi j  ðX  li ÞT R1
i ðX  li Þ
2
2

ð2:5Þ

We make the classiﬁcation and recognition mainly in accordance with the
decision criterion in the above formula.
3. Fisher discriminant analysis
Fisher discriminant analysis is a supervised classiﬁcation method, and the main idea
is to conduct the linear combination for the multivariate observed value to set up the
new discriminant amount, and maximize the speciﬁc value of the inter-class variance and intra-class variance of the new discriminant amount.
Given unmixing the Nc classes, and each class has Ntri training samples and the
number of bands for each training sample are ND, so the training sample of each
class constitute a matrix of ND  Ntri . Meanwhile, given the training samples are
expressed by x1 ; x2 ; x3 ; . . .; xNtri .
Each sample mean mi shows the mean value of each sample.
PNtri
p¼1

mi ¼

xp

Ntri

i ¼ 1; 2; 3; . . .; Nc

ð2:6Þ

 shows the total mean value of all samples.
The inter-class sample mean m
PNc PNtri
q¼1

P

 ¼
m

p¼1 yqp

Ntri

i ¼ 1; 2; 3; . . .; Nc

ð2:7Þ

In formula (2.7), yqp shows the p training sample in the q class.
For the sample intra-class dispersion matrix Si and total intra-class dispersion
matrix Sw , Si stands for the internal differences of the i class training, while Sw
stands for the total internal differences of all training samples.
Si ¼

Ntri
X

ðyip mi Þðyip mi ÞT

i ¼ 1; 2; 3; . . .; Nc

ð2:8Þ

p¼1

Sw ¼

X

Si

i ¼ 1; 2; 3; . . .; Nc

ð2:9Þ

The inter-class dispersion matrix Sb stands for the total inter-class dispersion,
which can stand for the differences among all classes.
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Sb ¼

Nc
X


 T
ðmi  mÞðm
i  mÞ

ð2:10Þ

i¼1

Considering the linear combination
y ¼ Ux

ð2:11Þ

where, U is the matrix of 1  ND, indicating some linear combination operation on
the original spectrum. Then the degree of separation upon the matrix
U transformation is:
J¼

USb U T
USw U T

ð2:12Þ

In the formula (2.12), J is the dispersion. When U maximizes J, U will minimize
the intra-class distance of the sample and maximize the inter-class distance. Thus,
such U is the linear transformation which we seek. Such U can be obtained by
calculating the characteristic vector of S1
w Sb . The characteristic vector enabling J to
gain the maximum vector is called the ﬁrst discriminant vector, and the characteristic vector enabling J to gain the second is called the second characteristic
vector. Similarly, we can gain multiple discriminant vectors, and distinguish Nc
classes to ﬁnd the Nc  1 discriminant vector.

2.2

Typical Assessment Criterions

The pixel level-based accuracy assessment of the hyperspectral image classiﬁcation
results is obtained on the basis of the classiﬁcation confusion matrix. The form of
the classiﬁcation confusion matrix is as follows:
2

m11
6 m21
6
M¼4
mNc1

m12
m22
...
mNc2

...
...
...
...

3
m1Nc
m2Nc 7
7
5
mNcNc

ð2:13Þ

where, mij shows the number of pixels that should belong to the i class sample in
the experimental area and are assigned to the j class, and Nc is the number of
classiﬁcation classes. In the confusion matrix, the larger the element numerical
value of the diagonal is, the higher the reliability of the classiﬁcation results is. On
the contrary, it shows the more serious phenomena of the mis-classiﬁcation.
According to the classiﬁcation confusion matrix, it can calculate the overall
accuracy OA, user’s accuracy CAi user, and producer’s accuracy CAi producer:
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Nc
1 X
mii ;
Nte i¼1
mii
CAi user ¼
;
Ntei

OA ¼

CAi producer ¼

ð2:14Þ

mii
;
Ntei

i ¼ 1; 2; . . .; Nc

In the formula, Nte is the total test samples, Ntei is the total test samples of the
i class, and Ntei is the total pixels assigned to the i class. Thus, mii is the number of
samples of the i class correct classiﬁcation. When the number of various samples is
equal, the overall accuracy is equivalent to the average user’s accuracy.
The other accuracy analytical method is to make the quantiﬁcation assessment
for the overall effective performance of the classiﬁer on the basis of the classiﬁcation confusion matrix, and the most common one is Kappa coefﬁcient.
Nte
Kappa ¼

Nc
P

Nc
P

mii 

i¼1

miþ mþi

i¼1

Nte 
2

Nc
P

ð2:15Þ

miþ mþi

i¼1

where, + shows the summation of the line or row, and Nte is the total test samples.
Thus, this calculation uses each element in the classiﬁcation matrix. The signiﬁcance of Kappa coefﬁcient can be interpreted as, if Kappa value of the classiﬁcation
result is 0.8, the classiﬁcation method should be superior to 80 % of the method
which randomly gives each point to a class. In the practical application, it often
adopts the following form:
Kappa ¼

h1  h2
1  h2

ð2:16Þ

where,
PNc
h1 ¼

mii
; h2 ¼
Nte
i¼1

PNc

miþ mþi
:
Nte2

i¼1

This book mainly adopts the overall accuracy to express the classiﬁcation
results, and if necessary, makes assessment by the user’s accuracy of each class
(referred to as classiﬁcation accuracy of each class) and the mean value (referred to
as the mean classiﬁcation accuracy).
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SVM-Based Classiﬁcation Method

SVM is the new generation machine learning theory developed on the basis of the
statistical learning theory, and seeks the best compromise between the model
complexity and learning ability in accordance with the limited sample information,
in the hope of gaining the best generalization ability.

2.3.1

Theory Foundation

SVM is the epitome of several standard techniques in the ﬁeld of the machine
learning, which integrates multiple techniques such as maximum margin hyperplane, Mercer kernel, convex quadratic programming, sparse solution, and slack
variable. Here, we will introduce the important theoretical basis of SVM—VC
dimension theory, and the footstone of SVM algorithm—structural risk minimization principle.
1. VC dimension (Karpinski and Werther 1989)
The statistical learning theory deﬁnes a series of the performance indexes relevant
to the function set learning, and the most important one is the VC dimension. VC
dimension of an indication function set Qðz; aÞ; a 2 K means the maximum number
h that can be divided into two classes of the vectors z1 ; z2 ; . . .; zh in all possible 2h
modes by the centralized function of the function, i.e., the maximum number of the
vector that can be scattered by the function set. If the set of an n vector for any
natural number n can be scattered by the function set Qðz; aÞ; a 2 K, VC dimension
of the function set is inﬁnity. Illustrate VC dimension below.
P
VC dimension of the linear indication function set Qðz; aÞ ¼ di¼1 ai zi þ
a0 ; a0 ; . . .; ad 2 ð1; 1Þ in d dimension coordinate space Z ¼ fz1 ; z2 ; . . .; zd g is
d þ 1, because the function in this set can scatter d þ 1 vectors to the maximum.
VC dimension reflects the learning ability of the function set. The larger the VC
dimension, the more complex the learning machine is. As shown in Fig. 2.1, the
linear function set of two-dimensional space can make eight possible second-class
classiﬁcations for three data points, and VC dimension is 3.
2. Structural risk minimization principle
The statistical learning theory systematically researches the relationship between
the empirical risk and actual risk for various kinds of the function sets, i.e., the
promotional boundary. In regard to two classiﬁcation problems, for all functions in
the indication function set, the empirical risk Remp ðaÞ and actual risk RðaÞ meet the
following relations by at least 1  g probability.
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Fig. 2.1 2 VC dimension of dimensional space linear function set

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
h½lnð2n=hÞ þ 1  lnðg=4Þ
RðaÞ  Remp ðaÞ þ
n

ð2:17Þ

where, h is the VC dimension of the function set, and n is the number of samples.
This conclusion in theory indicates that the actual risk of the learning machine is
composed of two sections, involving the empirical risk (training error) and conﬁdence risk (VC conﬁdence), and reflects the generalization ability of the learning
machine gained in accordance with the empirical risk minimization principle,
so-called as the promotional boundary. It shows that, under the limited training
sample, the higher VC dimension of the learning machine is, the greater the conﬁdence risk is. Accordingly, it results in the larger differences between the actual
risk and the empirical risk. It is the reason that it has the overﬁtting phenomenon.
In the traditional method, the process of selecting the learning model and
algorithm is the process of adjusting the conﬁdent range. If the model is relatively
applicable to the existing training sample, it can gain the preferable effect. However,
because of lack of theoretical guidance, such selection can only depend on the priori
knowledge and experience, and result in the overdependence of the neural network
and other methods on the user’s skills. When the training sample is applicable to the
existing model, the expected risk is close to the value of the empirical risk. In this
case, the smaller empirical risk can guarantee the smaller expected risk. For the
sample with the number of n, if the speciﬁc value n=h is smaller (generally subject
to 20 times), we deem that the number of the samples is small, i.e., we deem that the
sample set is the small sample. If the training sample is the small sample, a small
empirical risk value cannot guarantee the small expected risk value. In this case, to
minimize the actual risk value, the learning ability (VC dimension) of the function
set must become a controllable variable. The statistical learning theory puts forward
a new strategy, i.e., constructing the function set into a function subset sequence,
making each subset arrange in accordance with the size of VC dimension, seeking
the minimum empirical risk, in each subset, compromising the consideration of the
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Fig. 2.2 Schematic diagram of structural risk minimization

empirical risk and the conﬁdence risk among the subsets, and obtaining the minimum of the actual risk. This idea is called the structural risk minimization (SRM),
as shown in Fig. 2.2.

2.3.2

Classiﬁcation Principle

The original SVM theory is used for handling two types of classiﬁcation problems.
The classiﬁcation principle can be summarized as seeking a classiﬁcation hyperplane, enabling two types of sample points in the training sample to be separated,
and having the distance from the plane as far as possible. While for the problems of
the linear inseparability, we map the data of the low-dimensional input space into
the high-dimensional space through the kernel function, and accordingly transform
the linear inseparability problems of the original low-dimensional space into the
linear separability problem of the high-dimensional space. Before the speciﬁc
introduction, we ﬁrstly provide the basic deﬁnition and theorem in several optimization theories.
Deﬁne the original problem in the domain X Rn :
min
s:t:

f ðwÞw 2 X
gi ðwÞ  0 i ¼ 1; . . .; k1
hi ðwÞ ¼ 0 i ¼ 1; . . .; k2

ð2:18Þ
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Then the generalized Lagrange form of the original problem (2.18):
Lðw; a; bÞ ¼ f ðwÞ þ

k1
X

ai gi ðwÞ þ

i¼1

k2
X

bi hi ðwÞ

i¼1

ð2:19Þ

¼ f ðwÞ þ ha; gðwÞi þ hb; hðwÞi
Furthermore, the Lagrange dual problem of the original problem (2.18) can be
expressed as:
max
s:t:

hða; bÞ ¼ inf Lðw; a; bÞ
w2X

a0

ð2:20Þ

Kuhn–Tucker theorem (Cristianini and Shawe-Taylor 2004): Given an optimization problem (2.18) deﬁning in the convex domain X Rn , where f is the continuous convex function, and gi and hi are afﬁne functions. Generally, the necessary
and sufﬁcient condition that a point w is the optimal point will have a and b ,
meeting:
@Lðw ; a ; b Þ
¼0
@a
@Lðw ; a ; b Þ
¼0
@b
ai gi ðw Þ ¼ 0 i ¼ 1; . . .; k1
gi ðw Þ  0 i ¼ 1; . . .; k1
ai  0

ð2:21Þ

ð2:22Þ

i ¼ 1; . . .; k1

where, the relational expression gi ðw Þ  0
complementary condition.

i ¼ 1; . . .; k1 is called the KKT

1. Optimal classiﬁcation hyperplane
For two types of classiﬁcation problems of the linear separability, one of the key
techniques is to seek the optimal classiﬁcation hyperplane, i.e., determining the
optimal linear discriminant function. Given xi 2 Rd is the sample data, and yi 2
fþ1;  1g is the corresponding class mark, i ¼ 1 ; . . .; Ntr. The general form of the
linear discriminant function is gðxÞ ¼ hw; xi þ b, and the corresponding classiﬁcation plane is hw; xi þ b ¼ 0. In the formula, x is the d dimension characteristic
vector, and w is called the weight vector. It can be expressed as
w ¼ ½w1 ; w2 ; . . .; wd T . b is the constant, called as threshold weight. For the linear
classiﬁer with two types of problems, it can adopt the following decision rules:
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8
< gðxÞ [ 0 ) x 2 x1
gðxÞ\0 ) x 2 x2
:
gðxÞ ¼ 0 ) x 2 x1 or x2

ð2:23Þ

The equation gðxÞ ¼ 0 deﬁnes a decision surface, and divides the points of
belonging to different classes. The decision hyperplane is recorded as H.
gðxÞ can be regarded as an algebra measurement of the distance from some point
x to the hyperplane H in the eigenspace. If x is expressed as
x ¼ xp þ r

w
kw k

ð2:24Þ

In the formula, xp is the projection vector of x in H, r is the vertical distance from
x to H, kwwk is the unit vector in the w direction. In combination with the two
formulas of (2.23) and (2.24), it can obtain
gðxÞ ¼



w
hw; wi
¼ r kwk
w; xp þ r
þ b ¼ hw; xp i þ b þ r
kwk
kwk

ð2:25Þ

or indicating it as
gðxÞ
kwk

ð2:26Þ

gðxÞ ¼ b

ð2:27Þ

r¼
If x is the original point, then

In combination with the two formulas of (2.26) and (2.27), the distance from the
original point to the hyperplane is obtained:
r0 ¼

b
kwk

ð2:28Þ

Thus, in order to separate the samples to be separated as well as possible, we
demand the maximum geometric margin (i.e., the projection of two classes of the
minimum distance segment in the direction perpendicular to the classiﬁcation
hyperplane), equivalent to minimizing kwk. Figure 2.3 provides the graphical
representation of the SVM maximization margin attribute in two cases.
Maximizing the geometric margin is equivalent to minimizing kwk. Therefore,
seeking the optimal classiﬁcation plane is transformed into the following optimal
problem:

2.3 SVM-Based Classiﬁcation Method
Fig. 2.3 Classiﬁcation
hyperplane of maximization
geometric margin
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x2

geometric interval
1
w

x1
1
kwk2
2
s:t: yi ðhw; xi i þ bÞ  1  0;
min

ð2:29Þ
i ¼ 1; 2; . . .; Ntr

Construct Lagrange function by the expression (2.29):
Ntr
X
1
Lðw; b; aÞ ¼ kwk2 
ai ½yi ðhw; xi i þ bÞ  1
2
i¼1

ð2:30Þ

Here, Lagrange multiplier (support value) is ai  0. By taking the derivative for
the corresponding w and b, the following relational expression can be obtained.
Ntr
X
@Lðw; b; aÞ
¼w
ai y i xi ¼ 0
@w
i¼1
Ntr
@Lðw; b; aÞ X
¼
ai y i ¼ 0
@b
i¼1

ð2:31Þ

i.e.,
w¼

Ntr
X

a i y i xi

i¼1
Ntr
X

ð2:32Þ

ai y i ¼ 0

i¼1

Substitute this formula into the Lagrange function (2.30), and obtain the dual
problem of the original problem, i.e., maximizing the following objective functions:

56

2 Classiﬁcation Technique for HSI

Lðw; b; aÞ ¼

Ntr
X

ai 

i¼1

s:t:

Ntr
X

ai yi ¼ 0;

Ntr
1X
ai aj yi yj hxi ; xj i
2 i;j¼1

ai  0;

ð2:33Þ

i ¼ 1; 2; . . .; Ntr

i¼1

This dual problem is generally easier to handle than the original problem.
According to Kuhn–Tucher theorem, the optimal solution meets:
ai ½yi ðhw; xi i þ bÞ  1 ¼ 0;

i ¼ 1; 2; . . .; Ntr

ð2:34Þ

Given ða ; b Þ is the optimal solution of the maximization (2.33), the corresponding discrimination functional expression is:
(




f ð xÞ ¼ sgnfhw ; xi i þ b g ¼ sgn

Ntr
X

)
ai yi Kðxi ; xÞ

þb



ð2:35Þ

i¼1

P

where, the vector is w ¼ Ntr
i¼1 ai yi xi . It is noted that the value of b does not occur
in the dual problem, and the optimal value b can be inferred (the form is not sole)
as by Kuhn–Tucher theorem:
b ¼ 

maxyi ¼1 ðhw ; xi iÞ þ minyi ¼þ1 ðhw ; xi iÞ
2

ð2:36Þ

2. Generalized optimal classiﬁcation hyperplane
When we are confronted with an inversion problem, i.e., needing inferring the
unknown reason from the known result, it is necessary to consider the theoretical
exposition of the ill-posed problem. The ill-posed problem is not only the mathematical phenomenon, but also exists extensively in the practical problems. The
regularization theory is just proposed in allusion to this problem. The important
content is that the minimization functional cannot obtain a very good solution in
solving the problem of the operator equation of deﬁning the ill-posed problem. On
the contrary, we should adopt the unobvious solution, i.e., minimizing “deteriorated” (regularization) functional, to solve. Constructing the SVM with the generalized optimal classiﬁcation hyperplane is just the embodiment of this idea.
While handling the linear inseparability problem, introduce the slack variable
ei ; i ¼ 1; 2; . . .; Ntr, the constraint condition in formula (2.29) becomes:
yi ½hw; xi i þ b  1  ei ;

i ¼ 1; 2; . . .; Ntr

ð2:37Þ

Meanwhile, introduce the penalty factor c to make the condition control for the
misclassiﬁcation sample. The corresponding objective function becomes:
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Ntr
1
cX
Jðw; eÞ ¼ kwk2 þ
ei
2
2 i¼1

ð2:38Þ

Moreover, the constraint condition corresponding to ai  0; i ¼ 1; 2; . . .; Ntr
becomes c  ai  0; i ¼ 1; 2; . . .; Ntr. When the class division has the error, the
corresponding slack variable is more than 0. Therefore, the sum of the slack variable is the upper bound of the classiﬁcation error in the training set.
3. Nonlinear problems
While handling the nonlinear problems, SVM maps the data point without the linear
separation by the original space into the linear separable point in the transformation
space through introducing the nonlinear mapping /, as shown in Fig. 2.4. Under
this condition, xi in the optimal expression should be correspondingly replaced with
/ðxi Þ, while the inner product hxi ; xj i is replaced with
Kði; jÞ ¼ Kðxi ; xj Þ ¼ h/ðxi Þ; /ðxj Þi

ð2:39Þ

Here, K is called as the kernel function operator, which is an inner product
algorithm in the transformation space. K is the kernel function matrix of the sample
set under the effect of the kernel function operator. In case that it is not confused,
both in this book are often referred to as kernel function.
The nonlinear mapping / is generally difﬁcult to construct, and usually the
dimension of the corresponding transformation space is very high and even inﬁnity,
resulting in great difﬁculties for the analysis. It is noted that above-discussed
optimal and generalized linear classiﬁcation functions, and the ﬁnal classiﬁcation
discrimination function only includes the inner product of the support vector in the
samples to be classiﬁed and the training sample, i.e., kernel function operation.
Meanwhile, the solution process also involves the kernel function operation among
the training samples. Thus, if solving the optimal linear classiﬁcation problems in
an eigenspace, it is necessary to only know the inner product operation in this
space. If the inner product in the transformation space can be directly calculated by

x2

y2

Kernel mapping

x1
Fig. 2.4 Kernel mapping transforming nonlinear problem into linear problem

y1
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the variable in the original space through the kernel function, the calculation
complexity of solving the problem of the optimal classiﬁcation plane will not be
increased much even if the dimension of the transformation space is increased
much. In this way, the quotation of the kernel function skillfully solves the problem
of constructing and disposing the nonlinear mapping.
The statistical learning theory indicates that, according to Hilbert–Schmidt
principle, only if an operation meets the Mercer conditions, it can be used as the
kernel function here. Mercer conditions state that, for any symmetric function
Kðx; x0 Þ, the necessary and sufﬁcient condition as the inner product operation in the
R
eigenspace is, for any /ðxÞ 6¼ 0 and /2 ðxÞdx\1, then
ZZ

Kðx; x0 Þ/ðxÞ/ðx0 Þdxdx0 [ 0

ð2:40Þ

Such a symmetric function Kðx; x0 Þ can be regarded as the kernel function.
The kernel function is closely related to the performance of SVM. How to
construct the kernel function relevant to the practical problem has always been the
main content of SVM research. The selection of the kernel function does not have
some theoretical guidance, and the parameter selection still adopts the empirical
mode. The several common kernel functions now are shown in Table 2.1. From a
large number of experiment results, the classiﬁcation result of the Gaussian radial
basis kernel function is relatively good.
Below we replace the dot product in the optimal classiﬁcation plane by the
kernel function (inner product) Kðx; x0 Þ, equivalent to transforming the original
eigenspace into a certain new eigenspace. Then, seek the optimization problem as
shown in (2.41) transformed from the optimal classiﬁcation plane:
1
kwk2
2
s:t: yi ½hw; /ðxi Þi þ b  1  0
min

i ¼ 1; 2; . . .; Ntr
Then, Lagrange function is as follows:

Table 2.1 Several common Kernel functions
Kernel function name

Kernel function expression

Linear kernel function
Polynominal kernel function

Kðx; yÞ ¼ hx; yi

Gaussian radial basis kernel function

Kðx; yÞ ¼ exp½kx  yk2 =2r2 

Index radial basis kernel function

Kðx; yÞ ¼ exp½kx  yk=2r2 
Kðx; yÞ ¼ tanhðkhx; yi  dÞ

Sigmoid kernel function

Kðx; yÞ ¼ ½hx; yi þ 1d

ð2:41Þ
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Ntr
X
1
Lðw; b; aÞ ¼ kwk2 
ai ½hw; /ðxi Þi þ b  yi 
2
i¼1

ð2:42Þ

(2.41) can be transformed into the objective function under the maximization in the
same mode as the linear problem:
Lðw; b; aÞ ¼

Ntr
X

ai 

i¼1

Ntr
1X
ai aj yi yj Kðxi ; xj Þ
2 i;j¼1

ð2:43Þ

Then, the corresponding discrimination function is:
(




f ð xÞ ¼ sgnfhw ; /ðxi Þi þ b g ¼ sgn

Ntr
X

)
ai yi Kðxi ; xÞ

þb



ð2:44Þ

i¼1

After introducing the concept of the high-dimensional space inner product (i.e.,
kernel function), the basic idea of SVM can be simply summarized as ﬁrstly
transforming the input space into a high-dimensional space by the nonlinear
transformation, and then gaining the optimal linear classiﬁcation plane in this new
space, while the nonlinear transformation is realized by deﬁning the proper inner
product function.
4. Expression form of basic theory
Maximizing the classiﬁcation interval is actually controlling the generalization
ability, which is one of the core ideas of SVM. The statistical learning theory
indicates that, in d dimension space, given the sample is distributed in the hypersphere range with the radius of R, VC dimension of the indication function set
f ðx; w; bÞ composed by the regular hyperplane in conformity with the condition of
kwk  k will meet the following boundary:
h  minðR2 k2 ; dÞ þ 1

ð2:45Þ

Therefore, minimizing kwk2 is the minimum classiﬁcation, i.e., minimizing the
upper bound of VC dimension, and accordingly realizing the selection of the dual
function complexity in SRM code. The optimal classiﬁcation plane and generalized
optimal classiﬁcation plane are actually dividing the classiﬁcation function set S ¼
fðhw; xi þ bÞg into some normalized subsets in accordance with the module of the
weight (classiﬁcation interval in the case of the linear separability). Each subset is
as follows:
n
o
S ¼ ðhw; xi þ bÞ : kwk2  ck

ð2:46Þ
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For the linear separability, the optimal classiﬁcation plane is to seek the normalized subset with the minimum bound of the expected risk on the premise of the
ﬁxed empirical risk of 0. Moreover, in the case of the linear inseparability, the
generalized optimal classiﬁcation plane is to seek the minimum bound of the
expected risk under the condition of controlling the misclassiﬁcation sample.
Therefore, they are optimal in the sense of the bound of the expected risk, and are
the speciﬁc embodiment of the structural risk minimization principle. For the linear
function in d dimension space, VC dimension is d þ 1. However, from the above
discussion, under the constraint condition of kwk  k, VC dimension may be
reduced greatly. The smaller VC dimension function set can also be gained even in
very high-dimensional space, to guarantee the relatively good promotion. At the
same time, we can see that, the complexity of the calculation depends on the
number of samples, especially the support vector number in the sample, rather than
the spatial dimension, through transforming the original problem to the dual
problem. These characteristics make it possible for SVM to effectively handle the
high- dimensional problems.

2.3.3

Construction of Multi-class Classiﬁer
with the Simplest Structure

At present, there are two most common multi-class classiﬁers, respectively, 1-a-r
(1-against-rest) multi-class classiﬁer and 1-a-1 (1-against-1) multi-class classiﬁer.
Figure 2.5 provides the structure of these two traditional multi-class classiﬁers.
These two classiﬁers have the relatively complex structural design and very large
calculated amount. Take N class problem as an example. The algorithm 1-a-r is to
construct N two-class target subclassiﬁers. The k subclassiﬁer regards the training
sample in the k class as the positive training sample, and the others are the negative
training samples. For some input sample, the classiﬁcation result is the subclassiﬁer
output value as the maximum corresponding class. The algorithm 1-a-1 is proposed
by Knerr, which is to construct each two classes in N class into a subclassiﬁer, and

(a)

(b)

Fig. 2.5 Structure of two classic multi-class classiﬁer. a 1-a-r structure. b 1-a-1 structure
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accordingly needs constructing N(N − 1)/2 subclassiﬁers, combining these subclassiﬁers, and determining the classiﬁcation result by the voting method.
The common weakness of these two methods is unbounded promotion error, and
a large number of classiﬁers, resulting in the low speed of decision. On account of
the problems of the complex classiﬁer structure due to the excessive subclassiﬁers,
this section puts forward a method of simplifying the structure of the multi-class
target classiﬁer.
1. Construction of multi-class classiﬁer with the simplest structure
For the convenience of the description, it can ﬁrstly describe the construction of the
classiﬁer structure with eight classes of problems as an example. Given all sample
sets as P, the construction process of the classiﬁer is as follows:
1. Firstly, P is equally divided into two sample sets by category, respectively,
noted as P1 and P2. Also it is noted as A1 = P1 and B1 = P2, and the corresponding class marks of A1 and B1 are reset as +1 and −1. Then train A1 and B1
as two classes of targets, and gain the ﬁrst two-class target sub-classiﬁer C1.
2. Firstly, P1 is equally divided into two sample sets by category, respectively,
noted as P11 and P21. Then P2 is equally divided into two sample sets by
category, respectively, noted as P12 and P22. Also it is noted as A2 = P11[P12 ([
is the set union operator), B2 = P21[P22, and the corresponding class marks of
A2 and B2 are reset as +1 and −1. Finally, train A2 and B2 as two classes of
targets, and gain the second two-class target sub-classiﬁer C2.
3. Firstly, P11 is equally divided into two sample sets by category, respectively,
noted as P111 and P211. Then P21 is equally divided into two sample sets by
category, respectively noted as P121 and P221. P12 is equally divided into two
sample sets by category, respectively noted as P112 and P212. P22 is equally
divided into two sample sets by category, respectively noted as P122 and P222.
Also it is noted as A3 = P111[P121[P112[P122, B3 = P211[P221[P212[P222, and
the corresponding class marks of A3 and B3 are reset as +1 and −1. Finally, train
A2 and B2 as two classes of targets, and gain the third two-class target
sub-classiﬁer C3.
4. Three subclassiﬁers of C1, C2 and C3 are combined into a multi-class target
classiﬁer C.
Thus, the sample to be decided can be decided as the only one class through the
decision intersection of three subclassiﬁers. Figure 2.6 provides the construction

1 2 3

4

5

C1

6 7

8

1 2

3

4 5 6 7

C2

Fig. 2.6 Construction of three subclassiﬁers in eight classes

8

1 2

3 4

5 6 7 8

C3
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schematic diagram of three subclassiﬁers in this example. The rectangle box shows
the original class set and the division situation. The circular box shows the original
class mark set assigned into a class in some step. It is noted that the class dividing
mode of each step is arbitrary in the above construction process of the classiﬁer.
Generally, for 2N type of problem, it can be ﬁnished by the following descriptive
process.
1. 2N1 class sample in the original sample is combined into a class sample set, and
the remaining is the other class sample set. Thus, train and gain the ﬁrst
two-class target sub-classiﬁer. The original sample is divided into two sets by
category.
2. Take 2N2 (totaling to 2N1 ) class samples respectively in the two divided sets
from the above step, to combine into a class sample set, and the remaining is the
other class sample set. Thus, train and gain the second two-class target
sub-classiﬁer. The original sample is divided into four sets by category.
3. In the k step, take 2Nk (totaling to 2N1 ) class samples respectively in the 2k1
divided class set from the k  1 step, to combine into a class sample set, and the
remaining is the other class sample set. Thus, train and gain the k two-class
target sub-classiﬁer. The original sample is divided into 2k sets by category.
4. Continue, gain N different subclassiﬁers, and combine them into a multi-class
target classiﬁer. Each sample can be decided as the only one class through the
output value of N subclassiﬁers.
If the number of classes is between 2N1 and 2N , the number of classes can be
transformed into “2N ” in the method of adding the virtual classes, and then the
virtual class sample is removed from N subclassiﬁers constructed ﬁnally. In fact, the
added virtual class is the formal participation without the practical participation. For
example, when the number of classes is 6, it can add the 7th and 8th classes. So, we
will gain the same construction form of the classiﬁer as Fig. 2.6. The difference is
that the design result removes the 7th and 8th classes of samples in the ﬁnal A1, B1,
A2, B2, A3 and B3.
It is easy to analyze that the number of subclassiﬁers from the new method is far
less than two typical methods of 1-a-1 and 1-a-r. Table 2.2 is the comparison of the
required number of subclassiﬁers by three methods under different classes
(including K ¼ 2N ).
If failing to consider the complexity of the design, the time for classiﬁcation can
be used for measuring the complexity of the classiﬁer. For training, the complexity

Table 2.2 Comparison of
required number of
subclassiﬁers by structure of
three classiﬁers

Number of
subclassiﬁers
Number of
classes

Structure of classiﬁer
1-a-1
1-a-r
4
16
K

6
120
KðK  1Þ=2

4
16
K

New
method
2
4
N
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Table 2.3 Relative
frequency of Kernel function
calculation by three classiﬁer
structures in test
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Frequency of Kernel
function calculation
Number of classes

Structure of classiﬁer
1-a-1
1-a-r
New method
4
16
K

4
16
K

3
15
K–1

2
4
N

of the subclassiﬁers under different structures may be different, and various subclassiﬁers in the same structure have the speciﬁc relations, so the number of the
subclassiﬁers cannot only be used for measuring the complexity of the classiﬁer. By
contrast, the test process of the classiﬁcation is not restricted by the above factors,
and the time consuming is mainly used for the kernel function operation. Thus, the
frequency of the kernel function operation as required for processing can be used
for the measurement index of the complexity. Under the same conditions, for the
same K ¼ 2N class of the training sample, it can calculate the relative value for the
frequency of the kernel function operation as required for processing by the classiﬁer with different structures in the test (see Table 2.3).
For the essence, relative to the two traditional methods, the new method abandons the massive redundant information among various subclassiﬁers, and gains the
simpliﬁcation of the classiﬁer structure, and the greater improvement of the classiﬁcation speed.

2.3.4

Least Squares SVM and Its SMO Optimization
Algorithm

In recent years, there have been many developed and transformed SVM types.
During these development types, the least squares SVM has been widely applied
due to the efﬁcient classiﬁcation and regression functions. What is more, the
mathematical model of the least squares SVM is only an optimization problem of
the error cost function sum of squares with the equality constraint, and the solution
can be made in the linear system. This book focuses on adopting such type of SVM.
1. Least Squares SVM (Suykens et al. 2002)
The optimization problem expression of the least squares SVM is as follows:
min
w;b;e

Ntr
1
cX
Jðw; eÞ ¼ k wk2 þ
e2
2
2 i¼1 i

s:t: yi ¼ hw; /ðxi Þi þ b þ ei ;
i ¼ 1; 2; . . .; Ntr; c [ 0:

ð2:47Þ
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where, xi 2 Rd is the sample data, and yi 2 fþ1;  1g and ei are, respectively, the
class mark and discrimination error. i ¼ 1; . . .; Ntr. The corresponding dual problem is:
min

w;b;e;a

Lð w; b; e; aÞ
¼ Jðw; eÞ 

Ntr
X

ai fh w; /ðxi Þi þ b þ ei  yi g

ð2:48Þ

i¼1

The optimal KKT condition is as follows:
8
Ntr
X
@L
>
>
>
¼
0
!
w
¼
ai /ðxi Þ
>
>
@w
>
>
i¼1
>
>
>
Ntr
>
X
>
@L
>
<
¼0!
ai ¼ 0
@b
i¼1
>
> @L
>
>
>
¼ 0 ! ai ¼ cei ; i ¼ 1; 2; . . .; Ntr
>
>
>
@ei
>
>
>
>
>
: @L ¼ 0 ! hw; /ðxi Þi þ b þ ek  yi ¼ 0;
@ai

ð2:49Þ

i ¼ 1; 2; . . .; Ntr

Upon eliminating w and e by the elimination method, the above formula can be
further expressed as:


0
1v

1Tv
K þ I=c

" #
b
a

¼

" #
0
y

ð2:50Þ

where, y ¼ ½y1 ; y2 ; . . .; yNtr T ; 1v ¼ ½1; 1; . . .; 1T ; a ¼ ½a1 ; a2 ; . . .; aNtr T :
2. SMO optimization algorithm of least squares SVM
We know that the least squares SVM can be directly and conveniently solved into
the linear system. However, when the number of the training samples is too large,
the direct solution becomes very difﬁcult. Therefore, it is necessary to promote the
efﬁcient SMO algorithm (Shevade et al. 2000) to a such type of SVM solution, as
the effective replacement of the linear solution.
The dual form of the formula (2.48) is as follows:
Ntr
Ntr
X
1
cX
L ¼ k wk2 þ
e2i þ
ai ½yi  hw; /ðxi Þi  b  ei 
2
2 i¼1
i¼1

ð2:51Þ

Upon applying the Wolfe duality theory, we can obtain the following form of the
optimization problem:
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s:t:

f ðaÞ ¼ 
Ntr
X
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Ntr X
Ntr
Ntr
X
1X
~ i ; xj Þ þ
ai aj Kðx
ai y i
2 i¼1 j¼1
i¼1

ð2:52Þ

ai ¼ 0

i¼1

where,
~ i ; xj Þ ¼ Kðxi ; xj Þ þ 1 di;j ;
Kðx
c

di;j ¼

1; i ¼ j
0; i 6¼ j

ð2:53Þ

The Lagrange form of the formula (2.52) is as follows:
 ¼ 1
L
2

Ntr X
Ntr
X

~ i ; xj Þ þ
ai aj Kðx

i¼1 j¼1

Ntr
X

ai y i þ b

i¼1

Ntr
X

ai

ð2:54Þ

i¼1

Deﬁning
Fi ¼ 

Ntr
X
@f
~ i ; x j Þ  yi ;
¼
ai Kðx
@ai
i¼1

i ¼ 1; 2; . . .; Ntr:

ð2:55Þ

From KKT conditions of the formula (2.54), we can get

@L
¼ b  Fi ¼ 0 ) Fi ¼ b;
@ai

i ¼ 1; 2; . . .; Ntr:

ð2:56Þ

This formula explains that the necessary and sufﬁcient condition of the support
value vector a ¼ ½a1 ; a2 ; . . .; aNtr T as the optimal solution is:
max fFi g ¼ minfFi g
i

i

ð2:57Þ

Thus, we can provide the iterative method of the solution optimal a ¼
½a1 ; a2 ; . . .; aNtr T . Note
imax ¼ arg maxfFi g
i

imin ¼ arg minfFi g

ð2:58Þ

i

~a ¼ ½~a1 ; ~a2 ; . . .; ~aNtr T
8
>
< ai  t; i ¼ imax
~ai ¼ ai þ t; i ¼ imax
>
:
ai ;
other i

ð2:59Þ
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For the given a ¼ ½a1 ; a2 ; . . .; aNtr T , if it fails to meet the optimum condition
(2.57), aimax and aimin are, respectively, replaced by aimax  t and aimin þ t, i.e.,
replacing a by ~
a. The selection of the parameter t needs maximizing f ð~aÞ, and the
optimal value is provided by the following formula:
@f ð~aðtÞÞ
¼ 0 ) t ¼ t ¼ ðFimin  Fimax Þ=g
@t
~ imax ; ximin Þ  Kðx
~ imax ; ximax Þ  Kðx
~ imin ; ximin Þg:
g ¼ f2  Kðx

ð2:60Þ

After getting ~
a, the new iterative process starts from here. Thus, the least squares
support vector machine theory is promoted completely.

2.3.5

Triply Weighted Classiﬁcation Method

SVM shows good performance in the hyperspectral image classiﬁcation, but how to
further improve the classiﬁcation performance is still a researchable content. During
the process of the hyperspectral image classiﬁcation, the generalization performance of SVM is sensitive to the outliers point and noise interference pixel (collectively referred to as anomaly pixel) during the training process, while they
inevitably exist extensively in the hyperspectral data, and influence the correctness
of the model. The modeling method of SVM excessively depends on the training
samples, and is very sensitive to the existence of the anomaly pixel. Generally, the
introduction of a few anomaly pixels may fully destroy the generalization performance of the model.
Suykens et al. (2002) came up with LSSVM weighted method, to make the pixel
and outliers point seriously suffering from the noise interference in the hyperspectral image control effectively, and accordingly gain better Robust feature and
generalization ability. Such a weighted method includes the complete preliminary
training. Moreover, the calculated amount required by the training is generally
larger, especially when the training samples are more, this method will be time
consuming, Due to this reason, the method is not popularized effectively.
The existing hyperspectral image classiﬁcation weighted method is generally
implemented on account of the training samples, while little literature considers the
following two situations. Firstly, the influence of different characteristics (or band
and spectral section) of the hyperspectral image on the class separability is different,
i.e., their effect on the classiﬁcation is different. Thus, they should not be treated
equally in the classiﬁer design. Secondly, in the practical application, the
remote-sensing data classes are numerous, while the signiﬁcance of different classes
on the hyperspectral data analysis is often different, or the researchers have different
degree of interests on them. Thus, it is necessary to consider in the classiﬁer design.
For this purpose, this section introduces a triply weighted method in the LSSVM
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theory-based hyperspectral image classiﬁcation problem, so as to further enhance
the classiﬁcation analysis effect.
1. Pixel weighting in the hyperspectral image classiﬁcation
The optimization problem expression of LSSVM is shown in (2.47). In order to
make the samples with different anomaly degrees embodying in the classiﬁcation
model, their corresponding classiﬁcation error should be distributed with different
weights in the cost function, i.e., gaining the weighting training model of LSSVM.
Given ei corresponds to the weight vi , this formula becomes:
min
w;b;e

s:t:

Ntr
1
cX
Jðw; eÞ ¼ kwk2 þ
ðvi ei Þ2
2
2 i¼1

yi ¼ hw; /ðxi Þi þ b þ ei
i ¼ 1; 2; . . .; Ntr; c [ 0:

ð2:61Þ

Thus, how to reasonably determine the weight vi becomes the key problem in the
sample weighting. Due to longer relative distance between the anomaly sample and
the corresponding class center in the training sample, the anomaly degree can be
measured by the distance scale (Song et al. 2002). In this way, the smaller weight
can be distributed for the sample with the larger anomaly degree to weaken the
adverse effects. On the other hand, because of the differences of the intra-class
spectrum, the pure sample cannot concentrate on the corresponding class center, but
has a relatively small deviation. In view of this, while calculating the distance, we
can subtract a correction constant from the distance obtained previously. For this
purpose, we can ﬁrstly determine the class center as the center of the circle,
including the minimum radius of the speciﬁed proportional sample point in the
class. Further this radius is given as the above correction constant.
Given the class center corresponding to the sample xi is x0 , while the circle with
x0 as the center and the radius of r includes the minimum circle of the speciﬁed
proportional sample in the class. The uncorrected distance from the sample xi to x0
^ i ; x0 Þ, and then the calculation formula of Dðx
^ i ; x0 Þ is as
is expressed by Dðx
follows:
^ i ; x0 Þ ¼ k/ðxi Þ  /ðx0 Þk
Dðx
¼ ðKðxi ; xi Þ þ Kðx0 ; x0 Þ  2Kðxi ; x0 ÞÞ1=2

ð2:62Þ

Accordingly, the correction distance Dðxi ; x0 Þ from xi to the class center x0 can
be stipulated as:
^ i ; x0 Þ  r;
Dðxi ; x0 Þ ¼ Dðx

i ¼ 1; 2; . . .; Ntr:

ð2:63Þ

68

2 Classiﬁcation Technique for HSI

Noting
Dmax ¼ maxðDðxi ; x0 ÞÞ
i

Dmin ¼ minðDðxi ; x0 ÞÞ

ð2:64Þ

i

And NorDðxi ; xyi Þ is used for expressing the normalization form of Dðxi ; xyi Þ, i.e.,
NorDðxi ; xyi Þ ¼ Dðxi ; xyi Þ=Dmax ;

i ¼ 1; 2; . . .; Ntr:

ð2:65Þ

The weight factor can be obtained by the following formula:
vi ¼ 1  NorDðxi ; xyi Þ2 þ ðDmin =Dmax Þ2

i ¼ 1; 2; . . .; Ntr:

ð2:66Þ

It is easy to verify 0\vi  1. The original error term fei gNtr
i¼1 is replaced by the
,
and
the
sample
weighting
type
LSSVM
as shown in the
weighted form fvi ei gNtr
i¼1
formula (2.61) can be obtained.
2. Feature weighting in the hyperspectral image classiﬁcation
The key to the feature weighting is to ﬁnd out an appropriate weighting matrix. This
matrix can enhance the effective feature, and weaken the feature with the poorer
class separability. Fisher linear discriminant analysis is a widely used classiﬁcation
technique, and has been extensively applied in the pattern recognition. The inverse
matrix of the intra-class divergence matrix can reflect different contributions of
different features for the classiﬁcation effect well (Ji et al. 2004), and the effect has
been veriﬁed in the spectral separation (Chang and Ji 2006). Thus, it can be applied
to the feature weighting of the hyperspectral image classiﬁcation, and the speciﬁc
methods are as follows.
Given Ntr training sample vectors are used for the classiﬁcation, lj is the mean
value of the j class of the sample (j ¼ 1; 2; . . .; Ntr), i.e.,
lj ¼

1X
xi
nj xi 2Cj

ð2:67Þ

Cj and nj , respectively, stand for the j class of the sample set and the number of
samples, and accordingly the intra-class divergence matrix SW can be deﬁned as
follows:
Sw ¼

Nc
X
j¼1

Sj

ð2:68Þ
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Here
Sj ¼

X

ðx  lj Þðx  lj ÞT

ð2:69Þ

x2Cj

Sw is the real symmetric matrix, consequently, the orthogonal matrix U transforms
the opposite angle into the matrix B:
U T Sw U ¼ B

ð2:70Þ

Sw 1 ¼ ðUBU T Þ1 ¼ ðUB1=2 ÞðUB1=2 ÞT

ð2:71Þ

Further, it can be inferred:

Noting G ¼ ðUB1=2 ÞT , then G can be used for the feature weighting matrix in the
classiﬁcation problem.
3. Class weighting in the hyperspectral image classiﬁcation
The matrix equation of LSSVM is rewritten as follows:


0
1v

1Tv
K þ I=c

" #
b
a

¼

" #
0
y

ð2:72Þ

I is the unit matrix of Ntr  Ntr. When I is the unit matrix, it shows that the training
process equally considers each training sample. According to the thought of
Suykens et al. (2002), if different classes of the training samples are treated differently in the optimization model, it will directly reflect as the different diagonal
element assignments of I in the corresponding linear Eq. (2.72). In other words, the
diagonal element assignment of I can embody the emphasis on each training
sample. The larger some weight of I is, the less indifference the training process has
on the corresponding sample, and vice versa. The class weighting means the
diagonal element value through resetting the corresponding position of some class
sample in I, rather than the original equivalent setting, for changing the emphasis on
each class, accordingly protecting the class of interest, and restraining the
non-essential class. Thus, reducing the weight corresponding to the training sample
in the class of interest properly and increasing the weight corresponding to the
training sample in the class of non-interest properly can effectively enhance the
classiﬁcation accuracy of the class of interest.
The above three weighting methods can be used independently, and also can be
used in combination by any check mode. Figure 2.7 is the relationship diagram for
mapping the class center distance of some real hyperspectral data sample into the
weighting value. Figure 2.8 provides the schematic diagram for the operation
interface of the check weighting classiﬁcation of the hyperspectral image.
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Fig. 2.7 Mapping from uncorrected distance to weight (X-coordinate sample is reciprocal
correspondence relation)

LSSVM

Data loading

Samp. weighting

Disp. of weighting

Feature weighting

Disp. of weighting

Class weighting

Weighting value
Running / output

Fig. 2.8 Operation interface of least squares SVM check weighting

2.4

Performance Assessment for SVM-Based
Classiﬁcation

One of the hyperspectral remote-sensing images mainly used in this book was from
one section of the Indian agriculture and forestry hyperspectral remote-sensing
experimental area in the northwest of Indiana of America shot in June 1992. After
removing some bands with larger noise effect, select 200 bands as the research
object from the original 220 bands. The images are supervised, and the land object
classes represented by the supervision class mark 0–17 are successively
Background, Alfalfa, Corn-notill, Corn-min, Corn, Grass/ Pasture, Grass/ Trees,
Grass/ pasture-mowed, Hay-windrowed, Oats, Soybeans-notill, Soybeans-min,
Soybean-clean, Wheat, Woods, Bldg-Grass-, ree-Drives, and Stone-steel towers.
Figure 2.9 provides the false color composite image by the bands of 50, 27 and 17.
The number of various land object pixels and the image data characteristics are,
respectively, shown as Fig. 2.10 and Table 2.4.
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Class order number

Fig. 2.9 False color composite image by Bands of 50, 27 and 17 as RGB channel

Pixel number
Fig. 2.10 Quantity statistics of pixels included in each class of image

Table 2.4 Data
characteristics of
experimental image

Number of bands

220 units

Wave length range
Spectral resolution
Spatial resolution
Image size
Flight height

400–2500 nm
≈10 nm
20 × 20 m
144 × 144
20 km (NASA ER-2 airplane)
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This chapter focuses on comparing the SVM classiﬁcation method and two
common methods i.e., spectral angle matching method and maximum likelihood
method by this image.

2.4.1

Performance Assessment for Original SVM-Based
Classiﬁcation

The experiment will make the detailed comparison on the classiﬁcation performance of various methods by transforming the training numbers and sample
dimension. In Experiment 1, the selected number of classes is six classes, involving
corn, soybean, grass, forest land, hay, and wheat. The total number of the training
samples is 1031, and the number of the inspection samples is 5144. SAM classiﬁcation method and ML classiﬁcation method are used for comparing with the
SVM classiﬁcation method with different kernel functions. Table 2.5 and Fig. 2.11
provide the result of SVM (Gaussian kernel)-based classiﬁcation method and the
thematic mapping-based image representation in details. The experimental result
comparison of various methods is shown in Table 2.6. The result shows that the
SVM classiﬁcation method has the best classiﬁcation effect, and the SAM method
has the worst effect. In the SVM classiﬁcation method, the Gaussian kernel SVM
effect is the best, and the linear kernel SVM effect is relatively low.
Experiment 2 selects 400 training samples (100 samples of corn, meadow,
soybean and forest land, respectively) and 320 test samples (80 samples of corn,
meadow, soybean and forest land, respectively) from four land object classes, and

Table 2.5 Classiﬁcation accuracy of each class (%)
Classes

Corn

Soybean

Grass

Forest land

Hay

Wheat

Classiﬁcation accuracy

97.7

99.0

96.2

99.54

99.59

99.06

(a)

(b)
maize
soybean
grass
forest
hay
wheat

Fig. 2.11 Real land object chart and classiﬁcation chart. a Real class. b SVM (Gauss)-based
classiﬁcation result
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Table 2.6 Comparison of classiﬁcation accuracy
Classiﬁcation accuracy
(%)

Classiﬁcation method
SAM ML
Linear kernel
SVM

Polynomial
kernel SVM

Gaussian
kernel SVM

Number of
samples

79.35
71.88
71.25

97.65
93.44
83.44

98.46
96.56
85.31

1031, 5144
400, 320
50, 320

95.63
82.81
–

96.64
88.13
82.19

then reduce the dimension to 50 in the wavelet fusion method. The experiment
gains the similar result to Experiment 1 (see Table 2.6). In Experiment 3, the
training sample in Experiment 2 is reduced to 50. In this case, the classiﬁcation
effect of SVM method still keeps the best, while ML method cannot be implemented due to less training samples.
The experiment shows that the classiﬁcation accuracy gained from the maximum
likelihood classiﬁcation method is generally higher than SAM method, but the
number of the training samples cannot be insufﬁcient (theoretically, it should be
more than the spectral dimension, while actually it is requested to be more). The
classiﬁcation accuracy gained from the SVM-based classiﬁcation method is generally higher than the maximum likelihood classiﬁcation method. In SVM, the
efﬁciency of Gaussian kernel function is generally the maximum, while the efﬁciency of the linear kernel function is relatively poor. The experiment result shows
clearly the excellent performance of SVM.

2.4.2

Performance Assessment for Multi-class Classiﬁer
with the Simplest Structure

It still adopts the agriculture and forestry remote-sensing area in Indiana of
America. Four types of the land objects in the real chart are selected for the
classiﬁcation experiment. There are 400 pairs of training samples, and 320 pairs of
test samples. The experiment adopts the least squares support vector machine of
Gaussian kernel function and the efﬁcient SMO algorithm. The iterative operation
does not store the kernel function. At the same time, it adopts the 1-a-r method and
1-a-1 method for future reference. Table 2.7 provides the training time and test time
used under the same iteration termination standard and different methods, with the
time unit of second. The classiﬁcation accuracy gained from the proposed method is
93.75 %, and the classiﬁcation accuracy of two reference methods is, respectively,

Table 2.7 Comparison of
training time and test time
under structure of three
classiﬁers

Training time
Test time

1-a-r

1-a-1

Proposed method

81.7500
14.4702

59.7970
11.21870

37.5780
7.4288
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94.69 and 94.37 %. The experiment result shows that the time as required during
the training and testing by the algorithm constructed on the basis of the classiﬁer
structure proposed in this book is less than that of the two traditional methods,
while the classiﬁcation accuracy is reduced for less than 1 %. The experiment result
fully veriﬁes the previous theoretical analysis.

2.4.3

Performance Assessment for Triply Weighted
Classiﬁcation

The ﬁrst group of the experimental samples is combined by the land object data of
three classes of 3, 8, and 11 (the number of pixels is successively 834, 489, and
2468) in the agriculture and forestry remote-sensing image in Indiana. Extract the
spectral characteristics of some pixels as the training sample, and the entire class
data as the test sample. Adopt the unweighted, sample weighting, feature weighting,
class weighting mode, and triply weighting mode successively for the effect test.
The classiﬁcation result is shown successively in Fig. 2.12a–e. In the experiment,

Fig. 2.12 Classiﬁcation result chart under different weighting conditions in the ﬁrst group of
classiﬁcation experiment. a Unweighted classiﬁcation result chart. b Classiﬁcation result chart of
sample weighting. c Classiﬁcation result chart of feature weighting. d Classiﬁcation result chart of
class weighting. e Classiﬁcation result chart of triply weighting
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SVM adopts the Gaussian kernel function, and the training samples are taken from
the front 100 pixels of each class. In the class weighting experiment, the weights of
three classes are successively set as 1, 5, and 10, i.e., focusing on considering the
classiﬁcation effect of Class 3. In the classiﬁcation result, the above three classes are
successively marked by different colors. The pixel of the classiﬁcation error in the
image is displayed by the white dot. The experiment result indicates that, using the
sample weighting and feature weighting methods can enhance the entire classiﬁcation accuracy to varying degrees, while the class weighting method can improve
the analysis effect of the class corresponding to the relatively small weight
(meanwhile reduce the analysis effect of the class corresponding to the relatively
large weight). Although the triply weighting classiﬁcation analysis effect of Class 3
is not as good as the effect of independently applying the class weighting, using
three weighting methods at the same time can reach better analysis effect in general.
The second group of the experiment selects the land objects in three classes of 2,
6, and 10, and the number of pixels is successively 1434, 747, and 968. The
experimental mode is ditto, and the classiﬁcation result is shown in Fig. 2.13. The
objective evaluation indexes of the above two groups of the experiments are
respectively shown in Tables 2.8 and 2.9. The soft classiﬁcation error means the
absolute error mean statistics between the SVM decision result without the

Fig. 2.13 Classiﬁcation result chart under different weighting conditions in the second group of
classiﬁcation experiment. a Unweighted classiﬁcation result chart. b Classiﬁcation result chart of
sample weighting. c Classiﬁcation result chart of feature weighting. d Classiﬁcation result chart of
class weighting. e Classiﬁcation result chart of triply weighting
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Table 2.8 Number of misclassiﬁcation pixels in the ﬁrst group of classiﬁcation experiment
Land object
class

Unweighted

Sample
weighting

Feature
weighting

Class
weighting

Triply
weighting

Class 3
Class 8
Class 11

165/0.2248
7/0.2248
136/0.2248

145/0.1992
6/0.2248
87/0.2248

138/0.1914
2/0.2248
70/0.2248

130/0.1880
7/0.2248
147/0.2248

133/0.1897
1/0.2248
54/0.2248

Table 2.9 Number of misclassiﬁcation pixels in the second group of classiﬁcation experiment
Land object
class

Unweighted

Sample
weighting

Feature
weighting

Class
weighting

Triply
weighting

Class 2
Class 6
Class 10

114/0.125
2/0.125
89/0.125

107/0.125
1/0.125
82/0.125

104/0.125
1/0.125
79/0.125

83/0.125
3/0.125
90/0.125

82/0.125
0/0.125
82/0.125

two-value quantization and the supervised classiﬁcation result. This mode is more
accurate than the traditional hard classiﬁcation accuracy statistics. The experimental
result further afﬁrms that the weighting method has the effect.

2.5

Chapter Conclusions

One of the main contents in this chapter is to put forward a classiﬁer with the
simplest structure, which can greatly reduce the complexity of the classiﬁer. There
are many advantages, such as reducing the training time, reducing the test time,
lowering the complexity of programming, and reducing the number of the subclassiﬁers, to make the independent parameter adjustment in each decision function
possible. It is noted that the advantage from the proposed method is at the cost of
sacriﬁcing the smaller classiﬁcation accuracy. In the target classiﬁcation problem,
classiﬁcation accuracy and classiﬁcation speed are usually a pair of contradictory
indexes. During solving the practical problem, which classiﬁer is adopted should be
determined as per the requirements of the user. For the problem with higher
requirements on the classiﬁcation speed such as the real-time application of SVM,
the method proposed in this book is very effective. In the case of comprehensively
considering the classiﬁcation accuracy and classiﬁcation speed, the traditional
classiﬁer and the classiﬁer proposed in this book can be combined into the mixed
classiﬁer to coordinate the demand contradiction between the two.
The other main content in this chapter is the proposed multiple weighting
classiﬁcation method, to map the nonlinear distance into the corresponding weight
to ﬁnish the sample weighting in accordance with the relationship between the
sample anomaly degree and the distance of the sample deviating from the class
center. According to the weighting characteristics of the intra-class divergence
matrix on the linear spectral separation problem, it is promoted to LSSVM
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classiﬁcation problem to ﬁnish the feature weighting. According to the special
meaning of the unit matrix diagonal element in the system of LSSVM linear
equation, it is set as different numerical values of reflecting the importance of the
class, to ﬁnish the class weighting. In three weighting methods, the sample
weighting is the way specially implemented on the training sample, and the feature
weighting is the operation on all data, while the class weighting is the resetting of
the matrix diagonal element during the training process. Three weighting methods
can be used independently, and also can be used in combination by any check
mode. In the practical application, it can be selected as per the speciﬁc demand.
In addition, for the mass data problem, the dominant solution method of LSSVM
is perplexed by the aspects of the data storage. SMO optimization solution algorithm proposed in this chapter, as the substitute way, is conducive to solving this
problem.
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