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Abstract— Support Vector Machines (SVM) have been recently
used with success for the classification of hyperspectral images.
This method appears to be a robust alternative for pattern
recognition with hyperspectral data: since the method is based
on a geometric point of view, no statistical estimation has
to be achieved. Then, SVM outperforms classical supervised
classification algorithms such as the maximum likelihood when
the number of spectral bands increases or when the number of
training samples remains limited.

Nevertheless, those kernel-based methods do not take into
consideration the bio-physical meaning of the spectral signature.
In fact, kernels are functions that are based on the quadratic
distance between support vectors. Then, some modified kernels
are presented to take into consideration the spectral similarity
between support vectors to outperform SVM-based classification
of hyperspectral data cube. Those kernels (that still suit Mercer’s
conditions) are based on the use of spectral angle to evaluate the
distance between support vectors.

Classifiers to compare have been applied to an image from the
CASI sensor including 17 bands from 450 to 950nm representing
an intensive argicultural region (Brittany, France). It appears
that those kernels reduces false alarms that were induced by
illumination effects with classical kernels.

I. INTRODUCTION

Support Vector Machines (SVM) [1] have been recently
introduced in the statistical learning theory domain [2] for
regression and classification problems, and applied to the
classification of multispectral [3] and hyperspectral [4], [5],
[6] images.

The technique consists in finding the optimal separation
surface between classes thanks to the identification of the most
representative training samples of the side of the class. These
samples are called support vectors. If the training data set is
not linearly separable, a kernel method is used to simulate
a non-linear projection of the data in a higher dimension
space, where the classes are linearly separable. Besides, unless
statistical estimations, a small number of training samples
(understood that those are representative) is enough to find
the support vectors. Then, this kind of classifier reveals very
interesting properties for hyperspectral image processing: it
does not suffer from the Hughes phenomenon (which is: for
a limited number of training samples, the classification rate
decreases as the dimension increases) and it may perform class
separation even with means very closed to each other with a
small number of training samples. This separability remains

quite difficult even with techniques dedicated to hyperspectral
data such as Spectral Angle Mapping or Spectral Unmixing.

However, separability measures are based on dot product or
geometric distance between vectors. Those approaches do not
take into consideration spectral meaning and behavior. Even
if an object is observed with several illumination conditions,
its spectral signature remains of the same shape and has to
be classified the same way. Then, it is proposed to integrate
spectral knowledge into SVM classifiers for processing hyper-
spectral data cubes.

It enables the classification results to be improved for
thematic classification of hyperspectral data cube. The process
has been applied on hyperspectral images from the CASI
sensor.

II. THE SVM APPROACH

The complete mathematical formulation of SVM can be
found in [1], [2]. We just give a brief description of the
classification process.

A. SVM basis

A two-class classification problem can be stated the fol-
lowing way: N training sample are available and can be
represented by the set pairs {(yi,xi), i = 1, 2, . . . , N} with
yi a class label of value ±1 and xi ∈ n feature vector with
n components. The classifier is represented by the function
f(x;α) −→ y with α the parameters of the classifier.

The SVM method consist in finding the optimum separating
hyperplan so that:

1) Samples with labels y = ±1 are located on each side of
the hyperplane;

2) The distance of the closest vectors to the hyperplane in
each side of maximum. These are called support vectors
and the distance is the optimal margin (see Fig. 1-a-).

The hyperplane is defined by w.x + b = 0 where (w, b)
are the parameters of the hyperplane. The vectors that are
not on this hyperplane lead to: w.x + b ≷ 0 and allow the
classifier to be defined as: f(x;α) = sgn (w.x + b). The
support vectors lie on two hyperplanes, which are parallel to
the optimal hyperplane, of equation: w.x + b = ±1.

The maximization of the margin with the equations of
the two support vector hyperplanes leads to the following
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Fig. 1. SVM classifier.

constrained optimization problem:

min
{ 1

2‖w‖2} with yi (w.x + b) � 1, i = 1, . . . , N. (1)

B. Non-linear separability

If the training samples are not linearly separable (see Fig.1-
b-), a regularization parameter C and error variables εi are
introduced in (1) in order to reduce the weightening of
misclassified vectors. This optimization problem can be solved
using Lagrange multipliers and then becomes:



min




N∑
i=1

λi − 1
2

N∑
i,j=1

λiλj yiyj xi · xj


 ,

0 � λi � C, ∀i = 1, 2, . . . , N,
N∑

i=1

λiyi = 0, ∀i = 1, 2, . . . , N,

(2)

where the λi are the Lagrangian multipliers and are non-
zero only for the support vectors. Thus, hyperplane parameters
(w, b) and the classifier function f (x;w, b) can be computed
by optimization process. The free source code svmlight [7]
has been adapted to the classification of hyperspectral imagery
and used in this study.

C. Multiple class separation

SVM are designed to solve two-class problems. Two ap-
proaches can be used for a M -class problem:

1) so called one against all: M classifiers are iteratively
applied on each class against all the others.

2) so called one against one: M(M−1)
2 classifiers are ap-

plied on each pair of classes, the most often computed
label is kept for each vector.

We have used the second approach, although needing more
SVM to be applied, that allows the computing time to be
decreased because the complexity of the algorithm depends
strongly on the number of training samples.

III. KERNEL-BASED SVM

A. Non-linear classifier

SVM can be generalized to compute nonlinear decision
surfaces in n. The method consists in projecting the data
in a higher dimension space where they are considered to

become linearly separable. SVM applied in this space lead
to the determination of nonlinear surfaces in the original
space. Actually, the projection can be simulated using a kernel
method.

It can be noticed that only dot products (xi · xj) are
involved in (2). If x ∈ n is projected in a higher-dimension
space H with a non-linear function Φ : n −→ H, then
(xi · xj) is replaced by Φ(xi) · Φ(xj). The kernel function
K(xi,xj) = Φ (xi) · Φ(xj) is introduced in (2) and do not
require explicit knowledge of Φ(·).

Then, the non-linear classifier can be expressed as:

f(x;α) = sgn

(
NS∑
i=1

λi yi K(si,x) + b

)
, (3)

where the si are the NS support vectors.

B. Usual kernels

Every function K(·, ·) that satisfies Mercer’s conditions may
be considered as an eligible kernel. The Mercer’s conditions
state as:

∀g(·) ∈ L2( n) so that
∫

g(x)2dx is finite,

then
∫

K(x,y) g(x) g(y) dxdy � 0. (4)

A great number of kernels exist and it is difficult to explain
their individual characteristics. As shown in [8], two kinds of
kernels may be defined:

1) Local kernels. Only the data that are close or in the
proximity of each others have an influence on the kernel
values. Basically, all kernels that are based on a distance
function are local kernels. Examples of typical local
kernels are:

Radial basis: K(x,xi) = exp
(−‖x − xi‖2) ,

KMOD: K(x,xi) = exp
(

1
1+‖x−xi‖2

)
− 1,

Inverse multiquadric: K(x,xi) = 1√
(‖x−xi‖2+1)

.

2) Global kernels. Samples that are far away from each
others still have an influence on the kernel value. All
kernels based on the dot-product are global:

Linear: K(x,xi) = x · xi,

Polynomial: K(x,xi) = (x · xi + 1)p
,

Sigmoid: K(x,xi) = tanh (x · xi + 1) .

C. Spectral Kernels

The local kernels are based on a quadratic distance evalua-
tion between two samples. In order to fit hyperspectral point
of view, it is of interest to consider new criteria that take into
consideration spetral signature concept. Spectral angle (SA)
α(x,xi) is defined in order to measure the spectral difference
between x and xi while being robust to differences of the
overall energy (e.g. illumination, shadows...).

α(x,xi) = arccos
(

x · xi

‖x‖ ‖xi‖
)

. (5)
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The local kernels listed earlier that are based on quatratic
distance (Radial basis function, KMOD, Inverse multiquadric)
may then be defined with SA distance. Since |α(x,xi)| is
bounded and positive, spectral angle based kernels satisfy the
Mercer’s condition (4).

An other measure of interest is the Spectral Information
Divergence (SID) proposed in [9], [10] which may be though
of as a Kullback-Leibler divergence of spectral signatures.
SID(x,xi) = D(x‖xi)+D(xi‖x) with D(x‖xi) defined as:

D(x‖xi) =
n∑

	=1

px(�) log
(

px(�)
pxi

(�)

)
,

with px(�) def= x(�)/
∑n

k=1 x(k). Once again, some spectral
divergence-based local kernels may be defined. Since SID is
similar to mutual information, it can be bounded by the log
of the dynamic of x; then SID-based kernels satisfy Mercer’s
conditions.

D. Mixture of kernels

As in [11], it is of interest to consider the reflectance scale
of spectral signature but also their spectral shape. Then, linear
mixture of kernels can fit the dual point of view: similarity
according to the dot product or euclidian distance and also,
similarity according to the spectral shape (SA or SID). Mixture
of kernels may be defined as [8]:

K(x,xi) = µKa(x,xi) + (1 − µ)Kb(x,xi), (6)

where Ka(·, ·) and Kb(·, ·) are two kernels (e.g. local, global,
SA or SID-based). Since Ka(·, ·) and Kb(·, ·) satisfy Mercer’s
conditions, all linear combinations are eligibles for kernels.

IV. EXPERIMENTS AND CONCLUSION

SVM classifications have been applied to a hyperspectral
image from the airborne CASI sensor with 17 spectral bands
from 450 to 950nm. The ground resolution is two meters and
the image has been calibrated to reflectance by the means of
the empirical line method, as shown on Fig. 2.

It appears that using spectral knowledge into SVM classi-
fication reduces false alarms for thematic classification. For
instance, artificial forest area, which is difficult to classify
since trees are small and there is a lot of shadows, has
been correctly classified with spectral-angle based kernel.
Also, fields are classified with homogeneous area which suit
thematic mapping for land use.

Fig. 3 shows the results of several
classification achieved in order to
identify artificial forest, several
kinds of fields, water, roads and
wasteland. With classical kernels,
classes are not detected correctly:
see the hedges, the forest area and
over classifications in the waste-
lands with complexe texture.

Fig. 2. Casi image to process.

(a) Polynomial kernel. (b) RBF kernel.

(c) Mixture of polynomial kernel and
SA-based RBF kernel (µ = 0.1).

(d) Mixture of polynomial kernel and
SID-based RBF kernel (µ = 0.44).

Fig. 3. Resulting classifications with several kernels.

In conclusion, it appears that spectral-based kernel yields
better results than SID-based kernel from a thematic point of
view. Actually, mixture between spectral-based and quadratic-
based kernels achieves the best balance between a geometric
point of view and a spectral characterization for integrating
bio-physical similarity for the classification of hyperspectral
data cube.
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