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Abstract—Remote sensing image classification aims to auto-
matically categorize a monitored area in land cover classes. Hy-
perspectral images, which provide plenty of spectral information
per pixel, allow achieving good accuracy results in classification
problems. However, the vast amount of information also can
compromise the efficiency due to noisy bands, redundancy, and
high-dimensionality. Some dimensionality reduction techniques
have been proposed in order to better use the available infor-
mation. One approach is to perform a band selection, which
aims to select the best bands for the classification in order to
decrease the dimensionality without degradation of information,
i.e., keeping the physical properties acquired by the sensors.
This paper introduces a new unsupervised band selection method
based on dissimilarity between bands, which are represented by a
spectral rhythm, using a bipartite graph matching approach. We
carried out experiments in three well known real hyperspectral
images datasets. The accuracy results with few bands can achieve
levels comparable with the classification made with all data. Our
approach can also yield better results in some cases, which is only
observed with using supervised approaches in the literature.

Keywords-hyperspectral imagery; band selection; spectral
rhythms; visual rhythms; graph matching; remote sensing;

I. INTRODUCTION

Hyperspectral sensors used in remote sensing collect the
information using several bands in the frequency spectrum, not
only the visible one, which allows to provide a vast amount
of information about the monitored area [1]. This amount
of information is useful to better extract information about
objects or areas that are being monitored. Figure 1 shows a
scheme of how information from each pixel is represented,
instead of just visible spectrum values. In a hyperspectral
image, each pixel can be seen as a spectral signature, which is
associated with the physical properties of the materials found
in the surface. Thus, the hyperspectral values are commonly
used as a feature descriptor for each pixel in classification
problems [2].

Notwithstanding, several spectral bands likely have redun-
dant information or contain less relevant information than
others. Furthermore, using some bands could even worsen the
information extraction, for example, it is known that some
bands are affected by atmospheric water absorption, so these
bands may not produce valid information. Finally, the increase
of the data dimensionality space may also bring problems
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Fig. 1. Using hyperspectral images to extract pixel information. Typically,
the process of creating thematic maps, by using hyperspectral images as data
source, is modeled as a pixel-wise classification problem.

with computational cost as well as it can badly affect many
supervised classification methods [3], [4].

The main challenge in the classification of hyperspectral
images is how to make use of the amount of information avail-
able in the spectral bands and avoid dimensionality problems,
i.e, how to reduce the space dimension without degeneration
of the data. Dimensionality reduction in hyperspectral images
can be divided in two main groups. The first one is the feature
transformation [5]–[9] which aims to find a transformation of
the available data that can reduce the dimensionality without
much loss of information. A widely used approach is the
principal component analysis (PCA) [6], [8]. However, PCA
may not be an appropriate choice for hyperspectral data
since this kind of data exhibit large within-class variance,
dominating the between-class variance [10]. Another approach
is the band selection [11]–[21], where a metric is used to
select the most informative and distinctive bands in order
to provide a subset that could be as informative as possible
about the monitored area. This approach is very useful in
many applications because it can preserve relevant original
information of the spectral bands.

Many of the existing band selection methods are supervised
[11]–[13], [22]. Although producing good results, they require
information about the existing classes. Concerning the unsu-
pervised band selection domain, numerous techniques have
also been proposed. Some of them use a clustering approach



to divide the set of bands in subsets and choose one band
that represents each subset [16]–[18]. Other methods use a
metric for ranking the bands in an ascending order of amount
of information that could be provided. Usually, statistical
measures like entropy, mutual information or a correlation
criterion [19]–[21] are used. A problem of these kind of
approaches is related to the amount of information to be
analyzed.

In this paper, we present a novel approach for hyperspectral
band selection. Our main goal is to automatically discard
bands that are redundant or noisy in order to preserve the
classification accuracy. With this aim, we have introduced
the concept of spectral rhythms, which is a simplified rep-
resentation of a hyperspectral image content. The proposed
technique uses this representation to compute dissimilarity
measures among neighbouring bands. This process produces
a dissimilarity curve that is exploited to select the most
important bands.

The dissimilarity measures are computed by using a bi-
partite graph matching [23]. That approach was successfully
and efficiently used for identifying abrupt and gradual video
transition by using the notion of visual rhythms [24]. It is
worth to point out the differences between the applications.
When using the obtained dissimilarity curves for hyperspectral
band selection, instead of detecting transitions, our focus is
on discovering clusters or blocks that can be replaced by a
reduced number of representative bands.

The main contributions of this work are:
• Definition of a new content simplification for hyperspec-

tral images, called spectral rhythms. This computationally
simple representation opens a new area of investigation
related to the use of dissimilarity measures that are
successfully applied to video analysis.

• Two strategies for selecting bands from a dissimilarity
curve. We show that it is possible to select a set of bands
that produce better results than all the bands together.
To the best of our knowledge, this effect was only
observed in the literature by using supervised selection
methods [22].

This paper is organized as follows. In Section II, we describe
important concepts to be used on band selection. Section III
introduces our new band selection method. In Section IV,
we describe experimental procedures used for the method
evaluation and we expose and discuss the results achieved in
the experiments. Finally, we conclude the contribution raised
by our method compared with the state of the art and our
perspective for further works in Section V.

II. TECHNICAL BACKGROUND

In this section, we describe some concepts necessary to
the understanding of this work. We firstly present visual
rhythm, which is an abstraction of a video for video analysis.
Furthermore, we present a dissimilarity measure which can be
used for gradual transitions, and in this work, it will be applied
for helping us in selecting a good hyperspectral band.

A. Visual Rhythms

The use of visual rhythm was first used by [25] for video
transition detection, and widely explored in several works
in order to study temporal properties on video data [23],
[24], [26], [27]. Visual rhythm consists of an abstraction of
a video encoding the temporal change of pixel values along
a specific sampling strategy [26]. Formally, a visual rhythm
is a simplification of a video V = {ft}, t ∈ [1, T ], in domain
2D + t, with T frames of dimensions WV × HV , in which
each frame ft is transformed into a vertical line on an image
R, in domain 1D + t, such that,

R(t, z) = ft(rx×z+a, ry×z+ b), t ∈ [1,WR], z ∈ [1,HR],

where WR (WR = T ) and HR are its width and height,
respectively; rx and ry are the sampling rates along the
horizontal and vertical directions; a and b are the horizontal
and vertical offsets on each frame, respectively.

B. Dissimilarity measure based on bipartite graph matching

In [24], the authors proposed a dissimilarity measure based
on bipartite graph matching for transition detection in videos.
According to [24], abrupt and gradual transitions can easily be
identified by a strategy based on this measure. It is important
to note that this measure can be computed on either the frame
sequence video or the visual rhythm, which is an abstraction
of that sequence. To define the dissimilarity measure in video
sequency formally, some definitions are introduced as follows.

Definition 1 (Point distance – PD(P l1 ,Pl2 , λ)). Let Pl1 and
Pl2 be two points at location l1 and l2, respectively. Two points
are close if |l1 − l2| is smaller than a specified threshold (λ).
The point distance is defined as

PD(Pl1 ,Pl2 , λ) =

{
1, if |l1 − l2| ≤ λ

0, otherwise
(1)

Small λ means that only points in a narrow neighborhood
will be compared to each other. If point distance is ignored,
all points of a specified column of the visual rhythm will be
considered to be in one single neighborhood.

Definition 2 (Point similarity – PS(Pl1 ,Pl2 , δ)). Let Pl1 and
Pl2 be two points at location l1 and l2, respectively. Two
points are similar if a (dis)similarity measure D(Pl1 ,Pl2)
between them is smaller than a specified threshold (δ). The
point similarity is defined as

PS(Pl1 ,Pl2 , δ) =

{
1, if D(Pl1 ,Pl2) ≤ δ

0, otherwise
(2)

There are several choices for D(Pl1 ,Pl2), i.e., the (dis)simi-
larity measure between two points, e.g., pair-wise difference of
histogram (grayscale) values, difference of color average cal-
culated for point neighborhoods, among others. After selecting
a value for δ, it is possible to construct a point similarity graph
based on two images ft1 and ft2 . The frames are represented
by the columns t1 and t2 of the visual rhythm. The point
similarity graph is computed directly from the visual rhythm



instead of the frames and it is built upon a list of frame points,
defined below, that is used to represent the frame content.

Definition 3 (List of frame points – Lft ). Let ft be frame at
location t. The list of frame points Lft represents the point
values extracted from a visual rhythm.

Using two different lists of frame points, the point similarity
graph can be defined as follows.

Definition 4 (Point similarity graph – Gδ,λ(Lft1
,Lft2

)). Let
Lft1

and Lft2
be two lists of frames. A point similarity graph

Gδ,λ(Lft1
,Lft2

) = (NLft1 ∪NLft2 ,Eδ,λ) is a bipartite graph.
Each node vLft1 ∈ NLft1 represents a point P1 ∈ Lft1

and
each node vLft2 ∈ NLft2 represents a point P2 ∈ Lft2

. There
is an edge e ∈ Eδ,λ between vLft1 and vLft2 if point similarity
of associated points P1 and P2 are equal to 1, i.e.,

Eδ,λ = { (v
Lft1 , v

Lft2 ) | vLft1 ∈ N
Lft1 , v

Lft2 ∈ N
Lft2 ,

PS(P1,P2, δ) = 1} (3)

Figure 2 illustrates an example of the graph matching
procedure. In Figure 2 (a), point similarity graph is obtained
from visual rhythm with δ = 0, i.e., two points are similar
only if they have equal values.

(a) point similarity graph (b) maximum cardinality
matching with δ = 0

Fig. 2. Example of bipartite graph matching.

Finally, for stating the dissimilarity measure proposed
in [24], matching and maximum cardinality matching are
defined as follows.

Definition 5 (Matching – Mδ,λ). Let Gδ,λ(Lft1
,Lft2

) be a
point similarity graph between the frames ft1 and ft2 repre-
sented by their list of frame points Lft1

and Lft2
. A subset

Mδ,λ ⊆ Eδ,λ is a matching if any two edges in Mδ,λ are not
adjacent.

Definition 6 (Maximum cardinality matching – Mδ,λ).
Let Mδ,λ be a matching in a point similarity graph
Gδ,λ(Lft1

,Lft2
). So, Mδ,λ is the maximum cardinality match-

ing if there is no other matching Mδ,λ in Gδ,λ(Lft1
,Lft2

) such
that |Mδ,λ| > |Mδ,λ|.

Based on the size of maximum cardinality matching we can
define max-matching dissimilarity measure as follows.

Definition 7 (Max-matching dissimilarity measure –
DISδ,λ(Lft1 ,Lft2 )). Let Mδ,λ be a maximum cardinality
matching in a point similarity graph Gδ,λ(Lft1

,Lft2
). So, the

max-matching dissimilarity measure DISδ,λ(Lft1 ,Lft2 ) can

be calculated as

DISδ,λ(Lft1 ,Lft2 ) = 1− |Mδ,λ|
max {|Lft1

|, |Lft2
|}

(4)

Two consecutive frames that are similar can be represented
by only one. Thus, their lists of frame points are also expected
to be similar, and consequently a high similarity score (com-
puted using the size of the maximum cardinality matching)
should be encountered. Equation 4 states that if two lists
of frame points are not very similar, i.e., if it may have a
transition or a new information between the associated frames,
then DISδ,λ(Lft1 ,Lft2 ) ≈ 1. The max-matching dissimilarity
measure can be considered as a distance function. Then, max-
dissimilarity measure is calculated for each of those graphs
and used to compute max-r dissimilarity measure as follows.

Definition 8 (Max-r dissimilarity measure – rDISδ,λk ). Let fk
be frame at location k, k ∈ [0, N − 1] and Lfk be the list of
frame points associated with that frame. So, for a 2r+1 set of
available frames centered at frame fk, i.e., for a fram interval
fk−r, fk−r+1, . . ., fk, . . ., fk+r−1, fk+r, the max-r dissimilarity
measure rDISδ,λk can be calculated as

rDISδ,λk = max
i = k − r . . . k + r,
i 6= k, i ∈ {0, N − 1}

{
DISδ,λ(Lfk ,Lfi)

}
(5)

III. THE UNSUPERVISED BAND SELECTION METHOD

In this section, we describe in details the proposed approach
for unsupervised hyperspectral band selection. The core idea
of our strategy relies on representing the hyperspectral image
content as a spectral rhythm.

Firstly, we define the spectral rhythm and how to apply
it in our band selection method. Secondly, the proposed
unsupervised band selection method is described and detailed.

A. Spectral Rhythms

A spectral rhythm is an abstraction of the temporal visual
rhythm introduced in II-A.

The visual rhythms contain patterns or visual signatures of a
video sequence. By a visual rhythm transformation, a video of
dimensions 2D+t, two spatial dimensions plus time, becomes
a two dimensional image (1D + t).

A hyperspectral image, on the other hand, also has two
spatial dimensions but the third one, instead of time, is the
frequency (or wavelength), leading to a 2D+ω domain, we use
here ω for frequency representation. Thus, we introduce the
concept of spectral rhythm of a hyperspectral image (2D+ω)
that will transform each spectral band into a vertical line and
will concatenate all bands creating an image in the domain
1D + ω. Such that, each line of a spectral rhythm image
represents the evolution of the response of a spatial pixel on
the frequency domain.

Formally, a spectral rhythm is a simplification of a hyper-
spectral image S = {bω}, ω ∈ [1,Ω], in domain 2D+ω, with
Ω bands of dimensionsWS×HS , where each band represents



a frequency range. Each band bω is transformed into a vertical
line on an image R, in domain 1D + ω, such that,

R(ω, z) = bω(rx×z+a, ry×z+b), ω ∈ [1,WR], z ∈ [1,HR],

where WR (WR = Ω) and HR are its width and height,
respectively; rx and ry are the sampling rates along the
horizontal and vertical directions; a and b are the horizontal
and vertical offsets on each frame, respectively.

The values of rx, ry , a and b define the transformation
applied into a 2D band bw to a 1D line of R.

For the purpose of the band selection method proposed here
the values used are: a = 0, b = 0, rx = r and ry = q, where r
and q are the remainder and the quotient of the integer division:
z/WS .

B. Band Selection Scheme

Our method can be subdivided into three steps: (i) compu-
tation of spectral rhythms; (ii) computation of max-r dissim-
ilarity measure rDISδ,λk ; and (iii) selection of salient bands.

Given a spectral rhythm, our method computes the dis-
similarity measures among nearby bands. In this work, we
have used the bipartite graph matching as described in Section
II for video sequences, however, instead of using visual
rhythms, as in [24], we use our new abstraction, the spectral
rhythm. The outcome of this process is a one dimensional
signal containing static and transition information according to
respective neighbour bands, which we call dissimilarity curve.
This curve is the basis for our band selection strategies. Figure
3 shows these three steps as a scheme of the band selection
process.

The transition information is usually represented by peaks
on this curve, and consequently, they reveal good candidate
bands to be selected. Two methods are proposed for band
selection by the dissimilarity curve:
• Method Of Peaks (MOP): In the dissimilarity curve,

a large value represents that the band is very different
from its neighbors. It means that a given band with large
dissimilarity value has a response in its frequency range
that is very different in comparison with its neighbors.
It is important to note that we are interested in selecting
bands which are most relatively dissimilar with respect
to their neighborhood. Thus, instead of analysing directly
the dissimilarity values of the bands using global maxima,
our band selection based on peak will identify local
maxima on the dissimilarity curve. This way allows to
select the most different bands among the set.

• Method Of Derivative (MOD): Strong variations in
the dissimilarity can indicate changes on the band in-
formation, which can mean the presence of different
information in the bands, leading us to a good candidate
for the selection. This approach may select the bands that
have more distinct variations of dissimilarity compared
with their neighbors.

In order to detail and formalize the two proposed band
selection methods, we pursue with three definitions:

Definition 9 (Forward difference operator [28]). The Forward
difference operator or discrete derivative operator ∆ is defined
as follows for a function g:

∆g = x 7→ g(x+ 1)− g(x)

Definition 10 (Discrete Laplace operator [28]). The Discrete
Laplace operator ∆2 is defined as follows for a function g:

∆2g = x 7→ g(x+ 1)− 2g(x) + g(x− 1)

Definition 11 (Strict local maximum [29]). Let g : S → R,
ω1 ∈ S is a strict local maximum of g if there exists an ε-
neighborhood Nε(ω1) around ω1 such g(ω1) > g(ω) for each
ω ∈ Nε(ω1) ∩ S

Before selecting salient bands, the following sequence of
operations is applied to remove noise and smooth the dis-
similarity curve: (i) closing operation for removing small
valleys [30]; (ii) white top hat operation [30] for computing
morphological residues [31] which represent local variations;
and finally (iii) thresholding for eliminating small variations.

The MOP and MOD are summarized as follows:

1) MOP: We define gp as a discrete function with domain
S = [1,Ω] and range R. Where gp : S → R is
the smoothed unidimensional dissimilarity curve rDISδ,λk .
Which means, for each frequency range ω ∈ S, gp(ω) ∈
R is the dissimilarity value computed from the spectral
rhythm of the hyperspectral image for the band bω .

2) MOD: We define gd as a discrete function with domain
S = [1,Ω] and range P . Where gd : S → P is
∆gp where gp is defined above. Which means for each
frequency range ω ∈ S, gd(ω) ∈ P is the variation of the
dissimilarity computed for the band bω .

The band selection proceeds by pointing out the bands that
represent a peak, on the functions gp(ω) for MOP and gd(ω)
for MOD. Which means that, a band bω1

is selected if ω1 is a
strict local maximum of the function gp(ω) or gd(ω). In order
to find the strict local maximum in a point ω1 two conditions
must be truth:

1) First order condition: for ω1 ∈ S, ∆g(ω1) > 0 and
∆g(ω1 − 1) < 0 or ∆g(ω1) < 0 and ∆g(ω1 − 1) > 0.
Which means, the discrete derivative cross the zeros
around the point ω1.

2) Second order condition: for ω1 ∈ S, ∆2g(ω1) < 0.
Which means, the discrete Laplace operator is negative
at the point ω1.

The strict local maximum detection is made by finding the
points ω1 in the function gp or gd that made the two conditions
truth.

This process is made iteratively, by selecting the most
important bands until the algorithm finds the number of bands
required, or all bands are ranked. Thus, the iterative peak
detection will have as output a list with the spectral bands
ranked by their importance on the selection.



Fig. 3. Band selection scheme: (a) Spectral rhythm extraction; (b) Dissimilarity curve computation; (c) Selection of salient bands.

IV. EXPERIMENTS

We carried out experiments to evaluate the applicability of
our band selection method. They consist in applying the band
selection proposed scheme to three real hyperspectral datasets:
(i) Indian Pines; (ii) Salinas; and (iii) Pavia University. For
each dataset, the pixels are classified in land cover classes
by using different amounts of bands as feature sets. It is
performed from few selected bands to all available bands (in
which there is no selection). We compare the accuracy rate
of the bands selected by our approach with the classification
accuracy rate using all bands.

The rest of this section is organized as follows. In Sec-
tion IV-A, we describe the datasets used in the experiments.
In Section IV-B, we detail the experimental protocol applied
for the classification procedures. In Section IV-C, we present
and discuss on the obtained results.

A. Datasets

1) Indian Pines dataset: Indian Pines is a real world dataset
which was acquired by the AVIRIS sensor in 1992. This
dataset is composed by 200 spectral bands of 145×145 pixels.
The scene is divided in 16 regions which are listed in Table I
with the number of samples that belongs to each one.

2) Salinas dataset: Salinas dataset was also collected by
AVIRIS sensor and comprises 204 spectral bands of size
217×512 pixels. There are 16 regions in the area, which are
described in Table II.

3) Pavia University dataset: Pavia University was collected
by ROSIS sensor and has 103 spectral bands of size 340×610
pixels. The scene is divided in 9 regions listed in Table III that
also lists the number of samples that belongs to each region.

B. Classification methods

In order to evaluate the proposed unsupervised band selec-
tion methods, we carried out experiments with two different
supervised classification methods. It avoids misunderstandings
provided by a particular behaviour from the classification
method used. In an attempt to make our results comparable

TABLE I
IND. PINES AVIRIS GROUND TRUTH CLASSES AND NUMBER OF SAMPLES

ID Class Samples
1 Alfalfa 46
2 Corn-no Till 1428
3 Corn-min Till 830
4 Corn 237
5 Grass-pasture 483
6 Grass-trees 730
7 Grass/Pasture-mowed 28
8 Hay-windrowed 478
9 Oats 20

10 Soybean-no Till 972
11 Soybean-min Till 2455
12 Soybean-clean 593
13 Wheat 205
14 Woods 1265
15 Buildings-Grass-Trees-Drives 386
16 Stone-Steel-Towers 93

TABLE II
SALINAS AVIRIS GROUND TRUTH CLASSES AND NUMBER OF SAMPLES

ID Class Samples
1 Brocoli green weeds 1 2009
2 Brocoli green weeds 2 3726
3 Fallow 1976
4 Fallow rough plow 1394
5 Fallow smooth 2678
6 Stubble 3959
7 Celery 3579
8 Grapes untrained 11271
9 Soil vinyard develop 6203

10 Corn senesced green weeds 3278
11 Lettuce romaine 4wk 1068
12 Lettuce romaine 5wk 1927
13 Lettuce romaine 6wk 916
14 Lettuce romaine 7wk 1070
15 Vinyard untrained 7268
16 Vinyard vertical trellis 1807



TABLE III
PAVIA UNIVERSITY GROUND TRUTH CLASSES AND NUMBER OF SAMPLES

ID Class Samples
1 Asphalt 6631
2 Meadows 18649
3 Gravel 2099
4 Trees 3064
5 Painted metal sheets 1345
6 Bare Soil 5029
7 Bitumen 1330
8 Self-Blocking Bricks 3682
9 Shadows 947

with the state of the art [16], [19], we have adopted a similar
classification protocol. The methods used are summarized as
follow:

1) Support Vector Machine (SVM): is considered a reference
method in supervised classification field and it has been
widely used. Here we use SVM with RBF kernel and a
multi-class support based in one-vs-one scheme. The set
was splitted in 50%/50% of each class for train and test
subsets.

2) Optimum-Path Forest (OPF): is a naturally multi-class
classifier and does not depend on the adjustment of
parameters. OPF supervised classification method could
have much better efficiency than SVM methods [32],
[33]. Each class of the set was splitted in 50% for testing,
25% for training and 25% for evaluation.

C. Quantitative results

1) Band Selection: The band selection process provides
a rank of the bands by their information. We applied the
proposed band selection scheme to the three datasets described
in Section IV.

Firstly, we compute the spectral rhythms for the three
datasets and then the dissimilarity curves. The curves obtained
for each dataset are presented in Figure 4.

(a) Indian Pines (b) Pavia University (c) Salinas

Fig. 4. Dissimilarity curves for the three datasets. The horizontal axis
represents each band of the dataset and the vertical represents the amount
of dissimilarity of this band.

The next step in the band selection scheme is to point out the
most informative bands by identifying the strict local maxima
on each curve. Table IV shows the 20 first bands that were
ranked by the two methods (MOP and MOD) for the three
datasets.

2) Classification: Once the band selection was performed,
we proceeded a supervised classification in the three dataset
by using different number of selected bands.

TABLE IV
FIRST 20 BANDS SELECTED BY MOP AND MOD FOR EACH DATASET

INDIAN PINES
Method Rank of 20 bands

MOP [141, 105, 101, 145, 133, 150, 136, 156, 112, 109,
122, 173, 182, 189, 185, 163, 192, 140, 134, 148]

MOD [159, 171, 163, 190, 145, 187, 182, 142, 97, 178,
124, 106, 127, 149, 120, 110, 137, 115, 160, 172]

SALINAS
Method Rank of 20 bands

MOP [109, 137, 144, 104, 148, 154, 177, 159, 116, 185,
88, 112, 18 8, 79, 180, 96, 192, 93, 71, 83]

MOD [162, 175, 166, 130, 192, 123, 90, 118, 127, 183,
110, 65, 101, 113, 96, 84, 105, 80, 152, 8]

PAVIA UNIVERSITY
Method Rank of 20 bands

MOP [23, 5, 82, 78, 72, 66, 22, 81, 73, 65, 21, 71, 79, 20,
75, 19, 74, 24, 69, 77]

MOD [61, 60, 29, 25, 85, 62, 24, 86, 58, 17, 36, 18, 37,
19, 83, 57, 26, 49, 93, 31]

We have classified each dataset image by using the proposed
MOP and MOD methods and using the SVM and OPF
classifiers.

The accuracy results obtained with each method are shown
as follows: Figure 5 for Indian Pines dataset, Figure 6 for
Salinas dataset and Figure 7 for Pavia University dataset.

Fig. 5. Indian Pines classification accuracy reached versus the size of band
subsets using MOP and MOD as selection band methods and OPF and SVM
as classifiers. The solid line in the graphic indicates the accuracy achieved
using all data.

By analysing the results of accuracy obtained for each
dataset, we can observe that OPF classifier achieves better
accuracy for all sizes of subset bands in the Indian Pines and
Salinas datasets. However, for Pavia University dataset, the
SVM classifier seems to be more appropriate providing better
accuracy.

To evaluate the band selection method introduced in this
paper, we compare the accuracy obtained to the classification
using all bands and the classification using a few bands
selected by the method.



Fig. 6. Salinas classification accuracy reached versus the size of band subsets
using MOP and MOD as selection band methods and OPF and SVM as
classifiers. The solid line in the graphic indicates the accuracy achieved using
all data.

Fig. 7. Pavia University classification accuracy reached versus the size of
band subsets using MOP and MOD as selection band methods and OPF
and SVM as classifiers. The solid line in the graphic indicates the accuracy
achieved using all data.

By looking Figures 5, 6 and 7 we observe that with the few
bands that were chosen by our method the accuracy reached
is close to the accuracy using all bands (horizontal solid line),
which means that we succeed in selecting bands that can
represent the entire set without degradation of information.

In the best cases of the results obtained, a few number of
selected bands can even reach an accuracy better than using
all bands. Which means that besides of dimensional reduction,
our method can even improve the accuracy by rejecting bands
that may disturb the classifier.

Comparing the two proposed approaches MOP and MOD,
we conclude that MOP performance was better for selecting
a small subset. Thus, the selection of 5 or 10 bands made by
MOP produces better result in the classification. However, for
larger subsets, the two methods present similar behaviour.

To visualize and compare the classification reached with
few and all bands, we show the resultant classes of the
classification. For each dataset, we show in an image the

predicted class for each pixel using: (a) few bands selected
with MOP, (b) few bands selected with MOD and (c) all
bands. For Indian Pines result is shown in Figure 8, Figure
9 for Salinas dataset and Figure 10 for Pavia University.

(a) MOP 20 bands (b) MOD 20 bands (c) All bands

Fig. 8. Classification results of Indian Pines using SVM classifier for MOP
with 20 bands, MOD with 20 bands and all bands.

(a) MOP 20 bands (b) MOD 20 bands (c) All bands

Fig. 9. Classification results of Salinas using SVM classifier for MOP with
20 bands, MOD with 20 bands and all bands.

(a) MOP 30 bands (b) MOD 30 bands (c) All bands

Fig. 10. Classification results of Pavia University using SVM classifier for
MOP with 30 bands, MOD with 30 bands and all bands.

V. CONCLUSION AND FURTHER WORKS

This paper proposed a new band selection method for
hyperspectral images based on a bipartite graph matching
dissimilarity measure. We introduced the concept of spectral
rhythms as a hyperspectral image content simplification. This
abstraction is used for computing the dissimilarity between the
”bands”.

Our technique is capable to point out the bands with more
distinct by ranking them according to their importante. In
order to evaluate the band selection method, we proceeded
a supervised pixel-wise classification in well known hyper-
spectral land cover images. The pixel features used for the



classification are a small sub-set of the bands which were
selected by our method. The classification results are then
compared to the results reached using all data.

By analyzing the results, we can notice that accuracy
reached by using few bands is close to the result achieved
with all spectral bands. This means that we can reduce the
dimensionality without degrading the information and the
subset of selected bands can represent well the entire set of
data.

Our results also show that in some cases the classification
accuracy using few bands can yield better results than using
all bands. In other words, by rejecting some bands which
may introduce non valid information besides of dimension-
ality reduction, it is possible to improve the accuracy of the
classification process. This result is very interesting once, as
far as we know, none unsupervised method can achieve better
accuracy than the accuracy using all bands. Some supervised
methods in the literature have this property.

Future work may include a spectral rhythm simplification,
instead of using all pixels for the visual spectral construction,
a segmentation process for super pixels analysis can improve
the efficiency of the dissimilarity measure computation without
loss of generality.
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