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Abstract— This paper presents a class information (CI)-based
band selection (BS) approach to hyperspectral image classifica-
tion (HSIC). It introduces a new concept from an information
theory point of view, CI which can be used to determine an
appropriate weight imposed on each class of interest. Specifi-
cally, two types of criteria, intraclass information criterion (IC)
and interclass IC are derived as CI probabilities to measure
CI that can be used to determine the number of training
samples required to be selected for each class. With such
ClI-calculated probabilities, another new concept called class self-
information (CSI) is also defined for each class that can be
further used to define the class entropy (CE) so that CSI and
CE can be used to determine the number of bands required
for BS, ngs. In order to find desired ngs bands, two types
of BS methods based on CSI and CE are custom-designed,
called single class signature-constrained BS (SCSC-BS) which
utilizes the constrained energy minimization (CEM) to constrain
each individual class signature to select bands for a particular
class according to its CSI-determined ngg and a multiple class
signatures-constrained BS (MCSC-BS) which takes advantage of
linearly constrained minimum variance (LCMYV) to constrain all
class signatures to select CE-determined ngg bands for all classes.
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These SCSC-BS and MCSC-BS selected bands are then used to
perform classification and evaluated by CI-weighted classification
measures by real image experiments. The results show that HSIC
using judiciously selected partial bands as well as CI-weighted
measures can improve HSIC with using full bands.

Index Terms—Band selection (BS), between class distance
(BCD), class entropy (CE), class information (CI), class self-
information (CSI), class Fisher’s ration (CFR), constrained
energy minimization (CEM), information criterion (IC), lin-
early constrained minimum variance (LCMYV), multiple class
signatures-constrained BS (MCSC-BS), single class signature-

constrained BS (SCSC-BS), within class distance (WCD).

NOMENCLATURE
BS Band selection.
BCD Between class distance.
CD Class density.
CE Class entropy.
CI Class information.
CSI Class self-information.
CFR Class Fisher’s ratio.
CEM Constrained energy minimization.
IC Information criterion.
LCMV Linearly constrained minimum variance.
MCSC-BS Multiple class signatures-constrained BS.
SB-MCSC-BS  Sequential backward MCSC-BS.
SF-MCSC-BS  Sequential feed forward MCSC-BS.
SB-SCSC-BS  Sequential backward SCSC-BS.
SF-SCSC-BS  Sequential feed forward SCSC-BS.
SCSC-BS Single class signature-constrained BS.
SR Sample ratio.
WCD Within class distance.
LIST OF SYMBOLS
Symbol  Definitions
Ci ith class.
c i Classified jth class by a classifier.
M Total number of classes to be classified.
{Ci}f‘i ;  All classes of interest.
N Total number of data samples.
n; Total number of data samples in C;.
nii Total number of data samples in C; correctly
classified in C;.
nji Total number of data samples in C; but classi-
fied into C;.
NUaining  Total number of training samples for all

classes.
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Jaining Total number of training samples used for the

ith class, C;.

N Total number of classified data samples.

nj Total number of data samples classified
into Cj.

njj Total number of data samples classified in C;
which are supposed to in C;.

nBs Number of bands to be selected.

nS Number of bands determined by CSI.

(e Number of bands determined by CSI for the
ith class, C;.

n$E Number of bands determined by CE for
{Ci}?iy

195(C)) CSl for C;.

pl-cI Generic CI probability calculated for class C;
using CI as a criterion.

Pa(C)) Accuracy of Cj, see (18).

Paa Average accuracy, see (19).

Pcroa(C;i)  Accuracy using CI as a criterion, see (20).

Poa Overall accuracy, see (16).

Ppr(C)) Precision of C;, see (21).

Pcrpr Precision using CI as a criterion, see (22).

ﬁgéD(C,-) BCD measure for C; see (4).

IEL(C) CD for C;, see (2).

ISR(C)  CFR for C;, see (5).

19\%ICD(C,-) WCD measure for C;, see (1).

ISE(CH) SR for C;, see (3).

Slggl(Ci) Band subset determined by CSI for the
ith class, C;.

Slggl Band subset determined by CSI for all classes,
{Ci}M,, see (26).

V( Qgs) (ngSRS—Z;SdQBS)—l, see (36).

V() (g Ry, 1)~ see (38).

I. INTRODUCTION

N RECENT years, BS for hyperspectral image classi-

fication (HSIC) has received considerable interest, for
example, [1]-[26]. In general, BS can be performed by sev-
eral approaches. One is band prioritization (BP) [1] which
uses a custom-designed criterion to calculate a priority
score of every single band for its ranking. BS selects
bands according to their assigned priority scores [1]-[5].
Such BP-based BS is generally unsupervised regardless of
a specific application. It makes use of a BP criterion
to select bands according to data characteristics or statis-
tics such as variance, signal-to-noise ratio (SNR), entropy,
Jeffries—Matusita (JM) distance [16], [18], [27], and informa-
tion divergence (ID) [3], [6], [18]. Unfortunately, a BP crite-
rion suffers from at least four drawbacks. First of all, it does
not provide a means of determining how many bands needed
to be selected, ngs. Second, it must prioritize all bands because
it does not know nps. Third, it requires band decorrelation to
remove bands highly correlated with already selected bands.
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However, how to select an appropriate threshold for band
decorrelation is a challenging issue. Fourth, the bands selected
by a BP criterion such as variance, SNR, JM measure and
ID are completely characterized by data statistics regardless
of applications. In other words, such BP-selected bands are
fixed and cannot vary with different applications. To address
this issue, another approach is to use an application-based
criterion to generate band features that can be used to select
bands. Consequently, it requires a feature selection algorithm
to find an optimal set of features that determine bands to
be selected. BS of this type is generally supervised because
it usually requires prior knowledge about the data to be
processed such as training samples, the number of classes
of interest to be classified [10]-[15]. In this case, the main
focus of BS is placed on design and development of strategies
for searching bands. On the other hand, BS can be also
categorized into three groups. One group is band clustering,
which clusters bands into a finite number of clusters [13]-[15].
Another group is sequential multiple band selection (SQMBS)
which selects multiple bands ‘“sequentially” [5], [16], [17].
Specifically, SQMBS generally starts off with either one
band or two, and then begins to grow the selected band
sets by adding one band at a time according to a searching
strategy in which case the well-known sequential floating
forward selection (SFFS) [11] is generally used to select
bands such as [16] and [17]. A third group is simultaneous
multiple band selection (SMMBS) which selects multiple
bands “simultaneously” [18]-[25] in the sense that all bands
must be selected at the same time, not one after another as
does SQMBS.

However, two major issues arising from BS generally have
a significant impact on classification results and in [1]-[26].
One is determining the number of bands to be selected, ngs.
The other is selecting desired bands for classification once
ngs is determined. As for the first issue, one commonly
used approach is to take advantage of virtual dimensionality
(VD) developed in [27]-[32], target specified VD (TSVD)
in [33] and [34] and band specified VD (BSVD) [35]. Since
determining ngs is very challenging, over the past years BS
has mainly focused on the second issue that is to develop
algorithms for finding desired bands with nggs being deter-
mined empirically or other criteria such as VD. Interestingly,
to the authors’ best knowledge there is no work reported in
the literature on how to determine nps, particularly for the
classification. For example, VD in [27]-[32] was specifically
developed for determining the number of spectrally distinct
signatures using correlation-covariance eigenvalues analysis
by the Harsanyi—Farrand—Chang (HFC) method [36]. On the
other hand, TSVD in [33] and [34] was designed for tar-
gets of interest specified by a particular application, whereas
BSVD [35] was specifically developed for selecting bands
of interest according to the mutual orthogonality of bands
regardless of applications.

This paper takes an interesting twist by looking into the
information provided by each of classes of interest which can
be used to determine nps specifically for classification. Its
idea is to introduce CI that can be used to measure the infor-
mation contained in each class of interest for classification.

Authorized licensed use limited to: DALIAN MARITIME UNIVERSITY. Downloaded on December 13,2023 at 12:13:56 UTC from IEEE Xplore. Restrictions apply.



8396

The concept of CI is new and derived from information
theory [37] which has never been explored in the classification
literature. To make this approach work, two key issues need
to be addressed: 1) to design a criterion to measure CI of
each class and; 2) to utilize CI to determine ngs for each of
M classes, {Ci}ML,.

In order to resolve the first issue, five criteria are partic-
ularly designed to measure CI, which are WCD, CD, SR,
BCD, and CFR, all of which are derived from a classifica-
tion perspective [38], viz. between-class variance, within-class
variance, SNR and FR. Despite the fact that WCD, BCD,
and FR have been used for pattern classification, they are
particularly used as criteria to design and develop classifiers
but not to measure CI as proposed in this paper. Specifically,
these five criteria can be grouped into two categories, intraclass
IC which measures class variability of data samples within a
class and interclass IC which measures class separability of
data samples in a class from other classes. The concepts of
intraclass variability and interclass separability are new and
cannot be found in the existing literature. With this interpreta-
tion, WCD and CD can be considered as intraclass IC, while
BCD and CFR can be regarded as interclass IC. Interestingly,
the commonly used SR used in classification, defined as the
ratio of class size to the entire data size, can also be viewed
as an intraclass IC. These defined ICs can be further used to
calculate CI probabilities for two purposes. One is to determine
the number of training samples required to be selected for each
class of interest. The other is to weigh the significance of each
class when it comes to evaluating classification performance.

To take up the second issue, another new concept, called
CSI borrowed from information theory [36], is also introduced
to measure self-information contained in each of the classes,
{Cl} —; using Cl-calculated probabilities from intraclass 1Cs
and interclass ICs. In other words, the higher the CI probability
is, the less the information is contained in a class and also
the less uncertainty the class to be characterized. Such CI
probabilities can be further used to define CSI that determines
how many bands should be selected to classify each class. With
different values of CSI, the number of bands selected for each
class, referred to as ntl(Cl) for the ith class Cj, is expected
to be different; accordingly, in order to classify M classes,
it will require a total of bands, denoted by nCSI no greater than
ZM L nSSH(C;) since there may have the same bands selected
for multiple classes. If a class contains no uncertainty, its CSI
value is zero, which indicates no information contained in the
class. Consequently, no band is needed to classify this class.
On the other hand, if the CSI of a class has a large value, this
implies that the class has greater uncertainty, in which case
more bands will be needed for BS to classify the class.

As an alternative to nggl, the self-information of each
class, nBEI(C,) can be also used to define CE in the same
way as self-information used to define entropy in information
theory [37]. The resulting CE calculated from ntl(Cl) can be
con51dered as the ensemble average CSI per class, denoted by
”Bs As a result, the number of bands, nBs, required to classify
for all M classes would be ngs = ”BS X M Obviously, the

C31 derived from CSI is different from nSE x M obtamed

"Bs
from CE with the latter assuming that nCEI(Cl) = n for
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1 < i < M without calculating nBEI(Cl) for an individual
class, ith class C;.

Once the value of nggl(Ci) or ng]si is determined, a follow-
up task is to select desired bands for classification. When

EI(C,) is used for each of M classes, {C,}l 1» an SCSC-BS
is developed by constraining each of class mean vectors,
{r M, to find n§3(C;) bands, denoted by R§3(C;), and
then fuses the obtained {SZCSI(Cl)} by finding their union
QS = U, e81(C) as the ﬁnal band subset to be
used to classify M classes, {Cl}l:1 In this case, the total
number of bands to be used to classify all M classes,
{Ci}f‘i 1» denoted by |SlCSI| is bounded below and above
by maxlSiSMnggl(C,) < |SZC§I| < ZMlntl(C,) On the
other hand, when ngls3 is used, another BS algorithm dif-
ferent from SCSC-BS is developed, called MCSC-BS by
constraining all the M class mean vectors, {;L,-}f‘i |» together
simultaneously with no need of fusion to find a final band
subset Slgs to classify M classes, {C,}M 1- To evaluate perfor-
mance of SCSC-BS and MCSC-BS for HSIC, two recently
developed iterative classifiers, called iterative constrained
energy minimization (ICEM) in [39] and iterative linearly
constrained minimum variance (ILCMV) classifier developed
HSIC in [40] and [41] are used due to the fact that both ICEM
and ILCMYV are also designed by constraining individual class
signature and all class signatures, respectively, as SCSC-BS
and MCSC-BS are designed.

As a summary, there are several unique novelties derived
from this paper which cannot be found in the literature.
First and foremost is the introduction of CI to calculate the
information of each of M classes of interest in terms of
probability. Such Cl-calculated probabilities give rise to three
new ideas in applications. One is to determine the number of
training samples required to be selected for each class. Another
is to weigh the significance of each class in classification
measures. A third one is to define CSI of each of the classes
that can be used to determine the number of bands required
to be selected, nBEI(Cl) for the ith class C; with 1 <i < M.
Such CSI can be then used to define CE to determine the
number of bands, ngs = ngg x M for all classes where
the CE is calculated by averaging CSI over all the classes.
Unlike nggl(c,) which requires fusing {SECSI(C,)}M | to find
final Qggl = Ul 1SlCSI(C,) bands for all the M classes,
the obtained CE determines ngg for all the classes {C,} ~, all
together without band fusion. Finally, to find appropriate bands
for classification two types of BS methods, SCSC-BS and
MCSC-BS are custom-designed according to the determined
values of nCSI and nps = ng]si x M, respectively. These BS
methods Constrain class signatures as band features to find
desired bands, a new idea which has not been investigated in
the literature.

II. MEASURES OF CLASS INFORMATION

Assume that there are M classes of interest to be classi-
fied, {Ci}f‘il. Let u; be the sample mean of the ith class, C;.
Obviously, not all M classes provide the same amount of
information. According to information theory [37], the infor-
mation of a class describes how much certainty contained in
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the class. It is this uncertainty that determines how many bands
required to classify the class. Interestingly, by far, no work
reported in the literature has been directed to the exploration
of CI in BS. The five criteria presented in the following are
particularly designed to measure CI from a classification point
of view. These five criteria can be grouped into two categories,
i.e., intraclass IC and interclass IC.

A. Intraclass Information Criteria

The criteria in this category are solely based on independent
classes with no interaction from other classes and can be used
to measure the variability of data samples within a single
individual class.

1) Class Variability IC: A simple means of measuring the
variability of a class is its class variance, o2. In other words,
if a class has zero variance, it indicates that the class provides
no CI at all and thus, it has no uncertainty. This means that the
class contains all data samples with the same identical spectral
signature. Hence, no band is needed to classify this class.
Conversely, if a class has a large variance, it implies that the
data samples in the class are widely spread in terms of spectral
variability, in which case its CI described as uncertainty is
large. This indicates that this class requires a large number
of bands for its classification. Hence, class variability can be
used to measure CI contained in a class. The WCD, which
serves the purpose, is defined as follows:

Dwep(C) =D = p) (r = p) =0} (1)
reC;

2) Class Density IC: The class variability, WCD in (1) only
focuses on class variance as the second order statistics without
including the first order statistics, i.e., the sample mean. The
CD defined here combines sample mean and sample variance
(1) into a criterion. It can be also considered as SNR derived
from communications/signal processing. It is the ratio of the
class mass considered as signal energy specified by ||x||*> with
4 as the sample means to the class area considered as noise
energy measured by 2. The CD is defined as

uul

(€)= 2
l

which can be used to address this need. Hence, according

to (2), the higher the density of a class is, better clustered

the data samples in the class are, thus the less CI the class

contains and the less uncertainty the class has.

3) Sample Ratio IC: In the traditional HSIC, a commonly
used criterion is SR which can also be used as a CI measure
defined by

CI i

I§(C) =" 3)
where n; is the number of data samples in the ith class, C; and
N is the total number of data samples in the data set. Since
SR is calculated only based on the size of an individual single
class relative to the entire data size, N which is fixed, it has
nothing to do with other classes, thus it can be considered as
an intraclass IC. More specifically, higher the SR of a class,
more likely a data sample to be selected from the class, which
leads to the less uncertainty of the class.
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B. Interclass Information Criteria

Unlike intraclass IC which describe the variability of data
samples within a single class, the interclass IC presented in
this section measure the separability of data samples among
classes.

1) Class Separability IC: The simplest criterion of CI to
measure class separability is to consider a class represented
by its class center specified by its sample mean. Afterward,
the separability of a class from all other classes can be
measured by BCD among all class centers (sample means)
defined by

BCD (Ci) = in;ﬁllnf M
which indicates that the larger the BCD is, the better the
separability of the class from other classes is; and thus,
the class has less information and the less uncertainty.

2) Class Fisher’s Ratio IC: Since BCD and WCD are
developed independent intraclass IC and interclass IC without
referring one to the other, the following criterion is actually
designed by combining the strengths of both BCD and WCD
into a single criterion. Its idea is originated from the well-

lij — il “)

known FR widely used for classification [38]. By taking
advantage of FR, we can define CFR as
[lp; — g1
C) = 5
CFR( l) O'iz—f-O'i% ( )
where
=arg{ min il — ] ©
and
of = IC | D= )" (= ) @
reCy

is the variance of class Cy where |Ck| is the number of
elements in Cy. That is, ||u; — p;«|| is the minimal distance
of u; between other class centers, {u ]} =1 i

Interestingly, JM distance [16], [18], [27] can also be used
as an alternative to CFR since it also takes care of intraclass
variability and interclass separability as CFR does. However,
the JM distance makes an underlying assumption that it works
when class data samples are Gaussian distributed, which is
not required by CFR. This Gaussian class data distribution
assumption runs into several issues. First of all, it requires
an effective estimation technique to reliably find Gaussian
statistics. Most importantly, it is generally not applicable to
small classes. For example, classes 1, 7, 9, and 16 of the
Purdue data (see Fig. 2), all of which have less than 100 data
samples (see Table I). Hence, compared to the total number
of data samples, 10 249, the class data samples of each
of these four classes have less than 0.5% of entire data
samples. Accordingly, the class data distribution of each of
these four classes may not be appropriately described by a
Gaussian distribution, especially class 9 and class 7, which
have only 20 and 28 data samples, respectively. Hence, the JM
distance is inapplicable to these four classes. On the other
hand, a second issue is that even though the Gaussian class
data distribution assumption may be true for large classes,
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for example, classes 2, 11, and 14 of the Purdue data, all
of which have more than 1000 data samples, how do we
know that the given Gaussian class distribution is a single
Gaussian distribution or a Gaussian mixture distribution by
a number of Gaussian distributions? Therefore, in the latter
case, in addition to estimating Gaussian statistics, we also run
into a third issue of how to estimate the number of Gaussians
used for such Gaussian mixture. Most recently, when the JM
distance is used for HSIC, it has been shown to be ineffective
in [42]. Finally, despite the fact that the JM distance measures
separability of two classes on a more convenient scale [0-2] in
terms of Bhattacharyya distance [16], [18], [27]. However, it is
also known that the Bhattacharyya distance used as a measure
of separability has the disadvantage that it continues to grow
even after the classes have become so well separated that
any classification procedure could distinguish them perfectly.
In contrast to the JM distance, our proposed CFR does not
have all of the above-mentioned issues. Even though the idea
of CFR is originated from the FR used by the Fisher linear
discriminant analysis, CFR is defined differently based on one
class against the rest of classes instead of FR defined between
two classes. From this point of view, CFR is indeed a new
concept modified from FR.

It should be noted that according to (5) the criteria, WCD
defined in (1) and BCD defined in (4), seem special cases
of (5). As a matter of fact, it is generally not true and is
demonstrated by experiments in Table IX(a), (d), and (e).
This is because CFR in (5) constraints both (1) and (4) in
one equation, while WCD in (1) and BCD in (4) can stand
alone by themselves as individual and separate criteria without
constraining one on another.

By virtue of CI criteria defined in (1)—(5), we can calculate
CI probabilities associated with each of classes in terms of
probabilities by

DGeop (1)
WCD WCD WCD 14
12 =p" T (C)= (8)
Zj!/lzl ﬁ%c])(ﬂj)
IES (1)
CD CD CD i
P = pP(C)) = L2 )
l S 9E ()
0
Pt = pMC) = IR (C) = —= (10)
OSEn (1)
BCD BCD BCD i
pi o =p (C) == (11)
S 9Se (1))
SR (1)
PiCFR — pCFR(Ci) — CFR i (12)

Zﬁil IR ()

all of which can be considered as CI probability assigned

to class C;. However, it is worth noting that a higher plWCD

in (8) indicates more information on class C;. In order to be
consistent with other criteria, we take its reciprocal ( plWCD)’1
to ensure that the probability ( plWCD)’l is proportional to the

information of class C;. In this case, (8) is replaced by

~WCD _ (pWCD(Ci))_1 )
’ S (pVeP(Ci) !

13)

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 57, NO. 11, NOVEMBER 2019

Now, using (9)—(13), higher the p€(C;) is, less uncertainty the
class C; has, and thus, fewer the bands required to identify the
class.

To simplify notations, let pl-cI be a generic CI probability
calculated for class C; using a CI criterion which can be one
of the five criteria, WCD, CD, SR, BCD and CFR, specifically,
CI = WCD with p=VeP(c;) = ﬁlWCD. Using piCI, we can
further define CSI of each class as

19Y(Cy) = 155" = —log, pt.

1

(14)

Two comments on CI and CSI are noteworthy.

1) The values of CI and CSI are inversely proportional to
each other. That is, for a class, the large value of its
CI is, less uncertainty of the class has and the smaller
the value of its CSI is. For example, if p&! = 1/2,
then IS5 = —log, p&' = 1bit, in which case it only
needs one bit to clarify the class. On the other hand, if a
class has piCI = 1/4, then Il-CSI = —log, pl-cI = 2 bits,
in which case it requires two bits to specify the class.
In summary, smaller the CI probability of a class, more
uncertainty the class has, and thus, higher its CSI value.

2) If a class has a higher CI probability, i.e., pl.CI, it indi-
cates that it has a lower CSI value, ICSI(C,-), calcu-
lated from (14). Interpreting one bit in (14) as one
band implies that it requires fewer bands classifying
this particular class and vice versa. Thus, if a class
contains no uncertainty at all, its CI probability is one,
PelC) = piCI = 1, which indicates that its CSI value
is zero, i.e., ICSI(C,-) = 0. In this case, the entire data
set contains only one single class. This means that no
information contained in the data set because it can
be specified by a single class and thus, no band is
needed to classify this data set. Conversely, if a data set
contains all classes which have equal CI probabilities,
ie., piCI = 1/M. This indicates that all classes have the
same value of CSI that will require the same number of
bands to classify each individual class. By virtue of CSI
defined in (14), a class has a lower value of CI, pl-CI,
it will have a higher CSI value, ICSI(C,-), which will
require more resources in the sense of using more bands
to identify the class.

Furthermore, we can also introduce a new concept of CI,

the entropy of CI defined as the averaged CSI over all the
classes of interest by

M M
HEACHL) =) pi 1PN C) = =) pilog, b

i=1 i=l1

5)

III. CLASSIFICATION MEASURES

Assume that

M = the number of classes;

n; = the number of data samples in the ith class according
to ground truth, i.e., n; = Zﬁil nji;

N = total number of data samples, N = Z?L ni;

nj; = the number of data samples in the ith class to be
classified into the jth class;
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n;; = the number of data samples in the ith class correctly
cla§siﬁed into the ith class;
C; = the set of data samples being classified in the

Jjth class Cj;

n ji = the number of data samples classified in the jth class,
which are supposed to in the ith class, C;;

7j = the number of data samples classified in the jth class,
Cj, i.e., flj = Zfil ﬁji;

N = total number of classified data samples in M classes =
Z;‘ilﬁﬁ R R R

p(Cj) = (nj/N) = probability of C; = SR of C;;

In the traditional HSI classification, a widely used criterion
is overall accuracy (OA). Ppa, defined as

1 M
P = — ni;
OA N i§=1 ii

where n;; is the number of signal samples in the ith class,
C; correctly to be classified into the ith class, C; and N is
the total number of data samples in the data set. Interestingly,
we can re-express (16) as

(16)

M

M M
1 ni\ njj SR Mii
I e I

1= 1=

i=1

which shows that Pp 4 actually uses SR as CI in (3) to measure
the information contained in each class. Now, if we further
define

Pa(C;) = accuracy of the ith class = ti (18)
i

then a criterion called average accuracy (AA) can be defined as

Paa = paverage-accuracy({Ci}?io
e e
— Y nii/ni == PA(C)). (19)
M i=1 M i=1

By virtue of (14), Po4 in (17) can be further extended to

M
Pcroa =Y pf'PA(C)) (20)
i=1

where CI can be specified by one of the five CI IC specified
by (9)-(13).

For an M-classes classification, an M-class confusion
matrix can be constructed in Fig. 1.

As shown in Fig. 1, new classification measures will be used
for experiments are summarized as follows [43]:

PpR(éj) = precison rate of the jth class,C;

A

— o(C ; oy —
= p(Cj|classification) = —=. 21
nj
Using (21), we can further derive
M
Perpr = pUC) P (C) (22)

i=1
which will be used to calculate CI-weighted precision
rate (PR).
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P, (C)) =
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Fig. 1. M-class confusion matrix.

As also noted in (3), p“I(C;) = p™! = (n;/N), ie. SR,
(20) is reduced to traditional OA specified by (17). Also, when
pCl(Ci) = pFt = (1/M), (20) is reduced P44 in (19).

As noted above, CI probabilities are calculated solely based
on the classes of interest with exclusion of BKG. We can also
calculate CI probabilities by including BKG as a single class.
In this case, as shown in the following experiments, it turns
out that except SR BKG class is one of the classes that yield
small pg%(G probabilities. This explains why many works on
HSIC reported in the literature on HSIC have excluded BKG
from consideration. However, it does not mean that the BKG
class should not be included for classification, since it has
been shown in [39]-[41] that BKG has a significant impact
on misclassification.

It should also be noted that P4(C;) in (18) and PpR(é‘j)
in (21) are referred to as producer’s accuracy (PA) and user’s
accuracy (UA), respectively, in traditional remote sensing
community [44]-[46].

IV. DETERMINATION OF TRAINING SAMPLES FOR EACH
OF THE CLASSES OF INTEREST BY CI

A commonly used approach to selecting training samples
is random sampling, particularly for cross-validation. In this
case, it assumes that the information of all classes is equally
likely. It seems that no work is devoted to taking CI into
account for determining how many training samples should
be selected for each class, n?ammg. AT_his section develops an
effective means of determining n?ammg by taking advantage
of CI probabilities.

Suppose that there are a total of NU@M2 training sam-
ples required for classification. A conventional approach is
to randomly select training samples according to a certain
percentile such as 5% and 10%. from each of the class. There
are two major problems associated with this approach. One is
the determination of how much percentile needs to be used
for training sample selection in the first place. The other
is the same chosen percentile be applied to each of classes
regardless of their information. Particularly, if a class with
a small number of data samples, it runs into an issue that
there will be no or very few training samples can be selected.
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By contrast, if a class with a large number of data samples,
it may result in over-sampling with too many training samples
selected than it needs.

The proposed approach presented in this section resolves
this issue. It first determines the total number of training sam-
ples, Nning required for classification. Instead of using per-
centile, it selects the number of training samples in accordance
with their CSI probabilities. Specifically, for each class, C;,
the number of training samples ntrammg, can be defined as
the number of training samples required to be sampled for
class C; by

training
i

— I-Ntrail’lil’lg X pCI(Cl)-l (23)

where [x] is the smallest integer equal to or greater than x,
ie, x < [x] <x+1and p(C;) is the CI probability of C;.
For example, if CFR in (5) is used, p™R(C;) in (12) is used
to calculate (23).

As a result of (23), the total number of training samples
required to be used for classification is

M
ini trainin, ini
\training < § :ni g < training + M.
i=1

(24)

. trainin, .
However, on some occasions, n; £ > n;/2. In this case,

we set the upper bound, n; JPPEE — ; /2. On the other hand,

if pining n; /100, then we set the lower bound, nlower =

n;/100. Nevertheless, these upper and lower bounds can be
chosen empirically to avoid over-sampling and under-sampling
training data. They can be adapted if there is a need.

It is known that determining the number of training samples
for classes of interest is a very challenging issue. Interestingly,
the CI in (23) indeed provides a guideline for this purpose.
Specifically, it shows by experiments conducted in Section IX
that the number of training samples selected for the four
smallest classes 9, 7, 1 and 16 in the Purdue data by EPF-based
methods in [46] must be at least 50% of total class samples
according to Table V(a). Unfortunately, such selection was
done empirically with no justification given in [46]. The CI
in (23) offers the explanation for their selection.

V. CLASS ENTROPY-DETERMINED Ngs

While CI of each class determines the number of training
samples required to be selected for the class, CSI of each class
can also determine the number of bands required to be selected
for classifying the class.

According to (14), we can interpret /¢5/(C;), which is the
CSI of the ith class, C;, as the band rate of C; and determine
the number of bands required for classification of the ith class
C; as

nSSNCy) = T1Y(Ci)1 = [—log, pFS1T. (25)

That is, it will require at least nCSI(C,) bands to accommodate
information of C;. Let ﬂggI(C,) be the set of bands selected
for the ith class, C;, by a BS method with its size determined
by ntl(Cl) Then,

Q! = U 581(Ch) (26)
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will be the set of desired bands selected for the processed
hyperspectral image for classification and its size can be
bounded below and above by

max nBSI(C,) <193 < angl(C,
i=l1

0 27)

where |A| is the size of set A.

On the other hand, the entropy defined by (15),
HCE({C,-}iAil) is the CE which can be considered as band
rate/per class required to the classification of M classes and
defined by

E=HE{cHM). (28)

With this interpretation, the number of bands, nps, required
to perform M-class classification will be

nps = [n§s x M]. (29)

It should be noted that ngs in (29) is different from nBEI(C i) in
(25) in the sense that (29) does not require calculating nB (o))
for each class with "Bs = ntl(Cl) forl <i <M.

Once ntl(Cl) or n is determined by (25) or (29) a
follow-up task is to develop a BS method to find an appropriate
band subset with its size, ngs to perform classification.

Although many BS methods have been reported and avail-
able in the literature, the two BS approaches to be presented
in the following two sections are particularly designed to
take advantage of class signatures CSI probabilities. Both
are derived from adaptive beamforming arising array signal
processing. Their idea considers each class signature vector,
denoted by d, as a desired signal and then constrains the d by
locking in its direction via a constraint. Two different ratio-
nales can be designed along with this line. One is developed
from target detection perspective by considering each class
signature vector as a desired target signal source arriving from
its specific direction via a scalar constraint. The other is from
a target classification point of view which considers all the
M class signature vectors as multiple target signal sources
arriving from M desired detections simultaneously and makes
use of a vector or matrix constraint to classify M target signal
sources as separate classes. Each of these two approaches is
described in the following two sections.

VI. SINGLE CLASS SIGNATURE-CONSTRAINED BS

The first approach is derived from the well-known sub-
target detection algorithm, called CEM developed in [27]
and [48]-[50].

Suppose that a hyperspectral image is represented by a
collection of image pixel vectors, denoted by {ri,ra,...,ry}
where v, = (ri1,ri2,...,riz)! for 1 < i < N is an
L-dimensional pixel vector, N is the total number of pixels
in the image and L is the total number of spectral channels.
Furthermore, assume that d = (dy, da, ..., dL)T is specified
by a desired signature of interest to be used for target
detection. The goal is to find a target detector that can detect
data samples specified by the desired target signal d via a
finite impulse response (FIR) linear filter with L filter coeffi-
cients, {w1, w2, ..., wr}, denoted by an L-dimensional vector
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w = (w1, w2, ..., wr)’ which minimizes the filter output
energy subject to the constraint d’w = w/d = 1. Let y;
denote the output of the designed FIR filter resulting from the
input r;. Then y; can be expressed by

L
T T
vi=y wri=wW'r=rlw
=1

(30)
and the average energy of the filter output is given by

N N
WM 3= /MY @lw’
i=1

i=1

N
w /N il lw=w'Rp.w  (31)

i=1

where R = (1/N) vaz | ririT is the sample auto-correlation
matrix of the image. The goal is to solve the following linearly
constrained optimization problem:

min{w/Rw} st d’w=wld=1 (32)
w

where w/ Rw can be considered as either variance resulting

from signals not passing through the filter. The optimal solu-

tion to (32) is shown in [27] and [48]-[50] to be

wEM = @"R'd)" 'R 1d (33)

and
minwR ™ 'w = (WEMTRIWEEM = @R 'd)~' (39)
w

which is the minimum variance resulting from unwanted signal
sources impinging upon an array of sensors [51], referred to
as CEM error. With the optimal weight, wEM specified by
(33) a filter called CEM, denoted by 0“EM(r) was derived [48]
specified by

M@y = WMy = @R 'R T, (39)

Now, assume that {bl}ZL=1 is a set of band images
representing a hyperspectral image cube where b; is the
[th spectral band represented by a column vector, b; =
(b1, bia, ..., biy)T and (b}, is the set of all N pixels in the
Ith band image, b;. In addition, we also assume that {;Li}?i |
are class signature vectors where y; is the signature vector
representing the ith class, for example, class mean vector as
the desired signature d, i.e., d = u;.

By taking advantage of the CEM error derived from (31),
we can define the following new measure that can be used as
a criterion for SCSC-BS:

_ —1
V(ps) = (ngSRQ;SdQBS)

which is the minimum variance specified by (34) but uses only
those bands in a band subset 2gs. Most importantly, we can
prove by the following theorem that

V@),

is a monotonically decreasing sequence where 2; =
{by, by, - .. ,blj} is any j-band subset containing j bands,
b, by, ..., by

J

(36)

(37)
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A. Sequential Feed Forward SCSC-BS

For each single band b;, we can replace the full band set
Q2ps in (33) with the single band b; to yield

Vb)) = (f Ry mp,) "

which can be used as a criterion to measure the variance
caused by data sample vectors not specified by x using only
one single band, b;. Now, if we consider a band as a feature
vector, SFFS developed in [11] can be used to develop an
SFFS-based BS to augment bands to be selected one at a
time sequentially by (38). The resulting BS is referred to as
SF-SCSC-BS.

More specifically, SF-SCSC-BS selects the first band,
denoted by by

(38)

x . _ . Tyo—1 -1
b = arg{ggg V(b)} = arg{lr)flelré (dp, Ry, dn,)  }.
(39)

Then it selects the second band, denoted by by, which yields
the minimal variance by removing b, from the full band set
2 as follows:

b}, = arg{

min V(b
o) (bn)}

b;eQ—{b;

=arg{ min (df Ry 'dy)"'}. (40)

bye2—(by, )
The same process is repeated over and over again by con-
tinuously removing selected bands from the full band set 2.
The details of implementing SF-SCSC-BS step by step are
summarized below.

SF-SCSC-BS
1. Initial condition:

Determine ngs.
Find

b;, = arg {;?613 (dg/ Rl;ldbl)*l} 39)

Sll = {bll }
2. Band augmentation

. T —1 —1
b, = arg {b/ggP (dﬂj,lu{bl}Rﬂj_]U{b/}dﬁj—lu{bl}) }
-1
41
where ;1 = {by;, b, ..., b;,_,} and Sl;fl =Q-Q;_ ;.
3. If j < ngs,
Qj ={by,by,....b;} =; 1 Ufb;}  (42)

and go step 2. Otherwise, BS is terminated. The final set
of selected bands is given by {b;, by, .. .,banS} where
ngs 1is the number of bands needed to be selected.

It should be pointed out that SF-SCSC-BS does not have
to run through all bands. It can terminate the augmentation
process as long as the number of bands to selected, ngs(C;) is
reached.
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B. Sequential Backward SCSC-BS

In contrast to SF-SCSC-BS, we can also develop a sequen-
tial backward search (SBS), which uses leave-one-out as a
technique to select optimal feature vectors. The resulting BS
is called SB-SCSC-BS. That is, for each single band, say
[th band, b;, we consider the band subset £ —b; by removing
b; from the full band set £ and then replace the band set g
in (36) with & — b; to derive

1
V(@ = bi) = (kg Rol ko)
Specifically, the band which yields the maximal variance

b} = arg{maxp,co V(R — {b/})}

1

(43)

= arg{maxp,ce (d5_, Ry {bl}dg,{b/})‘l} (44)

will be selected as the first band, denoted by b;‘l to be the
most significant band since the variance in (44) produced the
maximal variance if b}kl is removed from 2. Now let | =
€ — {by,}. Then the second band which yields the maximal
variance again

b} = arg{ ml{Ill) V(2—b))}

2
Q) —{bs}

= arg{_min (df, 1 Rg @ de—my) )} (45
1—{bs}

then selected as the second band, b;;. The same process

is repeated over and over again by continuously removing

selected bands from the full band set . The resulting algo-

rithm is called SB-SCSC-BS described as follows.

SB-SCSC-BS
1. Initial Condition:
Determine ngs.

Find
b1 = arg{max(dﬂ b]]R {b/}dﬂ {b/}) } (44)
Q= {l}.
2. Band Reduction
_ T ~1
by = arel, 1@ @oia,umRe—(o; i)
de—(2,_,up)) '} (46)
where €;_1 = {by;, by, ..., b} and Sl;_l =Q-Q;_.
3. If j < ngs,
@ ={by,by,....b;} =1 Uiby}  (47)

and go step 2. Otherwise, BS is terminated. The final set
of selected bands is given by {b;, by, ..., bl”BS} where
ngs 1s the number of bands needed to be selected.

It should be noted that SB-SCSC-BS is different
from SF-SCSC-BS in two different aspects. First of all,
SB-SCSC-BS ranks all bands individually compared to
SF-SCSC-BS which augments selected bands one at a time
using (39). Second, SB-SCSC-BS uses the sample correlation
matrix formed by data sample vectors using all bands except
the bands already selected, Rg,gj, while SF-SCSC-BS only
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uses the selected bands in €; to form the sample correlation
matrix jo.

VIL

The SCSC-BS presented in Section VI is designed to select
an optimal subset of bands, SZCSI(Cl) for each individual class
C; according to the number of bands, ntl(Cl) determined
by its CSI of the ith class signature u;. As a result, for any
two different classes C; and C; i with their class signatures
ui and u;, their nB 3l(C;) and nB I(C,) will be different and
so are their selected band subsets, §; and ;. The final band
subset used for classification will be determined by the union
of their selected band subsets. Unlike SCSC-BS, this section
develops a MCSC-BS which selects bands for all classes not
custom-designed for a particular class. Two key features that
differentiate MCSC-BS from SCSC-BS are: 1) criterion to
determine the number of bands, which is CE compared to
CSI used by SCSC-BS and 2) constrains all class signatures
simultaneously as opposed to SCSC-BS which constrains
single class signature one for each class. Accordingly, CEM
used to derive SCSC-BS cannot be directly applicable to
MCSC-BS. Fortunately, another well-known target detection
algorithm, called target-constrained interference-minimized
filter (TCIMF) developed in [52] which has also been recently
developed as multiple-class classification algorithm [40], [41]
can be used to replace CEM for this purpose.

Suppose that py, o, ..., my are M specific class signa-
tures of interest, which can be either provided by a priori
knowledge or obtained by a posteriori knowledge, training
samples, etc., from class knowledge. Suppose that {r,} L s
the set of data sample vectors in a hyperspectral image where
ri = (rit,rio, ..., riL)T is the ith L-dimensional data sample
vector and L is the total number of spectral bands.

Now, we interpret each of wy, o, ...,y as a desired
signal arrival direction in adaptive beamforming in [50] and
let DM = [pip2---pu] be an L x M class signature matrix
where L is the total number of band. Assume that an FIR
linear filter is specified by L filter coefficients L x M, denoted
by an L-dimensional vector L x M. The LCMV problem
considered in [27], [50], and [51] can be later reformulated
as the following M-class constrained optimization problem:

MULTIPLE CLASS SIGNATURES-CONSTRAINED BS

mvin {w! Rw} (48)

st. DYT'w=cM (49)

where ¢” = (¢1, ca,...,c M)T is an M-dimensional constraint
vector for a general purpose and R = (1/N) Zl | i T is the
sample correlation matrix of size L x L. It should be noted
that each of M constraints, ci,c3,...,cy, in (49) is used
to impose on a particular class, i.e., the jth constraint, ¢; is
imposed on the jth class, C; and chosen to be any arbitrary
M-dimensional vector. For example, in adaptive beamforming
of array signal processing ¢ is only used to lock signal
arrivals in M desired directions. For simplicity, we can choose
cM to be the M-dimensional unity vector with ones in

all the M components, 1 = (1,..., 1 - )T,
<4,

In LCMYV, these M signal arrival directions jare specified by
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M class signatures. Hence, we can also use the M-dimensional
unity vector to constrain the class signature matrix D . In this
case, the optimal solution to (48) and (49) with ¢¥ replaced
by 1™ is solved by
w* — R—lDM((DM)TR—IDM)—IlM (50)
where (DM)TR~IDM is an M x M matrix. Substituting (50)
into (48) yields
(wx) Rw* = AT (")TR~'DM)~11¥ (51)
which can be considered as a generalization of (34).
Let {r }f-v | be the total number of data sample vectors with

the first /[ bands. Now, we consider to reformulate (48) and

(49) using a partial band subset, ; = {Bp,, Bp,, -+, By}
instead of the full band set 2 = {B{,B,,...,B.} and
1Y
Re, =+ > 1i(r) (52

i=1
is the sample correlation matrix using a partial band subset
consisting of the first / band images. For simplicity of nota-
tion, let €, = {By,B2,...,B;} = {By,,Bp,, -+, By} (50)
becomes

(Wa,) Re,we, = (1) (DY) "Rg/DY) 1", (53)

By virtue of (48) and (49), two MCSC-BS algorithms can
also be derived in a similar manner that SF-SCSC-BS and
SB-SCSC-BS are derived in Sections VI-A and VI-B.

A. Sequential Feed Forward MCSC-BS

Similar to SF-SCSC-BS the following LCMV-based
SF-MCSC-BS augment selected bands one at a time sequen-
tially based on (51) in a feed-forward manner.

SF-MCSC-BS
1. Initial condition

Determine ngs.
Find the first band

B, = arg{gleig(lM)T((D%)TRI;}D%)”1“} (54)

iN2
where Rg, = % Zl]\lzl (r))
Let 1 = {/1}.
2. Band Augmentation by SFBS:

. T _ -1
B, =arg{ min (1) ((DM)TRS;_]U{B/}DM) 1M}
B/EQ;_I J
(55)
where 9571 =Q-Q; .
3. If j < ngs,
Q; ={B;,By,....B;} =R;1 U{B;} (56)

and go to step 2. Otherwise, BS is terminated. The final
set of selected bands is given by £,,.
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B. Sequential Backward MCSC-BS
In analogy with SB-SCSC-BS, we can replace £; in (53)

with ] = @ — @; to derive
T MN\T MANTp—1pyM\— 1M
(W?z;') Roiwoe = (1) ((Dszy‘) Rsszsz;') DN

which measures the maximal variance caused by removing
the band image B; from 2. The resulting BS is referred to as
SB-MCSC-BS described in the following algorithm.

SB-MCSC-BS
1. Initial condition:
Determine ngs.

Find
_ MA\T (M Tp-I M —14M
B, —arg{g}é‘é(l ) ((Dﬂf{B/}) RQ,{B[}Dgf{B,}) 17}
(58)
Szl = {Bl1}'
2. BS by SBBS
M\T M T -1
By; =arg{Bma3< (") ((Dﬂf{B/}) R.Qf(ﬂj_lu{B/})
16521;1 -
M —lam
DSZ—{B,}) 1 } (59)
where €;_; = {By,By,,...,B;; |} and Slj_l = Q —
Q1.
3. If j < ngs,
@ ={B;,By,....B;} =R; 1 U{B;} (60)

and go to step 2. Otherwise, BS is terminated. The final
set of selected bands is given by £2,,,.

Finally, the discussions on the difference between
SB-SCSC-BS and SF-SCSC-BS made at the end of Section VI
can also be applied to SB-MCSC-BS and SF-MCSC-BS.

VIII. REAL IMAGE EXPERIMENTS

Three popular and widely used real hyperspectral images,
available on the website http://www.ehu.eus/ccwintco/index.
php?title=Hyperspectral_Remote_Sensing_Scenes, were used
for experiments, Purdue Indiana Indian Pines, Salinas, Univer-
sity of Pavia, Italy.

A. Purdue’s Indiana Indian Pines

The first real image to be used for experiments is an
agriculture scene. It is a well-known Airborne Visible Infrared
Imaging Spectrometer (AVIRIS) image scene, Purdue Indiana
Indian Pine test site shown in Fig. 2(a), its ground truth
map in Fig. 2(b) along with different classes highlighted
by various colors in Fig. 2(c). Table I also tabulates all
the specific types of 16 classes with the number of data
samples in parentheses collected for each class. It has a size
of 145 x 145 pixel vectors taken from an area of mixed
agriculture and forestry in Northwestern Indiana, USA, with
details of band and wavelength is given in the caption.
The data set to be used for experiments is obtained from
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©

AVIRIS image scene: Purdue Indiana Indian Pines test site. (a) Band 186 (2162.56 nm). (b) Ground truth map. (c) Classes by colors.

TABLE I
LABELS OF THE PURDUE INDIANA INDIAN PINES

class 1 (46) alfalfa class 7 (28) grass/pasture-mowed class 13 (205) wheat
class 2 (1428) corn-notill class 8 (478) hay-windrowed class 14 (1265) woods

class 3 (830) corn-min class 9 (20) oats Class 15 (386) bldg-grass green-drives
class 4 (237) corn class 10 (972) soybeans-notill class 16 (93) stone-steel towers
class 5 (483) grass/pasture class 11 (2455) soybeans-min

class 6 (730) grass/trees class 12 (593) soybeans-clean class 17(10249) BKG

B 1. Weeds 1

B 2 Weeds2

[ 3. Fallow

] 4. Fallow rough plow

B 5. Fallow smooth

] 6. Stubble

[] 7. Celery

B 8. Grapes untrained

[] 9. Soil vineyard develop
[] 10. Corn senesced greed weeds
B 11. Lettuce 4 weeks

B (2. Lettuce 5 weeks

[ 13. Lettuce 6 weeks

] 14. Lettuce 7 weeks

[ 15. Vinyard untrained

[] 16. Vinyard vertical trellis
H 17.BKG

(@) S ©

Fig. 3.
(b) Ground truth image. (c) Classes by colors.

Ground truth of the Salinas scene with 16 classes. (a) Salinas scene.

the website http://cobweb.ecn.purdue.edu/~biehl/MultiSpec/
documentation.html. It was recorded in June 1992 with
220 bands with including 20 water absorption bands (bands
104-108 and 150-163, 220).

B. Salinas

The Salinas image shown in Fig. 3 is also an AVIRIS
image collected over an agriculture area in Salinas Valley,
California, and with a spatial resolution of 3.7 m per pixel
with a spectral resolution of 10 nm. The image cube has
size a of 512 x 217 x 224. This scene is very similar to
the Purdue Indiana Indian Pines scene which also includes
20 water absorption bands, 108-112, 154-167, and 224.
Fig. 3(b) and (c) shows the color composite of the Sali-
nas image and the corresponding ground truth map shown

in Fig. 3(b) along with color class labels in Fig. 3(c). Table II
tabulates the number of data samples (in parentheses) collected
for each class among all the 16 classes.

C. University of Pavia

The third hyperspectral image data shown in Fig. 4(a) was
collected by the ROSIS-03 satellite sensor over an urban area
surrounding the University of Pavia, Italy. It is the size of
610 x 340 x 115 with a spatial resolution of 1.3 m per pixel
and a spectral coverage ranging from 0.43 to 0.86 ¢ m with
a spectral resolution of 4 nm (12 most noisy channels were
removed before experiments). Nine classes of interest are
considered for this image. Fig. 4(b) shows its ground-truth
map along with color class labels in Fig. 4(c). Table III also
tabulates the number of data samples in parentheses collected
for each of the nine classes.

IX. DETERMINING NUMBER OF BANDS AND FINDING
BANDS BY CLASS INFORMATION

Table IV (a)—(c) tabulates CI probabilities and nggl(Ci) of
all the classes including BKG that were calculated by WCD,
CD, SR, BCD and CFR for Purdue’s Indian Pines, Salinas
and University of Pavia, respectively, where CSI probabilities
greater than 0.1 are highlighted for comparison. As shown
in Table IV(a)-(c), small classes are generally ranked very
high by CI probabilities compared to SR which ranks large
classes with high probabilities. For example, among 16 classes
in the Purdue data each of the five smallest classes, class 9
(20 samples), class 7 (28 samples), class 1 (46 samples),
class 16 (93 samples) and class 13 (205 samples) is ranked
with CSI probabilities greater than 0.1 (boldfaced) by at least
two of four CI measures as opposed to class 11 (2455 sam-
ples), class 2 (1428 samples) and class 14 (1265 samples)
which are ranked by SR with probabilities greater than 0.1 but
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TABLE 11
LABELS OF SALINAS

class 1 (2009) Brocoli_green weeds_1

class 10 (3278) Corn_senesced_green_weeds

class 2 (3726) Brocoli_green weeds 2 class 11 (1068) Lettuce _romaine 4wk
class 3 (1976) Fallow class 12 (1927) Lettuce_romaine 5wk
class 4 (1394) Fallow_rough plow class 13 (916) Lettuce _romaine 6wk
class 5 (2678) Fallow_smooth class 14 (1070) Lettuce_romaine 7wk
class 6 (3959) Stubble Class 15 (7268) Vinyard_untrained
class 7 (3579) Celery class 16 (1807) Vinyard_vertical_trellis
class 8 (11271) Grapes_untrained class 17 (56975) BKG

class 9 (6203) Soil vinyard develop

(@)

Fig. 4. Ground truth of the University of Pavia scene with nine classes. (a) University of Pavia scene. (b) Ground truth map. (c) Classes by colors.

(b)

—_—

. Asphalt
. Meadows
. Gravel

. Trees

. Painted metal sheets
. Bare soil

. Bitumen

. Self-Blocking Bricks
. Shadows

0. BKG

L EENNNDNC

(©

TABLE IIT
LABELS OF PAVIA

class 1 (6631) Asphalt class 5 (1345)
class 2 (18649) Meadows class 6 (5029)
class 3 (2099) Gravel class 7 (1330)
class 4 (3064) Trees class 8 (3682)

Painted metal sheets Class 9 (947) Shadows
Bare Soil Class 10 (164624) BKG
Bitumen

Self-Blocking Bricks

very low probabilities by all the four CI measures. Using the
CI probabilities in Table IV(a)—(c) and (19) and (20), we can
further find the number of training samples required for each
class.

Table V(a)—(c) tabulates the number of training and test
samples for each of the three image scenes used for exper-
iments. Interestingly, CI IC except SR provides a guideline
for how to determine the number of training samples for each
class. For example, according to Table V(a), the number of
training samples selected for the four smallest classes in the
Purdue data (i.e., classes 9, 7, 1, 16) with less than 100 data
samples was determined by CI IC, WCD, CD, BCD and CFR
as 50% of each class size. Interestingly, the same numbers of
training samples selected for these four classes by EPF in [47]
happened to be also 50% of each class size. But unfortunately,
there was no explanation given in [47]. Our proposed CI IC
in Table V(a) indeed offer such justification.

Table VI calculates class entropies of Purdue’s Indian Pines,
Salinas and University of Pavia. Table VII calculates the
number of bands, ngs, by class entropies in Table VI with

BKG excluded and included where nps is determined by
n$SH(C;) in Table IV(a)-(c) and nps nSE x M1 with
[x] defined as the smallest integer > x. According to
n$SH(C;) found in Table IV(a)—~(c) and ngs = [n§E x M
in Table VII with BKG included, Table VIII(a)-(c) list bands
selected by SF-SCSC-BS, SB-SCSC-BS, SF-MCSC-BS and
SB-MCSC-BS using three intraclass ICs, WCD, CD, SR and
two interclass ICs, BCD, CFR all the three image scenes with
and without BKG.

X. EXPERIMENTS CONDUCTED ON
PURDUE’S INDIAN PINES SCENE

The experiments conducted in this section constitute a very
important part of this paper since the results provide many
interesting findings that have never been explored in the
past and reported in the literature. It is also noted that CI
is completely determined by data itself, not by a classifier.
Hence, the conclusions drawn from the conducted experiments
can also be applied to any classifier. In addition, for the
three image scenes in Section VIII, the same experiments
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TABLE IV

(a) CI PROBABILITIES AND nggl (C;) CALCULATED BY BCD, WCD, CD, CFR, AND SR USING (25) FOR PURDUE’S INDIAN PINES.
(b) CI PROBABILITIES AND nggl(c,-) CALCULATED BY BCD, WCD, CD, CFR, AND SR USING (25) FOR SALINAS.

(c) CI PROBABILITIES AND nggl(ci) CALCULATED BY BCD, WCD, CD, CFR, AND SR
USING (25) FOR UNIVERSITY OF PAVIA

(a)
class CI probabilities nggl (€, in (25)
Intra-class IC Inter-class IC Intra-class IC Inter-class IC
WCD CD SR BCD CFR WCD CD SR BCD CFR
class 1 (46) 0.1890 0.2059 0.0045 0.0414 0.0504 2 2 6 4 3
class 2 (1428) 0.0122 0.0139 0.1393 0.0613 0.0165 5 5 2 3 5
class 3 (830) 0.0175 0.0187 0.0810 0.0192 0.0020 5 4 3 4 7
class 4 (237) 0.0071 0.0079 0.0231 0.0754 0.0145 5 5 4 3 5
class 5 (483) 0.0087 0.0096 0.0471 0.0821 0.0244 5 5 4 3 4
class 6 (730) 0.0315 0.0296 0.0712 0.0466 0.0320 4 4 3 4 4
class 7 (28) 0.2065 0.2166 0.0027 0.0495 0.0739 2 2 6 4 3
class 8 (478) 0.0709 0.0764 0.0466 0.0414 0.0504 3 3 4 4 3
class 9 (20) 0.1407 0.1319 0.0020 0.0466 0.0320 2 3 7 4 4
class 10 (972) 0.0254 0.0261 0.0948 0.0201 0.0014 4 4 3 4 7
class 11 (2455) 0.0208 0.0222 0.2395 0.0192 0.0020 4 4 2 4 7
class 12 (593) 0.0080 0.0083 0.0579 0.0201 0.0014 5 5 3 4 7
class 13 (205) 0.2095 0.1766 0.0200 0.0930 0.4159 2 2 4 3 1
class 14 (1265) 0.0231 0.0247 0.1234 0.0821 0.0244 4 4 3 3 4
class 15 (386) 0.0141 0.0132 0.0377 0.0492 0.0135 5 5 4 4 5
class 16 (93) 0.0150 0.0184 0.0091 0.2529 0.2454 5 4 5 2 2
sum N/A 57 62 61 57 71
(®)
class CI probabilities nggl (€, in(25)
Intra-class IC Inter-class IC Intra-class IC Inter-class IC
WCD CD SR BCD CFR WCD CD SR BCD CFR
class 1 (2009) 0.1476 0.3269 0.0371 0.0631 0.0549 2 2 4 3 3
class 2 (3726) 0.0225 0.0433 0.0688 0.0631 0.0549 4 4 3 3 3
class 3 (1976) 0.0677 0.0459 0.0365 0.0279 0.0244 3 4 4 4 4
class 4 (1394) 0.0796 0.0245 0.0258 0.1011 0.3156 3 4 4 3 2
class 5 (2678) 0.0966 0.0541 0.0495 0.0419 0.0495 3 3 4 4 4
class 6 (3959) 0.0173 0.0292 0.0731 0.1867 0.2024 5 4 3 2 2
class 7 (3579) 0.0308 0.0406 0.0661 0.1253 0.1442 4 4 3 3 2
class 8 (11271) 0.0248 0.0169 0.2082 0.0140 0.0021 4 5 2 5 7
class 9 (6203) 0.1656 0.1452 0.1146 0.0251 0.0189 2 2 3 4 4
class 10 (3278) 0.0114 0.0094 0.0606 0.0479 0.0170 5 5 3 4 5
class 11 (1068) 0.0571 0.0545 0.0197 0.0251 0.0189 3 3 4 4 4
class 12 (1927) 0.1272 0.0879 0.0356 0.0279 0.0244 3 3 4 4 4
class 13 (916) 0.0946 0.0760 0.0169 0.0641 0.0295 3 3 5 3 4
class 14 (1070) 0.0156 0.0176 0.0198 0.1002 0.0262 5 5 4 3 4
class 15 (7268) 0.0369 0.0241 0.1343 0.0140 0.0021 4 4 3 5 7
class 16 (1807) 0.0048 0.0039 0.0334 0.0724 0.0150 6 6 4 3 5
sum N/A 59 61 59 57 64
()
class CI probabilities ng:l (©,) in(25)
Intra-class IC Inter-class IC Intra-class IC Inter-class IC
WCD CD SR BCD CFR WCD CD SR BCD CFR
class 1 (6631) (asphalt) 0.0489 0.0462 0.1550 0.0353 0.0149 4 4 2 4 5
class 2 (18649) (meadows) 0.0273 0.0409 0.4360 0.0677 0.0137 4 4 1 3 5
class 3 (2099) (gravel) 0.0887 0.1503 0.0491 0.0237 0.0086 3 2 4 4 5
class 4 (3064) (trees) 0.0229 0.0529 0.0716 0.1366 0.0658 4 3 3 2 3
class 5 (1345) (metal sheets) 0.0060 0.0381 0.0314 0.3834 0.2384 6 4 4 1 2
class 6 (5029) (bare soil) 0.0173 0.0263 0.1176 0.0677 0.0137 5 4 3 3 5
class 7 (1330) (bitumen) 0.3066 0.3644 0.0311 0.0353 0.0149 2 2 4 4 5
class 8 (3682) (bricks) 0.1399 0.2669 0.0861 0.0237 0.0086 2 2 3 4 5
class 9 (947) (shadow) 0.3425 0.0141 0.0221 0.2264 0.6213 2 5 4 2 1
sum N/A 32 30 28 27 36

conducted for one image scene can also be applied to the Indian Pines scene. For those who are interested in Salinas and
other two image scenes. Hence, in this section, we will only  University of Pavia scenes the results in Tables IV(b) and (c),
focus our experiments and discussions on the Purdue Indiana V(b) and (c), and VI and VII and the bands selected
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(a) NUMBERS OF TRAINING AND TEST SAMPLES FOR PURDUE’S DATA. (b) NUMBERS OF TRAINING AND TEST SAMPLES FOR SALINAS.
(c) NUMBERS OF TRAINING AND TEST SAMPLES FOR UNIVERSITY OF PAVIA

@

class

class 1 (46)
class 2 (1428)
class 3 (830)
class 4 (237)
class 5 (483)
class 6 (730)
class 7 (28)
class 8 (478)
class 9 (20)
class 10 (972)
class 11 (2455)
class 12 (593)
class 13 (205)
class 14 (1265)
class 15 (386)
class 16 (93)
Total

class

class 1 (2009)
class 2 (3726)
class 3 (1976)
class 4 (1394)
class 5 (2678)
class 6 (3959)
class 7 (3579)
class 8 (11271)
class 9 (6203)
class 10 (3278)
class 11 (1068)
class 12 (1927)
class 13 (916)
class 14 (1070)
class 15 (7268)
class 16 (1807)
Total

class

class 1 (6631)
class 2 (18649)
class 3 (2099)
class 4 (3064)
class 5 (1345)
class 6 (5029)
class 7 (1330)
class 8 (3682)
class 9 (947)
Total

SONG et al.: CI-BASED BS FOR HSIC

# of class samples

46
1428
830
237
483
730
28
478
20
972
2455
593
205
1265
386
93

10249

# of class samples

2009
3726
1976
1394
2678
3959
3579
11271
6203
3278
1068
1927
916
1070
7268
1807
54129

# of class samples

6631
18649
2099
3064
1345
5029
1330
3682
947
42776

EPF [47]
w/o CI

25
83
78
68
79
78
14
66
10
81
99
73
70
90
65
46
1025

EPF in [47]
w/o CI

67
67
67
69
67
67
68
69
68
68
68
67
67
67
70
67
1083

EPF in [47]

w/o CI
286
286
285
285
285
285
285
285
285
2567

TABLE V

WCD
23

43
61
25
31
110
14
239
10
89
73
28
103
80
50
47
1026

(b)

WCD
126
38
58
68
83
40
36
113
141
33
49
109

WCD
188
187
340

88
23
66
665
535
474
2566

# of training samples

Intra-class IC

CD
23

47
63
27
33
100
14
239
10
88
75
28
103
84
45
47

1026

SR
5

142
83
24
49
73
3
48
2
97
245
59
21
126
39
10
1026

# of training samples

Intra-class IC

CD
285
38
40
22
47
40
36
113
127

1081

SR
40
74
40
28
54
79
71
224
123
65
22
39

22

145

36
1081

# of training samples

Intra-class IC

CD
133
187
433
153
110
76
665
768
41
2566

SR
398
1117
126
184
81
302
80
221
57
2566

Inter-class IC

BCD
23

98
31
119
132
75
14
67
10
33
31
33
103
132
79
47
1027

CFR
23

73

64
108
142
14
223
10
10
25

103
108
60
47
1026

Inter-class IC

BCD
56
56
25
89
37
163
110
113
63
42
22
25
56
88
73
64

1082

CFR
46
46
20

259
41
166
119
113
63
33

20
25
22
73

1081

Inter-class IC

BCD
129
246

87
496
673
246
129

87
474

2567

CFR
145
187

84
640
673
134
145

84
474

2566
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TABLE VI
CLASS ENTROPIES CALCULATED BY WCD, CD, SR, BCD, AND CFR FOR PURDUE’S INDIAN PINES, SALINAS, AND UNIVERSITY OF PAVIA

BKG excluded | BKG included

Intra-class criteria Inter-class criteria Intra-class criteria Inter-class criteria

CI criterion WCD CD SR BCD CFR WCD CD SR BCD CFR

Indian Pines 2.164 2.189 2.326 2.500 1.835 2.191 2.216 1.827 2.575 1.872

Salinas 2.456 2.269 2.512 2.534 2.122 2.465 2.276 1.917 2.579 2.083

Pavia 1.653 1.714 1.752 1.754 1.142 1.685 1.752 0.870 1.798 1.084

TABLE VII
r”g]si X M7 DETERMINED BY CLASS ENTROPIES CALCULATED BY WCD, CD, SR, BCD, AND CFR
FOR PURDUE’S INDIAN PINES, SALINAS, AND UNIVERSITY OF PAVIA
BKG excluded BKG included

Intra-class criteria Inter-class criteria Intra-class criteria Inter-class criteria

CI criterion WCD CD SR BCD CFR WCD CD SR BCD CFR
IndianPines | 34607  [35.02] [37.22] 40 [2036] | [3724] [3766] [3106] | [43.77] [3183]
Salinas [3930] [3630] [40.19] | [4054] [3396] | [4190] [3868] [32.58] | [43.84] [35.41]
U. of Pavia [1487] [1542] [1576] | [1579] [1028] | [1685] [17.52]  [870] | [17.98] [10.84]

in Table VIII(b) and (c) should provide sufficient information
for them to carry out all details of necessary experiments
without any difficulty. Since similar conclusions can also be
drawn, their results are not included here due to limited space.

According to [47], a comprehensive and comparative analy-
sis was conducted among the most existing spectral-spatial
techniques and the four EPF-based techniques, EPF-B-c,
EPF-G-c, EPF-B-g, and EPF-G-g were shown to be the
best classification techniques where “B” and “G” are used
to specify bilateral filter and guided filter, respectively, and
“g” and “c” indicate that the first principal component and
color composite of three principal components are used as
reference images [47]. Accordingly, in the following exper-
iments the four EPF-based methods in [47], which can be
considered as classification without CI (w/o CI) will be
evaluated in comparison with the five proposed CI IC in
terms of Cl-overall accuracy (CI-OA). Pcroa in (20) along
with the commonly used AA, Pa4 in (19) OA, Pp4 in (17)
and Pcj—pg in (22). The computer environment used for
experiments was specified by Intel Xeon E5-2650 2.6 GHz,
64 GB, 1600 MHz.

As for BS, there are many techniques have been proposed in
the literature. A detailed comparative study and analysis was
conducted in [25] where most updated and recent BS methods
were discussed and compared for HSIC using Pp4 and Pppr
as criteria to measure the classification performance. To avoid
unnecessary redundant experiments, the results in [25] were
used as references to compare with the results obtained by
our proposed methods. Nevertheless, it should be noted that
the results of Ppg in [39] and [41] were calculated with BKG
excluded, in which case, the values of Ppg in [39] and [40]
is generally higher than Ppr with BKG included calculated
in the following experiments. The prime reason is that the
two classifiers (ICEM and ILCMV) and two BS methods
(SCSC-BS and MSCS-BS) are all designed by inverting the
sample correlation matrix R to effectively suppress BKG com-
pared to EPF-based which cannot be shown in the experiments.

Now, we implemented ICEM and ILCMV using bands
selected in Table VIII(a)-(c) to perform classification.
Table IX tabulates the Pa, Poa, Paa, Ppr, Pci—oa,
and Pcj—_pp calculated by ICEM and ILCMV using bands
selected by SF-SCSC-BS, SB-SCSC-BS, SF-MCSC-BS, and
SB-MCSC-BS for Purdue’s data where the three intraclass
ICs, WCD, CD, SR and two interclass ICs, BCD, CFR were
used as CI measures to select bands and calculate Pc;j_opa
and Pcj_ppr. Table X also tabulates the Pa, Poa, Paa,
Ppr, Pcr—o4, and Pcj_ppg calculated by four EPF-based
methods [47], ICEM and ILCMV using full bands for the
Purdue data. Comparing the results in Table IX(a)-(e) to
that in Table X, ICEM and ILCMV using bands selected
by SF-SCSC-BS, SB-SCSC-BS, SF-MCSC-BS, SB-MCSC-
BS in Table VIII(a) generally performed better than their
counterparts using full bands in all the three measures, Ps4,
Poa, and Ppg. From Table X, ICEM and ILCMV clearly
outperformed four EPF-based methods in terms of all the three
measures, Pa4, Poa, and Ppg, specifically, Ppas (ranging
from 5% to 7% improvements) and Ppg (nearly 37% improve-
ment). For further comparison, the results in [25, Table 3] were
used for comparison where the highest values of Pp4 obtained
by using bands selected by various BS methods ranged from
9491 to 95.89. Table IX(a)-(e) shows that the values of
Pcr.oa generally performed better than Pp4 without factoring
CI into Ppy4 calculation, i.e., with CI = SR. Specifically,
the Pcr.oa produced by the four CI IC, WCD, CD, BCD, and
CFR were higher than 97% and were better than Pp 4 obtained
in [25, Table 3] with 1.5% to 2.5% improvements. It is also
noted from Table X that the performance of the EPF-based
methods was much worse than that reported in [47] because
the results in Table X were obtained by including all 20 water
bands which were removed in [46]. As for Ppp its values in
Table IX(a)-(e) were lower than the values in [25, Table 3].
This is also because the Ppg calculated in Table III was only
based on 16 classes according to the ground truth without
including BKG to account for its effect on 16 classes.
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(a) BANDS SELECTED BY SF-SCSC-BS AND SB-SCSC-BS USING CSI IN TABLE IV(a) AND SF-MCSC-BS AND SB-MCSC-BS UsSING CE

TABLE VIII

IN TABLE VII FOR PURDUE’S DATA. (b) BANDS SELECTED BY SF-SCSC-BS AND SB-SCSC-BS USING CSI IN TABLE IV (b)
AND SF-MCSC-BS AND SB-MCSC-BS USING CE IN TABLE VII FOR SALINAS. (¢) BANDS SELECTED BY
SF-SCSC-BS AND SB-SCSC-BS USING CST IN TABLE I'V(c) AND SF-MCSC-BS AND
SB-MCSC-BS USING CE IN TABLE VII FOR UNIVERSITY OF PAVIA

CI measures ClI-based BS Methods
WCD SF-SCSC-BS

SB-SCSC-BS

SF-MCSC-BS

SB-MCSC-BS

CD SE-SCSC-BS

SB-SCSC-BS

SE-MCSC-BS

SB-MCSC-BS

SR SE-SCSC-BS

SB-SCSC-BS

SE-MCSC-BS

SB-MCSC-BS

BCD SE-SCSC-BS

SB-SCSC-BS

SE-MCSC-BS

SB-MCSC-BS

CFR SE-SCSC-BS

SB-SCSC-BS

SE-MCSC-BS

SB-MCSC-BS

(@)
Selected bands

3 111217192023 242526 28 29 31 33 34 35
36 37 38 42 44 53 55 58 61 62 75 85 86 90 94 97

98102 107 111 121 122 135 154 157 168 169 179 181 191 197 203

212 215 216

3 101214151617 18 20 21 28 29 31 34 35 36
3738 56575960108 121 126 139 140 167 168 169 173 174
189 190 191 192 193 201 202 203 204 205 211

29302533242340203 26861546116 65173 31
9388773 192 121 115 101 191 96424 5922123
172 155 12213 165 124

5 3 29354 961112158 42121 101 213 95186 31
165 6 879328180 178 651 194 210 1377145 202 211
172 141 99100 105 24

3 111217192023 24252628 29 31 33 34 35
36 37 38 42 44 53 55 58 61 62 75 85 90 94 97 98
107 121 122 135 154 168 169 179 181 191 197 203 212 215 216

3 101214151617 18 20 21 28 29 31 34 35 36
3738 56575960121 139 140 167 168 169 173 174 189 190
191 192 193 201 202 203 204 205 211

29302533242340203 26861546116 65173 31
9388773 192 121 115 101 191 96424 5922123
172 155 12213 165 124

5 3 29354 961112158 42121 101 213 95186 31
165 6 879328180 178 651 194 210 1377145 202 211
172 141 99100 105 24

1 3 11121719 232425262829 33 34 3637
3842 44 55 58 61 62 75 77 85 86 93 94 97 98 102
107 111 121 122 123 141 154 157 168 173 179 181 203 212 216

3 1214151617 18 20 21 28 29 31 34 35 36 37
38565760108 121 126 139 140 167 168 169 174 183 184 189
190 191 193 201 202 203 204 205 206 208

29302533242340203 26861546116 65173 31
9388773 192 121 115 101 191 96424 5922123

5 3 29354 961112158 42121 101 213 95186 31
165 6 879328180 178 651 194 210 1377145 202 211

3 1217 192023 24 25 26 28 29 34 36 37 38 42
44 5558 62 7585869094 97 98 102 107 111 121 122
154 157 168 179 181 191 212 216

3 12151617 1820 21 28 29 31 34 35 36 37 38
56 5760108 121 126 139 140 167 6869173 174 189 190 191
192 193 201 202 203 211

29302533242340203 26861546116 65173 31
9388773 192 121 115 101 191 96424 5922123
172 155 12213 165 124 178 35130 194 76 180

5 3 29354 961112158 42121 101 213 95186 31
165 6 879328180 178 651 194 210 1377145 202 211
172 141 99100 105 2434365981120 130

3 5 11171920232425262829 31 343536

37 38 42 44 53 55 58 61 62 75 86 90 94 97 98 107

111 114 121 122 147 154 157 168 169 173 179 181 190 191 197
212 215 216

3 1214151617 18 20 21 28 29 31 34 35 36 37

3856575960121 126 139 140 166 167 168 169 172 173 174
175 187 188 189 190 191 192 193 201 202 203 211
29302533242340203 26861546116 65173 31

9388773 192 121 115 101 191 96424 5922123

5 3 29354 961112158 42121 101 213 95186 31

165 6 879328180 178 651 194 210 1377145 202 211

201
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TABLE VIII

(Continued.) (a) BANDS SELECTED BY SF-SCSC-BS AND SB-SCSC-BS USING CSIIN TABLE IV(a) AND SF-MCSC-BS AND SB-MCSC-BS USING
CE IN TABLE VII FOR PURDUE’S DATA. (b) BANDS SELECTED BY SF-SCSC-BS AND SB-SCSC-BS USING CSI IN TABLE IV(b) AND
SF-MCSC-BS AND SB-MCSC-BS USING CE IN TABLE VII FOR SALINAS. (¢) BANDS SELECTED BY SF-SCSC-BS
AND SB-SCSC-BS USING CSI IN TABLE IV(c) AND SF-MCSC-BS AND SB-MCSC-BS

CI measures

CI-based BS Methods

USING CE IN TABLE VII FOR UNIVERSITY OF PAVIA

(b)
Selected bands

54 65757679 80 81 88 106 114 124 138 141 151 171 173

56 5859606585152 174 176 177 178 181 195 196 197

44 4525338297156 104 223 202 168 43108 187 111 93
183 5 99119 207 48106 173 22196 120 1790219 192 175

175 174 173 176 120 121 117 220 219 84106 178 177 8583170
218 223 1210116 9 94656444221 214 217 216 215
222 179 224 180 169 115 203 135 137 136

4954 6365757679 808188106 114 124 138 141 151
171 172 173 176 187 190 193 197 203 220 221 223

4 9 101123242627 3637383940414256 57 58 59 606585152 172 174 176 177

44 4525338297156 104 223 202 168 43108 187 111 93
183 5 99119 207 48106 173 22196 120 1790219 192 175

175 174 173 176 120 121 117 220 219 84106 178 177 8583170
218 223 1210116 9 94656444221 214 217 216 215

54 63 64 65757679 80 8184106 107 114 117 124 141
151 171 172 173 176 187 1838 190 197 203 220 221 223

152 172 174 175 176 177 178 181 187 193 195 196 197 198

44 4525338297156 104 223 202 168 43108 187 111 93
183 5 99119 207 48106 173 22196 120 1790219 192 175 21

175 174 173 176 120 121 117 220 219 84106 178 177 8583170
9 94656444221 214 217 216 215 222

38565760108 121 126 139 140 167 168 169 174 183 184 189
190 191 193 201 202 203 204 205 206 208

5859606585117 152 172 174 175 176 177 178 181 187 193

44 4525338297156 104 223 202 168 43108 187 111 93
183 5 99119 207 48106 173 22196 120 1790219 192 175

175 174 173 176 120 121 117 220 219 84106 178 177 8583170
218 223 1210116 9 94656444221 214 217 216 215
222 179 224 180 169 115 203 135 137 136 134 138

107 114 117 124 141 151 171 172 173 176 187 1838 190 193 197 203

49 54 55 56 57 58 59 60 65 85 117 152 172 174 175 176

444525338297 156 104 223 202 168 43108 187 111 93
183 5 99119 207 48106 173 22196 120 1790219 192 175

WCD SF-SCSC-BS 4 5 13141523 29 33 37 38 39 40 42 44 48 49
176 187 190 193 197 203 220 221 223
SB-SCSC-BS 4 8 9 101123242627 3637 38 39 40 41 42
SF-MCSC-BS
2112132 37144 138 7052220 195
SB-MCSC-BS
CD SF-SCSC-BS 4 5 13141523 29 33 3537 38 39 40 42 44 48
SB-SCSC-BS
178 181 193 195 196 197
SF-MCSC-BS
2112132 37144 138 70
SB-MCSC-BS
222 179 224 180 169 115 203
SR SF-SCSC-BS 4 5 13141529 333738394041 42 44 48 49
SB-SCSC-BS 4 9 1011262736 37 38 39 40 41 56 60 65 85
SF-MCSC-BS
SB-MCSC-BS
218 223 1210116
BCD SF-SCSC-BS 3 12141516 17 18 20 21 28 29 31 34 35 36 37
SB-SCSC-BS 4 8 9 1011242627 36 37 38 39 40 41 56 57
195 196 197 198
SF-MCSC-BS
2112132 37144 138 7052220 195 3228
SB-MCSC-BS
CFR SF-SCSC-BS 4 6 1013141518 23 29 32 33 35 37 38 39 40
42 44 48 49 58 63 65 75 76 79 80 81 83 84 88 106
220 221 223
SB-SCSC-BS 4 8 9 1011 1223242627 36 37 38 39 40 41
177 181 187 193 195 196 197 198
SF-MCSC-BS
2112132 37
SB-MCSC-BS

175 174 173 176 120 121 117 220 219 84106 178 177 8583170
218 223 1210116 9 94656444221 214 217 216 215
222 179 224 180

Several intriguing and interesting conclusions can be made

on observations from Tables IX(a)—(e) and X.
1) In general, ICEM performed better than ILCMV with
two major reasons. One is that ICEM is designed to

classify one class at a time by constraining a single
class signature while suppressing all other class sig-
natures compared to ILCMV which classify all classes
of interest simultaneously by constraining all the class
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2)

TABLE VIII
(Continued.) (a) BANDS SELECTED BY SF-SCSC-BS AND SB-SCSC-BS USING CSIIN TABLE IV(a) AND SF-MCSC-BS AND SB-MCSC-BS USING
CE IN TABLE VII FOR PURDUE’S DATA. (b) BANDS SELECTED BY SF-SCSC-BS AND SB-SCSC-BS USING CSI IN TABLE IV(b)
AND SF-MCSC-BS AND SB-MCSC-BS USING CE IN TABLE VII FOR SALINAS. (c) BANDS SELECTED
BY SF-SCSC-BS AND SB-SCSC-BS USING CSI IN TABLE IV(c) AND SF-MCSC-BS
AND SB-MCSC-BS USING CE IN TABLE VII FOR UNIVERSITY OF PAVIA

CI measures Cl-based BS Methods

8411

Selected bands

656656 11 64 12 13 18 58 67 72 38

67 68 12 14 11 61

165920631 656656 11 64 1213 18 58 67 72 38 69

67 68121411 61 47

67 68 12 14 11 61 47

103

WCD SF-SCSC-BS 1 3 4 6 152127303240 48 56 58 59 60 61
656770 72758587 98 102 103
SB-SCSC-BS 1 25283043 45 58 59 64 65 69 78 82 83 84 85
86100 102 103
SF-MCSC-BS 16 59 20 63 1
SB-MCSC-BS 8485861 662 65873 83101
CD SF-SCSC-BS 1 3 4 6 1527303248 58596061 6567 70
72 75 84 85 87 89 98 102
SB-SCSC-BS 1 2 3 25283043 456569 78 82 83 84 85 86
100 102 103
SF-MCSC-BS
SB-MCSC-BS 8485861 662 65873 83101
SR SF-SCSC-BS 1 346 152730323748565 5859 60 62
65 66 67 72 75 85 87 89 102
SB-SCSC-BS 1 2 3 252830434564 656778 84 85 86 102 103
SF-MCSC-BS 165920631 656656 11
SB-MCSC-BS 8485861 662 65873
BCD SF-SCSC-BS 1 3 4 1527303237 565758 59 62 65 66 72
75858798 102 103
SB-SCSC-BS 1 25283045 64 65 67 78 83 84 85 100
SF-MCSC-BS 165920 63 1 656656 11 64 12 13 18 58 67 72 38 69
SB-MCSC-BS 8485861 662 65873 83101
CFR SF-SCSC-BS 1 3 4 152730374048 56 57 58 59 60 61 62
65 66 67 70 72 75 82 85 87 98 102
SB-SCSC-BS 1 2528 3043 45 58 64 65 67 69 76 78 82 83 84
8586 100 102
SF-MCSC-BS 16592063 1 656656 1164 12
SB-MCSC-BS 8485861 662 65873 83101

signatures and only suppressing BKG. As a result,
ICEM suppressed effects resulting from BKG and all
classes other than the particular class which is currently
being classified. The other is that the bands selected
by SCSC-BS are specifically designed for a particular
class to be classified, whereas the bands selected by
MCSC-BS are designed for all the classes of interest,
not a particular class as SCSC-BS does.

There are three different versions of implementing
ICEM. One is implemented in [39] which updates the
mean of the class currently being classified and feeds
back its Gaussian filtered classification map after each
iteration. In order to improve its performance, it must
use BS and nonlinear expansion (BSNE) as it was done
in [39]. A second version is to retain the spatial locations
of ground truth class samples and update the mean of
the class currently being classified and feeds back its
Gaussian filtered classification map after each iteration.
A third version is the same as the second version but
does not feed back the Gaussian filtered classification
map for each class after each iteration as the second
version does. Instead, it waits until all the classes are
processed by CEM and feeds back all of the Gaussian
filtered CEM-classification maps after each iteration.

3)

In this case, the ICEM works like ILCMV except that the
ILCMV classifies all the classes together simultaneously
compared to ICEM which classifies one class at a time.
Since both versions use the ground truth to update class
means, it does not need BSNE. It also turns out that
the best version of ICEM is the 3rd version which
implements CEM in a similar manner as ILCMV does.
In this case, this version of ICEM can be viewed as a
class-independent version of ILCMV. The worst version
is the 1st version which updates classified samples not
ground truth samples after each iteration. Accordingly,
this version of ICEM can be considered as a posteriori
ICEM as opposed to the 2nd and 3rd versions which
can be regarded as a priori ICEM.

Interestingly, if we examine Tables IX(a)-(e) and X,
the values of Pp4 via all the four CI measures along
with SR for all classes are very high. But this is not
true for Ppgr. As a matter of fact, Ppr using the five CI
measures performed comparably for larger classes such
as the three largest classes, 2, 11, and 14 but completely
in an opposite manner for smaller classes such as the
three smallest classes, 1, 7, and 9, all of which have less
than 50 data samples, that is, the smaller the class is,
the lower the Pppg is. These results demonstrate that Ppg
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TABLE IX

(@) Pa, Poa, Pci—oA> Paa, Ppr AND Pcj_pr CALCULATED BY ICEM AND ILCMYV USING BANDS SELECTED BY SF-SCSC-BS, SB-SCSC-BS,
SF-MCSC-BS, AND SB-MCSC-BS WiTH WCD USED AS THE CI MEASURE FOR PURDUE’S DATA. (b) P4, Poa, Pci—oa. Paa, PPRr
AND Pcj_pr CALCULATED BY ICEM AND ILCMV USING BANDS SELECTED BY SF-SCSC-BS, SB-SCSC-BS, SF-MCSC-BS, AND
SB-MCSC-BS WITH CD USED AS THE CI MEASURE FOR PURDUE’S DATA. (¢) P4, Poa, Pci—oA> Paa. PPr AND Pcj_pp
CALCULATED BY ICEM AND ILCMYV USING BANDS SELECTED BY SF-SCSC-BS, SB-SCSC-BS, SF-MCSC-BS, AND
SB-MCSC-BS WITH SR USED AS THE CI MEASURE FOR PURDUE’S DATA. (d) P4, Poa, Pci—oA, Paa, PpR AND
Pcy—pr CALCULATED BY ICEM AND ILCMV USING BANDS SELECTED BY SF-SCSC-BS, SB-SCSC-BS,

SF-MCSC-BS, AND SB-MCSC-BS WITH BCD USED AS THE CI MEASURE FOR PURDUE’S DATA. (e) P4,

Poa, Pci—oA> Paa, Ppr AND Pcj_pgr CALCULATED BY ICEM AND ILCMV BANDS SELECTED BY
SF-SCSC-BS, SB-SCSC-BS, SFE-MCSC-BS, AND SB-MCSC-BS WITH CFR USED AS THE CI MEASURE
FOR PURDUE’S DATA

(a)
ICEM ILCMV
SF-SCSC-BS SB-SCSC-BS SF-MCSC-BS SB-MCSC-BS
class PA(C) Ppr(C) PA(C) Ppr(C) PA(C) Ppr(C) PA(C) Ppr(C)
class 1 (46) 0.9348 0.8958 0.9565 0.7333 0.9565 0.7333 0.9348 0.7544
class 2 (1428) 0.9811 0.9441 0.9741 0.9573 0.9615 0.9033 0.9538 0.8996
class 3 (830) 0.9747 0.9385 0.9783 0.9333 0.9651 0.9030 0.9687 0.9013
class 4 (237) 0.9831 0.9873 0.9789 0.9707 0.9578 0.9116 0.9831 0.9395
class 5 (483) 0.9731 0.9671 0.9607 0.9317 0.9275 0.8836 0.9317 0.9109
class 6 (730) 0.9822 0.9076 0.9753 0.9001 0.9521 0.8720 0.9726 0.8680
class 7 (28) 1.0000 0.6667 1.0000 0.6829 1.0000 0.6829 1.0000 0.6667
class 8 (478) 0.9958 0.9917 0.9958 0.9917 0.9833 0.9476 0.9895 0.9293
class 9 (20) 1.0000 0.5000 1.0000 0.4878 1.0000 0.5714 1.0000 0.5714
class 10 (972) 0.9660 0.9418 0.9537 0.9307 0.9516 0.9177 0.9403 0.9058
class 11 (2455) 0.9821 0.9538 0.9772 0.9512 0.9527 0.9420 0.9564 0.9452
class 12 (593) 0.9798 0.9603 0.9747 0.9570 0.9629 0.9021 0.9528 0.9098
class 13 (205) 0.9805 0.9437 0.9902 0.9575 0.9805 0.8855 0.9854 0.9484
class 14 (1265) 0.9747 0.9817 0.9644 0.9721 0.9486 0.9419 0.9423 0.9468
class 15 (386) 0.9845 0.9719 0.9767 0.9520 0.9456 0.9288 0.9378 0.9526
class 16 (93) 0.9570 0.8900 0.9892 0.8762 0.9892 0.8288 0.9892 0.8440
Poa 0.9787 0.9733 0.9561 0.9560
Paa 0.9781 0.9779 0.9647 0.9649
Pcroa 0.9789 0.9843 0.9784 0.9760
Prr 0.9026 0.8866 0.8597 0.8684
Pcrrr 0.8774 0.8571 0.8235 0.8501
(b)
ICEM ICLMV
SF-SCSC-BS SB-SCSC-BS SF-MCSC-BS SB-MCSC-BS
class PA(C) Ppr(Cy) PA(C) Ppr(C)) PA(C) Per(C) PA(C) Per(C)
class 1 (46) 0.9348 0.8776 0.9783 0.7377 0.9565 0.7333 0.9348 0.7544
class 2 (1428) 0.9741 0.9463 0.9783 0.9327 0.9615 0.9033 0.9538 0.8996
class 3 (830) 0.9807 0.9378 0.9831 0.9241 0.9651 0.9030 0.9687 0.9013
class 4 (237) 0.9789 0.9748 0.9789 0.9431 0.9578 0.9116 0.9831 0.9395
class 5 (483) 0.9627 0.9470 0.9607 0.9393 0.9275 0.8836 0.9317 0.9109
class 6 (730) 0.9849 0.8844 0.9822 0.9111 0.9521 0.8720 0.9726 0.8680
class 7 (28) 1.0000 0.6829 1.0000 0.6829 1.0000 0.6829 1.0000 0.6667
class 8 (478) 0.9937 0.9875 0.9958 0.9855 0.9833 0.9476 0.9895 0.9293
class 9 (20) 1.0000 0.5000 1.0000 0.4348 1.0000 0.5714 1.0000 0.5714
class 10 (972) 0.9660 0.9660 0.9619 0.9416 0.9516 0.9177 0.9403 0.9058
class 11 (2455) 0.9837 0.9538 0.9768 0.9588 0.9527 0.9420 0.9564 0.9452
class 12 (593) 0.9815 0.9510 0.9663 0.9518 0.9629 0.9021 0.9528 0.9098
class 13 (205) 0.9854 0.9758 0.9854 0.9484 0.9805 0.8855 0.9854 0.9484
class 14 (1265) 0.9763 0.9740 0.9589 0.9767 0.9486 0.9419 0.9423 0.9468
class 15 (386) 0.9689 0.9517 0.9741 0.9377 0.9456 0.9288 0.9378 0.9526
class 16 (93) 0.9785 0.8922 0.9892 0.8762 0.9892 0.8288 0.9892 0.8440
Poa 0.9782 0.9742 0.9561 0.9560
Paa 0.9781 0.9794 0.9647 0.9649
Pcroa 0.9790 0.9876 0.9779 0.9750
Prr 0.9002 0.8801 0.8597 0.8684
Pcrrr 0.8855 0.8479 0.8229 0.8456
(©)
ICEM ILCMV
SF-SCSC-BS SB-SCSC-BS SF-MCSC-BS SB-MCSC-BS
class PA(C) Prr(C)) PA(C) Prr(C)) PA(C) Prr(C)) PA(C) Ppr(C))
class 1 (46) 0.9565 0.7458 0.9565 0.7586 0.9130 0.7241 0.9348 0.7679
class 2 (1428) 0.9804 0.9340 0.9762 0.9464 0.9608 09111 0.9559 0.9155
class 3 (830) 0.9783 0.9291 0.9711 0.9307 0.9759 0.9132 0.9602 0.8955
class 4 (237) 0.9747 0.9706 0.9705 0.9544 0.9705 0.9237 0.9831 0.9283
class 5 (483) 0.9793 0.9149 0.9420 0.9100 0.9193 0.8988 0.9255 0.9049
class 6 (730) 0.9767 0.9141 0.9740 0.8989 0.9712 0.8742 0.9658 0.8835
class 7 (28) 1.0000 0.6222 1.0000 0.6087 1.0000 0.6364 1.0000 0.7000
class 8 (478) 0.9916 0.9834 0.9958 0.9855 0.9812 0.9552 0.9812 0.9324
class 9 (20) 1.0000 0.5000 1.0000 0.4000 0.9000 0.5455 1.0000 0.5556
class 10 (972) 0.9619 0.9590 0.9486 0.9584 0.9362 0.9037 0.9660 0.9038
class 11 (2455) 0.9841 0.9535 0.9654 0.9511 0.9568 0.9359 0.9483 0.9286
class 12 (593) 0.9848 0.9589 0.9629 0.9454 0.9494 0.9037 0.9595 0.9032
class 13 (205) 0.9707 0.9755 0.9902 0.9144 0.9561 09116 0.9805 0.9054
class 14 (1265) 0.9739 0.9536 0.9597 0.9775 0.9542 0.9664 0.9542 0.9587
class 15 (386) 0.9767 0.9150 0.9637 0.9394 0.9378 0.9476 0.9456 0.9505
class 16 (93) 0.9892 0.8932 0.9892 0.8288 0.9892 0.8288 0.9892 0.8364
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TABLE IX
(Continued.) (a) P4, Poa, Pci—0A- Paa, PPR AND Pcj_pgr CALCULATED BY ICEM AND ILCMYV USING BANDS SELECTED BY SF-SCSC-BS,
SB-SCSC-BS, SF-MCSC-BS, AND SB-MCSC-BS WiTH WCD USED AS THE CI MEASURE FOR PURDUE’S DATA. (b) P4, Poa, Pci—0A>
Paa, Ppr AND Pcj_pr CALCULATED BY ICEM AND ILCMV USING BANDS SELECTED BY SF-SCSC-BS, SB-SCSC-BS, SF-MCSC-BS,
AND SB-MCSC-BS WITH CD USED AS THE CI MEASURE FOR PURDUE’S DATA. (¢) P4, Poa, Pci—oA> Paa, Ppr AND Pcj—pr CALCULATED
BY ICEM AND ILCMYV USING BANDS SELECTED BY SF-SCSC-BS, SB-SCSC-BS, SF-MCSC-BS, AND SB-MCSC-BS WITH SR USED AS
THE CI MEASURE FOR PURDUE’S DATA. (d) P4, Poa, Pci—oA- Paa, PPR AND Pcj_pgr CALCULATED BY ICEM AND ILCMYV USING
BANDS SELECTED BY SF-SCSC-BS, SB-SCSC-BS, SF-MCSC-BS, AND SB-MCSC-BS WiTH BCD USED AS THE CI MEASURE FOR
PURDUE’S DATA. (e) P4, Poa, Pci—0A> Paa, PPRr AND Pcj_pgr CALCULATED BY ICEM AND ILCMV BANDS SELECTED
BY SF-SCSC-BS, SB-SCSC-BS, SF-MCSC-BS, AND SB-MCSC-BS WITH CFR USED AS THE
CI MEASURE FOR PURDUE’S DATA

Poa 0.9786 0.9667 0.9563 0.9570

Paa 0.9799 0.9729 0.9545 0.9656

Pci-oa 0.9786 0.9667 0.9563 0.9570

Prr 0.8827 0.8693 0.8612 0.8669

Pcipr 0.9425 0.9432 0.9204 0.9171

(d)
ICEM ILCMV
SF-SCSC-BS SB-SCSC-BS SF-MCSC-BS SB-MCSC-BS

class PA(C) Ppr(C) PA(C) Ppr(C)) PA(C) Ppr(C)) PA(C) Ppr(C)
class 1 (46) 0.9565 0.7458 0.9565 0.8302 0.9565 0.7719 0.9565 0.7458
class 2 (1428) 0.9755 0.9438 0.9818 0.9454 0.9608 09117 0.9622 0.9178
class 3 (830) 0.9832 0.9129 0.9867 0.9328 0.9663 0.9022 0.9639 0.8939
class 4 (237) 0.9831 0.9628 0.9789 0.9748 0.9747 0.9390 0.9747 0.8817
class 5 (483) 0.9400 0.9209 0.9545 0.9389 0.9275 0.8750 0.9379 0.8865
class 6 (730) 0.9767 0.8924 0.9781 0.8804 0.9767 0.8857 0.9808 0.8785
class 7 (28) 1.0000 0.6667 1.0000 0.6364 1.0000 0.6512 1.0000 0.6087
class 8 (478) 0.9958 0.9958 0.9937 0.9855 0.9854 0.9573 0.9728 0.9470
class 9 (20) 1.0000 0.4255 1.0000 0.4167 0.9000 0.5455 0.9000 0.5455
class 10 (972) 0.9475 0.9475 0.9753 0.9442 0.9290 0.8932 0.9342 0.9135
class 11 (2455) 0.9796 0.9551 0.9768 0.9654 0.9515 0.9374 0.9585 0.9424
class 12 (593) 0.9798 0.9447 0.9865 0.9466 0.9529 0.8956 0.9612 0.8796
class 13 (205) 0.9805 0.9526 0.9805 1.0000 0.9854 0.9309 0.9854 0.8783
class 14 (1265) 0.9692 0.9847 0.9794 0.9880 0.9344 0.9586 0.9320 0.9508
class 15 (386) 0.9767 0.9449 0.9819 0.9547 0.9637 0.9514 0.9404 0.9478
class 16 (93) 0.9892 0.8679 0.9570 0.8812 0.9892 0.8440 0.9892 0.8214

Poa 0.9738 0.9790 0.9542 0.9558

Paa 0.9771 0.9792 0.9596 0.9594

Pcroa 0.9789 0.9737 0.9664 0.9660

Ppr 0.8790 0.8888 0.8657 0.8524

Pcipr 0.8702 0.8801 0.8556 0.8364

(e
ICEM ILCMV
SF-SCSC-BS SB-SCSC-BS SF-MCSC-BS SB-MCSC-BS

class PA(CI) PPR(Ci) PA(C,) PPR(Ci) P/\(C,) PPR(C,) PA(CI) PPR(Ci)
class 1 (46) 0.9565 0.7333 0.9565 0.8000 0.9130 0.7241 0.9348 0.7679
class 2 (1428) 0.9762 0.9312 0.9657 0.9504 0.9608 09111 0.9559 0.9155
class 3 (830) 0.9676 0.9212 0.9783 09113 0.9759 0.9132 0.9602 0.8955
class 4 (237) 0.9747 0.9706 0.9747 0.9352 0.9705 0.9237 0.9831 0.9283
class 5 (483) 0.9586 0.9527 0.9752 0.9058 0.9193 0.8988 0.9255 0.9049
class 6 (730) 0.9822 0.9030 0.9767 0.9071 0.9712 0.8742 0.9658 0.8835
class 7 (28) 1.0000 0.6222 1.0000 0.6222 1.0000 0.6364 1.0000 0.7000
class 8 (478) 0.9937 0.9794 0.9937 0.9855 0.9812 0.9552 0.9812 0.9324
class 9 (20) 1.0000 0.4082 1.0000 0.4444 0.9000 0.5455 1.0000 0.5556
class 10 (972) 0.9619 0.9444 0.9455 0.9504 0.9362 0.9037 0.9660 0.9038
class 11 (2455) 0.9720 0.9614 0.9752 0.9557 0.9568 0.9359 0.9483 0.9286
class 12 (593) 0.9730 0.9537 0.9663 0.9393 0.9494 0.9037 0.9595 0.9032
class 13 (205) 0.9805 0.9054 0.9902 0.9486 0.9561 09116 0.9805 0.9054
class 14 (1265) 0.9660 0.9768 0.9708 0.9816 0.9542 0.9664 0.9542 0.9587
class 15 (386) 0.9741 0.9307 0.9715 0.9146 0.9378 0.9476 0.9456 0.9505
class 16 (93) 0.9892 0.8762 0.9785 0.8750 0.9892 0.8288 0.9892 0.8364

Poa 0.9722 0.9714 0.9563 0.9570

Paa 0.9766 0.9762 0.9545 0.9656

Pci.oa 0.9830 0.9846 0.9644 0.9790

Ppr 0.8732 0.8767 0.8612 0.8669

Pcrpr 0.8359 0.8387 0.8058 0.8085
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TABLE X
Pa, Poa, Paa, AND Ppp CALCULATED BY FOUR EPF-BASED METHODS, ICEM, AND ILCMYV USING FULL BANDS FOR PURDUE’S INDIAN PINES

EPF-B-g EPF-B-c EPF-G-g EPF-G-¢c ICEM ILCMV

Class PA(C) Ppr(C) PA(C) Ppr(C) PA(C) Ppr(C) PA(C) Ppr(C) PA(C) Ppr(C) PA(C) Ppr(C)
class 1 (46) 1.0000 0.3680 0.9783 0.3689 1.0000 0.3802 1.0000 0.3866 0.9565 0.7333 0.9565 0.7719
class 2 (1428) 0.8396 0.6031 0.8487 0.5968 0.8326 0.5918 0.8305 0.5777 0.9734 0.9398 0.9601 0.9196
class 3 (830) 0.7193 0.6769 0.7301 0.6779 0.7096 0.6693 0.7024 0.6565 0.9807 0.9346 0.9699 0.8974
class 4 (237) 0.9916 0.4927 0.9916 0.5043 1.0000 0.4807 1.0000 0.4907 0.9831 0.9628 0.9873 0.9286
class 5 (483) 0.9545 0.2826 0.9586 0.2912 0.9627 0.2808 0.9607 0.2873 0.9441 0.9383 0.8944 0.9290
class 6 (730) 0.9986 0.3699 0.9986 0.3660 0.9973 0.3534 0.9973 0.3724 0.9836 0.8831 0.9712 0.8997
class 7 (28) 0.9286 0.5417 0.9286 0.5652 0.9643 0.5745 0.9643 0.6279 1.0000 0.6512 1.0000 0.7568
class 8 (478) 1.0000 0.6685 1.0000 0.6676 1.0000 0.7124 1.0000 0.7050 0.9895 0.9834 0.9874 0.9574
class 9 (20) 1.0000 0.4348 1.0000 0.4762 1.0000 0.5714 1.0000 0.6897 1.0000 0.5405 1.0000 0.5263
class 10 (972) 0.9722 0.5662 0.9640 0.5584 0.9702 0.5541 0.9578 0.5558 0.9527 0.9344 0.9393 0.9185
class 11 (2455) 0.8151 0.8248 0.8122 0.8233 0.8069 0.8278 0.8098 0.8259 0.9744 0.9565 0.9470 0.9417
class 12 (593) 0.9410 0.5036 0.9427 0.5082 0.9444 0.4978 0.9578 0.4926 0.9663 0.9409 0.9545 0.8943
class 13 (205) 0.9951 0.6296 0.9951 0.6435 0.9951 0.6000 0.9951 0.5514 0.9756 0.9662 0.9854 0.9352
class 14 (1265) 0.9723 0.3144 0.9755 0.3093 0.9731 0.3130 0.9747 0.3097 0.9747 0.9770 0.9352 0.9689
class 15 (386) 1.0000 0.1097 1.0000 0.1121 1.0000 0.1147 1.0000 0.1148 0.9767 0.9642 0.9067 0.9669
class 16 (93) 1.0000 0.5082 1.0000 0.5284 1.0000 0.4794 1.0000 0.4346 0.9785 0.8667 0.9892 0.8598

Paa 0.9455 0.9452 0.9473 0.9469 0.9756 0.9615

Poa 0.8984 0.8997 0.8954 0.8949 0.9726 0.9509

Ppr 0.4934 0.4998 0.5001 0.5049 0.8858 0.8795

can be used in conjunction with CI measures and SR to
dictate performance of a classifier on smaller classes,
while Ppa cannot.

Furthermore, by taking advantage of CI probabilities,
Pcr—oa can improve Pp,. In contrast, Pcj_ppr is
worse than Ppg by adding more weights to the smaller
classes and less weights to larger classes compared to
Ppr which adds more weights to larger classes than
that to smaller classes. This implies that Pc;_ pr makes
the difference between larger classes and smaller classes
even more pronounced, a task which Pp4 cannot do.
It should be noted that the performance of the EPF-based
methods was much worse than reported in [47] because
full bands were in our experiments compared to [46]
which removed water bands. Also, it has been shown
in [39]-[41] that EPF-based methods performed very
well in Ppa but very poorly in Ppgr. In addition,
EPF-based methods cannot be further improved by BS
due to their use of principal component analysis (PCA).

4)

5)

XI. CONCLUSION

This paper presents a CI-based BS approach to HSIC which
is quite different from conventional BS approaches reported in
the literature. It takes advantage of information theory to define
two new concepts. One is CI which can be used to determine
the number of training samples required to be selected for
each class as well as to weigh classes of interest. The other
is CSI which can be used to determine the number of bands
to be selected for each of the classes. In order to measure CI,
five Cl-based IC are also introduced, WCD, CD, SR, BCD,
and CFR, all of which can be grouped into two categories,
intraclass IC and interclass IC. These five ICs are then used to
calculate CSI for each class that determines how many bands
required to be selected nggl(Ci) for each individual class and
ng]sE for all classes. To select desired bands for various classes,
two types of BS methods are custom-designed, SCSC-BS
to select nggl(Ci) bands for each class, the ith class C;

and MCSC-BS to select ngs = fngg x M7 bands for all
classes. Finally, to evaluate classification performance five
classification measures, AA, OA, PR along with two CI-based
criteria, CI-OA and CI-PR are used for performance analysis.
The experimental results show that CI-based BS can improve
classification using CSl-selected bands without using full
bands.

As a conclusion, we summarize important contributions
made in this paper as follows.

1) New concepts of CI and CSI are introduced for classi-
fication.
New class information measures, BCD, WCD, CD, and
CFR are developed for classification despite that BCD,
WCD and FR have been used in pattern classification.
However, their use to measure CI is new and has never
been explored in the classification literature. In particu-
lar, these five class measures can be grouped into two
categories, intraclass IC in the sense of class variability
and interclass IC in the sense of class separability.
Using CI to allocate the number of training samples for
each class is completely new.
Using CSI to determine the number of bands to be
selected for each class and using CE to determine the
number of bands for all classes is also completely new.
Based on CSI- and CE-determined number of bands, two
new separate BS algorithms, SCSC-BS and MCSC-BS
are particularly designed for classification.
Using Cl-calculated probabilities as weights can extend
the traditional AA and OA to Cl-weighted OA
(Pcr—o04) which can improve classification accuracy.
No similar work has been reported in the classification
literature.

2)

3)

4)

5)

6)
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