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Abstract

Hyperspectral imaging (HSI) captures a wide spectrum of light, divided into countless,
closely spaced bands. This is very useful to record more information in a data pixel, enabling
precise identification of materials and objects. The vast number of spectral bands in HSI data
can introduce challenges like redundant information and higher computational requirements.
Numerous methods exist to reduce HSI dimensionality by selecting informative bands. Band
selection is a critical step, focusing on identifying meaningful bands and eliminating redundant
or irrelevant ones. This study compares major statistical approaches in band selection methods:
Information-Theoretic approaches, PCA (Principal Component Analysis), ICA (Independent
Component Analysis), and Clustering-Based Method and evaluate the performance and
methodology of these approaches in the field of hyperspectral image classification.
Band Selection, Feature Selection,

Keywords- Hyperspectral Imaging, Statistical Methods,

Classification, Remote Sensing

Introduction

A Hyperspectral image includes hundreds of
narrow spectral bands [1] with in the visible
to infrared regions of electromagnetic
spectrum. This high spectral resolution helps
to analyse a detailed material composition and
properties of objects in the image that can be
utilized to perform accurate material
identification & classification. Some of
applications of HSI are food quality checking

Conversely, HSI have a very large volume of
data[11]. The common image processing
algorithms are not efficient in managing the
dimensionality of HSI. In the case of hyper
spectral image classification this high
dimensionality badly effects the
computational performance and classification
accuracy. So, Band selection methods play a
crucial role in HSI processing Numerous
approaches have been developed to reduce the

[2], urban planning [3], [4], agriculture[5],
Biotechnology [6], Environmental
Monitoring [7], Forensic Science [8], Oil and
Gases [9], and Medical field [10].
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number of spectral bands while preserving
essential information. Statistical methods
play a major role in these approaches. This
literature review focuses on some of the
frequently used statistical methods for
hyperspectral band selection along with their
mathematical formulations and a comparative
analysis.
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Statistical approaches for band selection

Information-Theoretic Methods

Mutual Information (MI) is a popular
method for evaluating the relevance of bands
in HSI. MI is a measure that assesses the
information shared between two variables,
such as a spectral band and the target class
label. The mathematical formulation of
mutual information given by:

. P.0(ab)
MI(Q,0) = Zqcq Tieo Prooy (0 Dlog (1224 )

Where P(q, 6)-joint probability mass function
Pq - marginal probability mass functions of Q
Po -marginal probability mass functions of 0 .

In the case of hyperspectral images, random
variable(Q) represents the pixels’ value in the
HSI and random variable (0) represents the
corresponding label in the ground truth,
mutual information between Q and 0 means
that the dependency between HSI and the
ground truth value.

Information Entropy is another method
closely related to Mutual information [2] , ie
Mutual information can be expressed by joint
entropy or conditional entropy.

MI(Q,6) = E(Q)+E(0) —E(Q, 0) or
MI(Q,6) = E(Q)—E(Q/0)

Where E(Q) and E(0) are the entropy of Q and 6,
E(Q, 9) is the joint entropy and E(Q/ 0) is the
conditional entropy of Q given 6.

E(Q) = —Xor(Q)log p(Q) where P(Q) is
the probability distribution function of Q

E(Q, ) = — Xqeq Xicop(q, Dlogp(q, i)

EQ/6) = —Xqeq Xicopr(q/i)logp(q/i)

Steps for band selection

1. Calculate Mutual Information: For
each spectral band, calculate the
mutual  information  relationship
between the bands and the class labels.
Bands that share more information
with the class labels are more relevant
for classification.

2. Rank the Bands: Based on the
computed mutual information, rank
the spectral bands from most
informative to least informative.

3. Select Top Bands: Select all bands
with high ranks that reduces the
dimensionality of the data while
preserving spectral information.

4. Handle Redundancy: Some of the
selected band provide similar
information (redundant bands), to
avoid this wuse some advanced
techniques like conditional mutual
information  or  joint  mutual
information.

MI is good approach to capture non-linear
dependencies between spectral bands and
class labels but linear methods like correlation
fails to measure nonlinear dependencies.

Table 1 Band selection using Information-Theoretic approach

Reference | Approach

Classifier, Data set, Accuracy

[12]
First,

from this pool

Utilize a two-phase feature selection strategy.
apply minimal-redundancy-maximal-
relevance criterion to generate a candidate
feature pool. Then, use wrappers (e.g., naive
Bayes classifier) to select a compact subset

NB, HDR-MultiFeature, 96.8
SVM, HDR-MultiFeature, 96.5
LDA, HDR-MultiFeature,95.9
NB, Arrhythmia, 82.14

SVM, Arrhythmia, 80.48
LDA, Arrhythmia, 81.67

NB, NCI, 85

SVM, NCI, 86.67

LDA, NCI, 75

NB, Lymphoma, 94.79

SVM, Lymphoma, 96.87
LDA, Lymphoma, 96.87
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[13]

Use mutual information (MI) values and
correlation with adjacent bands are used to
select informative bands.

Classifier: SVM

Data Set: AVIRIS 92AV3C
Accuracy: 80.67 (for 20
bands) ,90.62 (for 80 bands)

[14]

Apply a differentiable mutual information for
selecting informative bands. It helps to
generate an automatic solution by gradient
searching

Classifier: SVM

Data Set: AVIRIS 92AV3C
Accuracy: 85-90%
(Depending on the spectral
window width and position)

[15]

Symmetric ~ Uncertainty and  Mutual
Information for Dimensionality Reduction

Classifier: SVM

Data Set: AVIRIS 92AV3C
Accuracy: 84.16 (for 42
bands)

[16]

This method selects some of redundant bands
with high mutual information values, which
helps to proper mapping to ground truth values.
To manage redundancy, a complementary
threshold is applied to the final mutual
information value. The error probability of
classification is calculated using

Fano’s inequality.

Classifier: SVM

Data Set: AVIRIS 92AV3C
Accuracy: 88.14 (for 18
selected bands and threshold
of 0.03 to control
redundancy)

[17]

Combines mutual information with a steepest
ascent strategy to optimize feature selection
dynamically. This algorithm uses a wrapper
approach for feature selection

Classifier: SVM

Data Set: AVIRIS 92AV3C
Accuracy: 84.16 (for 42
selected bands and
threshold of 0.56)

[18]

This method uses different band discrimination
methods such as, and SIDAM creating the
band channel, it helps to select relevant bands
that are not highly intercorrelated. This
approach effectively addresses the challenge of
inter-band correlation and redundant data

Classifier: SVM
Datasets:
1. Indiana Indian Pines
2. Salinas
3. University of Pavia

[19]

It uses Sequential Forward Search (SFS) to
select informative, non-redundant bands based
on mutual information. Selects bands with high
information content and low redundancy by
calculating the average mutual information
between each band.

KNN, Botswana Dataset, 97.35
SVM, Botswana Dataset, 92.25
KNN, Indian Pine, 89.56
SVM, Indian Pine, 75.22

Principal Component Analysis (PCA)
PCA is a dimensionality reduction a

2 =) —y)

technique simplifies complex data without
losing key information. It identifies
uncorrelated principal components with
maximum variance in the data. The principal
components are mutually independent,
meaning they are not correlated with each
other. They are also arranged in descending
order of variance. Covariance formula for a
sample is

cov, ., =
Y n—1

Band Selection method

1.

2.

3.

4.

Reshaping the Hyperspectral Data
(3D) to 2D form

Calculate the covariance matrix of
HSL

Find the eigen values and eigen
vectors of the covariance matrix.
Arrange  the  eigenvalues in
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descending order and retrieve the
associated eigenvectors.

5. Identify the top 'n' eigenvectors
having top 'n' eigenvalues to get the 'n'
principal components.

The selected principal components can then
be used to find the informative bands form the

given data set.

PCA is a widely adopted and powerful

technique for dimensionality reduction
problems that helps to find more informative
bands that helps to increase the efficiency of
the classifier. Minimum Noise Fraction
(MNF), Folded-PCA(FPCA), Spectrally
Segmented PCA(SSPCA) and Segmented-
PCA(SPCA) are some linear extensions of
PCA. Kernel Entropy Component
Analysis(KECA) and Kernel-PCA(KPCA)
are the nonlinear extensions [20].

Table 2 Band selection using PCA approach

Reference

Approach

Classifier, Data set, Accuracy

[21]

Reduce dimensionality of
hyperspectral image by extracting its
principal components with high
variance.

Classifier: Maximum Likelihood
Classifier (MLC)

Data set: HYDICE, AVIRIS
Accuracy: Up to 90% accuracy
using all PCA bands.

[22]

This approach uses Semi-supervised
PCA and hypergraph models for
dimensionality reduction.

Classifier: Sparse Representation
Classifier (SRC)

Data set: APHI, Indian Pines,
Washington DCMall.

[23]

Different feature extraction techniques
(e.g., PCA, ICA) are applied to reduce
the dimensionality and improve
classification.

Classifier: SVM with RBF kernel
Data set: Indian Pines.

Accuracy:

PCA using 46 bands — 93.74
SPCA using 50 bands -93.74
FPCA using 40 bands -95.12
KPCA using 107 bands — 95.92
KECA using 147 bands -95.63

[24]

Edge-preserving filtering technique
used for removing textures and noise
then uses PCA for selecting bands.

Classifier: SVM
Data set: Indian Pines
Accuracy: 95

[25]

PCA used to extract principal
components and BEMD  (Bi-
dimensional empirical mode
decomposition) decomposes the image
into three BIMFs (bi-dimensional
intrinsic mode functions) and residue
image. Finally, BIMFs and residue
image used for classification.

Classifier: SVM

Data set:
Indian Pines - 96.7
Pavia University - 97.6

[26]

Randomized PCA (R-PCA) used for
dimensionality reduction.

SVM, Pavia University, 93.42
SVM, Indian Pines, 83.54

LightGBM, Pavia University, 95.39
LightGBM, Indian Pines, 85.46
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Independent Component Analysis (ICA)
ICA is used to separate statistically
independent components from a mixture of
signals. In PCA, which maximizes variance,
ICA maximizes the statistical independence
between components. In the case of
hyperspectral images (HSI) spectral bands
can be treated as independent sources of
information. ICA aims to represent the
observed multivariate signal X as a linear

combination of statistically independent
components.

X=AS
where:

* X is the matrix of observed data (with
rows representing different spectral
bands representing
different observations).

and columns

* A is an unknown mixing matrix that
mixes the independent components.

* S is the matrix of independent
components (the underlying sources).

The ICA algorithm works to estimate W
(unmixing matrix), such that
S=WX

The elements within each row of S should be
statistically independent. The independence is
typically measured using criteria like kurtosis
(to identify non-Gaussian signals).

Steps in ICA for Band Selection

* ICA Estimation: Algorithms such as
FastiICA are applied to find the
unmixing matrix W. FastICA uses an
iterative approach to maximize the
non-Gaussianity of the estimated
components, which helps in ensuring
statistical independence.

» Selection of Bands: After finding the
independent components, select bands
with the highest absolute values in the
mixing matrix A.

Independent Component Analysis (ICA)
helps to select hyperspectral bands by
focusing on statistical independence. But
computational complexity is very high than
PCA. Infomax, FastICA, and JADE are
popular ICA algorithms used in signal
processing [27].

Table 3 Band selection using ICA approach

Reference Approach Classifier, Data set, Accuracy
[27] Compares different ICA methods like | Classifier: SVM, Random Forest
Infomax, FastlCA and JADE for | Data set: Indian Pines, Pavia
dimensionality  reduction and their | University
performance in hyperspectral image | Accuracy: Some ICA methods
classification. outperform PCA for certain

datasets

[28]

(ICA) then estimate
distributions ~ of  the
components using a
method.
Bayes' rule.

In this approach, choose a transform matrix
using Independent Component Analysis
the probability
independent
non-parametric
Finally, classify the data using

Classifier: ICDA

Data Set: Hekla, Indian Pine,
ROSIS

Accuracy: ROSIS -82.14,
Indian Pine-6.58,

Hekla -93.91
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[29] Use a nonparametric kernel density Classifier: ICDA
estimator to approximate the probability Data Set: Hekla, Indian Pine,
distributions  of the  independent ROSIS, HYDICE DC Mall
components Accuracy: ROSIS -82.14,
Indian Pine- 67.08,
Hekla -94.53
HYDICE DC Mall-98.69
[30] In this method ICA is used for initial | Classifier: SVM with Radial Basis
dimensionality reduction and then genetic | Function (RBF) kernel
algorithm is used to optimize the selection. | Data set: Pavia University, Pavia
Reduced morphological attributes used for | Center, Salinas, and Hekla
spatial feature selection. This integrated | Accuracy:
approach enhances both spectral and | Pavia University -95.6
spatial classification. Pavia Center -99.12
Salinas -99.51
Hekla -98.87
[31] This paper introduces a Random Fourier | Classifier: SVM with RBF
Feature (RFF)-based ICA method is used | kernel.  Data  set:  Pavia
for reducing the dimensionality of HSI. | University, Salinas Scene
This approach addresses the computational | Accuracy (35 selected bands):
complexity issues associated with Kernel | Salinas- 90.29
ICA Pavia University -88.18
Clustering Methods Unlike k-means, affinity propagation [32] is a

Clustering methods are commonly
used to group spectral bands together subject
to some properties of the band. Using this
method easily identify bands with similar
information and then select a band from that
group containing all the properties of that
group that helps to reduce redundancy.

K-means clustering is a popular
method for hyperspectral band selection. It's a
Euclidean distance-based algorithm that
partitions spectral bands into k clusters based
on their similarity. The objective function for

k-means is:
k

: 2
min X — Ui
b1,...,bkz Z IPe = gl

i=1 x€BI

where Bi represent the clusters, pi represent
the mean of cluster Bi.

K-means algorithm use different
characteristics of data for clustering, i.e.,
mean, median, mode, interquartile range and
geometric mean etc... After clustering, one
band from each cluster is selected as a
representative.

Affinity propagation

clustering algorithm that determines the
number of clusters automatically. The cluster
quality of k-means depends on initial values.
In the affinity propagation-based clustering
approach, representative bands are identified
by searching for a matching set of exemplars.
This method takes into account both the inter-
band relationships and the individual
discriminative power of each band.

Key-steps of
propagation
1. Compute  similarity:  Euclidean
distance, negative squared Euclidean
distance etc... are some popular
methods used to compute a similarity
matrix
2. Responsibility Update: Sets the initial
responsibility matrix, where the (i,
k)th  element  represents  the
responsibility of data point i to be the
exemplar for data point k.
3. Update availability matrix: The
availability matrix (A) is created, with
A(i, k) representing the suitability of
data point i as an exemplar for data

clustering by affinity

International Journal of Intelligent Systems and Applications in Engineering

LJISAE, 2024, 12(22s), 23862396 | 2391



point k. Data points with high
availability from others are more
likely to become exemplars.

4. Update availability and responsibility
matrix:  Repletely  update  the
availability and responsibility
matrices until convergence.

5. Calculate net responsibility: To find
net responsibility, calculates the sum

of responsibility and availability for
each point.

Select exemplar: This crucial step
identifies data points with high net
responsibility as exemplars, which are
then used as cluster canters.

Cluster formation: Lastly, data points
are assigned to their nearest exemplars
to form clusters based on similarity

Table 4 Band selection using clustering approach

Reference

Approach

Classifier, Data Set, Accuracy

[33]

Denoise the spatial images using wavelet
shrinkage and then select informative bands
from the denoised data using affinity
propagation

KNN, Indian Pines, 85.04 SVM,
Indian Pines, 94.65 KNN, Kennedy
Space Center,95.22 SVM, Kennedy
Space Center,98.49 KNN,
Botswana, 93.33 SVM, Botswana,
97.77

[34] Use FDPC (Fast density-peak clustering) |KNN, Indian Pine (10 bands),
approach to select bands. Combine |51.47 SVM, Indian Pine (10
normalized local density and intracluster |bands), 57.91 KNN, KSC (15
distance to calculate the ranking score for |bands), 79.15 SVM, KSC (15
each band. Using an exponential learning |bands), 83.27 KNN, Pavia Center
rule, define the cutoff threshold for selected |(14 bands), 91.9 SVM, Pavia
bands. Center (14 bands), 94.66

[35] Clustering with k-means is performed twice |SVM, Indian Pines(20 bands),78.75
because in each time k-means select kNN, Indian Pines(20 bands),67.33
different bands due to random behaviour of |CART, Indian Pines(20 bands), 63.01
k-means. Naive Bayes, Indian Pines(20

bands),52.92

SVM, Salinas scene(20 bands),89.94
kNN, Salinas scene(20 bands),85.02
CART, Salinas scene(20 bands),83.89
Naive Bayes, Salinas scene(20
bands),78.73 SVM,

Pavia University(20 bands),89.92
kNN, Pavia University(20
bands),79.42

CART, Pavia University(20
bands),74.06

Naive Bayes, Pavia University (20
bands),67.76

[36] SWLRSC (Squaring weighted low-rank |Classifier: SVM with RBF kernel
subspace clustering) method is used for Data Set: Pavia University (15
dimensionality reduction bands), 68.06 Salinas, (15 bands),

84.45

[37] Each intrinsic cluster 1s divided into |Classifier: SVM with RBF kernel

multiple subsets wusing the Improved |Data Set: Salinas scene Accuracy:

Affinity Propagation algorithm. The initial
availability matrix is modified using
information entropy to identify a suitable
number of clusters

91.45
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Advantages of Statistical Approaches in
Band Selection:

1. Data-Driven Decisions: Statistical
methods rely on real-world data,
enabling good decisions that reflect
the specific characteristics of the
dataset.

2. Redundancy  Reduction:  These
methods help to identify and eliminate
redundant bands  without loss
important information.

3. Enhanced Classification Accuracy:
Choosing the most relevant bands can

enhance classifier accuracy.

4. Flexibility: Statistical methods can be
applied in both supervised and
unsupervised manner. For example,
MI can be used in a supervised manner
to maximize class separability, or in
an unsupervised way to focus on
intrinsic data properties.

5. Combinability: These methods can be
combined with other approaches, such
as both clustering or machine learning

algorithms are combined to create a
hybrid method.

Table S Comparative study

Method

Advantages

Disadvantages

Captures
Mutual Information

non-linear
dependencies, robust to noise

Computationally
estimation challenges

expensive,

Reduces dimensionality, | Loss of interpretability, linear
PCA maximizes variance, noise | assumption, unsupervised

reduction

Identifies independent sources, Sensitive to noise, requires good
ICA effective in noise reduction initialization

Reduces redundancy, easy | May need predefined number of
Clustering-based implementation clusters

Conclusion

All the approaches for band selection
directly or indirectly use statistical concepts.
Statistical approaches are not only good but
often essential in band selection, particularly
in hyperspectral imaging, where the goal is to
extract the most relevant information from a
vast amount of data. These approaches are
very simple and effective in the area of hyper
spectral image dimensionality reduction. This
comparative study mainly focuses the
important approaches used in hyperspectral
image classification. Information-Theoretic
methods are good for  balancing
informativeness and redundancy. PCA is an
efficient approach, but it has a linear nature
and may not capture complex spectral
relationships. ICA excels at separating mixed
signals into their individual components.
Clustering-Based methods is a traditional

approach to maintaining diversity in the
selected bands. To ensure optimal
performance, band selection method should
be based on the specific characteristics of the
hyperspectral data and desired outcomes of
the analysis.
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