Received: August 27,2022. Revised: November 1, 2022. 14

International Journal of
Intelligent Engineering & Systems

INASS

http://www.inass.org/

HSIS-Net: Hyperspectral Image Segmentation Using Multi-view Active Learning
Based FCSN

Mantena Krishna Satya Varma'* Raja Kulasekaran? Nynalasetti Konadala Kameswara Rao?

!Department of Information Technology, Annamalai University, Chidambaram, Tamil Nadu, India
2Department of Computer Science and Engineering, Sagi Ramakrishnam Raju Engineering,
Bhimavaram, Andhra Pradesh, India
* Corresponding author’s Email: mkrishnasvarma@gmail.com

Abstract: Hyperspectral image (HSI) segmentation and classification is trending research in military and civil
applications area. However, HSI classification is facing various challenges in analyzing spectral and spatial regions.
In order to improve the performance of HSI classification models, segmentation is essential step. Therefore, this article
is focused on implementation of unified HSI segmentation network (HSIS-Net) using active learning. Initially, HSI
preprocessing operation is performed to normalize the spectral-spatial regions. Then, joint spatial-spectral boundary
extraction operation is performed using spatial information divergence (SID) and spectral correlation mapper (SCM).
Finally, segmentation of boundary estimated HSI bands is performed using multi-view active learning network based
fully convolutional segmentation network (MAL-FCSN). The simulations revealed that the proposed HSIS-Net
resulted in superior segmentation performance with segmentation accuracy (SA) of 0.999, and segmentation F1-score
of 0.999 as compared to the existing HSI classification approaches for four publicly available HSI datasets.

Keywords: Hyperspectral image, Fully convolutional segmentation network, Spatial information divergence, Multi-

view active learning network.

1. Introduction

Optical images are the prime sources of
information in remote sensing data analysis. Since
their inception, they have played a vital role in the
success of various information mining and image
interpretation tasks since their inception [1].
Contemporary examples include, but are not limited
to, mapping (or classification) and monitoring
applications of land use/land cover change [2], health
care, weather, and climate forecasts [3], and
Planetary exploration missions [4]. Imaging systems
use sensors, which are sensitive to one or more
wavelengths of an electromagnetic spectrum, to

capture images for the visual representation of an area.

Depending on the imaging techniques used, the
visual representation and structure of an image can
take many forms to convey different levels of
information of the desired scanning scene based on
the surface reflectance. Some optical imaging
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techniques wused in modern times include
panchromatic imaging, red, green, and blue (RGB)
imaging [5], HSI, thermal imaging, etc. HSI remote
sensing combines two technologies, namely imaging
and spectroscopy [6]. HSI for remote sensing can be
divided into two main techniques based on the
continuity of the data stored in the wavelength
domain, and multispectral-HSI [7].

In the past few years, HSI systems have gained
significant attention from researchers across various
scientific and engineering disciplines [8]. Unlike
traditional panchromatic and RGB imaging systems,
HSI systems use specialized sensors operating
primarily from the visible through infrared
wavelength ranges to acquire images with more than
three spectral bands [9]. Further, HSI is the technique
of producing images containing both spatial and
spectral domain information of scanning area on the
surface of the earth based on surface reflectance [10].
The HSIs are three-dimensional data structures
having two spatial dimensions and one spectral
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dimension. The main difference between normal
images and HSI is in the usage of the sampling
technique, the bandwidth of each spectral channel,
and the number of bands [11]. Multispectral remote
sensing collects MSI data that have several bands
each sampled at discrete, often discontinuous,
wavelengths with wider spectral bandwidths, i.e., low
spectral resolution. While hyperspectral remote
sensing collects HSI data having spectral bands, each
sampled at contiguous wavelengths with narrow
bandwidths (typically in 10nm or less), i.e., high
spectral resolution [12]. The evolution of very high-
resolution HSIs classification has proved to be
particularly advantageous for most remote sensing
image interpretation tasks. But there are challenges
associated with the use of HSIs for transforming [13]

the rich spectral data into information for applications.

Whereas with HSIs, class separability is largely
owing to the high spectral resolution. However, the
increase in the dimensionality of the data increases
the possibility of problems with the curse of
dimensionality. In practice, it is difficult or not
possible to collect complete information about the
training samples of classes of interest. Only a limited
number of labeled samples of classes of interest are
only available at hand before training.

Therefore, to overcome these challenges, the
novel contribution of this work is organized as
follows:

e HSI image is divided into multiple spectral
bands, and preprocessing, boundary analysis
and segmentation operation is carried out on
each band.

e Spatial boundaries are extracted using SID
and spectral boundaries are extracted using
SCM.

e Multi-layer perception-based MAL-FCSN is
used to perform the segmentation operation
by analyzing the sub-pixel, pixel and super-
pixel views of various regions.

Rest of the article is organized as follows: section

2 deals with the related work, section 3 delas with the
proposed HSIS-Net implementation analysis, section
4 deals with the results and discussions, and section
5 delas with the conclusion.

2. Related work

This section performs the detailed survey on
segmentation approaches. There are three different
categories of segmentation approaches are used,
pixel-level ~ segmentation  [15], object-level
segmentation [16], and sub-pixel segmentation or
unmixing [17]. The choice of approach depends
mainly on the application requirement since they
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offer both advantages and limitations. Time-critical
and real-time applications such as target detection,
diurnal change detection, industrial quality
inspection require real or near real-time computation
solutions and segmentation framework. In particular,
there are a plethora of applications, which bank upon
HSIs, needing real-time processing systems for
image analysis. There are different types of dee-
learning depending upon the network architecture
used to perform the HSI segmentation tasks, some of
the deep learning models are recurrent neural
networks [18], cyclic neural network, convolutional
neural networks, and deep belief neural networks.
However, deep learning convolution neural networks
(DLCNN) [19] have attracted widespread attention in
many vital applications.

In [20] authors implemented the object-based
image analysis (OBIA) model for HSI segmentation.
In contrast to grayscale and color images, HSIs
provide the benefit of analyzing images in a pixel-by-
pixel fashion accurately using spectral information
alone. Further, A semi-supervised reduced-space
(SSRS) method [21] is implemented for HSI
segmentation. This method benefit is due to the
increasing order of pixel-wise spectral information
from panchromatic. In [22] authors implemented the
conditional random field (CRF) for HSI
segmentation. The most common limiting factors
known to increase the risk in analyzing HSIs [23].
Due to the low spectral resolution, the separability of
classes of interest (within classes and between
classes) is limited. In [24] authors implemented the
end-to-end fully convolutional network (EFCN) for
HSI segmentation. Then, recurrent convolutional
neural network (RCNN) is used to perform the
segmentation operation. In[25] authors implemented
a hybrid network, which contains principal
component analysis (PCA) based feature extraction,
spectrally segmented-folded-PCA (SSeg-Fol-PCA)
for HSI segmentation, support vector machine
(SVM)-based segmentation. In [26] authors
implemented the entropy rate super-pixel (ERS)
approach for HSI segmentation, multi-spectral ERS
approach is used for joint spatial-spectral feature
analysis. Further, two-branch convolutional neural
network (TBNN) is used to perform the segmentation.
However, this method suffering with high
computational complexity. The adaptive spatial
pyramid constraint network (ASPCN) [27] is used to
perform the HSI segmentation, which utilizes limited
training samples. Here, dimensionality reduction
refers to the process of reducing the number of
attributes or features either by using feature selection
or by feature extraction methods. In [28] authors
implemented the HyperUnet model for HSI
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segmentation. A typical objective of HSI processing
and analysis in different fields of application includes
one or more of the techniques such as dimensionality
reduction, target detection, and segmentation. In [29]
authors implemented the covariance matrix
representation (CMR) model for spectral-spatial
feature extraction using locally homogeneous
properties. This prominence is because the
segmentation technique helps transform the large
volumes of remotely sensed image data into useful
information with multiple usages.

In [30] authors implemented the spatial and
spectral kernels generation network (SSKNet) for
HSI segmentation using spatial and spectral kernels
generation. In [31] authors implemented the spectral—
spatial based SuperPCA approach for HSI feature
extraction and segmentation operation is carried out
using SVM. In [32] authors implemented the

Figure. 1 Proposed HSIS-Net architecture

multiscale curvature filters-for HSI feature extraction.

Due to the stochastic nature of landscapes, there are
different types of uncertainties ranging from image
acquisition to image processing and analysis [33],
including training and segmentation. Some of the
uncertainties are sensor noise, limited training
knowledge of known classes. The incomplete
knowledge about the actual number of classes in the
imagery, i.e., presence of unknown classes, which are
unknown or unseen during training [34]. The
uncertainties are one of the significant factors
responsible for omission and commission errors.

3. Proposed methodology

The conventional HSI segmentation models are
facing the challenges with complexities, noises,
errors, and uncertainties. Further, challenges are
inducing by these methods during adoption in
applications, which slows down the application
performance. Therefore, the development of novel
algorithms is needed to exploit the full latent potential
of spatial-spectral information present in HSIs. Fig. 1
shows the block diagram of proposed HSIS-Net.
Initially, HSI Processing operation is performed for
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normalizing the spatial-spectral bands of HSI, which
also removes the different types of noises and
enhances the region. In addition, spatial boundaries
are extracted using SID, spectral boundaries are
extracted using SCM methods and joint spatial-
spectral boundary map is formed by concatenation.
Finally, multi-layer perception adopted transfer
learning-based MAL-FCSN is used to perform the
segmentation operation, which spates the spatial-
spectral regions based on boundary analysis.

3.1 Data processing

Let us consider a 3D HSI data cube denoted by
X € R™™%d has m rows or lines, n columns or
samples, and d spectral bands or dimensionality. For
convenience, the 3D data cube X of sizem xn x d
can be written into a 2D x N (where N = m X n)
matrix form (X € R%*N), known as data matrix as
shown in Eq. (1). The data matrix X, is typically
defined as the rastered ordering of N column pixel
vectors x; € R, suchthatX = [xq,x,,
RN Where each pixel vector x;, see Eq. (2),
represents a spectral measurement and N is the total
number of pixel vectors, i.e., N is product of m and n,

X11 XN1
X = [x1,X, e v Anlaxy =1 ¢ :
X1d XNd
=X € R¥>N (1)
Xi1
x.
xi=|"|€e R 2)
Xid

For a pixel-by-pixel-based image analysis, each
dimensional pixel vector is given as input to the
algorithm as one-by-one in a streaming fashion. For
instance, assume that the HSI arrives in a pixel-by-
pixel manner from a data matrix or in band-
interleaved-by pixel format from a sensor. As a result,
a pixel vector-based analysis can be performed. In
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other two image data formats, such as band-
interleaved-by-line and band sequential, the 3D data
cube is transformed to a 2D data matrix and then
streamed pixel-wise to the segmentation algorithm.
Further, noise removal operation is carried out, which
enhances the pixel wise information.

3.2 Boundary extraction

The HSI images consist of both spatial and
spectral boundaries, where spatial boundaries hold
the temporal redundancy and spectral boundaries
holds the structural boundaries. These are the edge
oriented statistical properties, which holds the spatial
and spectral information of HSI. Therefore, the
extraction of boundaries should be done carefully
without losing the original information. Here, spatial
boundaries (yg;p) are extracted using SID, spectral
boundaries (s ) are extracted using SCM methods
and joint spatial-spectral boundary map is formed by
concatenation.

3.2.1.SID

SID is a stochastic measure derived from
information theory. It is used for measuring spatial
similarity and discriminability between unknown test
pixel spatial and target reference spatial. SID views
each pixel vector as a random variable and calculates
the probabilistic behaviors between the reference
pixel vector x and test pixel vector z. The probability
vectors of x and z are given by p = {p;}%, and
q = {q3%,, respectively, where p; and g; are given
as follows:

_ Xi

pl - Z%=1 Xk (3)
Zi

qi = ST (4)

The SID ((¥s;p) between x and z is given by
(Wsip(z,x) =D (x|l z) + D(z||x; ) (5)

D(xill2) = Ty pDy(xill2) = Tk, pilogs (%)
(6)

D(zllx) = X aiDi(2lIx) = X alog: (%)
™

Where D(x; Il z) and D(z Il x;) are relative
entropy of x with respect to z and z with respect to x,
respectively, and are also known as Kullack-Leibler
divergence or cross-entropy. The values of
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Ysp ranges from 0 to oo. A value of Ygp = 0
indicates a perfect match with no divergence between
the two spatial. The lower the i¢;pvalue, the better
the level of similarity between the reference spatial
and unknown test spatial.

3.2.2.SCM

SCM is a derivative of Pearson’s linear
correlation coefficient. It is commonly used to
measure the similarity between the reference pixel
and unknown pixel. The spectral matching
performance of SCM is relatively higher than spectral
angle mapper (SAM) because SCM can perceive a
difference between positive and negative correlation.
Unlike SAM, SCM is invariant to the linear
transformation of spectra. The mathematical
expression of SCM, Yy, for any z is given by

d -7 -—
Ysem (2,x) = . Yi=1(z1-2) (x-) ®)
J[Eiizl(Zz—z‘)Z =L, (x-%)2 ]
X = %(Zii:l x;) 9)
Z = %(Z?:l Zl) (10)

Where x and z are the means of x and z pixel
vectors, respectively. The values of the gy, ranges
from — (i.e., no similarity) to + (i.e., perfect
similarity).

3.3 MAL-FCSN

Active learning is one of the most widely
researched approaches in the image segmentation
domain. This is because of its ability to provide
accurate predictions for a given training set. Further,
the multi-view active learning performs the
segmentation by analyzing the sub-pixel, pixel and
super- pixel views of various regions. Fig. 2 presents
the block diagram of multi-layer perception-based
MAL-FCSN segmentation. Fig. 3 shows the layer
wise architecture diagram of FCSN model. There are
generally two phases or stages involved in using any
MAL-FCSN technique, namely the training phase
and the testing phase. The key idea in MAL-FCSN
can be summarized as the task of learning a mapping
function f that maps inputs (x) to a unique
segmented label from a prefixed set of discrete
outputs labels, categories or target (y).

Mathematically, MAL-FCSN is expressed as
fix —» yory = f(x). Inthe training stage of the
MAL-FCSN learning process, a discriminant
function f is formulated using a training set
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Figure. 2 HSI segmentation using MAL-FCSN

consisting of [ labeled pixel vectors, ie., S =
{ x;,y; Yi=1 with training samples x; € Ry, and the
corresponding class labels y; € R;. To produce a
generalized classification model f using S, a grid
search method with a cross-validation (CV) strategy
is adopted to find the optimal values of model
parameters and free parameters. During training,
algorithm-specific free parameter 0y =
{07,070 } are given as input to the

training model to produce optimal model parameters
Om = {Omq ) Omy ...,ij} to make the model fit the
data.

The available training data S is then split into
three different sample subsets, namely sub-pixel set
(Ssup € S), pixel set (Spixcer € S ), and super-pixel
set (Ssuper € §). Then, cross validation accuracy
(CVA) is calculated for each sub-set by rand sub
sampling validation. The optimal combination of
model parameters is selected highest values of CVA.
The procedure is done for tuning or configure the
optimal model parameters (6,,,). In the second phase
of the MAL-FCSN approach, the trained model (i.e.,
f (x:0,) is used for segmented label class
prediction for each test pixels. Finally, the test
features (St.s¢) are compared with trained data and
produces the segmented outcome.

3.3.1. FCSN segmentation

Transfer learning techniques have seen a global
trend towards increase in popularity and use across
various scientific and engineering disciplines in
recent years. The increasing popularity and usage of
these algorithms are mainly because of their ability to
learn representative and discriminative features
hierarchically employing various layers of
abstraction. The word transfer learning usually means
a depth of more than two hidden layers in a neural
network architecture. Fig. 3 shows the FCSN model
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architecture for segmentation of HSI, which contains
the convolutional encoder and decoder networks.

Here, encoding process is used to reduce the
number of features using max pooling layers, there
by performs the segmentation operation in sub-pixel
level with detailed edge identification. After the
encoding phase, a decoding procedure using a
number of up sampling layers, which is used to
perform the increased number of pixels and performs
the segmentation operation in super-pixel level. Up
sampling is accomplished by the use of transposed
convolution (Conv2DTranspose), which is also
referred to more precisely as fractionally strided
convolution. This is an operation that goes in the
opposite direction of a convolution and enables us to
translate the activations into something meaningful
related to the size of the image by scaling up the
activation size to the same size as the image. This is
accomplished by scaling the activation size up to the
same size as the image. This is performed by
increasing the size of the activation to be the same as
the size of the picture. Scaling up the activation size
to match the image's size does this. A convolution
layer produces feature maps using the following
expression

xf=f ((Zl-xil-1 « ki) + bil) (11)

Here, x}~1is the it feature map of (I — 1)
layer, x} represents the j¢" feature map of current it"

layer, and f(.) is a non-linear activation function.

The trainable parameters kf]- and b} represents the

kernel or weights and bias in the convolution layer,
respectively. The pooling layer is used to down
sample the feature maps using either max or average
rule. The fully connected layers stack the reduced
features to perform segmentation.
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Figure. 3 FCSN architecture

4. Results and discussion

The University of Pavia, Indian Pines, Salinas
dataset, and Kennedy space center (KSC) dataset are
the four datasets used for the simulations [35]. Each
dataset has distinct categories with its own
characteristics. As a result, the performance of the
suggested system was successfully assessed using
several performance indicators for each dataset. Here,
segmentation accuracy (SA), segmentation precision
(SP), segmentation recall (SR), segmentation F1-
score (SF1) are the segmentation performance
measures.

International Journal of Intelligent Engineering and Systems, Vol.16, No.2, 2023

4.1 Dataset

Indian Pines: Above the Indian Pines test site in
northwest Indiana, the AVIRIS sensor recorded the
Indian Pines dataset. Each picture in this collection
comprises 145145 pixels and 220 spectral bands with
wavelengths ranging from 0.4 to 2.5 m. There are 16
categories in this picture that need to be categorised,
such as the grassy field, the trees, and more.

University of Pavia: The ROSIS03 satellite
sensor captured this HSI image of the metropolitan
region around the University of Pavia. This HSI has
103 spectral bands, and each band picture has a
resolution of 610340 pixels with a spectral coverage
of 0.43 to 0.86 meters. There are nine categories in
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Table 1. Segmentation performance evaluation on the Indian-pines dataset
Metrics OBIA CRF SSRS EFCN CRF SSeg-Fol-PCA HyperUnet HSIS-
[20] [22] [21] [24] [23] [25] [28] Net
SA 0.548 0.590 0.626 0.706 0.746 0.831 0.882 0.993
SP 0.579 0.686 0.683 0.775 0.810 0.888 0.909 0.987
SR 0.642 0.738 0.792 0.793 0.777 0.869 0.901 0.973
SF1 0.657 0.726 0.722 0.759 0.799 0.823 0.905 0.983
Table 2. Segmentation performance evaluation on the KSC dataset
Metrics OBIA CRF SSRS EFCN CRF SSeg-Fol-PCA HyperUnet HSIS-
[20] [22] [21] [24] [23] [25] [28] Net
SA 0.561 0.669 0.624 0.786 0.884 0.893 0.920 0.991
SP 0.521 0.679 0.668 0.760 0.810 0.880 0.906 0.997
SR 0.538 0.622 0.674 0.796 0.883 0.892 0.933 0.983
SF1 0.595 0.616 0.683 0.718 0.839 0.867 0.922 0.993

(a) (b) (c)
Figure. 4 The segmentation results of Indian pines
dataset:(a) ground truth, (b) boundary detection, and (c)
final segmentation

(@) (b) ()
Figure. 5 The segmentation results of KSC dataset: (a)
ground truth, (b) boundary detection, and (c) final
segmentation

(@) (b) (©
Figure. 6 The segmentation results of Pavia University
dataset: (a) ground truth, (b) boundary detection, and (c)
final segmentation

this scenario that need to be categorized, including
asphalt, meadows, and other things.
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KSC dataset: With wavelengths spanning from
0.4 to 2.5 m, AVIRIS gathered information from the
KSC in 224 bands. The water absorption bands are
categorized using a total of 176 spectral bands. There
are 13 possible land-cover categories in this dataset.

Salinas dataset: Additionally, a Salinas dataset
was obtained by the AVIRIS sensor, which had
images of the Salinas Valley in California with a
spatial resolution of 3.7 meters. This HSI has 220
bands, each of which has a picture with a 512 by 217-
pixel resolution.

4.2 Performance evaluation

Fig. 4 shows the segmented outcomes of Indian
pines dataset. The joint SID-SCM method accurately
identifies segmented outcome of Indian pines dataset
and it is matched to ground truth.

Table 1 presents the segmentation performance
comparison of various approaches, where proposed
HSIS-Net resulted in superior performance as
compared existing segmentation methods like OBIA
[20], CRF [22], SSRS [21], EFCN [24], CRF [23],
SSeg-Fol-PCA [25], and HyperUnet [28].

The KSC is also another important dataset, which
contains the greatest number of pixels in the
background. Fig. 5 shows that the proposed method
results in a much similar segmented outcome as
ground truth. Table 2 presents the segmentation
performance comparison of various approaches,
where proposed HSIS-Net resulted in superior
performance as compared existing segmentation
methods like OBIA [20], CRF [22], SSRS [21],
EFCN [24], CRF [23], SSeg-Fol-PCA [25], and
HyperUnet [28].

The Pavia dataset attracts significant attention in
the HSI classification process as it contains more
robust ground truth and a smaller number of classes.
Fig. 6 shows that the proposed method results in a
much similar segmented outcome as ground truth.
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Table 3. Segmentation performance evaluation on the Pavia University dataset
Metrics OBIA CRF SSRS EFCN CRF SSeg-Fol-PCA HyperUnet HSIS-
[20] [22] [21] [24] [23] [25] [28] Net
SA 0.542 0.628 0.751 0.816 0.888 0.891 0.927 0.999
SP 0.590 0.686 0.747 0.813 0.879 0.897 0.915 0.989
SR 0.536 0.741 0.766 0.843 0.839 0.928 0.945 0.992
SF1 0.575 0.731 0.784 0.834 0.890 0.914 0.934 0.999
Table 4. Segmentation performance evaluation on the Pavia University dataset
Metrics OBIA CRF SSRS EFCN CRF SSeg-Fol-PCA HyperUnet HSIS-
[20] [22] [21] [24] [23] [25] [28] Net
SA 0.574 0.796 0.803 0.829 0.870 0.916 0.934 0.999
SP 0.545 0.751 0.810 0.868 0.883 0.913 0.932 0.998
SR 0.591 0.665 0.831 0.832 0.909 0.928 0.966 0.997
SF1 0.620 0.715 0.853 0.883 0.915 0.939 0.942 0.999

(a) (b) (c)
Figure 7. The segmentation results of Salinas dataset: (2)
ground truth, (b) boundary detection, and (c) final
segmentation

Table 3 presents the segmentation performance
comparison of various approaches, where proposed
HSIS-Net resulted in superior performance as
compared existing segmentation methods. Fig. 7
shows the segmented outcomes of Salinas dataset.
The joint SID-SCM method accurately identifies the
segmented outcome of Salinas dataset, and it is
matched to ground truth. Table 4 presents the
segmentation performance comparison of various
approaches, where proposed HSIS-Net resulted in
superior performance as compared existing
segmentation methods.

5. Conclusions
This article implemented the HSIS-Net for HSI

segmentation using multi-view active learning
adopted with transfer learning. Initially, HSI
preprocessing operation is carried out for

normalization of spatial-spectral bands and also
removed the different types of noises. Further, spatial
boundaries are extracted using SID, spectral
boundaries are extracted using SCM and joint
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boundary map was formed. Furthermore, multi-layer
perception-based MAL-FCSN generates the HSI
segmented outcome by analyzing the sub-pixel, pixel
and super- pixel views of various regions. Here,
transfer learning based FCSN model was used to
segment the HSI regions based on spatial-spectral
boundary analysis, which contain the multi-layer
encoder and decoder networks. This work can be
extended with natural inspired optimization
algorithms for better segmentation and classification.
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