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Abstract

Change Detection (CD) measures the identification of differences in the condition of living and non-living
objects on the Earth’s surface over time. Hyperspectral images (HSI) captured by satellites contain a vast
amount of spectral information, offering ability to detect even subtle changes on the Earth’s surface. The high
dimensionality of HSI and computational complexity make this task challenging. In this research we introduce
a novel framework, Biogeography-Based Optimized UNet Biogeography-Based Unet (BBOUNet) to extract
distinctive features from the extensive HSI to identify change detection in multi-temporal hyperspectral satellite
images. Here we present a differential pyramid that utilizes a pair of input images for the UNet architecture. A
learning-based upsampling technique is employed to enhance intricacies of the change detection. To optimize
the parameters within the UNet, we employ Biogeography Based Optimization. The results of experiments show
that our method works better than traditional models for hyperspectral images, proving it to be more accurate.
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1. Introduction

Both living and non-living elements on the Earth’s
surface change over time. Plants, forests, and wildlife
grow or decline, while cities, roads, and buildings
expand. Natural elements like rivers, mountains, and
soil also shift due to weather, erosion, and human
activity. Monitoring these changes helps us
understand how the planet is evolving and how we
can better manage our environment. Change
detection on the Earth’s surface is important for
tracking environmental changes like deforestation,
urban growth, and the impact of natural disasters. It
helps with urban planning, disaster management, and
monitoring agriculture and climate change. This
information is essential for protecting the
environment and making informed decisions about
land use and resource management. When Sunlight
or other wave hit the Earth surface, different object
like living-element and non-living element on earth
surface interact with it differently. Satellite sensors
capture reflection of this interaction data from the
Earth’s surface by detecting sunlight that bounces off
objects like land, water and vegetation. The sensors
measure the amount and type of light reflected back,
allowing them to gather information about the
materials and conditions on the ground.
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This data helps in analyzing various features of the
Earth’s surface. Various hyperspectral imaging
sensors are used for acquiring the HSIs, which help
to differentiate the subtle changes from various
ground objects [1]. The finding of high spectral
information from HSIs is important in various
applications like image classification, band selection,
anomaly detection, change detection, hyperspectral
unmixing, and so on [2]. The acquired HSI from
remote sensors is a complex image that consists of
multiple sub-bands, which are narrowly spaced [3].
In HSI, each band of a particular region captures the
electromagnetic spectrum with multiple wavelengths
[4]. Spectral information in hyperspectral images
contains much more detailed data about a region than
traditional multi-band images. While multi-band
images capture a limited number of broad spectral
bands, hyperspectral images record hundreds of
narrow bands across the electromagnetic spectrum.
This allows for more precise identification of
materials, subtle differences in surface features, and
changes over time, making it more informative for
tasks like land use analysis, vegetation monitoring,
and environmental changes [4].
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Generally, HSIs are considered to be image cubes
that contain hundreds of spatial images [5], where
each image records the ground objects’ responses at
various wavelengths [6]. The range of HSI is spread
from the visible range to infrared and ultraviolet [7].
These ranges of images are not visible to the human
eye. The ground objects are identified by using the
important information from the images [8].

The difference between the same ground objects
is determined using the change detection process by
the observation values at different time [9]. This is
helpful in various implications such as environmental
management, land cover mapping, and disaster
monitoring [10]. Using ratios and image subtraction
is an important method for detecting changes. By
comparing images taken at different times,
subtraction highlights the differences between them,
making it easier to spot changes in the landscape,
vegetation, or other features. Ratios, on the other
hand, help in identifying subtle changes by
comparing the intensity of specific wavelengths
across images. Both techniques are effective in
monitoring changes on the Earth’s surface [11].
Change Vector Analysis (CVA) is the most
commonly used unsupervised method that uses
spectral vectors for performing subtraction [12]. The
adaptive fusion strategy is utilized to identify the
changes using a change detection map, where the
spectral angle and change vector is included [13].
The training system is included in the supervised
methods among the ground truth data [14]. Here,
most pixels are designated as unchanged or changed
[15].

Moreover, the labels and the remaining pixels are
also learned. This detection process has effectively
solved the imbalanced class problems. The active
learning techniques are also explored to find the
changes in detection by sharing a resemblance to the
semi-supervised models. The band selection
approach is also used to address the problem of
change detection. But the subpixel level changes are
not effectively handled by using the supervised
learning-based approaches. To resolve the problems
that occur in the conventional change detection in
HIS, a new deep learning-based change detection
scheme is developed to provide more accuracy. The
contributions of the developed change detection
scheme in HSI are summarized below:

e To introduce an efficient change detection
mechanism in HSI to detect the subpixel level
changes in HSI with high detection accuracy.

¢ To design a BBOUNet model for the detection of
changes in HSI, where the activation function,
hidden neuron count, and epochs in the UNet
network are optimized using BBO to maximize
the change detection accuracy.
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e The efficiency of the developed model is revealed
through various conventional change detection
mechanisms according to several evaluation
metrics.

The subsequent sections are structured to present the
evolution of the HSI change detection mechanism
based on the BBOUNet. In Section Il, a
comprehensive literature review is presented,
highlighting various change detection mechanisms
along with their associated challenges and
distinguishing features. Moving forward, Section I11
offers a detailed exposition of the proposed
methodology, providing insights into the structural
aspects of the BBOUNet-based approach. The
dataset used in the study and the results obtained
from the experiments are discussed and analyzed in
Section V. This section sheds light on the
performance evaluation and provides a thorough
examination of the outcomes achieved through the
BBOUNet’s application in HSI change detection.

2. Literature Review

Traditional methods have limitations and need higher
accuracy, so advanced deep learning techniques are
becoming more popular. These techniques are
especially useful for hyperspectral image analysis
because they provide faster and more accurate
segmentation. By using deep learning, we can reduce
the time needed for segmentation, which makes tasks
like disease diagnosis from satellite images more
efficient. Overall, these new methods have the
potential to greatly improve how we analyze satellite
images, making results quicker and more accurate for
important applications. Over the last few years, the
advancement of deep learning has greatly progressive
area of change detection algorithms [16] and [17]
particularly in the domain of hyperspectral data.
Existing hyperspectral change detection methods
much rely on deep supervised learning [18] and [19],
striking the use of labelled training data. While these
high-quality  training datasets offer precise
supervision for model parameter training and yield
impressive performance, their acquisition is labor-
intensive and often challenging.

Consequently, addressing the issue  of
hyperspectral change detection without the heavy
reliance on annotated labels has become a crucial
goal in this area. Self-supervised learning [20] and
[21] has emerged as a promising paradigm in
machine learning, allowing models to learn feature
representations from vast amounts of unlabelled data.
It has gained significant attention, especially in
natural image processing, where numerous SSL
representation learning algorithms have been
developed.
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An influential form of semi-supervised learning is
contrastive learning (CL) [22] which seeks to reduce
the distance between pairs of positive samples while
simultaneously increasing the separation among pairs
of negative samples. CL has found practical utility in
tasks such as change detection in multi-spectral
optical and synthetic aperture radar (SAR) remote
sensing [23] and [24]. Nevertheless, applying self-
supervised learning to hyperspectral change
detection encounters certain constraints. Current
Self-supervised (SSL)-based change detection
techniques predominantly revolve around the
concept of instance discrimination. Specifically,
multi temporal images are partitioned into patches to
serve as inputs for the model. Subsequently, these
patches undergo a transformation into feature vectors
within the feature space to enable comparison. For
this, the technique is confined to learning feature
representations at the patch level, leading to
outcomes in change detection that lack fine detail.
The utilization of a spatial kernel filter, sliding across
both horizontal and vertical dimensions in the 2D
convolutional layer, concentrates on spatial
information within individual channels, disregarding
interrelationships among various spectral bands. This
limitation hampers the effective utilization of spectral
information.

In 2021, [25] developed a deep convolutional
autoencoder for the detection of changes in the HSIs.
This deep convolutional network was demonstrated
for extracting the features from the image using
fusion operation to detect the changes aroused in
between the pair of bi-temporal-registered images.
The features from the multiple receptive fields and
successive levels have been considered for fusion
operation.  This method was completely
unsupervised, and it was more elegant rather than the
semi-supervised and supervised methods. Some
amount of labelled information has been required for
detecting the changes in HSIs. The empirical results
have proven that the proposed method clearly
outperformed the conventional models. In 2019, [26]
presented a change detection approach in HSIs using
CNN. The change detection maps from the traditional
unsupervised change detection approaches were
utilized for training the images. The noise present in
the images was eliminated during end-to-end
training. Here, FCN-based end-to-end deep network
architecture has been designed to detect the changes
based on the Hue Saturation Intensity (HSI) values
by effectively learning the powerful features. The
robust training was provided using the unsupervised
noise modeling method. Finally, the effectiveness of
the developed model was confirmed on three
different datasets. In 2019, [27] focused on band-by-
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band pixel-based subtraction methods to find the
changes in the present information for each band.

The Hyperspectral Change Vectors (HCVs) have
been defined for all the multi-temporal images. Then,
simplified the information changes from HCVs and
then separately analyzed the radiometric information
to create a quantized discrete representation. The
hierarchical nature of the HSI changes has explored
the discrete representations. Various kinds of
changes were discriminated by using the tree
representation. Two distinct datasets were used for
testing the effectiveness of the developed model in
terms of various evaluation metrics. In 2019, [28]
presented a 2-D CNN-based change detection
framework in HSIs. Here, the subpixel representation
was integrated using a mixed-affinity matrix for
mining more cross-channel gradient features and
fusing multisource information. The discriminative
features were learned from the multisource data for
enhancing the generalization ability at a higher level,
and the experimental results revealed that the
developed model outperformed the traditional
approaches. In 2022, [29] developed a Residual Self-
Calibrated Network (RSCNet) for the detection of
changes among HSIs. The inter-spectral and inter-
spatial dependencies were exploited by using the
developed RSCNet method. The complexity of the
method also has been decreased with the usage of
fewer extra parameters used in this model. The
discriminative  representations  were  created
heterogeneously by introducing the self-calibrated
convolution filters that might be integrated in the
convolutional layer. Then, the richer information has
been explicitly obtained from the response
calibration operation.

The experimental results were demonstrated that
the proposed RSCNet method has provided more
accurate results than the baseline change detection
approaches. The HSI along with the high spectral
resolution has provided the spectral information over
other remote sensing images like synthetic aperture
radar images as well as multispectral images. One of
the major difficulties in the HIS is defined as it is
easily influenced by the noise at the time of image
gathering process. Hence, it has shown low level
depiction of HSIs are not discriminative in
performing the task of change detection.
Convolutional autoencoder [25] technique has safely
claimed the feature extraction phase and also
provided better performance over other models. It has
also been utilized to minimize the noise effect. This
technique has faced the difficulty on over fitting, and
the label information in the dimensionality is
minimized.
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CNN [26] running-time of this technique is low, as
well as the higher time efficient that enhances the
performance of the model. It is considered as the
powerful learning feature, which is robust on the
training phase. But this technique has contained only
a limited number of the dataset that has to be explored
in terms of performance. Binary code words [27] the
discrete depiction of the channel information, have
been effective.

It is more complex due to maximized redundancy
and dimensionality. The binary code-words that have
been acquired to decrease the redundant information
are not detailed. CNN [28] method is used to learn
the series of more relevant features along with
excellent robustness as well as generalization. The
performance of the techniques is effective when
analysed over conventional and newly constructed
data. This method is not effective on processing the
multisource information fusion. RSCNet [19]
technique has the ability to encode the informative
context that makes the model discriminative. It is
regarded as generic as well as easily employed to
standard layers without using the parameter. This
technique has failed to perform the calibration
process as well as it is cost effective. The dense skip
structure utilized in Unet has proven to be highly
effective in seamlessly integrating multilayer
features. In the context of Change Detection, this
technique becomes particularly valuable, as it
addresses the challenge of dealing with hyperspectral
images that exhibit significant variations in the scale
of the changed regions [30]. The ability to effectively
segment objects at different scales becomes
paramount in this task. Remote sensing images often
contain diverse scenes, with some regions
undergoing minimal changes while others experience
substantial transformations. Traditional
segmentation methods may struggle to cope with
such variability.

However, the dense skip connections employed
by Unet enable the model to capture and utilize
feature information at various levels, facilitating
more accurate and robust object segmentation [31].
By fusing multilayer features effectively, Unet can
adapt to the varying scales of changed regions of HSI,
providing a powerful tool for precise and reliable
Change Detection. This approach ensures that objects
and changes, regardless of their size, are adequately
identified and delineated, enhancing the overall
performance and applicability of the segmentation
model in remote sensing applications. Despite the
advancements in change detection techniques, they
still encounter certain constraints. Firstly, explicit
difference representations, such as the approach used
in [32], prove to be more advantageous than implicit
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difference presentations when it comes to extracting
changing features. The utilization of explicit
differential information enhances the model’s ability
to discern and capture subtle variations in the remote
sensing images, leading to more effective detection
of changes. Secondly, a common challenge in
Change Detection is accurately segmenting the
regions near the edges of the changed areas.
Conventional methods often encounter difficulties in
precisely identifying these edge regions, which can
result in erroneous predictions. Recognizing this
issue, we focused on refining the segmentation
performance near these edges to reduce inaccuracies
and minimize the likelihood of misclassifications.
Addressing these limitations holds the key to further
enhancing the performance of change detection from
hyperspectral images.

3. Proposed Methodology

Taking the above limitations considerations into
account, we have developed a novel Change
Detection network called BBOUNet. This network
leverages explicit difference representations to
improve the extraction of changing features, allowing
for more precise discrimination between changed and
unchanged regions. Additionally, BBOUNet
incorporates specialized mechanisms to address the
inaccuracies in segmenting areas near the edges of
changed regions, resulting in a more robust and
reliable model for Change Detection tasks in remote
sensing images. Moreover, it needs to increase the
accuracy of the detection process. Therefore, a new
change detection mechanism Biogeography-based
optimized UNet (BBOUNet) is developed using deep
learning in HSI. Taking the above limitations
considerations into account, we have developed a
novel Change Detection network called BBOUNEet.
This  framework  provide clear difference
representations to enhance the ability to detect
changes, making it easier to distinguish between
areas that have changed and those that have remained
the same. Additionally, BBOUNet incorporates
specialized mechanisms to address the inaccuracies
in segmenting areas near the edges of changed
regions, making it a robust and more reliable model
for detecting changes in remote sensing images.
Moreover, it needs to increase the accuracy of the
detection process. Therefore, a new change detection
mechanism Biogeography-based optimized UNet
(BBOUNEt) is developed using deep learning in HIS.
The BBOUNet architecture incorporates pyramid
differential maps of two input images, which are the
input for the UNet. To enhance the accuracy of
change detection, a learning upsampling strategy is
employed in the layer before prediction.
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Figure 1: Proposed BBOUnet change detection framework

In contrast to traditional bilinear interpolation, the
upsampling approach is highly effective at improving
the detection of fine details, especially in areas
around edges where changes occur. In this model we
employed two upsampling strategies: bilinear
interpolation and BBUpsampling. BBUpsampling is
a novel learning-based technique that takes into
account the correlation between pixel predictions. As
a result, it is implemented to upsample the feature
maps from Level 2 to Level 1, effectively improving
the overall change detection outcomes. By adopting
these upsampling strategies, the BBOUNet
architecture achieves enhanced performance in
accurately detecting and delineating changes in
remote sensing images. The upsampling enhances
edge detection in hyperspectral images by preserving
sharp transitions and cleansing spatial-spectral
details.

It treats edge pixels as high-priority regions,
redistributing solutions to maintain boundary clarity
while smoothing inconsistencies. By integrating
spectral and spatial features, BBO reduces artifacts
and dynamically adjusts resolution near edges,
ensuring sharper and more accurate change detection.
The structural description of this approach is given in
Figure 1. The Hyperspectral images used for this
study were collected from conventional databases.
To capture features from images of different scales
effectively, a variational autoencoder was employed
to extract these features. Subsequently, the extracted
features were fed into the change detection process,
where the UNet method was utilized to achieve
superior detection outcomes. To optimize the
performance of the model, critical parameters,
including activation attributes, hidden neurons, and

epochs, were fine-tuned using the BBO
(Biogeography-Based Optimization) algorithm. This
optimization process aimed to maximize the
precision rate of change detection. For ensuring the
effectiveness of proposed framework, extensive
experimental results were obtained and analyzed.
These results were compared with various
conventional change detection  mechanisms,
confirming the robustness and superiority of our
approach in accurately detecting changes in the input
remote sensing images.

3.1 Variational Autoencoder-based Feature
Extraction

The variational autoencoder is utilized for extracting
features from two images. From the spectral
information, the latent space features are generated
using this variational autoencoder, and the estimation
of mean and variance values are important for
providing high robustness. The appropriate features
are effectively extracted using this variational
autoencoder among HSIs. The need for a variational
autoencoder is to insert the Gaussian noise at the
output of encoders to provide more robust results
after decoding. In HSIs, the latent embeddings
always reside in low-dimensional space. The
complexity due to the large dimensional vector is
reduced using this variational autoencoder. For the
given input y, the high-similarity sample "y is
obtained from the latent vector space, which is
indicated by Lv. Here, the latent vector Lv is
generated from the prior distribution pqg (Lv), and
from the conditional distribution cq (y|Lv), the
expected sample is created. The posterior distribution
is denoted by pq (Lv]y), which is to be intractable.
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In the variational autoencoder model, Co(Lvly) it is
used for Gaussian distribution and the term ¢ is the
encoder network parameter. The evidence of lower
EL bound is introduced, which is shown in Equation
1:

EL = Ecs (Luy) Pa (YILV) — IKF [pa (LVly), Co(LVv]y)
Equation 1

Here, the term E.;s vy pa (Y|LV) denotes the generation
probability of input y. The loss function value is
indicated by the term Ikf. Here, the generation
probability is determined using the cross-entropy
function. pq (y|LV) is regarded as A(0,1) in Equation 2

Anv?) =n+2(0,1) xv
Equation 2

The second part is expressed in Equation 3.
Lk [pa (Lvly), Ca(Lvly) = Ikf [2(0,1),4(,v°)]
Equation 3

From the original data, the pure latent feature can be
created that is considered as the mean value, and the
standard deviation represents the additionally
included Gaussian noise. The mean and the variances
are indicated by the terms # and v respectively.

3.2 Optimised UNet for Change Detection

The extracted features from two images say MsfS?
and Ms; 2 are given to the feature fusion process
with the support of the UNet network [26]. This fused
image is useful to get the changes between two
images. It is adopted to predict the changes in
different scales by fusing the extracted features.
Multi-scale change features are effectively identified
by using the developed network. The basic UNet
structure consists of upsampling modules, down
sampling modules, and dense skip connections
between the paths and convolution units. The
network structure can be conceptual and consists of
five horizontal paths. All the paths consist of a
different number of convolution units and all the
convolution units have a unique number of feature
maps. The output feature map of the convolutional
unit is indicated by oz where | denotes Iy, path in
down sampling and k is the 1™ convolution unit, which
is connected along with skip direction. This output
feature map can be expressed in Equation 4.

en(¥(0zZ,,)), k=1

0Z,, =
’ Cn([oz'*k ]:?J T (OZI+1,k71)): k>1

Equation 4
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Here, 1 (.) is the upsampling operation, cn(.) is the
convolution unit operation, [.] is the operation of
concatenation, | () is the operation of
downsampling. The feature maps attained from the
1%tconvolution unit are considered as the input when
satisfying the condition k = 1 in the (I — 1)" path. The

input consists of two parts when k>1, [0Z,, ]I, are

the concatenated features from the dense-cross layer
and OZj+1x1 is the output attained from k — 1
convolution unit. The change features are identified
using the difference information from two input
images. Hence, to highlight the changes in the model,
the differential pyramidal maps are adopted in this
network. From the previous scale, two feature maps
are down-sampled and given to a convolutional unit.
In this model, two input features are taken at different
scales that represented by MS™' HS™? g gH-
and the two groups of feature maps are denoted by

| |
Feot Froz o™ M) e 1 tayer of the
differential pyramid. The spatial size of this pyramid
is assumed as 0.5' of the original input image. The

feature maps Ft* and Ft’’ are evaluated using
cn(¢(Ft,g_11)) and cn(¢(Ft,9_21)), respectively. The

absolute difference map |Ft,gl—Ft|92| in I layer is

determined. when k = 1, I = 0, the two input images
are assumed as FtJ*and FtS* , the concatenation of

the original two images is obtained, and it is indicated
by OZx which is expressed in Equation 5:

en(¥(0Z, 4, ))|FE —Fte?], k=1

1,k

*\en(fozu1 1 (020). ko1
Equation 5

From this Equation 5, the feature map of the
differential pyramid |Ft|91—Ft|92| is served as one

part of the input and hence, the network may integrate
into the feature maps very effectively and pay
attention to the change in area characteristics.

3.2.1 UNet based optimization

The UNet mechanism is used in the developed model
to fuse the two images to detect the changes between
the images very effectively. Here, the BBO is used to
optimize the attributes like epochs, activation
function, and hidden neuron count from the UNet.
The main objective of this parameter optimization is
to increase detection accuracy. The objective
function is given in Equation 6:
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BE agrmin 1
- EP[UNEt, HTqUNeI , AFrUNeI (mj

Equation 6

Here, ER™" are the tuned epochs, HT* are the

tuned hidden neurons, and AF“™™ is the tuned

activation function in UNet. The epochs are tuned at
and also the hidden neurons are tuned at [5,255], and
the activation functions are tuned at [50,100]. The
term denotes the accuracy and the formula for
accuracy is given in Equation 7.

RPI + RNt
RP[ + RNt + LPt + LN'[

ACRY =

Equation 7

Here, the true negative and positive measures are
denoted by Rerand Rn:as well as the false negative
and positive rates are represented by Le: and L,
respectively. The diagrammatic representation of
optimized UNet-based change map is represented in
Figure 2.

3.2.2 Biogeography based optimization

BBO algorithm is used in the developed model to
improve the detection performance during the
detection of changes in HSI. It is used to optimize the
parameters such as hidden neuron count, activation
parameters and epochs in UNet to improve the
precision of the developed framework. It is inspired
by biogeography which learns the distribution of
geographical information from biological organisms.
The permutation of integers is used to represent the
habitat in BBO. The BBO algorithm starts with the
initialized habitat values. The permutation is
generated randomly, and it avoids duplicate habitats
during initialization in order to improve the diversity

Up-Sampling
v B Down-Sampling

5 & convolution Blo:
N —— Skip Connection

Figure 2: Unet architecture

157

[33]. The good habitats tend to distribute the features
with the poor habitats. This distribution of features is
accomplished using a migration mechanism, where
the immigration rate . and emigration rate p; of the
habitat is used for taking decision. The formula used
to calculate immigration and emigration rates is
given in Equation 8 and Equation 9:

7 =Ml (1—£j
n

EM,

PtzT

Equation 8

Equation 9

The rank of the habitat is indicated by t, the total
number of habitats in the population, and is denoted
by n, Ml is the maximum immigration rate and ME is
the maximum emigration rate. Each habitat has the
associated probability in BBO, and the probability of
mutation arising in the specific habitat is known as
the mutation rate. Initially, the probability of species
count is estimated using Equation 10:
p__u

P+1

het Un

Equation 10

The formula of u and uy are given in Equation 11 and
Equation 12, respectively.

U= U, Uz, U3, ..., Up+1

Equation 11
P!
(h=123,...,h)

u =, (P +1-h)!i(h-1)!’
, (h —h+1,..., P+1)

up+2—h
Equation 12

Here, the term is estimated using Equation 13:

H=k+0.5
Equation 13

Here, the term k is the initialized habitats in the search
space. The mutation rate Mut(R) is inversely
proportional to the species count probability and it is
estimated using 14.

Mut(R):MutMax;_—P

Equation 14

In this, Pmax gives the largest species count
probability and Mut(R) represents the maximum
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mutation rate. This mutation rate operator is used to
maintain the feasibility of the solution. The diversity
throughout the population is also enhanced by using
this BBO.

4. Experimental Results

The proposed BBOUNet was subjected to a
comprehensive evaluation to assess its effectiveness
and practicality in detecting changes within multi-
temporal hyperspectral images. To benchmark its
performance, the BBOUNet was compared against
six well established existing methods, namely CVA
[34], PCA-CVA [34], and IR-MAD [35], UTBNet
[36], Fisher-PSO [37] supervised approaches such as
FCN [26], and GETNET [28].

The comparison was conducted using three distinct
pairs of hyperspectral images. By conducting such a
thorough assessment, researchers aimed to determine
how the BBOUNet performed in relation to these
state-of-the-art methods, thereby providing valuable
insights into its capabilities and potential applications
of change detection in complex HSI data
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4.1 Dataset

In our experiments, we utilized three publicly
available datasets obtained from Hyperion sensor.
This sensor offers a total of 242 spectral bands,
covering a wavelength range between 400 nm and
2500 nm. The sensor has a spectral resolution of
approximately 10 meters and a spatial resolution of
around 30 meters. Figure 3(a) and Figure 3(d) depict
the Farmland dataset. The dataset comprises two
temporal hyperspectral images, captured on May 3,
2006, and April 23, 2007, respectively. The primary
setting depicts a Yancheng, Jiangsu Province, China,
farmland, spanning an area of 450 x 140 pixels.
Following the removal of bands with inadequate
signal-noise ratios, 155 channels were kept for
subsequent analysis. In our experiment, we are using
atmospheric-corrected and pre-processed data, so we
have not applied any noise handling mechanisms at
this stage The noteworthy fluctuations observed in
the dataset are a result of the seasonal shifts i

Figure 3: False Color Representation of three dataset:
(a) Farmland dataset (May 2006) (b) Hermiston dataset (May 2004) (c) River dataset (May 20) (d)Farmland
dataset (23 April 2007) (e) Hermiston dataset (May 2007) (f) River dataset (December 2013)

International Journal of Geoinformatics, VVol. 21, No. 3, March, 2025
ISSN: 1686-6576 (Printed) | ISSN 2673-0014 (Online) | © Geoinformatics International



The Hermiston dataset, displayed in Figure 3(b) and
Figure 3(e) comprises two hyperspectral data taken
on May 1, 2004 and another was taken on May 8,
2007. Main imagery showcases circular irrigation
areas and the rivers within the city of Hermiston,
USA. The dataset covers an expanse of 390x200

pixels. Following the removal of noise, a total of 163
bands were chosen for further analysis. Similar to the
previous dataset, the main variations in the
Hermiston dataset can be attributed to the seasonal
changes in crops. The River dataset, illustrated in
Figure 3(c) and Figure 3(f) consists of two images.
First one was taken on May 3, 2013 and the second
one was taken on December 31, 2013. The primary
scenes captured depict residential areas and rivers
located in Jiangsu Province, China, encompassing a
total of 463x241 pixels. Following the removal of
noise, a total of 167 bands were chosen for further
analysis. The primary change observed in this dataset
is the presence of sediment in the rivers and
residential areas, which serves as the main
differentiating factor. To enhance the convergence
speed of our model, we performed normalization on
the three datasets, scaling the values to a range
between one and zero. Furthermore, to enhance the
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training dataset, we divided every HSI into sub-
images of dimensions 32x32 pixels, using a step size
of 8. Corresponding ground truth boundaries were
also cropped accordingly to align with the sub-
images. The sub-images obtained from the two
temporal datasets were combined, shuffled, and
utilized as training data for the network.
Additionally, during the training process, these sub-
images underwent random rotations, vertical flips,
and horizontal flips as supplementary data
augmentation techniques. In this section, we
conducted a series of comprehensive experiments to
validate the efficacy of the proposed method.

4.2 Discussion of Results

Our goal was to compare it against various change
detection methods like unsupervised approaches
CVA [34], PCA-CVA [34], IRMAD [35], and a
Particle Swarn Optimization Fisher-PSO [37], and
some supervised approaches such as FCN [26],
GETNET [28] and UTBNet [36]. As demonstrated in
Figure 4, the CVA, PCA-CVA, FCN, GetNet and
UTBNet[36] results reveal a lot of white pixels in
unaltered road regions when compared to the ground
truth in case of Farmland

Figure 4: Binary change map of the dataset of farmland:
(a) CVA (b)PCA-CVA (c)IR-MAD (d)FCN (e)GetNet (f) UTBANet (g)Proposed method (h)Ground truth
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Table 1: Change detection accuracy results of farmland dataset

Method Overall Accuracy Kappa Coefficient Precision (%) Recall (%)
CVA 0.949 0.882 79.53 78.33
PCA-CVA 0.965 0.318 79.01 79.31
IR-MAD 0.953 0.919 80.55 79.97
FCN 0.965 0.938 82.61 80.41
GetNet 0.978 0.957 81.82 79.83
UTBA 0.960 0.917 82.80 81.11
Fisher-PSO 0.945 0.848 80.23 80.53
Proposed 0.987 0.967 83.36 82.63

Table 2: Change detection accuracy results of Hermiston dataset

Method Overall Accuracy Kappa Coefficient Precision (%) Recall (%)
CVA 0.969 0.878 79.53 78.33
PCA-CVA 0.665 0.299 79.01 79.31
IR-MAD 0.772 0.403 80.55 79.97
FCN 0.792 0.682 82.61 80.41
GetNet 0.824 0.735 81.82 79.83
UTBA 0.979 0.929 82.82 81.11
Fisher-PSO 0.967 0.910 81.01 80.22
Proposed 0.985 0.9301 83.36 82.63

The mis judgment of unaltered pixels results in their
erroneous classification as modified pixels, leading
to false alarms. The performance of IR-MAD was
unsatisfactory, as it exhibited numerous instances of
noise across various types. In the case of GetNet, a
significant false alarm area was observed in the top
left corner of the output. The metrics for these
methods are presented in Table 1. Our method
outperformed the others, achieving the highest values
across all five metrics: an Overall Accuracy of 0.987,
Kappa Coefficient as 0.967, % of precision as 83.36
and % of Recall as 82.63 for the farmland data set.
While CVA successfully detected the majority of
changed region, it also exhibited mis judgments by
incorrectly identifying certain unchanged areas. Both
FCN and PCA-CVA algorithms made mistake of
detecting the river as a changed area. Furthermore,
the performance of IR-MAD on this dataset was
subpar, leading to the generation of various types of
noise in the results. The Proposed method
demonstrates the highest level of consistency with
the ground truth. According to Figure 5, our method
exhibits greater accuracy in detecting changed
irrigation areas, without any noticeable false alarm
pixels. Similar trend of result is observed for the river
dataset also which is demonstrated in Figure 6. The
outcomes of all methods are presented in Table 2,
which highlights a problem with the PCA-CAV

approach. This particular method shows a significant
number of false alarm pixels, resulting in a KC value
of only 0.299. Table 2 displays the quantitative
indicators for all methods for Hermiston dataset. In
Table 3, the comparative accuracy study is shown
when the experiment is done with the revie dataset.

During the analysis using the PCA-CVA method,
an incorrect identification of the river as a changed
area was observed. This misclassification could
potentially be attributed to the less signal-noise ratio
prevalent in the river area, leading to misleading
results. On the other hand, the IR-MAD method faced
difficulties in detecting the changed region located in
the middle of the river. Despite its ability to identify
changes in various other areas, the specific
characteristics of the changed region within the river
seemed to pose challenges for the IR-MAD
algorithm. These findings highlight the limitations of
these methods in accurately detecting changes in
complex environments such as river regions. Further
improvements or alternative approaches may be
required to address these challenges and enhance the
accuracy of change detection in similar scenarios.
The obtained results demonstrate that both the CVA
method and our proposed method show a closer
resemblance to the ground truth in terms of change
detection.
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Figure 5: Binary change map of hermiston dataset:
(A)CVA (b)PCA-CVA (c)IR-MAD (d)FCN (e)GetNet (f) UTBANet (g)Proposed method (h)Ground truth

()
Figure 6: Binary change map of river dataset:
(a)CVA (b)PCA-CVA (c)IR-MAD (d)FCN (e)GetNet (f) UTBANet (g)Proposed method (h)Ground truth

However, when compared to CVA, our method
exhibits a lower number of false alarm pixels,
indicating its improved accuracy in detecting
changes. On the other hand, the UTBANet method
faced limitations as it failed to detect some of the
small changed targets that were successfully
identified by our proposed method.

ey .

This indicates the effectiveness of our approach in
capturing subtle changes that may have been missed
by other methods. These findings highlight the
advantages of our method over existing techniques
and its potential for enhanced change detection in
various applications.
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Table 3: Change detection accuracy results of river dataset

Method Overall Accuracy Kappa Coefficient Precision (%) Recall (%)
CVA 0.939 0.702 79.53 78.33
PCA-CVA 0.330 0.102 79.01 79.31
IR-MAD 0.865 0.084 80.55 79.97
FCN 0.871 0.689 82.61 80.41
GetNet 0.889 0.710 81.82 79.83
UTBA 0.949 0.718 82.8 81.11
Fisher-PSO 0.921 0.714 81.84 80.17
Proposed 0.954 0.737 83.51 82.52

5. Conclusion

In this research paper, we introduced a new version
of the UNet architecture called “BBOUNet” by
incorporating a Biogeography-Based Optimization
(BBO) approach. Our proposed models are evaluated
using three different image datasets: one of farmland
with mostly living elements, another of irrigated land
with a moderate amount of living elements, and a
third of a riverside area with fewer living elements.
Using the full range of spectral bands in
hyperspectral images for change detection ensures
that no valuable data is lost, as compared to band
reduction methods. While band reduction can
simplify data and improve processing time, it may
result in the loss of subtle spectral features that are
crucial for detecting small or localized changes. The
high  spectral  resolution  provides  better
differentiation between classes or subtle changes in
the environment. This increased spectral detail helps
improve the accuracy of change detection models, as
they can capture more comprehensive information
about spectral variations across the entire image. The
experimental results clearly demonstrated that the
BBOUNet model worked much better than other
methods. This was true for all three datasets tested,
showing its strong performance in comparison to
existing techniques. Also, by using a Biogeography-
Based approach for deep supervision, we were able
to make better with only a small drop in performance.
It may be noted that out of three different datasets.
The dataset having considerable amount of living-
element give better accuracy than another image.
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