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Abstract

Remote sensing data from various satellites and multimodal data processing techniques have
grabbed the curiosity of geoscience communities. Accurate classification of land cover from
remotely sensed satellite images remains a serious challenge. The proposed work develops
an Inception-ResNet v2 to classify different land covers of the Konkan region of India.
Quick Atmospheric Correction (QUAC), stacking, and merging techniques are used to pre-
process multispectral images. SG smoothing and merging techniques are used to pre-process
hyperspectral images. The pre-processed spectral information contains multiple wavebands,
resulting in a high-dimensional feature set. Therefore, Principal Component Analysis (PCA)
with Fennec Fox Optimization (FFO) is applied to extract useful wavebands. Subsequently,
the extracted bands are sent to the hybrid NCTCP-DTCWT data fusion algorithm. These
fused images are then given to Inception-ResNet v2 for classification. Proposed deep learn-
ing model can detect different land covers such as forest region, vegetation land, water,
built-up, and barren land in the given fused image. The model achieved 96% accuracy,
91% precision, and 98% specificity. Comparison of different metrics prove that our hy-
brid model outperformed several other machine learning models explored in earlier work.
Further, the proposed model is tested with fused images and non-fused images. The study
proves that fused images can generate accurate classes than non-fused images. This study
examines whether optimized band selection combined with multi-resolution hyperspectral—
multispectral fusion within a unified deep-learning framework can significantly improve
land-cover classification in complex coastal environments.

Keywords: Analysis of satellite images, Data fusion, Band selections and fusion technique,
Fennec fox optimization, Inception-Resnet v2
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1. INTRODUCTION

Remote sensing is extremely important in today’s world. It assists and supports communities in
a range of fields such as agricultural activities, monitoring the environment, geology [1]. Remote
sensing assists the country’s growth by classifying and monitoring land usage, as well as detecting
problems in hazardous or remote regions. Using satellite images, it is possible to track a variety of
things on a regular basis, including water resources monitoring, soil mapping, crop area estimation,
agriculture, urban areas, desertification and monitoring and identification of the characteristics of
water, crops, and soil [2]. By quantitatively displaying changes in people, vegetation, and water
regions over a period of years, Land Use Land Classification models also emphasize historical
changes in an area. [3].

Traditional land cover classification methods primarily rely on multispectral images, but these often
face challenges due to limited spectral information and resolution. The advent of hyperspectral
imaging has provided advantages in terms of spectral detail, enabling the detection of subtle vari-
ations in the land surface[4, 5]. However, hyperspectral images often suffer from lower spatial
resolution, making it challenging to precisely delineate land features[6].

To overcome these limitations, the fusing hyperspectral and multispectral images is a promising
approach. Hyperspectral images provide high spectral resolution, while multispectral images offer
better spatial resolution. By combining the two, it is possible to obtain both the spectral richness and
spatial clarity required for accurate land cover classification. This integration boosts the model’s
ability to differentiate between similar land cover types, a task that would be difficult with only a
single type of imaging data. This model combines the strengths of the Inception network, which
is efficient at capturing spatial features through multiple filter sizes, and the ResNet architecture,
which enables the learning of deeper networks through residual connections. The Inception-ResNet
V2 model has demonstrated its capability in handling high-dimensional data, such as hyperspectral
images, and has been successful in a variety of remote sensing tasks, making it an ideal choice for
land cover classification of fused hyperspectral and multispectral images.

In this study, we present a method for classifying land cover in the Konkan region, situated on
India’s western coast, by utilizing fused hyperspectral and multispectral images. The fusion of
these two types of imagery leverages the complementary strengths of spectral and spatial infor-
mation, resulting in more accurate land cover classifications. The proposed Inception-ResNet V2
CNN model has proven to be effective in managing complex, high-dimensional data and capturing
fine-grained features essential for distinguishing between land cover types. The Konkan region,
characterized by its diverse land cover types, including forests, agricultural fields, and urban areas,
presents a challenging but ideal case for testing our method. Here multispectral images are obtained
from Landsat 8, while hyperspectral images are acquired from Bhuvan, an Indian remote sensing
platform. The fusion of these images is done to combine the spatial detail of the multispectral images
with the spectral richness of the hyperspectral data.

The focus of this research is to explore the effectiveness of fused hyperspectral and multispectral
imagery for land cover classification, and to assess the effectiveness of the Inception-ResNet V2
in classifying the diverse land cover types of the Konkan region. The results of this study aim to
provide better understanding of deep learning and data fusion techniques to improve land cover
mapping in regions with complex and diverse land characteristics.
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According to several studies, there are several spectral and geographical constraints on the LULC
classification that reduce its accuracy when employing medium and low-resolution satellite images
[7, 8]. Machine learning algorithms, including SVM, RF, RBF, NB, MLC, and DT are employed
to overcome the obstacles and produce high-precision LULC pictures. Despite its many benefits,
machine learning has many drawbacks. For example, given that the training data, parameter inputs,
and machine learning model configuration are all required for successful outcomes, it could be
difficult to consistently generate a high-precision LULC map [9]. To address these problems,
we have proposed a novel approach for land classification which uses a fused multispectral and
hyperspectral image which is given to a deep learning model for identifying different classes in the
fused image. For detecting the land covers various new methods are explored. Some of the methods
that are now used to identify land cover are examined in the following sections.

Reference [10], suggested the use of PCA as a group of related variables (original bands) is converted
into a new set of independent variables (principal components) that preserve most of the original
information, though their physical interpretation requires further analysis. Reference [11], has
suggested Standard Neural Net-works (NNs) with Principal Component Analysis (PCA). This tech-
nique first combines three RGB bands of a multispectral satellite image using the Brovey transform
algorithm. However, it requires high cost. The proposed Squirrel search-based Qubit Lattice Model
(SbQLM) [12], efficiently selects informative bands by leveraging quantum qubits and squirrel-
inspired search behavior, enhancing image quality and noise reduction. This model can be improved
with fusion of hyperspectral and multispectral bands. Reference [13], established land cover map-
ping utilizing a SVM with complicated tree classifiers. According to analysis of [14], the quantity of
agricultural land in the focus area strengthened by 1180 km, whereas the area covered by trees and
grassland dropped with 828.7 km?2 and 444.1 km2, accordingly. Reference [15], created a point-wise
deep learning method based on aerial multispectral LIDAR data for LC classification. The proposed
approach per-forms well on the test scenarios, with an accuracy rate of 96.9% and a Kappa value
of 0.950. A pixel-certainty activity learning (PCAL) is a technique was developed by [16], that
learns from textural patterns using information from extended differential patterns (EDP). Using
this pattern col-lection, PCAL algorithms were employed to categorize HSI patterns, which are
important for distant sensing applications. In India’s humid tropical region [17], developed spectral
angle mapper and SVM algorithms to classify land use using hyperspectral data. Several concerns
are arising in the above reviewed articles during the land cover detection process. The high cost
[18], the lack of discussion on the pre-processing effects on the resulting LULC [13], and the time-
consuming nature of the process [19], were noted. Consequently, some of the concerns in the works
that are currently available include several socio-economic and environmental challenges that have
major geographical and temporal implications [16]. To manage these concerns, the proposed study
utilizes a modified CNN in the Konkan region by integrating fused hyperspectral and multispectral
images.

The primary contributions of this study are listed below:

» We propose a feature extraction mechanism with an optimization algorithm to select the opti-
mal bands from satellite imagery.

* Secondly, we introduce a fusion technique called the Hybrid NCTCP-DTCWT approach to
fuse multispectral and hyperspectral images.
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* We have built a deep learning model to detect different land covers in the image generated by
fusing MSI and HSI.

As per the results, our model outperforms the existing models currently in use.

2. GENERATION OF DATA

Hyperspectral images of the Konkan are obtained from the Bhuvan website (Bhuvan) [20], a plat-
form that provides data captured in 64 spectral bands within the Visible and Near-Infrared (VNR)
range, a spatial resolution of 500 meters and a swath width of 128 kilometres. These images offer
detailed information across a broad spectrum, enabling comprehensive analysis of the region’s land
cover and vegetation. Additionally, multispectral satellite images from Landsat 8 are sourced from
the U.S. Geological Survey’s Earth Explorer website [21], offering valuable data for further study.
Landsat 8 provides a panchromatic resolution of 15 meters and multispectral resolution of 30 meters,
with a swath width of 185 kilometres, allowing for detailed observation of the land surface over a
larger area. For the study, a total of 500 samples are generated through an augmentation process,
effectively increasing the dataset’s size and diversity for robust analysis. Of these 500 samples,
80% (or 400 images) are utilized for training machine learning models, while the remaining 20%
(100 images) are set aside for testing, ensuring an effective evaluation of the model’s performance.
Additionally, India’s land classification data, available at a 100-meter resolution on a decadal basis
[22], is used as a reference for land cover categorization across the region. This combination of
hyperspectral, multispectral, and land classification data forms the foundation for the analysis.

3. METHODOLOGY

In this study, both hyperspectral and multispectral images are utilized for land cover classification,
focusing on the Konkan region of Maharashtra. The process begins with applying the QUAC
method to the multispectral image to correct atmospheric distortions. Following this, stacking and
merging techniques are applied to produce high-resolution multispectral images. For the hyperspec-
tral data, a Savitzky-Golay (SG) smoothing technique is used as a preprocessing step to enhance data
quality. After smoothing, various bands from the hyperspectral images are merged to create a high-
dimensional feature set with multiple wavebands, which is critical for comprehensive analysis.

We apply optimization algorithm FFO along with PCA on high dimensional feature set to extract
useful wavebands. The optimized features are then fused using Nonlocal Coupled Tensor CP De-
composition and Dual-Tree Complex Wavelet Transform for further processing. The result is a final
fused image that contains complementary information from both hyperspectral and multispectral
sources.

Following fusion, the image is processed by a deep learning classifier Inception-ResNet V2 model,
to identify land cover types. This model has been shown to achieve high accuracy in identifying
various land classes from complex image data, making it ideal for this type of analysis. Using
advanced preprocessing, feature selection, and fusion techniques, this study demonstrates a com-
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prehensive approach to land cover classification, leveraging the power of both hyperspectral and
multispectral imaging to produce high-accuracy results. This is shown in FIGURE 1.
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Figure 1: Land Cover Classification of fused HSI and MSI image

3.1 Multispectral Image Pre-processing

The Landsat satellite has total of 8 bands. To correct radiometric error, each band of multispectral
image undergoes QUAC image preprocessing technique. Multispectral image has low resolution
bands. To get high resolution image, seven bands are stacked and finally it is merged with the eighth
band.

3.1.1 Quick Atmospheric Correction (QUAC)

Analytical approaches often do not require any field measurements and rely heavily on the picture
data (Basith, 2020). Additionally, using the offset and gain parameters, QUAC can recover surface
reflectance inside the picture. These parameters are stated in 1

psup = g (LToa —0) (1)
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3.1.2 Layer stacking

The process of connecting various bands to generate a multi band image is called layer stacking.
The spectral subset bands of Landsat-8 have different spatial resolutions. Spatial resolution is of
30 meters from 1st to 5th Band and 7th band, while the TIR and panchromatic (PAN) band, band
8, have spatial resolutions of 60 meters and 15 meters, respectively [15]. In the proposed method,
bands 1-7 of the Landsat-8 MSI are merged.

3.1.3 Resolution merge

The resolution merging process combines a multiband image of low-quality with a single-band
image of high-quality to produce an image with high-resolution hyperspectral image.

3.2 Hyperspectral Image Pre-Processing

As a hyperspectral image pre-processing technique, SG smoothing and merging are applied.

3.2.1 Savitzky-Golay (SG) smoothing

This smoothing method eliminates noise from signals of suddenly fluctuating and non-stationary
data. The signal width decreases with increasing polynomial order value. Consider the time series
x(n) to have n elements. Let w(n) stands for the noise of the y(n) signal, as the observed time series.
By using 2, the output of the SG filter x(n) is determined

M

i(n)= ) h(n)y(n—k) @)

k=—M
Where M is the parameter of SG filter and h(n) is the impulse response of the filter [23].

3.3 Merging

The merging process combines a multi band image of low-quality with a single-band image of high-
quality to produce an image with high-resolution hyperspectral image. All the bands present in the
hyperspectral dataset are merged to produce a single image.

3.4 Feature Extraction Using PCA-FFO

Pre-processed spectral data has multiple wavebands; the feature sets are high-dimensional. There-
fore, it is required to reduce the feature set’s size while keeping most of the dataset’s information
[24]. The proposed method employs a hybrid PCA-FFO strategy for feature selection. Features are
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typically chosen based on Fennec Fox Optimization for better accuracy. This optimization ensures
that PCA selects the most key features from the input data.

3.4.1 Fennec fox optimization algorithm

A fox belonging to the fennec resides in Sinai Peninsula in Egypt and North Africa. The fennec fox,
the smallest species of canid, is recognized for its large ears. This type of fox can sense any kind of
motion even under the ground through their special ears [24]. Nature inspired mathematical model
of FFO for identifying the optimal components is explained below.

Step 1: Initialization Fennec foxes are generated at random in the search space shown in (3)

I ={N1,Ns,...,N,} (3)
Step 2: Fitness Function Fitness function is represented as shown in (4)

1 )
E = 5;:1()% —2Zn) 4)

Where y,, is displayed value, z,, is the actual value, E represents Mean Squared Error (MSE).

Step 3: Update the value. According to the fennec fox’s behavior, the value changes with each
iteration until it achieves its ideal level. The mathematical simulation of this stage for updating FFO
members makes use of (5) and (6).

1 1
oy ={On Hn < Hi )
On, otherwise
2 2
On = oy, HY <H; ©)
On, otherwise

Where, H 11\1/1 are its j™ dimension and value of the objective function according to initial phase, Qxl

is the i fennec fox’s new projected state. The next planned state of i fennec fox is represented by
Qﬁ in the second phase, and H ]{',2 represents the value of its goal function.

Step 4: Termination The procedure ends when the best solution has been found. This feature
extracted image is then fed into fusion process.

3.5 Fusion

The output image obtained from the feature extraction technique is given as an input for the fusion
technique. This method uses the Hybrid NCTCP-DTCWT approach to combine the features of both
hyperspectral and multispectral images. A single algorithm alone does not capture sufficient details,
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as it extracts fewer features. In this hybrid approach, NCTCP and DTCWT are applied separately to
fuse hyperspectral and multispectral images, and the resulting images from both methods are then
merged to create a single, comprehensive fused image. This hybrid fusion approach offers more
detailed information from both hyperspectral and multispectral images compared to other fusion
methods.

3.5.1 NCTCP (Nonlocal Coupled Tensor CP Decomposition) Approach

Tensor Representation of HSI-MSI Fusion: Tensor X of high-resolution Hyperspectral image (HR-
HSI) consists of three orders. To get low resolution Hyperspectral image (LR-HSI) within the
tensors, the down sampling operator (H) and the spatial blurring operator (S) are used. The repre-
sentation of LR-HSI is expressed as (7)

X = XSH + &), (7
The representation of HR-MSI tensor format is expressed in (8)
Yy=RX +&p (&)

If &), and &,,, are independent noise terms with identical distributions (i.i.d.). According to nonlocal
similarity, many regions with a similar structure may exist inside a single picture. To do this HR-HSI

has been divided into two sets of overlapping spatial-spectral blocks cubes as {P;; }1<i<w-a,,,1<j<H-d), C
RéwdnxB - A 3D cube’s width and height are represented by the variables d,, and dj,. In linguistic
order, set up each band into a column vector to unfold each cube into its matrix structure. Each of
these 3D cubes is now transformed into a collection of 2D patches as Q = {P; € R *B} where
N=(W-d, +1)x(H-dp+1) corresponds to the count of local patches obtained from HR-HSI.

K clusters are often formed from the 2D patch set 2. Make a 3-order tensor out of each cluster.
Define G, X as in (9) and define D’} {} serving to extract the m-th spatial patch (size d,, X dj,) with

B bands from the p-th cluster.

GpX = (D};{X}’D%{X},---,Dg”{X}) € RéwdnxNpxB 9)

In this case, the p-th cluster’s total number of nonlocal patches is represented by N,,. From 3D
cubes to 2D patches, the arrangement of the cubes may be smoothly unfolded in this place. An
acceptable model in this case is the CP decomposition of G, X, which may be expressed as (10).

G,X = [[Ap. By, Cpll (10)

X = (Zp Gggp)‘l >, GllAp. By Gyl (1)

According to (11), the perfect X is determined by adding up the values from each cluster and
averaging the results. It integrates the nonlocal tensor information into a coupled tensor CP de-
composition issue. It is referred as NCTCP decomposition. This HR-HSI undisturbed spectrum
structure, represented in a nonlocal tensor format, demonstrates that it is feasible to transform HR-
HSI to HR-MSI with this representation [25].



https://www.oajaiml.com/ | March 2026 Advances in Artificial Intelligence and Machine Learning

3.5.2 Dual Tree Complex Wavelet Transform (DT CWT) Approach

It generates frequency sub bands by repeatedly applying distinct spatial filters. A sparse and efficient
computational filter bank represents a wavelet. A more accurate representation of the discontinuity
can be obtained by creating basis ¥ (x) using the function of scaling v(x).

1 xX—a

b = —— 12

Va Mt/f( =) (12)

F@ =Y e pe-m+ > S d(j.m2ty(2x-n) (13)
n=—oo j=—oon=-oo

(13) expresses the mother wavelet kernel, a and b are scalars in this instance, while ¢ (x) is the
wavelet basis. (14) provides the wavelet-decomposed version.

i k() = 22(20x — k)
Wix(x) = 259(27x - k) (14)

With the help of (14), the discrete wavelet transform (DWT) generates its scaling basis function
and wavelet basis function. A signal is transformed from one form to another showing a particular
representation of the original signal. Following the discovery of wavelet functions, each of the
registered input pictures is first converted into a set of DTCWT is employed for calculating both
coefficient of high-frequency N as well as coefficient of low frequency M as shown in (15).

(M,N) = DTCWT(I) (15)

In general, low frequency coefficients are named as M1, M2 and the high frequency coefficients are
named as N1, N2 and are handled separately to produce fused image [26], shown in equation (16).

Mrp = ¢pp (M1, Mo)

Nf = ¢n (N1, N2) (16)

In the fusion framework, ¢»; and ¢ refer to the respective fusion weights for the low- and high-
frequency components. The resulting fused coefficients are denoted by M for low-frequency and
NFp for high-frequency domains.

Fusion Rules:
The most chosen picture fusion rule is the generic and practical rule for fusing high frequency
coefficients.

N1 abs(D1) = abs(D2)

Nr = 17
F {N2 Otherwise a7

It is essential to fuse a low-frequency coefficient effectively because it preserves global qualities
that enhance the fused image’s natural appearance. (17) describes Pixel-level weighted averaging
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fusion strategy. (18) describes the fused low-frequency coefficient Mp.

Mp =wi X M1+ wg X Mo (18)

Where w1, wo have values ranging from 0 to 1. Typically, the weights are set to 0.5. The pixel-
based weighted average fusion rule considerably reduces the contrast in the fused image and alters
the intensity range when merging multi-modal images with varying dynamic ranges. However, it
performs effectively with images of the same modality.

3.6 Classification

The selection of training and testing datasets representing diverse surface cover types is grounded in
previously identified real-world land cover classes. The suggested method for categorization uses
a modified CNN termed Inception-Resnet V2 to detect these areas.

3.6.1 Inception-Resnet V2

The Inception network architecture aims to boost network capacity and extract a wider range of
information from different scales by using convolutional kernels of various sizes.

The architecture of CNNs employs inception structural designs for feature extraction. Inception
design uses effective factorization techniques to reduce constraints and enhance processing effi-
ciency. For instance, the Inception v2 model factorizes a 5 x 5-pixel convolution unit into multiple
7 x 7-pixel convolutions, enabling faster calculations. Factorization into smaller convolutions is
beneficial because of spatial filters of large size, such as 5 X 5 or 7 x 7, often incur high com-
putational costs. While larger filters like 5 X 5 can capture broader patterns in signals, breaking
them into smaller convolutions with a multi-layer network can achieve similar results with reduced
computational expense. Essentially, this approach simplifies the computation by dividing a 5 x 5
convolution into smaller, interconnected layers that collectively replicate the effects of the larger
filter.

Decomposition of Spatial Data into Asymmetric Convolutions: Convolution having a 3 x 3 di-
mension may be achieved with merely a set of 3 x 3 convolutional layers thereby it is not certainly
essential. Convolutions of size 2 x 2 can be used as a substitute. It rotates out as well, which may still
be enhanced by 2 x 2 using uneven convolutions, for example, n X 1. A 2-layer network is dragged
with the identical available area that in a 3 x 3 convolution if a 3 x 1 convolution is followed by a
1 x 3 convolution. For an equivalent number of output filters, the cost of the two-layer approaches
has decreased by 33%.

10
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Figure 2: Architecture of Inception-ResNet v2, adapted from GeeksforGeeks [27].

By employing evaluation, total processing savings from a 3 x 3 convolution being factored into
two 2 x 2 convolutions is approximately 11% [28]. FIGURE 2 displays the Inception-ResNet V2’s
hierarchical structure. The suggested model classifies the five major forms of land cover including
forest region, vegetation land, water body, built-up land, and bare land. The hyperparameters such as
learning rate and batch size of Inception-ResNet V2 model are automatically selected using random
search validation process. Using this validation process, best values are selected for the hyperpa-
rameters which increases the overall performance. When there are multiple hyperparameters with
a finely tuned grid of values, random search is a highly helpful tool. It receives a reasonably decent
set of values for the hyperparameters by using a subset consisting of 5—-100 randomly picked points.

11
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3.7 Proposed Multimodal Fusion—-Based Land-Cover Classification Algorithm

Algorithm 1 summarizes the complete pipeline for land-cover classification using fused hyperspec-
tral and multispectral imagery. The inputs are the raw multispectral image /jss; and hyperspectral
image Igsy. The algorithm performs atmospheric correction and spectral smoothing, followed by
dimensionality reduction using PCA and band selection through Fennec Fox Optimization (FFO).
The selected hyperspectral features are stacked with corrected multispectral pixels and normalized.
A hybrid NCTCP-DTCWT fusion scheme is then applied to generate fused feature representations,
which are finally fed to an Inception—ResNet v2 network for pixel-wise land-cover classification.
The output is the predicted label map Y, cq.

12
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Algorithm 1 Land classification using fused hyperspectral and multispectral images with Inception—

ResNet v2

Input: Raw multispectral image /ss7; raw hyperspectral image /57; PCA variance threshold 7;
trained network parameters 6

Output: Predicted land-cover map Ypred

Stage 1: Pre-processing
for each pixel p in MSI do

ICOVV

Srer (p) < Ingsi(p) = Lasm(p)

end for
for each spectral band b in HSI do

rgmooth(x, by — 33 cilusi(x + k, b)
end for
Stage 2: Dimensionality reduction and band selection
while retained variance > threshold do

Ipca « UT(I5750™ — )
end while
Irro < argmaxgs f(S), S C Ipca
Stage 3: Feature stacking and normalization
for each pixel p do

Istacked(p) — [IFFO(p)’ IX/%;(P)]
Istacked (P) = Inin

Imerged (p) —

end for
Stage 4: Hybrid NCTCP-DTCWT fusion
for each pixel p do N
Cnerep(P) < ZijWij L orgea(P)
Corewr(p) — Yieq ¥k Cnerer(p)
end for
for each pixel p do
Ifused (p) — Zm,n C;)LT”CWT (p) ‘/’m,n
end for
Stage 5: Classification
for each pixel p do
Ypred(p) < argmaxec P(C | Ifused(p); 9)
end for
return Y, .4

Imax - Imin

4. RESULT AND DISCUSSION

This study proposes a land classification approach for the Konkan area using fused Multispectral
and Hyperspectral images with an Inception-ResNet V2 model. The method integrates both image
types to enhance classification accuracy by harnessing the complementary strengths of spectral
and spatial data. The implementation of the proposed method utilizes a system with the following
configuration: an Intel(R) Core i5-3450S processor running at 2.80GHz, supported by an NVIDIA

13
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GTX 1650 4 GB (GDDR6) GPU with 16 GB RAM and 64-bit OS. Detailed simulation parameters
for the FFO algorithm and Inception-ResNet V2 model are provided in TABLE 1, and TABLE 2
for reference.

Table 1: Simulation parameter for Inception-

ResNet V2
Optimizer sgdm
SquaredGradientDecayFactor | 0.99 Table 2: Parameter used in FFO Simulation
MiniBatchSize 128
MaxEpochs 10 Sample size 50
Validation Frequency 50 Termination limit 500
L2Regularization 0.0001 Lower bound search space | 90
Initiall earnRate 0.001 Upper bound search space | 120
VerboseFrequency 50
LearnRateDropPeriod 10
Momentum 0.9
LearnRateDropFactor 0.1

Landsat data provides 15m panchromatic and 30m multispectral resolutions across a 185km swath.
India’s Land Use and Land Cover classification is provided at a resolution of 100 meters (Decadal).
FIGURE 3 depicts the Konkan region that was taken from the map of India. By using latitude and
longitude we extracted the Konkan region from the India map which represents land covers of the
Konkan region.

Figure 3: LULC classification for Konkan region

Preprocessing MSI and HSI input image is illustrated in FIGURE 4. To rectify the radiometric
error, eight bands of a multispectral image are pre-processed using the QUAC approach. The SG
smoothing technique is used to pre-process seventeen bands of hyperspectral pictures to improve
contrast.

14



https://www.oajaiml.com/ | March 2026 Advances in Artificial Intelligence and Machine Learning
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Bands Input Image QUAC Input Image SG smoothing

Band One

Band Two

Band Three

Band Four

Band Five

Band Six

15



https://www.oajaiml.com/ | March 2026 Aparna Halbe And Sunil Bhirud

Band Seven

Band Eight

Band Nine

Band Ten

Band Eleven

Band Twelve
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Band Thirteen

Band Fourteen

Band Fifteen

Band Sixteen

Band Seventeen

Fig. 4: Pre-processing of Multispectral and Hyperspectral data

To create a single, high-resolution image, these processed bands are then delivered for stacking and
merging technique. After performing radiometric correction and image enhancement, the merging
step is carried out on both Multispectral and hyperspectral image. FIGURE 5 (a) represents the
merged image of Multispectral image. Eight different bands of MSI are first stacked and then
merged to produce a single high-resolution image. The merged image of the Hyperspectral image
is illustrated in FIGURE 5 (b).
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(b)

Figure 5: Merged images of (a) Multispectral (b) Hyperspectral

Seventeen different bands of hyperspectral images are merged to produce a single image. FIGURE
6 illustrates the feature extraction and fusion process of pre-processed image.

=]

Image types

Feature
extraction Image

Fusion Image

Multi spectral

Hyper spectral

Figure 6: Feature extraction and fused image

The suggested method uses a PCA-FFO strategy to accomplish the feature extraction process and
fusion is achieved using hybrid NCTCP-DTCWT fusion. Inception-Resnet v2 classifier uses this
fused image for the final prediction of various land coverings. FIGURE 7 represents the different
indications of land covers. The green color in FIGURE 7a, represents the forest region present in
the overall Konkan area. Similarly, yellow (FIGURE 7b), blue (FIGURE 7¢), red (FIGURE 7d),
and white (FIGURE 7e) color indicates the vegetation land, water body, built-up land, and bare
land respectively. Whereas the remaining black color area represents other land area. FIGURE 8§
presents the convergence plot of the FFO, where the fitness function is represented by the error.
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Figure 7: Different indications of land covers

Confusion matrix is shown in FIGURE 9. It is divided into five classes: built-up terrain, barren land,
forest, vegetation, and aquatic bodies. Diagram indicates the low number of incorrectly predicted
samples in every class. FIGURE 10 illustrates the ROC and AUC plots for the proposed approach.
The technique demonstrates strong class discrimination capability, as evidenced by an AUC value

approaching 1. The ROC curve, a probabilistic representation, reflects the model’s effectiveness in
distinguishing between different classes.
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Figure 8: Convergence plot for ' ' . Figure 10: AUC and ROC plot
the proposed FFO algorithm Figure 9: Confusion matrix

for the proposed approach

The proposed Inception-ResNet v2 classifier is compared with several existing methods, including
Alexnet, VGG16, Resnet50, and Inception-V2. The performance measures accuracy, precision,
recall, specificity, NPV, FNR, FPR, and F1_Score are used to compare the proposed method with
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the existing one. Comparison of proposed model with existing deep learning models is shown
in FIGURE 11. This result shows that proposed model is superior and outperforms compared
to existing machine learning models. Proposed model is better suited for Hyperspectral Image
land classification than existing models because it effectively combines the advantages of both the
Inception and ResNet architectures. The Inception module within Inception-ResNet V2 utilizes
multiple filter sizes in parallel, allowing the model to capture a wide range of spatial and spectral
features at different scales. This is particularly useful for hyperspectral data, which contains rich
spectral information across many bands that can vary in spatial resolution.

Table 3: Comparison of deep learning

models

Model Acc | Prec | Rec | Spec | NPV | FNR | FPR | F1
% % % % % %

Inception Resnet V2 | 96 91 90 98 98 9 1 90

(Proposed model)

Inception V2 91 88 86 93 92 15 8 86

ResNet50 87 85 82 82 90 26 11 83

100

7

o

5

o

2

(2]

o

n \
pocur® peaisto®  Recd o ific VGGI6 835 | 83 | 76 | 76 | 82 | 31 | 15 [ 79
AlexNet 79 [ 81 | 74| 74 | 77 | 36 | 19 |75
B Proposed model . Inception V2 Restnet 50 [l VGG16
I AlexNet

Figure 11: Comparison of deep learning models

The ResNet component introduces residual connections that allows proposed Inception-ResNet V2
to handle the high-dimensional data typical of hyperspectral images, which often include hundreds
of spectral bands. Such deep architectures help capture complex patterns and subtle variations in
land cover that simpler networks like AlexNet or VGG16 might miss due to their limited depth
or inability to handle the intricacies of high-dimensional data. Additionally, proposed Inception-
ResNet V2 benefits from faster convergence and better generalization compared to earlier models,
making it more efficient in training. These combined features make Inception-ResNet V2 par-
ticularly effective in classifying land cover types from hyperspectral data. The proposed method
uses Fused image (Landsat-8 Multispectral fused with Hyperspectral image). Multispectral image
and hyperspectral image performance is compared with fused image. This result is illustrated in
TABLE 3.
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100
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Table 4: Comparison of HIS, MSI and

* Fused Image

25 Tmages Acc | Prec | Rec | Spec | NPV | FNR | FPR | F1

% % % % % %

Fused Image 96 91 90 98 98 9 1 90

Hyperspectral Image | 93 87 85 92 93 14 4 85

0 Multispectral Image | 95 89 87 95 96 11 8 88
poci® o geigion recal o peeﬂ\f‘“ wev FNR PR 3l

B FusedlImage [ Hyperspectral [ MultiSpectral

Figure 12: Comparison of HIS, MSI and fused image

The performance metrics used to compare these images are accuracy, precision, recall, specificity,
FPV, FNR, FPR, F1_Score. The comparison of HIS, MSI and fused image is shown in FIGURE
12. Results show that the fusion of Hyperspectral Imaging (HSI) and Multispectral Imaging (MSI)
provides enhanced accuracy and interpretability in land cover classification tasks. By fusing HSI
with MSI, we benefit from the complementary strengths of each: the fine spectral resolution pro-
vided by HSI and the sharp spatial details from MSI. This fusion leads to a more comprehensive
understanding of the landscape, improving classification accuracy. The fusion allows the model
to make more informed decisions, using both spatial and spectral data to classify land cover types
more precisely.
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Figure 13: Training Figure 14: Validation Figure 15: Computational com-

plexity

The training accuracy and validation accuracy is illustrated in FIGURE 13 and FIGURE 14, respec-
tively.

Validation accuracy is taken by varying epoch numbers. Through this analysis, it is suggested that
techniques used in this proposed approach produce better outcomes when compared to other existing
techniques. Time taken for Inception Reset V2 is 435 sec, which is low when compared to other
approaches such as Inception V2 - 482 sec, Resnet 50 - 507 sec, VGG 16 - 536 sec and Alexnet
- 597 sec. The time complexity is illustrated in FIGURE 15. The superior performance of the
proposed framework compared to other deep learning models can be attributed to three main design
choices: optimized band selection using PCA-FFO, hybrid NCTCP-DTCWT fusion, and the use
of Inception—ResNet v2 for classification. PCA-FFO reduces spectral redundancy while preserv-
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ing discriminative information, which stabilizes training and improves generalization. The fusion
stage enhances spatial-spectral consistency, particularly for built-up and vegetation classes that
exhibit similar spectral signatures in individual modalities. Inception—ResNet v2 further benefits
from multi-scale feature extraction and residual learning, enabling more robust class separation.
Results in TABLE 4 and FIGURE 12, clearly demonstrate that fused images outperform individual
hyperspectral and multispectral inputs across all metrics.

5. FUTURE WORK

Future work could focus on integrating other remote sensing sources, such as LIDAR or Synthetic
Aperture Radar (SAR), to further enhance land cover classification accuracy by providing comple-
mentary information on terrain and surface features. Additionally, exploring advanced deep learning
models like Transformer networks, which are highly effective in capturing long-range dependencies
in data, could improve model performance. Another avenue for future research involves leveraging
transfer learning techniques, leading to faster convergence and improved results, particularly in
regions with limited labeled data.

6. CONCLUSION

This research demonstrates how deep learning models are effective in classifying different land
covers. This research also discusses the effectiveness of use of fused image in classifying different
land covers. The study shows that the fusion technique outperformed compared to only the Mul-
tispectral or Hyperspectral dataset in a proposed deep learning technique. Though the proposed
model performs better it faces certain difficult in selecting the number of band as it does not imply
calculation of energy function based on spatial and spectral resolution. Also, it is validated using
limited satellite images. This study can further be extended using Al based band selection techniques
based on entropy of each band. Finally, the researchers can explore the methods used in the study
on other different region images.
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