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ABSTRACT: Hyperspectral images have acquired popularity in recent years due to its efficiency in storing
quality data. Due to that, deep learning has been used for predicting and obtaining more precious accuracy.
Mostly this technology is used in object detection, classification, tracking, etc. In this paper, we are constructing
a Convolutional neural network for classification with hyperspectral images, which would exhibit higher
performance compared to other models. For this classification, we would be using benchmarking datasets and
for better efficiency transfer learning and back-propagation have also been added. Moreover with transfer
learning, different learning rates and optimal parameters which affect hyperspectral image classification have
also been analyzed.
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1. INTRODUCTION
In recent years Hyperspectralimage(HSI) classification has mesmerized many programmers and enthusiasts
because of the capability to retain more details compared to the conventional classification techniques. Due to
this advantage, this technique is used in deep learning algorithms to attain results preciously. The segment
which differentiates this technique from others like multispectral image classification is the number of bands
and the distance between them. Alike multispectral image classification, HSI has hundreds and thousands of
bands and the distance between them is narrower like 10-20nm, reserving more features and data. Hence the
resultant HSI dataset would be sizeable compared to the common datasets.

As mentioned in Fig.1, the Data stored by hyperspectral images are in 3-dimensional image cubes,
containing two spatial dimensions and one spectral dimension.

Different
— hyperspectral
bands

Fig.1. 3D Hyperspectral Image Cubes

Therefore this phenomenal mechanism is used in various places like food production, satellites,
face detection, object tracking, etc. As above mention, for more accurate results these are used with deep
learning algorithms and in those algorithms, CNN provides the most explicit results. As a result, we have
introduced CNN in this paper, but due to the labeling data and mixed pixels, there is a significant chance of
getting distorted results. For eliminating these factors back propagation and transfer learning have also been
added.
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Fig. 2.Hyperspectral and Multispectral Bands

Fig.2 labeled above describes the difference in hyperspectral and multispectral bands in a pictorial
manner. From the figure, we understand the difference in the number of bands in both spectral bands. The
increased band number in hyperspectral images is the main reason itcan detain more data.

Vegetation

Fig.3. Hyperspectral Image data retention

HSI classification was invented in the 1970s and uses reflection to acquire data, but due to the
huge size of the dataset and less computation power at that time the usage of this technology was comparatively
less. However, with the rise in the chipset and resources this technology is more often used now. Fig3.
Represents the image data retention of hyperspectral images from the image taken by the hyperspectral camera
of an environment. The images show how data are acquired from a picture in the form of 3D data cubes.
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2. RELATED WORKS

A new highly advanced spectral-spatial classification scheme for hyperspectral images was implemented by
using combined pixel-wise support vector machine classification and the segmentation map. This is acquired by
the partitional clustering method and using majority voting, and obtaining improved results in the contextual
information by considering and incorporating it into the classifier. The spectral-spatial does its assignment based
on the spectral value of its own accord and the information extracted from its neighborhood as in [11].In [17]It
proposes a method for segmentation and for classification of spectral imaging. It uses the construction of a
minimum spanning forest. They are normally definedautomatically from the classification result. Due to this
need, pixel-wise classification is executed from where the most reliable ones are chosen,and improves most of
the classification accuracies in comparison to previously offered classification methodology this provides exact
segmentation and classification maps. In [18] it Proposes to implement a spectral image classification method
for both pixel and spatial restraints and they construct a hypergraph where the vertex of each pixel is denoted.
thehyperedges are then constructed from the distance between pixels in the feature space and the spatial
locations of pixels. To handle the labeled sample the use of semisupervised learning is used. In [19] the
proposed system exploits the rough set theory.

Then computes each spectral band using relevance and significance, following which the bands
with the higher value are selected. This technique is best when there are a low number of bands to choose from
[16]. [16] develops a new super spatial-spectral preprocessing module that derives a spatial homogeneity index
and also performs unsupervised clustering, and a spatial and spectral fusion occurs. The main target of this paper
is a composition of spatial and spectral data at the pre- processing stage. In [6] a semi-supervised classification
method with the incorporation of an L1-graph is used. Then experiments are highly designed to deal with the
real hyperspectral image classification. The experiments results show how effective is the L1-graph semi-
supervised method [6]. In [8] the proposed system is an addendum to Low-rank representation (LRR). Under the
name of structure constrained LRR, it will analyze the structure of multiple disjoint spaces and prove the
relationship with the thanks of a predefined matrix. [3] Proposes two efficient methods of low-rank factorization
which depend on L1 norm which finds proper coefficient and projection matrice using an alternating rectified
gradient technique.[9] then applies this to multiple low-rank approximations to show the robustness and
efficiency. The paper [7] discusses the problem of dimensionality reduction. It proposes to build a graph that
incorporates neighborhood info and then apply Laplacian to the graph.

The map generatedby the algorithm may be seen as a discrete approximation. An implementation
of a novel graph- regularized low-rank representation which is also known as (LRR) and a de-striping algorithm
are introduced in [10] which subsumes the LRR technique. To gain the maximum performance,sides of two
performing the stripes are included. which helps to maximise the high spectral relation between the sub-image in
distinct bands, the technique of LRR is first deployed for de-striping, and to conserve the inherent local form of
the original hyper- spectral data, in the objective function the graph regularizer is integrated.

The idea of combining info from spatially smoothed and from original hyperspectral image using
kernal in semi-supervised classification with graph-based is exhibited in[12] which has shown much greater
accuracy than previous graph-based methods, this scheme has lower computation cost and works with a small
number of labeled samples. The [13] gives a novel composite semi-supervised support vector machine (SVM)
for a hyper- spectral image in spectral-spatial classification. In this technique, the unlabeled data increases the
reliability of the training phase are available and the composite kernel function by taking spectral and spatial
information into account. The [2] presents the two most important strategies to solve the LapSVM problem for
getting the better of the original dual formulation by training the data with an early stopping strategy with based
on the prediction of unleased data. In [1] the F5 algorithm is introduced for performing matrix encoding which
improves the efficiency of embedding and extraction operations this technique employs the mutative straddling
to scatter the message and to reduce the chance of finding and improve the security of the given data and it also
shows a binary image steganographic scheme which is to provide the security and image quality as well as
improve the size of data. In [14][4] the model is an automated that uses histogram equalization and median filter
to strengthen the dental panoramic radiograph is proposed. It is used by dentists as a backup tool to identify the
dental panoramic radiograph on periodontal bone loss which helps to reduce the diagnostic effect. It also
helpsan image processing algorithm which was developed to calculate the diagnose periodontitis and pocket
depth

3. PROPOSED METHODOLOGY

There are many disadvantages and problems faced by the CNN network while working with hyperspectral
image classification like pixel overlapping, poor results shown by the model, etc. In this proposed model, we
have introduced a simple CNN on the hyperspectral image with transfer learning and back-propagation which
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would solve and eliminate all problems faced by the previous models. Cheap, Faster, and more reliable are some
of the features we expect to attain through our proposed model. Moreover, with transfer CNN different learning
rates and optimal parameters which affect hyperspectral image classification have also been analyzed.
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Fig.4. Architecture Diagram

Fig.4 represents the architecture diagram of the proposed model. There are numerous processes or

steps behind achieving a precious result, which is the predicted result. The main three processes are:

1. Pre-processing

2. Feature Extraction

3. Model training

The primary essential entity required for constructing the proposed model is Data, which we call a

dataset. At first, the dataset is passed to the pre-processing unit.

1.

Pre-processing: In pre-processing the dataset is passed through a set of processes like grayscale
conversion, normalization, Data Argumentation ,Data standardization to change the dataset into a trainable
one by performing necessary actions such as removing unwanted items, reducing the dataset size, etc. The
first step performed is grayscale conversion, in this process, the RGB images are converted to grayscale
ones for better processing. Then, normalization and data argumentation is performed. In the process, the
numeric values of the dataset are changed to a definite value without distorting any data and afterward,
these are passed for data argumentation where existing data are manipulated for creating more data for
training the model. This processed data are then passed through the data standardization unit, where all the
features are brought to a common scale without deviating much from the value ranges.

Feature Extraction: The pre-processed images are then passed to feature extraction, where more
prominent features are extracted. This process gives some transformation of real features to produce other
features that are more striking. It also can use in a context that helps to reduce complexity and then give the
representation of data representing each and every variable in feature space as a linear combination of the
real input variables. The most powerful and popularfeature extraction approach is principle component
analysis. Information received has increased the entropy when other features are given vs absent. The
application for general techniques is informational entropy measurement and issues of selecting how hard
the important a feature will be in feature space. In correlation-based feature selection, they search for the
feature subseton the basis of the degree of redundancy along with features. The grading system concentrate
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to find a subset of a feature that is highly related to each other within the class but has low inter-corelation.
The features expand with the correlation between feature and class then low in growth inter correlation
After feature extraction, the dataset is converted into multiple datasets like training dataset, validation
dataset, and testing datasets.

3. Model training: In Deep Learning, the model training rate is measured in epochs and following back-
propagation. From the split datasets, the training dataset is used to train the CNN model, to the training
model transfer learning and back-propagation are also added for better performance. After training, the
validation dataset is passed to the trained model to identify the model performance. Following this, testing
datasets are passed to the model for prediction. In this proposed model, after undergoing all the processes
the model predicts whether the hyperspectral image passed through the model is distorted or not.

4. RESULT AND DISCUSSION

In the proposed model, CNN with transfer learning and back-propagation have been introduced. Apart from
that, we have used more than 10000 image datasets for training, validation, and testing. Fig.5 represents the
hyperspectral satellite images collected for training, validation and training. The images collected to make are
hyperspectral images that are taken by the satellite with a dataset size of 58.9MB and adimension of 128 x 128.
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Fig.5. Hyperspectral Dataset Images

The main reason for reducing the image in the dataset is to increase the speed of training the model.
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NON - DAMAGED IMAGES

Fig.6. Damaged and Non-Damaged images

In each divided small dataset there are two types of data,

Damaged data and 2.Non-Damaged data. The main aim of this project is to classify whether the
passed images are Damaged or Non-Damaged. This is required because the damaged images yield less accurate
results compared to the non-damaged ones. usually, hyperspectral image -classification requires more
computational power and time. But the model which we constructed required less computational power and
produce more accurate results in less amount of time. Fig.6 denotes the two types of images in the dataset.
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Fig.7. Correlation between Damaged and Non-Damaged data
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From Fig.7, we can understand the correlation between Damaged and Non-Damaged data and how
often the data get corrupted.

Author name ALGORITHM ACCURACY

Santiago Velasco-Forerp, and  Semi supervised algorithms using 88.2%
Vidva Manian(2009) spatial-spectral kemel

M. . Antony Vigil V. Subbiah Classification algorithm 91.34%
Basathi (2021)

M.S. Antony Vigill VSubbiah Robust Segmentation and 92.83%
Bharaths (2021) (lassification algorithms

Mr. Bharath $B, Mr. RahulA, (NN using Transfer learning 97%

M B Atun Baas, Mss.

M.S Antony Vigil

Fig.8. Comparison Table

From all the algorithms we understand that CNN is better than most of the algorithms but it faces
many problems too. Hence, we have constructed a CNN model with enhanced features which would eliminate
most of the problems faced by the normal CNN model and would produce more accurate results. From Fig.8 we
can understand that our model produced an accuracy of 97% compared to the other papers. As a result, we can
depict that our paper is more efficient than the other papers by the use of transfer learning in CNN for hyper-
spectral image classification. Not only on the efficiency and accuracy, but our model has also eliminated most of
the disadvantages of the other models and has shown more precious accuracy. The evidence of these can be seen
in the given table. In this paper, we have used transfer learning in CNN for hyper-spectral image classification.
The technique that we selected uses transfer learning to avoid the large numbers of reducts, which results in less
computational demands as compared to the other CNN methods. To analyse the effectiveness of the proposed
CNN method, we have compared it with multiple other methods. The results of this comparison show us that,
for the number of techniques used, the method proposed using transfer learning always provided significantly
higher accuracies compared to all the other CNN methods as shown in the table.

5. CONCLUSION

An efficient CNN on hyperspectral images with back- propagation and transfer learning is introduced in this
paper. The model proposed is more efficient, cheap and needs less computational power. The model predicts
with an accuracy of 97% and also is very efficient in classifying whether the image is distorted or not.
Additionally, with transfer learning different learning rates and optimal parameters which affect hyperspectral
image classification have also been analyzed. From the above mentioned techniques we where able to achieve a
model which enhanced recognition effect, compared to the traditional method. In the future, we are thinking of
enhancing this model and also experimenting on publicdatasets which will help us yield a more accurate and
precise result.
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