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Abstract- This paper presents the usage of particular layer 

and deep convolutional networks which are meant for 

remote sensing data analysis. For the given high input data 

dimensionality and the comparatively negligible amount of 

accessible labeled data, Direct use to multi- and hyper-

spectral imagery of supervised (shallow or deep) 

convolutional networks remains significant. Hence, we put 

forward the technique of desirous layer-wise unsupervised 

pre-training united with an effective algorithm for sparse 

features in unsupervised learning. The algorithm is 

entrenched on sparse representations and implements 

lifetime sparsity and population of the extracted features, 

instantaneously. We effectively illustrate the expressive 

power of the mined representations in several scenarios: 

classification of aerial scenes, along with classification 

based on land very high resolution (VHR), or land-cover 

classification from multi- and hyper-spectral images. The 

proposed algorithm shows better performance than the 

kernel counterpart (kPCA) and Principal Component 

Analysis (PCA) .Results determine that the single layer 

convolutional networks can abstract influential 

discriminative structures only when the receptive field 

interpreted for adjacent pixels, and requires high resolution 

and detailed results. Though, deep architectures 

significantly outperforms single layers variants, taking 

cumulative levels of abstraction and complexity throughout 

the feature hierarchy. 
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1. INTRODUCTION 

      Earth observation (EO) through remote sensing 

techniques is a research field where an enormous variety of 

physical signals is measured from instruments on-board 

airborne and space platforms. An extensive assortment of 

sensor features lies between very high resolutions (VHR) and 

the medium multi-spectral imagery to hyper images in 

detailed manner. These myriad of sensors serve on diverse 

objectives, focusing either on finding quantitative 

measurements and estimations of geo-bio-physical variables 

or identifying materials from the exploration of the developed 

images. The classification maps are perhaps the most relevant 

ones among all the different products which are initiated from 

the acquired images. The remote sensing image classification 

problem is very stimulating and ubiquitous because land cover 

and land use maps are mandatory in multi-temporal studies. It 

establishes the useful inputs to other processes. Despite the 

high number of advanced, robust and accurate existing 

classifiers, the field faces very vital challenges. 

2. RELATED WORKS 
 

2.1 Advances In Hyper Spectral Image Classification: 

Earth Monitoring 

         Due to the technological progression of optical sensors, 

the remote sensing analysts enriched with, spectral, temporal 

and rich spatial facts. Significantly, the development in 

spectral resolution of hyper spectral images (HSIs) and 

infrared sounders paves the new way to application domains 

and follow different methodologies in data analysis. HSIs 

allow the categorization of objects (e.g., land-cover classes) 

with unique accuracy, and updated with new inventories. 

Enhancements in spectral resolution lead to advancements in 

signal processing and exploitation algorithms [1]. This article 

emphases on the problem of hyper spectral image 

classification, which has recently fascinated the interest of 

other scientific disciplines such as machine learning, image 

processing, and computer vision. In the field of remote 

sensing, classification denotes the procedure that allocates 

single pixels to a set of classes and the segmentation 

represents aggregating pixels into objects and then assigning 

to a class. 

2.2 Sparsity and Structure In Hyper Spectral Imaging: 

Sensing, Reconstruction, And Target Detection  

             Hyper spectral imaging is a powerful technology for 

tenuously inferring the material possessions of the objects in 

a scene of interest. Hyper spectral images encompasses the 

large number of spectral bands or wavelengths with spatial 

maps of light intensity variation. Alternatively, they are 

deliberated as a measurement of the spectrum transmitted or 

reflected from each spatial location in a scene. Due to the 
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unique chemical elements with spectral signatures, the spectra 

covers a high spectral and spatial resolution. It affords facts 

around the material properties of the scene with more 

accuracy with conventional three-color images. Hence, hyper 

spectral imaging take part in distinct applications, including 

remote sensing, astronomical imaging, and fluorescence 

microscopy. 

2.3 Prelaunch Assessment Of Worldview-3 Information 

Content  

     The new WorldView-3 satellite offers a exclusive 

arrangement of very high spatial resolution and super-spectral 

capabilities. This performance walk around the practical and 

theoretical efficacy when compared with other hyper spectral 

and multispectral sensors [6]. 

 

2.4 Unsupervised Feature Learning For Aerial Scene 

Classification 

High-resolution satellite imagery with the rich data 

permit us to characterize aerial scenes by considering their 

structural and spatial patterns. The pixel- and object-based 

organization methods are systematically used for satellite 

image analysis. These methods affects the high-fidelity image 

data in a limited manner. In this paper, we discover an 

unsupervised feature learning methodology for scene 

classification [7]. Dense low-level feature descriptors are 

mined to express the local spatial patterns. These unlabeled 

feature measurements are exploited in a unique way to acquire 

basic functions. The low-level feature descriptors are 

determined by basic functions to create new sparse 

representation for the feature descriptors. We exhibit that the 

statistics generated from the sparse features illustrate the 

scene with exceptional classification accuracy. We relate our 

method with other aerial scene data sets: The ORNL-I data set 

contains  of 1-m spatial resolution satellite imagery with 

varied sensor and scene features with  five land-use 

categories, UCMERCED data set signifying 21 different 

aerial scene categories with sub-meter resolution, and ORNL-

II data set for large-facility scene detection. Our results are 

highly favorable and, we produce best results when compared 

to previous results on the UCMERCED data set. We exhibit 

that the projected classification based on aerial scene 

technique to develop a recognition system and habitually to 

scan large-scale high-resolution satellite imagery for 

perceiving great amenities like a shopping mall. 

3.  PROPOSED METHOD 

          The proposed approach comprises of a convolutional 

neural network trained with an unsupervised algorithm that 

promotes two types of feature sparsity namely population and 

lifetime sparsity. The algorithm trains the network parameters 

to learn hierarchical sparse representations of the input images 

and that can be fed to a simple classifier. The algorithm are 

efficient in producing learning representations of data when 

compared with standard Principal Component Analysis 

(PCA) and its kernel counterpart (kPCA).Results designates 

that the single layer convolutional network extract receptive 

field accounts for adjacent pixels, and requires classification, 

high resolution and detailed results. However, deep 

architecture significantly outstrip single layers variants, 

capturing increasing levels of abstraction and complexity 

throughout the feature hierarchy. We can improve level of 

segmentation process, and algorithm.  

 

ADVANTAGES 

 It is more effective than existing method.   

 Soft Threshold improves the accuracy, 

sensitivity and specificity. 

 It reads and shows the current location of 

the images.  

 

4. EXPERIMENTAL RESULTS 

         Our experimental results depends upon our input image. 

After preprocessing and segmentation, we have to categorize 

the all of our input images. In classification we are using the 

CNN (Convolutional Neural Network) which shows the input 

image name in label format. The corresponding input image 

to calculate the specificity, sensitivity and, accuracy values in 

bar graph are explained. Finally we got our experimental 

results as per shown below in figures. 

 

Fig 1: Accuracy graph of input image 
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Table 1: Accuracy values of input image 

Accuracy 1 2 

Proposed Method 88.5714 0 

Existing Method 0 82 

 

Table 2: Sensitivity values of input image 

Sensitivity 1 2 

Proposed Method 70 0 

Existing Method 0 74 

 

 

Fig 2: Sensitivity graph of input image 

 

Fig 3:Specificity graph of input image 

Table 3:Specificity values of input image 

Specificity 1 2 

Proposed Method 82.3529 0 

Existing Method 0 55 

 

5. CONCLUSION 

          The proposed approach contains a convolutional neural 

network disciplined with an unsupervised algorithm that 

upholds two categories of feature sparsity: population and 

lifetime sparsity. The algorithm defined about network 

parameters to acquire hierarchical sparse depictions of the 

images which can be served to a simple classifier. We should 

concentrate on unsupervised learning of features is 

computationally very efficient, having a computational cost 

equal to OMP-1 while clearly outperforming it. Furthermore, 

the feature extraction stage is meta-parameter free, whereas 

the classification stage involves either one or zero free-

parameters. We applied the linear SVM classifier with one 

tunable parameter in experiment for fair comparison with the 

state-of-the-art. We trained deep convolutional networks in a 

greedy layer-wise fashion and performed experiments to 

analyze the influence of depth and pooling of such networks 

on a wide variety of remote sensing images of different spatial 

and spectral resolutions, from multi- and hyper-spectral 

images, to very high geometrical resolution problems. 

6. FUTURE WORK 

            The process can be enhanced by including feature 

selection methodologies to get best features from extracted 

features. The selections of the best features were concentrated 

on the different objective functions in the feature selection 

process. The optimization solutions obtained in Genetic 

algorithm cannot be more accurate and hence cannot be used 

in cases of the decision making problems. To reduce the 

swarm based optimization techniques can be implemented to 

achieve improved results. The optimization techniques 

regarding swam can define the stopping criterion in a more 

effective manner and the convergence can be achieved more 

effectively. 
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