CLASSIFICATION OF REMOTE SENSING IMAGES USING EFFICIENTNET-B3 CNN MODEL WITH ATTENTION
ABSTRACT 
Scene classification is a highly useful task in Remote Sensing (RS) applications. Many efforts have been made to improve the accuracy of RS scene classification. Scene classification is a challenging problem, especially for large datasets with tens of thousands of images with a large number of classes and taken under different circumstances. One problem that is observed in scene classification is the fact that for a given scene, only one part of it indicates which class it belongs to, whereas the other parts are either irrelevant or they actually tend to belong to another class. To address this issue, this paper proposes a deep attention Convolutional Neural Network (CNN) for scene classification in remote sensing. CNN models use successive convolutional layers to learn feature maps from larger and larger regions (or receptive fields) of the scene. The attention mechanism computes a new feature map as a weighted average of these original feature maps. In particular, we propose a solution, named EfficientNet-B3-Attn-2, based on the pre-trained EfficientNet-B3 CNN enhanced with an attention mechanism. A dedicated branch is added to layer 262 of the network, to compute the required weights. These weights are learned automatically by training the whole CNN model end-to-end using the back propagation algorithm. In this way, the network learns to emphasize important regions of the scene and suppress the regions that are irrelevant to the classification. We tested the proposed EfficientNet-B3-Attn-2 on six popular remote sensing datasets, namely UC Merced, KSA, OPTIMAL-31, RSSCN7, WHU-RS19, and AID datasets, showing its strong capabilities in classifying RS scenes.
EXISTING SYSTEM
Remote sensing data play an important role in production of Land Use and Land Cover maps and this can therefore be managed through a process called image classification. Image classification is a way of allocating land cover classes into pixels while image identification/recognition is a way of detecting and identifying an object or a feature in a digital image. This paper examines image classification and identification using Remote Sensing and GIS. An unsupervised classification based method was used for this study which involved image interpretation using image processing software and separates a large number of unknown pixels based on their reflectance values into classes. The objective of image classification is to identify and portray, as a unique gray level (or color), the features occurring in an image in terms of the object or type of land cover these features actually represent on the ground. Three classes identify in this study are the Soil, Water and Vegetation. Landsat 8 ETM+ Satellite imagery with 512 x 512 dimension was used in classifying the image into class type. Further analysis on classification and identification was done using IDRISI 17.0 software. Composite map that classify the pixel in the image and their corrected band, Graphical relationship between atmospheric effect and signal wavelengths of the bands for the extracted region selected and chart for the brightness value were produced. It was concluded that water has the highest percentage in volume than others.
DISADVANTAGES
· Very different land use classifications and maps
· It can be difficult to interpret the maps and determine how land use classes corresponds


PROPOSED SYSTEM
This paper proposes a novel deep learning model for the classification of RS scenes based on the Efficient Net CNN combined with an attention mechanism. We investigate two versions EfficientNet-B3-Attn-1 and EfficientNet-B3- Attn-2. In the EfficientNet-B3-Attn-1 model, the attention mechanism is added to the last feature map, whereas in the EfficientNet-B3-Attn-2, it is added at the end of layer 262. Thus EfficientNet-B3-Attn-2 has two branches; the main branch without attention and a secondary branch attached to the end of layer 262 that uses attention. The results achieved with the EfficientNet-B3-Attn-2 model on six popular remote sensing datasets, namely UC Merced, KSA, OPTIMAL-31, and RSSCN7, have outperformed state-of-the-art. For the WHU-RS19 we have outperformed the methods that use the same dataset version that contains 950 images in total, but not the methods that use the dataset version containing 1005 images. Finally, for the AID dataset, we have also achieved better results than all previous methods, except three state-of-the-art methods that have appeared very recently.
ADVANTAGES
· High accuracy in image classification
· Images have high dimensionality (as each pixel is considered as a feature) which suits the described abilities 




SYSTEM REQUIREMENT:

HARDWARE REQUIREMENTS:
  
Processor 		: 	Intel 
Ram			:	2 GB (Minimum) 
Monitor		:	15” COLOR
Hard Disk		:	500 GB
Keyboard 		:	STANDARD 102 KEYS
Mouse		:	3 BUTTONS

SOFTWARE CONFIGURATION:
  
Operating System		:	Windows 7 / 10
Environment		:	MATLAB
Matlab		 	:	Version 18a
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