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Deep-LIFT Deep Label-Specific Feature Learning for Image Annotation







ABSTRACT
Image annotation aims to jointly predict multiple tags for an image. Although significant progress has been achieved, existing approaches usually overlook aligning specific labels and their corresponding regions due to the weak supervised information (i.e., ``bag of labels'' for regions), thus failing to explicitly exploit the discrimination from different classes. In this article, we propose the deep label-specific feature (Deep-LIFT) learning model to build the explicit and exact correspondence between the label and the local visual region, which improves the effectiveness of feature learning and enhances the interpretability of the model itself. Deep-LIFT extracts features for each label by aligning each label and its region. Specifically, Deep-LIFTs are achieved through learning multiple correlation maps between image convolutional features and label embeddings. Moreover, we construct two variant graph convolutional networks (GCNs) to further capture the interdependency among labels. Empirical studies on benchmark datasets validate that the proposed model achieves superior performance on multilabel classification over other existing state-of-the-art methods.



           
CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Existing methods on image annotation focus on solving the multi-label classification problem.
· However, one fundamental limitation of these existing approaches is that the original training labels are orderless whilst the RNN model requires a certain output label order for training. 
· Although multi-scale representation learning has never been attempted for image annotations, there are existing efforts on designing CNN architectures that enable multi-scale feature fusion.
· Compared to existing models, the main difference is the multi-scale feature learning architecture designed to extract and fuse features at different layers suitable for representing visual concepts of different levels of abstraction. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM : 
· Multi-label recognition problem can be transformed into a set of binary classification tasks and equipped with powerful feature representations learned with deep Convolutional Neural Networks (CNNs) from raw images.
· Compared to predicting one single class label for an image, multi-label annotation problem is more difficult due to the combinatorial nature of the output label space. 
· These models ignore the variable label number problem and simply predict the top k most probable labels per image.
· These solutions treat the image annotation problem as an image to text translation problem and solve it using an encoder-decoder model. 
2.2. PROPOSED SYSTEM 
· A novel multi scale deep CNN architecture is proposed which is capable of effectively extracting and fusing features at different scales corresponding to visual concepts of different levels of abstraction.
· A multi-scale CNN sub network is proposed to extract visual feature from raw image pixels, and a multi-layer perception sub network is applied to extract textual features from noisy user-provided tags. 
· We have proposed a novel multi-modal multi-scale deep learning model for large-scale image annotation.
· Extensive experiments are carried out to demonstrate that the proposed model outperforms the state-ofthe-art methods. 


2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· These metrics evaluate the performance of multi-label predictor from diverse aspects.
· Moreover, attention mechanism has been proven to be beneficial for improving the performance of multi-label classification.
· Our Deep-LIFT is able to simultaneously learn label specific feature representation and complex label correlations, leading to promising performance improvement in image annotation.
· Capturing the correlations among different labels can improve the multi-label image annotation performance, which has been well recognized. 
· We try our best to tune the parameters of all the above compared methods to obtain the best performance according to the suggested ways in their literatures. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Learning multi-label scene classification
	M. R. Boutell, J. Luo, X. Shen, and C. M. Brown, 
	In classic pattern recognition problems, classes are mutually exclusive by definition. Classification errors occur when the classes overlap in the feature space.

	Deep convolutional ranking for multilabel image annotation
	Y. Gong, Y. Jia, T. Leung, A. Toshev, and S. Ioffe, 
	Multilabel image annotation is one of the most important challenges in computer vision with many real-world applications.

	Slicing convolutional neural network for crowd video understanding
	J. Shao, C.-C. Loy, K. Kang, and X. Wang, 
	Convolutional Neural Networks (CNNs) have shown its remarkable potential in learning appearance representations from images.

	Human attribute recognition by deep hierarchical contexts
	Y. Li, C. Huang, C. C. Loy, and X. Tang, 
	Human-centric context captures human relations, which we compute from the nearest neighbor parts of other people on a pyramid of CNN feature maps.



2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.
2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   
2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard
2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard
2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005
CHAPTER 3
  SYSTEM DESIGN AND DEVELOPEMENT
SYSTEM ARCHICTURE
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CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

















                               CHAPTER 5
CONCLUSION:
    In this work, we propose a novel Deep Label-Specific Feature (Deep-LIFT) learning model for image annotation. Different from existing end-to-end image annotation methods, the proposed Deep-LIFT explicitly decomposes the global feature sets into label-specific features to better exploit discrimination information from different classes. With extended graph convolutional network (GCN), our model can further capture the correlations among labels. Extensive experiments, including quantitative, qualitative and ablation results on benchmark datasets, validate the effectiveness of the proposed model over existing state-of-the-art approaches. 
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