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Fast Cross-Modal Hashing With Global and Local Similarity Embedding







ABSTRACT
Recently, supervised cross-modal hashing has attracted much attention and achieved promising performance. To learn hash functions and binary codes, most methods globally exploit the supervised information, for example, preserving an at-least-one pairwise similarity into hash codes or reconstructing the label matrix with binary codes. However, due to the hardness of the discrete optimization problem, they are usually time consuming on large-scale datasets. In addition, they neglect the class correlation in supervised information. From another point of view, they only explore the global similarity of data but overlook the local similarity hidden in the data distribution. To address these issues, we present an efficient supervised cross-modal hashing method, that is, fast cross-modal hashing (FCMH). It leverages not only global similarity information but also the local similarity in a group. Specifically, training samples are partitioned into groups; thereafter, the local similarity in each group is extracted. Moreover, the class correlation in labels is also exploited and embedded into the learning of binary codes. In addition, to solve the discrete optimization problem, we further propose an efficient discrete optimization algorithm with a well-designed group updating scheme, making its computational complexity linear to the size of the training set. In light of this, it is more efficient and scalable to large-scale datasets. Extensive experiments on three benchmark datasets demonstrate that FCMH outperforms some state-of-the-art cross-modal hashing approaches in terms of both retrieval accuracy and learning efficiency.



        	









                            
CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Most existing real-valued cross-modal retrieval techniques are based on the brute-force linear search, which is timeconsuming for large scale data.
· Existing hashing methods can be categorized into uni-modal hashing, multi-view hashing and cross-modal hashing. 
· The hash functions learned by most existing cross-modal hashing methods are linear. To capture more complex structure of the multimodal data, nonlinear hash function learning is studied recently.
· Unlike most existing cross-modality similarity learning approaches, the hashing functions are not limited to linear projections. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· In this paper, we propose a novel unsupervised hashing learning method to cope with this open problem to directly preserve the manifold structure by hashing.
· Unsupervised multimodal hashing generally needs to solve two basic problems: how to preserve the geometric structure among data points by hash codes and how to simultaneously select discriminative features for multiple modalities.
· Although existing unsupervised hashing methods have been developed, but above problems are not well addressed simultaneously.
· Fortunately, unsupervised cross-modal hashing methods can handle effectively the problem. 
2.2. PROPOSED SYSTEM 
· To speed up the cross-modal retrieval, a number of binary representation learning methods are proposed to map different modalities of data into a common Hamming space.
· The proposed method is supervised, and the correlation between two modalities can be built according to their shared ground truth probability vectors. 
· Furthermore, a sequential learning method (SCM-Seq) is proposed to learn the hash functions bit by bit without imposing the orthogonality constraints.
· Accordingly, a new iterative algorithm is proposed to solve the modified objective function and the proof of its convergence is given.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· Our model jointly performs the multi-modal graph embedding and discriminative features learning, which further improves the performance. 
· Semi-supervised NMF (CPSNMF) uses a constraint propagation approach to get more supervised information, which can greatly improve the retrieval performance.
· In spite that supervised hashing methods have achieved promising performance, they overly depend on massive labeled data.
· Our method outperforms all comparison methods in terms of the average performance for two retrieval tasks on three datasets. With the increasing of hash code length, the retrieval performance on the Task 1 and Task 2 is further improved. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Cross-domain visual matching via generalized similarity measure and feature learning
	L. Lin, G. Wang, W. Zuo, X. Feng, and L. Zhang, 
	Cross-domain visual data matching is one of the fundamental problems in many real-world vision tasks, e.g., matching persons across ID photos and surveillance videos.

	Learning to hash with optimized anchor embedding for scalable retrieval
	Y. Guo, G. Ding, L. Liu, J. Han, and L. Shao, 
	Extensive experiments on five benchmark image data sets demonstrate that our method outperforms several state-of-the-art related methods.

	Semi-supervised nonlinear hashing using bootstrap sequential projection learning
	C. Wu, J. Zhu, D. Cai, C. Chen, and J. Bu, 
	In this paper, we study the effective semi-supervised hashing method under the framework of regularized learning-based hashing.

	Fast hash-based inter-block matching for screen content coding[J]
	Xiao W, Shi G, Li B, et al. 
	In the proposed scheme, the blocks sharing the same hash values with the current block are selected as prediction candidates.



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 paper, we propose a unsupervised multi-modal hashing method for cross-modal retrieval. Our model explores the underlying neighborhood structure of the visual space and the semantic correlation provied by textual modality to learn the compact unified hash codes. The sparse constraint is imposed on our model to learn discriminative hash functions for multimodal data. Encouraging experimental results demonstrate that the effectiveness of the proposed framework on cross-modal retrieval tasks. In the future, we plan to extend the proposed method into the deep learning networks. 
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