10









Multi objective Automated Type-2 Parsimonious Learning Machine to Forecast Time-Varying Stock Indices Online





ABSTRACT
Real-time forecasting of the financial time-series data is challenging for many machine learning (ML) algorithms. First, many ML models operate offline, where they need a batch of data, which may not be available during training. Besides, due to a fixed architecture of the majority of the offline-based ML models, they suffer to deal with the uncertain nature of financial time-series data. In contrast, online learning mode evolving-structured ML models could be promising for financial time-series forecasting. For real-time deployment of such models, low memory demand is a must. Besides, the model's explainability plays a crucial role in forecasting financial time-series. Considering all the requirements, a rule-based autonomous neuro-fuzzy learning algorithm called the parsimonious learning machine (PALM) is proposed here to forecast time-varying stock indices.To provide efficient automation of the proposed algorithm by maintaining the model explainability in terms of limited number linguistic IF-THEN rules, two popular multiobjective evolutionary algorithms (MEAs), such as a real-coded genetic algorithm (GA) and a self-adaptive differential evolution (DE) algorithm are utilized here. In addition, fuzzy type-2 variants of PALMs' are considered here due to better uncertainty handling capacity than their type-1 counterparts. To evaluate the proposed algorithm's performance, the closing stock price of fifteen (15) different stock market indices are predicted here. From the results, it is observed that the MEA-based PALMs are performing better than the state-of-the-art benchmark online ML models and providing a rule-based explainable model to the end-user.
                        CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· The learning mechanisms of the existing online NFS methods are generally heuristic and lack a formal theoretical foundation.
· The ever-increasing complexity of the recently developed online learning methods leads not only to high variability in the outcomes of different realizations of an NFS model on different datasets, but also a less practical system that is difficult to implement. 
· Simplicity is much wanted. Meanwhile, empirical studies on the existing online NFS algorithms have so far been conducted on relatively small datasets (typically having < 10; 000 data points), and their scalability against long data stream has not been comprehensively tested. 

2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
·             Improving the performance of a FLS can be considered as a search problem in high-dimensional space where each point may represent the structure of a FLS or elements of the structure such as 1) rule set, 2) MFs, 3) inference system, and 4) FLS’s corresponding behavior. In that high-dimensional space, the performance of a FLS may form a hyper-surface to achieve predefined modeling or predictive accuracy.
· Therefore, the selection of proper thresholds has a dependency on experts’ knowledge or requires several iterations to achieve the desired accuracy in regression-based problems. 
· To overcome such dependency, evolutionary algorithms (EAs) can be utilized in PALM to regulate the thresholds of evolving their structure since EAs have already been successfully utilized in various conventional fuzzy logic systems 
2.2. PROPOSED SYSTEM 
· These can be largely attributed to the absence of pruning procedure in the DENFIS method. It is also shown that SPLAFIS outperforms CVR in terms of test NDEI and speed when the data size gets larger. 
· All in all, these results suggest that the proposed SPLAFIS model is scalable and, at the same time, able to balance between predictive accuracy and rule base size.
· All training observations are sequentially (i.e., one-by-one) presented to the system At any time, only one observation is seen and learned .
· An observation is discarded immediately after learning on that observation is completed . The system has no prior knowledge on how many total observations will be presented 
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· In DE, the greedy selection procedure is employed by selecting the better among new solutions and their parents, which gives the DE advantages over the GA in converging the performance. 
· In contrast with GA, the search in DE is not time-consuming. It is easy to use and performs well with a simple configuration for a variety of test problems. 
· In , DE has been utilized not only to optimize the fuzzy rules and MFs but also to optimize the strength of the fuzzy inference operators. In, DE aided to realize the fuzzy clustering of their type-2 fuzzy neural network. 
· They have used the DE to optimize both the antecedent and consequent parts of the MF in their type-2 fuzzy neural network. 

Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Handling drifts and shifts in on-line data streams with evolving fuzzy systems
	E. Lughofer and P. Angelov, 
	The paper concludes with an empirical evaluation of the impact of the proposed approaches in (on-line) real-world data sets in which drifts and shifts occur.

	PAC: A novel self-adaptive neuro-fuzzy controller for micro aerial vehicles
	M. M. Ferdaus, M. Pratama, S. G. Anavatti, M. A. Garratt, and E. Lughofer, 
	PAC is built upon a recently developed evolving neuro-fuzzy system known as parsimonious learning machine (PALM) and adopts new rule growing and pruning modules derived from the approximation of bias and variance.

	PALM: An Incremental Construction of Hyperplanes for Data Stream Regression
	M. M. Ferdaus, M. Pratama, S. Anavatti, and M. A. Garratt, 
	The proposed model showcases significant improvements in terms of computational complexity and number of required parameters against several renowned SANFSs, while attaining comparable and often better predictive accuracy.

	MOEA-EFEP: Multi-objective evolutionary algorithm for extracting fuzzy emerging patterns
	Á. M. García-Vico, C. J. Carmona, P. González, and M. J. del Jesus, 
	 The proposal also uses fuzzy logic to deal with numeric variables in order to obtain a knowledge representation close to human reasoning.








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:
Significant reduction of learning parameters of an ANFS called PALM provides them success in handling or modeling complex data streams with minimum memory demand. Nevertheless, the performance of the PALM largely depends on some hyper-parameters and experts’ knowledge. To mitigate 100 102 104 106 0 0.2 0.4 0.6 0.8 1 s ( ) Greedy Search Local Search GA MOT PSO such dependency and encouraged by PALM’s low memory demand, in this research, we developed an advanced ANFS by the conjunction of meta-heuristic approaches with PALM. It improved the PALM’s modeling accuracy by tuning hyper-parameters through the utilization of a multi-method based optimization technique called MOT. To evaluate the effectiveness of employing MOT in PALM, its performance has compared with some benchmark optimization algorithms, namely the greedy search, gradient-based local search, GA, and PSO. Among them, the best performance is witnessed from the MOT, which is proving the advantages of using multioptimization techniques than a single method for a wide range of problems. 
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