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ABSTRACT:
Data streams are usually non-stationary with continually changing their underlying structure. Solving of predictive or classification tasks on such data must consider this aspect. Traditional machine learning models applied on the drifting data may become invalid in the case when a concept change appears. To tackle this problem, we must utilize special adaptive learning models, which utilize various tools able to reflect the drifting data. One of the most popular groups of such methods are adaptive ensembles. This paper describes the work focused on the design and implementation of a novel adaptive ensemble learning model, which is based on the construction of a robust ensemble consisting of a heterogeneous set of its members. We ‘USED K-NN, NAIVE BAYES’and Hoeffding trees as base learners and implemented an update mechanism, which considers dynamic class-weighting and Q statistics diversity calculation to ensure the diversity of the ensemble. The model was experimentally evaluated on the streaming datasets, and the effects of the diversity calculation were analyzed.





EXISTING SYSTEM:
In order to classify the stream data, a scalable efficient classification algorithm is to be designed which perfectly classifies the data with minimizing misclassification rate in presence of concept drift due to high velocity data. Training time of the classifier must be reduced in order to reduce computational complexity. In this work, a novel algorithm has been implemented using Random Forest with stratified random sampling and Bloom filtering in order to reduce the training time and to handle high velocity data. Experimental results are shown by performing classification with sampling, classification with filtering and classification with sampling and filtering. This enhances the performance of the algorithm by decreasing the training time and testing time of the classifier with negligible compromise in accuracy of classification.
DIADVANTAGE
· Issue with Bloom filters is their inability to be efficiently scaled.
·  RANDOM FOREST requires much time for training as it combines a lot of decision trees to determine the class.









PROPOSED SYSTEM:
Streams are often dynamic the data in the stream is evolving, which means that the concepts described by such a data may change in the process. Such changes in the non-stationary streams are called concept drift. When solving predictive or classification tasks on the streaming data where the data generation process is not stationary, we must use the methods capable of handling such dynamic data. One of the most important features of such models is the ability to adapt to the new incoming data and their continuous incorporation in the model. Multiple advanced machine learning algorithms have been developed to meet those requirements, including active learning methods, adaptive models with concept drift detectors or ensemble methods. Ensemble methods currently present a popular group of methods for classification on the drifting data. Ensembles proved to be very useful and often superior to other methods on the static data and the fact that the model consists of multiple members, makes it a good candidate to handle the changing concepts. Adaptiveensembles are usually based on a continuous re-training and updating of the ensemble members using the new data, with various mechanisms of the class-weighting and the members voting implemented.
ADVANTAGES:
· In our experiments we focused on observing the impact of diversity on the model performance
· In addition to accuracy and F1, the monitoredmetrics were also the state of particular experts and the valueof their diversity Q statistics


SYSTEM SPECIFICATION
HARDWARE CONFIGURATION:
1. Processor         -	 I5
1. Speed		-    	3 GHz
1. RAM		-    	8 GB(min)
1. Hard Disk        -         500 GB
1. Key Board	-        Standard Windows Keyboard
1. Mouse		-    	Two or Three Button Mouse
1. Monitor	          -    	LCD

SOFTWARE CONFIGURATION	
1. Operating System: Linux, Windows/7/10
1. Server: Anaconda, Jupyter,pycharm
1. Front End: tkinter |GUI toolkit
1. Server side Script: Python , AIML
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