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ABSTRACT

An imbalanced dataset is relevant primarily in the context of supervised machine
learning involving two or more classes. Imbalance means that the number of data
points available for a different class is different, Imbalanced data sets is a special
case for classification problem where the class distribution is not uniform among the
classes. Imbalanced classes are a common problem in machine learning classification
where there is a disproportionate ratio of observations in each class. Class imbalance
can be found in many different areas including medical diagnosis, spam filtering, and
fraud detection. Typically, they are composed of two classes, the majority (negative)
class, and the minority (positive) class. Information about experimental studies sets.
These types of data sets are typically found on websites that collect and aggregate
data sets. These aggregators tend to have data sets from multiple sources, without
much creation. In this case, that"s a good thing too much creation gives us overly neat
data sets that are hard to label. Active learning is undoubtedly effective, but several
recent studies have indicated that active learning is failed when it is applied to data. In
our project, Human Annotator will collect the data“s from the public post and he will
separate labeled and unlabelled data sets. User needs to register their details and
they can view their learning materials. The labelled and unlabelled data“s have been
analyzed by human annotator and matched with labelled appropriate data sets are

achieved and it will be available for learners.
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CHAPTER 1

INTRODUCTION

1.1. OUTLINE OF THE PROJECT

Imbalanced data typically refers to classification tasks where the classes
are not represented equally. Most of the real-world classification problems display
some level of class imbalance, which happens when there are not sufficient instances
of the data that correspond to either of the class labels. Therefore, it is imperative to
choose the evaluation metric of your model correctly. If it is not done, then you might
end up adjusting/optimizing a useless parameter. In a real business-first scenario, this
may lead to a complete waste.

There are problems where a class imbalance is not just common it is bound
to happen. For example, the datasets that deal with fraudulent and non-fraudulent
transactions, it is very likely that the number of fraudulent transactions as compares
to the number of non-fraudulent transactions will be very much less. And this is where
the problem arises. When the dataset has underrepresented data, the class
distribution starts skew.

Due to the inherent complex characteristics of the dataset, learning from
such data requires new understandings, new approaches, new principles, and new
tools to transform data. And moreover, this cannot anyway guarantee an efficient

solution to your business problem.

1.2. PURPOSE OF THE PROJECT

Dealing with imbalanced datasets includes various strategies such as
improving classification algorithms or balancing classes in the training data
(essentially a data pre-processing step) before providing the data as input to the
machine learning. The latter technique is preferred as it has a broader application and
adaptation. Moreover, the time taken to enhance is often higher than to generate the

required samples. But for research purposes, in our project Human Annotator will



collect the imbalanced data, he will segregate labeled and unlabelled data to provide

a complete learning material.

1.3. ACTIVE LEARNING PARADIGM

Active learning is a popular machine learning paradigm and it is frequently
deployed in the scenarios when large scale instances are easily collected, but
labeling them is expensive and/or time-consuming. By adopting active learning, a
classification model can iteratively interact with human experts to only select those
most significant instances for labeling and to further promote its performance as
quickly as possible. Therefore, the merits of active learning lie in decreasing both the
burden of human experts and the complexity of training instances but acquiring a
classification model that delivers superior or comparable performance to the model

with labeling all instances.

Past research has accumulated a large number of active learning models,
and generally, we have several different taxonomies to organize these models. Based
on different ways of entering the unlabeled data, active learning can be divided into
pool-based and stream-based models. The former previously collects and prepares
all unlabeled instances, while the latter can only visit a batch of newly arrived

unlabeled data at each specific time point.

According to different numbers of the labeled instances in each round, we
have single-mode and batch-mode learning models. As their names indicate, the
single-mode model only labels one unlabeled instance on each round, while the
batch-mode labels a batch of unlabeled examples once. In addition, we have several
different significance measures to rank unlabeled instances, including uncertainty,
representativeness, inconsistency, variance, and error. Each significance measure
has a criterion for evaluating which instances are the most important for improving the
performance of the classification model. For example, uncertainty considers the most
important unlabeled instance to be the nearest one to the current classification
boundary; representativeness considers the unlabeled instance that can represent a

new group of instances, e.g., a cluster, to be more important, and inconsistency



considers the unlabeled instance that has the most predictive divergence among
multiple diverse baseline classifiers to be more significant. In addition, active learning
models can also be divided into different categories according to which kind of
classifier has been adopted.

Some popular classifiers, including naive Bayes, k-nearest neighbors,
decision tree, multiple level perceptron (MLP), logistic regression, support vector
machine (SVM), and extreme learning machine (ELM), have all been developed to
satisfy the requirements of active learning. In the past decade, active learning has
also been deployed in a variety of real world applications, such as video annotation,
image retrieval, text classification, remote sensing, image annotation, speech
recognition, network intrusion detection, and bioinformatics.

The proposed algorithm is named active online weighted ELM (AOW-
ELM), and it should be applied in the pool-based batch-mode active learning scenario
with an uncertainty significance measure and ELM classifier. In AOW-ELM, we first
take advantage of the idea of cost-sensitive learning to select the weighted ELM
(WELM) as the base learner to address the class imbalance problem existing in the
procedure of active learning. Then, we adopt the AL-ELM algorithm presented in our
previous paper to construct an active learning framework. Next, we deduce an
efficient online learning mode of WELM in theory and design an effective weight
update rule. Finally, benefiting from the idea of the margin exhaustion criterion, we
present a more flexible and effective early stopping criterion. Moreover, we try to
simply discuss why active learning can be disturbed by skewed instance distribution,
further investigating the influence of three main distribution factors, including the class
imbalance ratio, class overlapping, and small disjunction. Specifically, we suggest
adopting the clustering techniques to previously select the initially labeled seed set,
and thereby avoid the missed cluster effect and cold start phenomenon as much as
possible. Experiments are conducted on 32 binary-class imbalanced data sets, and
the results demonstrate that the proposed algorithmic framework is generally more
effective and efficient than several state-of-theart active learning algorithms that were

specifically designed for the class imbalance scenario.



1.4. MACHINE LEARNING

Machine learning is an application of Artificial Intelligence (Al) that
provides systems the ability to automatically learn and improve experience without
being explicitly programmed. Machine learning focuses on the development of
computer programs that can access data and use it learn for themselves. The primary
aim is to allow the computer to learn automatically without human intervention or
assistance and adjust actions accordingly.

The test for a machine learning model is a validation error on new data not
a theoretical test that proves a null hypothesis. Because this often uses an iterative

approach to learn from data, the learning can be easily automated.
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Fig 1.1 Overview of Machine Learning
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1.4.1. Machine Learning Methods

Some of the methods of Machine Learning algorithm are categorized as
e SUPERVISED LEARNING

A Supervised learning algorithm learns from labelled training data, helps
you to predict outcomes for unforeseen data. It is highly accurate and trustworthy
method.

e UNSUPERVISED LEARNING

Unsupervised learning algorithm is the type of self - organized with the
help of previously unknown patterns in dataset without pre-existing labels.
e SEMI-SUPERVISED LEARNING

Semi-supervised learning is the combination of both supervised and
unsupervised which means labeled and unlabelled data.
e REINFORCEMENT MACHINE LEARNING

Reinforcement machine learning is an area of machine learning
concerned with how software agents ought to take actions in an environment so as to
maximize some notion of cumulative reward.

1.4.2. Applications of Machine Learning
e Video Surveillance
e Social Media Services
e Email Spam and Malware Filtering
« Financial Services
e Health Care
o Retail
e Transportation
1.4.3. Advantages
o Computational property is cheaper and more powerful.
o Affordable data storage.
e It can analysis complex data quickly and automatically.

e It produces more accurate results.

5



1.5. SYSTEM REQUIREMENTS
1.5.1. Hardware Requirements
» RAM 4GB
» Dual Core 2.8 GHz Processor and Above
» HDD 80 GB Hard Disk Space and Above
1.5.2. Software Requirements
> WINDOWS OS (7 /XP)
» Visual Studio .Net 2015
» Visual Studio .Net Framework 4.5
» SQL Server 2014



CHAPTER 2

LITERATURE SURVEY

21. SURVEY1

Publication: IEEE Transactions on Multimedia Visualization - based active
learning for video annotation.

Authors: Hongsen Liao, Li Chen, Yibo Song, Hao Ming.

Description: Video annotation is an effective way to facilitate content-based
analysis for videos. Automatic machine learning methods are commonly used to
accomplish this task. Among these, active learning is one of the most effective
methods, especially when the training data cost a great deal to obtain. One of the
most challenging problems in active learning is the sample selection. Various
sampling strategies can be used, such as uncertainty, density, and diversity, but it is
difficult to strike a balance among them. In this paper, we provide a visualization-
based batch mode sampling method to handle such a problem. An iso-contour-based
scatterplot is used to provide intuitive clues for the representativeness and
informativeness of samples and assist users in sample selection. A semisupervised
metric learning method is incorporated to help generate an effective scatterplot
reflecting the high-level semantic similarity for visual sample selection. Moreover,
both quantitative and qualitative evaluations are provided to show that the
visualization-based method can effectively enhance sample selection in active

learning.

2.2. SURVEY 2

Publication: IEEE Transactions on Image Processing focuses Active learning
methods for interactive image retrieval.

Authors: Philippe Henri Gosselin, Matthieu Cord.

Description: Active learning methods have been considered with increased

interest in the statistical learning community. Initially developed within a classification
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framework, a lot of extension are now being proposed to handle multimedia
applications. This paper provides algorithms within a statistical framework to extend
active learning for online content-based image retrieval (CBIR). The classification
framework is presented with experiments to compare several powerful classification
techniques in this information retrieval context. Focusing on interactive methods,
active learning strategy is then described. The limitations of this approach for CBIR
are emphasized before presenting our new active selection process RETIN. First, as
any active method is sensitive to the boundary estimation between classes, the
RETIN strategy carries out a boundary correction to make the retrieval process more
robust. Second, the criterion of generalization error to optimize the active learning
selection is modified to better represent the CBIR objective of database ranking.
Third, a batch processing of images is proposed. Our strategy leads to a fast and
efficient active learning scheme to retrieve sets of online images (query concept).
Experiments on large databases show that the RETIN method performs well in

comparison to several other active strategies.

2.3. SURVEY 3

Publication: IEEE Transactions on Geoscience Remote Sensing and An
active learning approach to hyperspectral data classification.

Authors: Suju Rajan, Joydeep Ghosh, Melba M. Crawford.

Description: Obtaining training data for land cover classification using
remotely sensed data is time consuming and expensive especially for relatively
inaccessible locations. Therefore, designing classifiers that use as few labeled data
points as possible is highly desirable. Existing approaches typically make use of
small-sample techniques and semisupervision to deal with the lack of labeled data. In
this paper, we propose an active learning technique that efficiently updates existing
classifiers by using fewer labeled data points than semisupervised methods. Further,
unlike semisupervised methods, our proposed technique is well suited for learning or
adapting classifiers when there is substantial change in the spectral signatures
between labeled and unlabeled data. Thus, our active learning approach is also

useful for classifying a series of spatially/temporally related images, wherein the

8


https://ieeexplore.ieee.org/author/37667874200
https://ieeexplore.ieee.org/author/37667874200
https://ieeexplore.ieee.org/author/37271997300

spectral signatures vary across the images. Our interleaved semisupervised active
learning method was tested on both single and spatially/temporally related
hyperspectral data sets. We present empirical results that establish the superior
performance of our proposed approach versus other active learning and

semisupervised methods.

24. SURVEY 4

Publication: IEEE Transactions on Neural Networks - A fast and accurate
online sequential learning algorithm for feed forward networks.

Authors: N.Y. Liang, Guang-bin Huang, P. Saratchandran, N. Sundararajan.

Description: In this paper, we develop an online sequential learning algorithm
for single hidden layer feedforward networks (SLFNs) with additive or radial basis
function (RBF) hidden nodes in a unified framework. The algorithm is referred to as
online sequential extreme learning machine (OS-ELM) and can learn data one-by-one
or chunk-by-chunk (a block of data) with fixed or varying chunk size. The activation
functions for additive nodes in OS-ELM can be any bounded non constant piecewise
continuous functions and the activation functions for RBF nodes can be any
integrable piecewise continuous functions. In OS-ELM, the parameters of hidden
nodes (the input weights and biases of additive nodes or the centers and impact
factors of RBF nodes) are randomly selected and the output weights are analytically
determined based on the sequentially arriving data. The algorithm uses the ideas of
ELM of Huang developed for batch learning which has been shown to be extremely
fast with generalization performance better than other batch training methods. Apart
from selecting the number of hidden nodes, no other control parameters have to be
manually chosen. Detailed performance comparison of OS-ELM is done with other
popular sequential learning algorithms on benchmark problems drawn from the
regression, classification and time series prediction areas. The results show that the
OS-ELM is faster than the other sequential algorithms and produces better

generalization performance.
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2.5. SURVEYS5

Publication: IEEE Transactions on Speech and Audio Processing-Active
learning: Theory and applications to automatic speech recognition.

Authors: G. Riccardi, D. Hakkani-Tur.

Description: We are interested in the problem of adaptive learning in the
context of automatic speech recognition (ASR). In this paper, we propose an active
learning algorithm for ASR. Automatic speech recognition systems are trained using
human supervision to provide transcriptions of speech utterances. The goal of Active
Learning is to minimize the human supervision for training acoustic and language
models and to maximize the performance given the transcribed and untranscribed
data. Active learning aims at reducing the number of training examples to be labeled
by automatically processing the unlabeled examples, and then selecting the most
informative ones with respect to a given cost function for a human to label. In this
paper we describe how to estimate the confidence score for each utterance through
an on-line algorithm using the lattice output of a speech recognizer. The utterance
scores are filtered through the informativeness function and an optimal subset of
training samples is selected. The active learning algorithm has been applied to both
batch and on-line learning scheme and we have experimented with different selective
sampling algorithms. Our experiments show that by using active learning the amount
of labeled data needed for a given word accuracy can be reduced by more than 60%

with respect to random sampling.

2.6. SURVEY 6

Publication: IEEE Trans. Neural Networks - Statistical active learning in
multilayer perceptrons.

Author: K. Fukumizu.

Description: We are interested in the problem of adaptive learning in the
context of automatic speech recognition (ASR). In this paper, we propose an active
learning algorithm for ASR. Automatic speech recognition systems are trained using

human supervision to provide transcriptions of speech utterances. The goal of Active

10
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Learning is to minimize the human supervision for training acoustic and language
models and to maximize the performance given the transcribed and untranscribed
data. Active learning aims at reducing the number of training examples to be labeled
by automatically processing the unlabeled examples, and then selecting the most
informative ones with respect to a given cost function for a human to label. In this
paper we describe how to estimate the confidence score for each utterance through
an on-line algorithm using the lattice output of a speech recognizer. The utterance
scores are filtered through the in formativeness function and an optimal subset of
training samples is selected. The active learning algorithm has been applied to both
batch and on-line learning scheme and we have experimented with different selective
sampling algorithms. Our experiments show that by using active learning the amount
of labeled data needed for a given word accuracy can be reduced by more than 60%

with respect to random sampling.
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CHAPTER 3

METHODOLOGY

3.1. SYSTEM ANALYSIS

After analyzing the requirements of the task to be performed, the next step
is to analyze the problem and understand its context. The first activity in the phase is
studying the existing system and another is to understand the requirements and
domain of the new system. Both the activities are equally important, but the first
activity serves as a basis of giving the functional specifications and then the
successful design of the proposed system. Understanding the properties and
requirements of a new system is more difficult and requires creative thinking and
understanding of existing running system is also difficult, improper understanding of
the present system can lead diversion from solution.

3.1.1. Analysis Model

The model that is basically being followed is the SPIRAL MODEL, which
states that the phases are organized in a linear order. First of all the feasibility study
is done. Once that part is over the requirement analysis and project planning begins.
If system exists one and modification and addition of the new module is needed,

analysis of the present system can be used as the basic model.

The design starts after the requirement analysis is complete and the coding
begins after the design is complete. Once the programming is completed, the testing
is done. In this model the sequence of activities performed in a software development

project is: -

» Requirement Analysis
» Project Planning
» System design
» Detail design
>

Coding

12



» Unit System integration & testing

» Here the linear ordering of these activities is critical. End of the phase and the
output of testing. One phase is the input of another phase. The output of each

phase is to be consistent with the overall requirement of the system.

SPIRAL MODEL was defined by Barry Boehm in his 1988 article, “A spiral
Model of Software Development and Enhancement. This model was not the first
model to discuss iterative development, but it was the first model to explain why the

iteration models.

" Cumulative cost
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N \ \
. ‘. “ Require- Risk analysis \ “
Review / / ments plan N \ '\ Operational |
Z [ ( \ Prototype 1 \l Prototype 2 | Prototype |
b | | T | |

\ Conceptof | Conceptof / Require- | |

. operation | require- ments / Draft | |

s, / / Detailed /

= design /

Development | Verification ;

plan | & Validation
R Code
Test plan | Verification e Integration
e & Validation s
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3. Development and Test

Fig 3.1 Spiral Model
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3.2. EXISTING SYSTEM

Imbalanced data typically refers to classification tasks where
the classes are not represented equally. Most machine learning algorithms work best
when the number of samples in each class is about equal in representation of some
particular data. This is because most algorithms are designed to maximize accuracy
and reduce error in this application with the use of optimization in novel online
sequential weighted extreme learning machine algorithms with iterative procedure
that extracts more instances belonging to minor data“s in this application. A batch of
data that has been uploaded without the label then by splitting up of data on basis of
that weightage of data is separated and labeled according to the type of data .when a
set of data is generated in cluster technique by getting those data the clustered form
is deployed by the new label of data. In the present system the problem of active
learning in class imbalance scenario of online weighted extreme learning machine,
they find that harmfulness of skewed data distribution is related to multiple factors
Datasets are stored in two sets of data with labeled form and un-labeled data which
has stored in the database. It has low imbalanced ratio and small classification
overlapping, we have to assign a large threshold for them to construct classification
models, and readers are suggested to examine the instance distribution on the
initially labeled set.

3.2.1. Disadvantage

e [t shouldn“t be messy, because you don“t want to spend a lot of time in
cleaning and overlapping of data in the dataset.

e Accurate data are not evaluated in this process when unlabeled data are
extracted from the uploaded function.

e Data sets are not appropriate with the type of data that enhances the
disjunction of collected data.

e Multiple Dataset values are not labeled and identified with the set of

datasets from different numbers of instances.

14



e [tincreases the likelihood of over fitting since it replicates the minority class
events with reputing the dataset from the collection of particular labeled

data and unlabeled data in the form of a set.

3.3. PROPOSED SYSTEM

In our proposed system learning materials are posted by public users any
public persons can give their data. Data will be uploaded by a file using file upload
Learning materials will be viewed by Human Annotator and he need to separate
labeled and unlabelled data®“s and need to allocate a label or need to continue with
matching label, once the data are labeled it will be available for learners. This process
is achieved by AOW-ELM algorithm. Data set is a collection of subsets of the data
such that every data point is in at least one of the subsets. Formally, we say a
cover Ui of a data set X is satisfies the condition that for any x € X, there exists at
least on Ui € Ui such that x € Ui. In practice, we often have that each point is contained
in multiple datasets. The functionalities that has been done here with few algorithm of
handling those data with Active Learning with Extreme Learning and Online extreme
machine learning by using these algorithm getting the data from unlabeled set of data
and labeled set of data are managed with the type of data that has been uploaded in
the form of document or text with the data is further processed. By exploring the
skewed data from the probabilistic distribution of those data with accurate data type.
The datasets are simplified complex created from multiple data sets by labeling each
data‘s.

3.3.1. Advantage

e Theft of data or leakage of data is not found here and there is no loss of

information from the given data.

e It's simple to implement and interpret with the user by getting a labeled

form of data to identify its type of instance.

15



e It can help improve the runtime of the model and solve the memory
problems in the section of adding data in a set by reducing the number of

training data samples when the training data set is enormous.

Feature space

Training

Labeled set

Instances

Feature space

Model

Human a“nm/

? | Selecting

Unlabeled set

Fig 3.2 System Architecture

3.4. MODULES OF THE PROJECT

3.4.1. Authentication and Authorization

Authentication is about verification of your credentials such as
Username/User ID and password to verify your personality. The system analysis
whether you are using your credentials or not. Usually, authentication is done with a
username and password, although there are various ways to be authenticated.
However, the authorization process of this is to give access in the form of approval to
the user. So that after the approval the one can able to access by verifying your
rights.

3.4.2. Material Upload

The learning material will be upload by Public post, material can be

uploaded by labeled or unlabeled material and all the materials will be stored in the
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server, Human Annotator will collect all the labeled and unlabeled learning materials
labeled materials will be visible in Active learning and unlabeled data will be labeled
by human annotator and that material also available for Active learning.

3.4.3. Active Learning

The merits of active learning lie in decreasing both the burden of human
experts and the complexity of training instances but acquiring a classification model
that delivers superior or comparable performance to the model with labeling all
instances. It is well known that active learning can simultaneously improve the quality
of the classification model and decrease the complexity of training instances.
However, several previous studies have indicated that the performance of active
learning is easily disrupted by an imbalanced data distribution. Some existing
imbalanced active learning approaches also suffer from either low performance or
high time consumption.

3.4.4. Active Learning with Extreme Learning Machine

We proposed an active learning algorithm based on ELM and named it
AOW-ELM. We found that the actual outputs of ELM can reflect the uncertainty level
of instances, i.e., their classification confidences. Specifically, we also proved that
there is an approximate; mapping relationship between the actual outputs of ELM and
the posterior probabilities in the Bayes classifier.

3.4.5. Learning Material

The material will be available for the user when all the data“s are have
been labeled and user can choose the learning materials from the available materials

and can view the detailed learning material.

3.5. FEASIBILITY REPORT

The preliminary investigation examines project feasibility, the likelihood the
system will be useful to the organization. The main objective of the feasibility study is
to test the Technical, Operational and Economical feasibility for adding new modules

and debugging oldest running system. All system is feasible if they are unlimited
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resources and infinite time. There are aspects in the feasibility study portion of the

preliminary investigation:
» Technical Feasibility
» Operational Feasibility
» Economic Feasibility
3.5.1. Technical Feasibility

The technical issue usually raised during the feasibility stage of the
investigation includes the following:

» Does the necessary technology exist to do what is suggested?

» Do the proposed equipment®s have the technical capacity to hold the data

required to use the new system?

» Will the proposed system provide adequate response to inquiries, regardless

of the number or location of users?
» Can the system be upgraded if developed?

> Are there technical guarantees of accuracy, reliability, ease of access and data

security?

Earlier no system existed to cater to the needs of ,Secure Infrastructure
Implementation System®. The current system developed is technically feasible. It is a
browser based user interface for audit workflow. Thus, it provides an easy access to
the users.

The purpose is to create, establish and maintain a workflow among
various entities in order to facilitate all concerned users in their various capacities or
roles. Permission to the users would be granted based on the rules specified.
Therefore, it provides the technical guarantee of accuracy, reliability and security. The
software and hard requirements for the development of this project are not many and

are already available or are available as free as open source.
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The work for the project is done with the current equipment and existing
software technology. Necessary bandwidth exists for providing a fast feedback to the
users irrespective of the number of users using the system.

3.5.2. Operational Feasibility

The analyst considers the extent the proposed system will fulfill his
departments. That is, whether the proposed system covers all aspects of the working
system and whether it has considerable improvements. We have found that the
proposed “Secure transaction” will certainly have considerable improvements over the
existing system.

3.5.3. Economic Feasibility

The proposed system is economically feasible because the cost involved
in purchasing the hardware and the software is within approachable. Working in this
system need not require a highly qualified professional. The operating-environment

costs are marginal. The less time involved also helped in its economic feasibility.

3.6. SOFTWARE REQUIREMENT SPECIFICATION

The purpose of this document is to present a detailed description of the
Web application system. It will explain the purpose and features of the system, the
interfaces of the system, what the system will do, the constraints under which it must
operate and how the system will react to external stimuli. This document is intended
for both the stakeholders and the developers of the system and will be proposed to
the Regional Historical Society for its approval. The purpose of this Software
Requirement Specification (SRS) is to help the project. It is provided with some
requirements which are used in the Transaction Mercator System. All parts design,
coding and testing will be prepared with helping of SRS. The purpose of this
document is to detail the requirements placed on the Transaction Mercator System
and serves as a contract between the customer and the developers as to what is to
be expected of the stock exchange, and how the components of the system are

working with each other with external systems.
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3.6.1.

Developers Responsibilities Overview

The developer is responsible for developing the system, which meets

the SRS and solving all the requirements of the system?

>

3.6.2.

3.6.3.

Demonstrating the system and installing the system at client's location after the
acceptance testing is successful. Submitting the required user manual
describing the system interfaces to work on it and also the documents of the

system
Conducting any user training that might be needed for using the system.
Maintaining the system for a period of one year after installation.
Functional Requirements

Following is a list of functionalities of the browsing enabled system.

An Activity with a Ul that allows you to browser settings. Provide a second
Activity that allows users to access the share with permission from the
administrator. Handle activity lifecycle appropriately. A precondition for any

points in this part of the grade is code that compiles and runs.

Your application should allow a user to browse the shares, buy and sell the
shares with specific metadata. The assignment requires you to create a Ul for

browsing and a Ul for integrating the two.

Non-Functional Requirements

Each member should have a separate system. The system should ask the
username and password to open the application. It doesn®t permit to
unregistered user to access the System. The system should have Role based
System functions access. Approval Process has to be defined. The system
should have Modular customization components so that they can be reused
across the implementation.

Secure access of confidential data (employee®s details). 24 X 7 availability.
Better component design to get better performance at peak time.

Flexible service based architecture will be highly desirable for future extension.
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3.6.4. Performance Requirements

Performance is measured in terms of the output provided by the
application. Requirement specification plays an important part in the analysis of a
system. Only when the required specifications are properly given, it is possible to
design a system, which will fit into required environment. It rests largely in the part of
the users of the existing system to give the required specifications because they are
the people who finally use the system. This is because the requirements have to be
known during the initial stages so that the system can be designed according to those
requirements. It is very difficult to change the system once it has been designed and
on the other hand designing a system, which does not cater to the requirements of

the user, is of no use.

3.7. THE .NET FRAMEWORK ARCHITECTURE

.NET Framework (pronounced dot net) is a software framework
developed by Microsoft that runs primarily on Microsoft Windows. It includes a large
class library known as Framework Class Library (FCL) and provides language
interoperability (each language can use code written in other languages) across
several programming languages. Programs written for the .NET Framework execute
in a software environment (as contrasted to hardware environment), known as the
Common Language Runtime (CLR), an application virtual machine that provides
services such as security, memory management, and exception handling. FCL and
the CLR together constitute .NET Framework.

FCL provides user interface, data access, database connectivity,
cryptography, web application development, numeric algorithms, and network
communications. Programmers produce software by combining their own source
code with the .NET Framework and other libraries. .NET Framework is intended to be
used by most new applications created for the Windows platform. Microsoft also
produces an integrated development environment largely for .NET software called
Visual Studio.

The first level of the representation is the operating system; the .NET

layer is located between the system and applications. The second level is the
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Common Language Runtime (CLR), which provides the part of the .NET Framework
doing the most work. We discuss the CLR later in this chapter. The next level is the
Base Class Library (BCL), which provides all .NET objects that can be used both in
your code and by Visual Basic when creating applications. The BCL also provides the
infrastructure of several .NET technologies that you use in building applications, such
as WPF, Windows Forms, ASP.NET, WCF, and so on. The last level is represented

by applications that rely on the previous layers.

NET Framework

C#  WVB.NET C+-+.NET Other

l Common Language Specification I

Framework Class Library

Windows Forms

[contois ] [oroug]
[Sintous optcation arvess |
[mooner | [ on | [ owwsans | [ |
e e |

Common Language Runtime

| Operating System I

Fig 3.3 .NET Framework

3.7.1. Common Language Runtime engine

Common Language Runtime (CLR) serves as the execution engine of
the .NET Framework. All .NET programs execute under the supervision of the CLR,
guaranteeing certain properties and behaviors in the areas of memory management,

security, and exception handling.
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3.7.2. Language Independence

.NET Framework introduces a Common Type System, or CTS. The CTS
specification defines all possible data types and programming constructs supported
by the CLR and how they may or may not interact with each other conforming to the
Common Language Infrastructure (CLI) specification. Because of this feature, the
.NET Framework supports the exchange of types and object instances between
libraries and applications written using any conforming.NET language.

3.7.3. Framework Class Library

Framework Class Library (FCL) is a library of functionality available to all
languages using the .NET Framework. FCL provides classes that encapsulate a
number of common functions, including file reading and writing, graphic rendering,
database interaction, XML document manipulation, and so on. It consists of classes,
interfaces of reusable types that integrate CLR.

3.7.4. Simplified deployment

The .NET Framework includes design features and tools which help
manage the installation of computer software to ensure that it does not interfere with
previously installed software, and that it conforms to security requirements.

3.7.5. Security

The design addresses some of the vulnerabilities, such as buffer
overflows, which have been exploited by malicious software. Additionally, .NET
provides a common security model for all applications.

3.7.6. Portability

While Microsoft has never implemented the full framework on any
system except Microsoft Windows, it has engineered the framework to be platform-
agnostic, and cross-platform implementations are available for other operating
systems (see the Silver light and Alternative implementations). Microsoft submitted
the specifications for CLI (which includes the core class libraries, CTS, and the
Common Intermediate Language), C#, [20] and C++/CLI to both ECMA and ISO,

making them available as official standards. This makes it possible for third parties to
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create compatible implementations of the framework and its languages on other
platforms.

3.7.7. Common Language Specification

CLS is a set of rules that specifies the features that all languages should
support. CLS is an agreement among language designers and class library designers
about the features and usage conventions that can be relied upon. Since some
languages are not case sensitive. This does not mean all languages are not case
sensitive above the CLR.

Goal: have the .NET framework support multiple languages.

Example: public names should not rely on case for uniqueness

3.8. SQL SERVER 2014

SQL is a relational database management system (RDBMS) that runs
as a server providing multi-user access to a number of databases. It is a popular
choice of database for the use in web applications and is an open source product.
The process of setting up a SQL database varies from host to host, however, we will
end up with a database name, a user name and a password. Before using our
database, we must create a table. A table is a section of the database for storing
related information. In a table, we will set up the different fields that will be used.
Creating a table is simple; we just have to type the name, select the number of fields
and click the ,go" button. We will then be taken to a setup screen where you must

create the fields in the database.

WEB SERVER & DATABASE

5 ont
Lihient

Fig 3.4 Server Architecture
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SQL is used to communicate with a database. According to ANSI, it is
the standard language for relational database management systems. SQL statements
are used to perform tasks such as update data on a database, or retrieve data from a
database. Some common relational database management systems that use SQL
are: Oracle, Sybase, Microsoft SQL Server, Access, Ingres, etc. Although most
database systems use SQL, most of them also have their own additional proprietary
extensions that are usually only used on their system. However, the standard SQL
commands such as "Select", "Insert", "Update", "Delete", "Create", and "Drop" can be
used to accomplish almost everything that one needs to do with a database.

Microsoft SQL Server is a relational database management system
developed by Microsoft. As a database, it is a software product whose primary
function is to store and retrieve data as requested by other software applications, be it
those on the same computer or those running on another computer across a network
(including the Internet). SQL Server 2014 (formerly codenamed "Katmai") was
released on April 2014, and aims to make data management, self-tuning, self
organizing, and self maintaining with the development of SQL Server Always On
technologies, to provide near-zero downtime. SQL Server 2014 also includes support
for structured and semi-structured data, including digital media formats for pictures,
audio, video and other multimedia data. In current versions, such multimedia data can
be stored as BLOBs, but they are generic bit streams. Intrinsic awareness of
multimedia data will allow specialized functions to be performed on them. According
to Paul Flessner, senior Vice President, Server, Applications, Microsoft Corp., SQL
Server 2014 can be a data storage backend for different varieties of data: XML, email,
time/calendar, file, document, spatial, etc as well as perform search, query, analysis,

sharing, and synchronization across all data types.

3.9. SYSTEM DESIGN

Software design sits in the technical kernel of the software engineering
process and is applied regardless of the development paradigm and area of

application. Design is the first step in the development phase for any engineered
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product or system. The designer"s goal is to produce a model or representation of an
entity that will later be built. Beginning, once system requirement has been specified
and analyzed, system design is the first of the three technical activities -design, code
and test that is required to build and verify software. The importance can be stated
with a single word “Quality”. Design is the place where quality is fostered in software
development. Design provides us with representations of software that can assess for
quality. Design is the only way that we can accurately translate a customer's view into
a finished software product or system. Software design serves as a foundation for all
the software engineering steps that follow. Without a strong design we risk building an
unstable system - one that will be difficult to test, one whose quality cannot be
assessed until the last stage. During design, progressive refinement of data structure,
program structure, and procedural details are developed reviewed and documented.
System design can be viewed from either technical or project management
perspective. From the technical point of view, design is comprised of four activities —

architectural design, data structure design, interface design and procedural design.

3.10. SYSTEM TESTING AND IMPLEMENTATION

Software testing is a critical element of software quality assurance and
represents the ultimate review of specification, design and coding. In fact, testing is
the one step in the software engineering process that could be viewed as destructive
rather than constructive.

A strategy for software testing, integrates software test case design
methods into a well-planned series of steps that result in the successful construction
of software. Testing is the set of activities that can be planned in advance and
conducted systematically. The underlying motivation of program testing is to affirm
software quality with methods that can economically and effectively apply both
strategic to both large and small-scale systems.

3.10.1. Strategic Approach to Software Testing

The software engineering process can be viewed as a spiral. Initially

system engineering defines the role of software and leads to software requirement
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analysis where the information domain, functions, behavior, performance, constraints
and validation criteria for software are established. Moving inward along the spiral, we
come to design and finally to coding. To develop computer software we spiral in along
streamlines that decrease the level of abstraction at each turn.

A strategy for software testing may also be viewed in the context of the
spiral. Unit testing begins at the vertex of the spiral and concentrates on each unit of
the software as implemented in source code. Testing progress is done by moving
outward along the spiral to integration testing, where the focus is on the design and
the construction of the software architecture. Talking another turn on outward on the
spiral we encounter validation testing where requirements established as part of
software requirements analysis are validated against the software that has been
constructed. Finally, we arrive at system testing, where the software and other system

elements are tested as a whole.

3.11. SYSTEM SECURITY

The protection of computer based resources that include hardware,
software, data, procedures and people against unauthorized use or natural Disaster is
known as System Security.

Security system can be divided into four related issues:
» Security
» Integrity
» Privacy
» Confidentiality
3.11.1. Security in Software

System security refers to various validations on data in the form of checks
and controls to avoid the system from failing. It is always important to ensure that only
valid data is entered and only valid operations are performed on the system. The

system employs two types of checks and controls:
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3.11.1.1. Client Side Validation

Various client side validations are used to ensure on the client side that
only valid data is entered. Client side validation saves server time and load to handle

invalid data. Some checks are imposed:

» JavaScript in used to ensure those required fields are filled with suitable data

only. Maximum lengths of the fields of the forms are appropriately defined.

» Forms cannot be submitted without filing up the mandatory data so that
manual mistakes of submitting empty fields that are mandatory can be sorted

out at the client side to save the server time and load.

» Tab-indexes are set according to the need and taking into account the ease of

use while working with the system.
3.11.1.2. Server Side Validation

Some checks cannot be applied on the client side. Server side checks
are necessary to save the system from failing and intimating the user that some
invalid operation has been performed or the performed operation is restricted. Some

of the server side checks imposed is:

» A server side constraint has been imposed to check for the validity of primary
key and foreign key. A primary key value cannot be duplicated. Any attempt to
duplicate the primary value results in a message intimating the user about
those values through the forms using foreign key can be updated only of the

existing foreign key values.

» The user is intimated through appropriate messages about the successful

operations or exceptions occurring at server side.
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CHAPTER 4

RESULTS AND DISCUSSIONS

4.1. NORMALIZATION

It is a process of converting a relation to a standard form. The process is
used to handle the problems that can arise due to data redundancy, i.e. repetition of
data in the database, maintain data integrity as well as handling problems that can
arise due to insert, update, delete anomalies. Decomposing is the process of splitting
relations into multiple relations to eliminate anomalies and maintain anomalies and

maintain data integrity. To do this we use normal forms or rules for structuring

relation.
Table 4.1 Design for User Register
S.no Logical name Data type Is Null Comments
1 ID INT N This is primary
column, used to
identify the row
uniquely.
2 Username VARCHAR(20) N Denotes the original
name of the user.
3 Email ID VARCHAR(20) N Used to confirm the
identity of a user.
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4 Mobile No VARCHAR(25) Used to
communicate with
the user.
5 Age VARCHAR(MAX) Denotes Age of
user.
6 Security Question VARCHAR(50) Authentication
Process of User
7 Security Answer VARCHAR(50) Used to confirm the
Authorisation of
user.
8 Date DATE Get the current
Date
9 Security Key INT Used to confirm the
identity of a user
10 Block Status VARCHAR(50) Used to find
Account status
11 Password VARCHAR(50) Used to confirm the

identity of a user
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Table 4.2 File Upload

S.no Logical name Data type Is Null Comments

1 File Id INT N This is primary
column, used to
identify the row

uniquely.

2 Subject VARCHAR(50) N Used to get the

subject of Files

3 File Path VARCHAR(MAX) N Used to get the
Path of Files
4 Bytes BYTES N Used to convert

files to bytes

5 File Data VARCHAR(MAX) N Used to get the

Content of the files

6 File Name VARCHAR(50) N Used to get File
Name
7 File Extension VARCHAR(50) N Used to identify the

file Extension
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8 File Size VARCHAR(50) N Used to get size of
the File in KB

9 File Verify VARCHAR(50) N Used to verify the

uploaded files

10 Labelled By VARCHAR(50) N Used to label the

uploaded files

4.2. E-RDIAGRAMS

The relation upon the system is structured through a conceptual ER-
Diagram, which not only specifics the existing entities, but also the standard relations
through which the system exists and the cardinalities that are necessary for the
system state to continue._The Entity Relationship Diagram (ERD) depicts the
relationship between the data objects. The ERD is the notation that is used to
conduct, the date modeling activity the attributes of each data object noted, is the
ERD can be described resign a data object description.

The set of primary components that are identified by the ERD are
e Data object
¢ Relationships
o Attributes

e Various types of indicators.
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4.3. DATA FLOW DIAGRAM

A Data Flow Diagram (DFD) is a graphical tool used to describe and
analyze movement of data through system. It is a graphical representation of the
“flow” of data through a computer system or a data or it looks at how data flows
through a system. These are central tool and basic from which the other components
are developed. The transformation of data from input to output, through processed
may be described logically and independently of physical components associated
with the system. The development of DFD is done at several levels. The flow diagram
describes the boxes that describe computations, decisions, interactions & loops. It is

important to keep in mind that the flow diagrams are not flowcharts and should not

include control elements.
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4.4. ALGORITHM
Active Online Weighted Extreme Learning Machine (AOW - ELM)
¢ Online Sequential Weighted Extreme Learning Machine
e Weight Update Rule
e Early Stopping Criterion
e AOW-ELM Algorithm Description

Input: A collected unlabeled instance set, the number of initially labeled instances Kk,
the initially labeled set

Yy = @, the number of labeled instances on each round

u, the number of the hidden nodes L, the penalty factor

C, and the stopping threshold p.

Output: The final weight matrix B(F).

Overall, 32 binary-class imbalanced data sets that are used, most of
which come from the University of California-lrvine (UCI) machine learning data
repository, and the others are from several publications about bioinformatics. These
data sets have different number of instances, number of features, and class
imbalance ratios. In addition, for each data set, half of the instances are reserved as

the test set, and in the other half, a specific percentage of instances is extracted as
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an initially labeled seed set. The percentage correlates with the size of the data set
and class imbalance ratio to avoid cold starts as much as possible. Furthermore, the
batch size of active learning, i.e., the nhumber of instances labeled on each round, is
also associated with the size of data set.

EL Machine was initially bounced for single layer feed forward systems
anywhere info loads of a SLFN are haphazardly produced, and vyield loads are
prepared with bunch learning procedure of less squares. It has been demonstrated
haphazardly shrouded neurons and tunable yield loads having all-inclusive estimation
and astounding speculation execution. All the more critically, ELM outflanks most
existed learning calculations in preparing speed and it has been broadly utilized in
utilizations of face acknowledgment, picture handling and classification, power value
arrangement, vitality product prospects record estimate, area fingerprinting strategy,
protein succession order, and area grouping. Data streams with class awkwardness
happen as a rule in numerous genuine applications.

Online consecutive learning is the one of the successful strategies for
ordering information creek with class irregularity. Based on online successive
extraordinary one, the proposed dw-ELM strategy breaks down the circulation normal
for information taking into account existence, and gives a versatile double weighting
plan to tune the loads at both the time level and the space level. Broad trial
assessments on 10 imbalanced datasets demonstrate that the technique beats a few
looking at strategies as far as G-mean and F-measure measurements. Imbalanced
information arrangement by consolidating casting a ballot technique into weight as
outrageous learning machine (weighted ELM), these significant advances are
associated with the proposed strategy: preparing weighted ELM classifiers, killing not
usable orders to decide appropriate classifiers for casting a ballot, lastly deciding the
characterization result dependent on greater part casting a ballot.

Human Annotator will gather all the named and unlabeled learning
materials named materials will be noticeable in Active learning and unlabeled
information will be marked by human annotator and that material additionally
accessible for Active learning. We proposed an AOW-ELM; In particular, we

additionally demonstrated that there is an inexact mapping connection between the
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genuine yields of ELM also probabilities in the Bayes classifier. The material will be
accessible for the client when all the information's are have been named and client
can pick the taking in materials from the accessible materials and can see the definite
learning material and materials can be downloaded for their utilization.
The merits of the AOW-ELM algorithm can be summarized as follows.

e |t has a robust weight update rule.

e Its running time is fast and linear with the training instances.

e It has a flexible early stopping criterion.

e |tis appropriate for various types of data sets.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

The labeled and unlabelled data have been analyzed by human
annotators and matched with labeled appropriate data sets are achieved and it will be
available for learners. The clustering of data is shared from the user by getting the
instance with proper updating of data. In future enhancement sample and clustering
must be separated into material and evidence at the time of posting public data“s, By
Recall method, recall is the humber of True Positives divided by the number of True
Positives and the number of False Negatives. By the data that has been posted in the
form of sudation with document in that particular data that is labeled and unlabelled.
Those unlabelled data are separated by type of data and by letting the data with a set
of labeled data. By adding another way it is the number of positive predictions divided
by the number of positive class values in the test data. It is also called Sensitivity or
the True Positive Rate. In the future work, we will focus more on the problem of active
learning on multiclass imbalanced data sets. In addition, the active learning strategies
addressing imbalanced and unlabeled data streams with handling concept drifts will

also be investigated.
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APPENDIX

A. SAMPLE CODE

AdminLogin.aspx.cs
using System;
using System.Collections;
using System.Configuration;
using System.Data;
using System.Lingq;
using System.Web;
using System.Web.Security;
using System.Web.UI;
using System.Web.Ul.HtmIControls;
using System.Web.Ul.WebControls;
using System.Web.Ul.WebControls.WebParts;
using System.Xml.Ling;
public partial class AdminLogin : System.Web.Ul.Page
{
string upid, uppwd;
protected void Page_Load(object sender, EventArgs e)
{
}

protected void ImageButton1_Click(object sender, ImageClickEventArgs e)

{

Response.Redirect("Default.aspx");

}

protected void ImageButton1_Click1(object sender, ImageClickEventArgs e)

{
upid = TextBox1.Text.ToUpper();

uppwd = TextBox2.Text. ToUpper();
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if (TextBox1.Text =="")
{
string myStringVariable1 = string.Empty;
myStringVariable1 = "Enter Admin ID";
ClientScript.RegisterStartupScript(this.GetType(), "myalert", "alert("™ +
myStringVariable1 +™);", true);
}

else

{

if (TextBox2.Text =="")

{
string myStringVariable1 = string.Empty;
myStringVariable1 = "Enter Admin Password";

ClientScript.RegisterStartupScript(this.GetType(), "myalert", "alert(

+ myStringVariable1 +");", true);

}
else
{
if (upid == "SERVER" && uppwd == "SERVER")
{
Response.Redirect("AdminMain.aspx");
//Session["AdminID"] = TextBox1.Text;
}
else
{

string myStringVariable1 = string.Empty;
myStringVariable1 = "Enter Admin ID/Password Correcly.";
ClientScript.RegisterStartupScript(this.GetType(), "myalert",

"alert("" + myStringVariable1 + ");", true);

}
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}

protected void ImageButton2_Click(object sender, ImageClickEventArgs e)
{

TextBox1.Text ="";

TextBox2.Text ="";

Labellingl.aspx.cs
public partial class Labbling1 : System.Web.Ul.Page
{
SqglConnection con = new
SqglConnection(ConfigurationManager.AppSettings['ConnectionString"]);
Cryptography cr = new Cryptography();
string fileid, fverify = "YES";
protected void Page_Load(object sender, EventArgs e)
{
fileid = (string)Request.Params["ID"];
Session["FilelD"] = fileid;
SqglDataAdapter adp = new SqglDataAdapter("Select * from filearchive
where fid="" + fileid + """, con);
DataSet ds = new DataSet();
adp.Fill(ds);
Label4.Text = ds.Tables[0].Rows|[0]["fid"]. ToString();
Label7.Text = ds.Tables[0].Rows[0]["ffilename"]. ToString();
Label10.Text = ds.Tables[0].Rows[0]["fsubject"]. ToString();
Label13.Text = ds.Tables[0].Rows[0]["fext"]. ToString();
Label16.Text = ds.Tables[0].Rows|[0]["fsizeinkb"]. ToString();
Label19.Text = "Uploads/" + ds.Tables[0].Rows[0]["ffilename"]. ToString();
Label26.Text = ds.Tables[0].Rows[0]["fdatetime"]. ToString();
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Label23.Text = ds.Tables[0].Rows[0]["labelledby"]. ToString();
if (Label23.Text !="--Select--")
{
ImageButton1.Visible = false;
DropDownlList1.Visible = false;
Label23.Visible = true;
string myStringVariable1 = string.Empty;
myStringVariable1 = "Material already Labelled.";
ClientScript.RegisterStartupScript(this.GetType(), "myalert", "alert("™ +
myStringVariable1 +™);", true);
}
else
{
DropDownlList1.Visible = true;
ImageButton1.Visible = true;
Label23.Visible = false;

}
}
protected void ImageButton1_Click(object sender, ImageClickEventArgs e)
{

if (DropDownList1.Selectedindex == 0)

{

string myStringVariable1 = string.Empty;
myStringVariable1 = "Please Select any Material Type !";
ClientScript.RegisterStartupScript(this.GetType(), "myalert", "alert("™ +
myStringVariable1 +");", true);
}

else

{
con.Open();

46



SqglCommand cmd1 = new SglCommand("update filearchive set

labelledby="" + DropDownList1.Selectedltem.Text + " where fid="" +
Label4.Text + "™, con);

cmd1.ExecuteNonQuery();

con.Close();

Response.Redirect("Labbling2.aspx");

UserLearning.aspx.cs
public partial class UserLearning : System.Web.UIl.Page
{
SqglConnection con = new
SqglConnection(ConfigurationManager.AppSettings['ConnectionString"]);
Cryptography cr = new Cryptography();
string fileid, fverify = "YES";
protected void ImageButton1_Click(object sender, ImageClickEventArgs e)
{
TextBox1.Text ="";
if (DropDownList1.SelectedIindex == 0)
{
string myStringVariable1 = string.Empty;
myStringVariable1 = "Please Select any Learning Material Type !";
ClientScript.RegisterStartupScript(this.GetType(), "myalert", "alert(" +
myStringVariable1 +");", true);
}

else

{
con.Open();
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SqglDataAdapter adp = new SqglDataAdapter("Select * from filearchive
where labelledby=""
fverify="YES", con);

DataSet ds = new DataSet();

+ DropDownList1.Selectedltem.Text + ™ and

adp.Fill(ds);

if (ds.Tables[0].Rows.Count != 0)

{
for (inti=0;i <= ds.Tables[0].Rows.Count - 1; i++)
{

TextBox1.Text = TextBox1.Text +
ds.Tables[0].RowsJi]["fileorgdata"]. ToString() + "<\br>";
}
con.Close();
string myStringVariable1 = string.Empty;
myStringVariable1 = "SUCCESS ! Admin collect all the materials and
MATCH the Results !";
ClientScript.RegisterStartupScript(this.GetType(), "myalert", "alert(™
+ myStringVariable1 +");", true);
}
else
{
string myStringVariable11 = "LEARNING MATERIAL NOT
AVAILABLE !";
ClientScript.RegisterStartupScript(this.GetType(), "myalert", "alert(™
+ myStringVariable11 +™);", true);

}
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OwnerFileUpload.aspx.cs
public partial class OwnerFileUpload : System.Web.Ul.Page
{
SqlConnection con = new
SqglConnection(ConfigurationManager.AppSettings['ConnectionString"]);
Class1 cs = new Class1();
Cryptography cr = new Cryptography();
string gMailAccount = "customerservice404@gmail.com";
string to;
string subject = "Upload Status";
string message;
string pwd1, sub;
string mydocpath, filenamemain;
static string ownerid, filePath, filename, filesize, fileext, date;
string cryptographykey, fileenccryptographykey;
static byte[] filebytes;
static float filesiz = Of;
string splitfilesize, checkfilename, yes, yes1, binary1, binarylenc;
string fverify = "NO", fmodify ="", fdownload = "Block", keyrequest = "Null",
emailid;
protected void Page_Load(object sender, EventArgs e)
{
Label4.Text = Convert. ToString(cs.idgeneration1());
ownerid = (string)Session["userid"];
}
protected void Button1_Click(object sender, EventArgs e)
{
TextBox2.Text ="";
TextBox3.Visible = false;
}

protected void ImageButton2_Click(object sender, ImageClickEventArgs e)
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Label6.Visible = false;
}

protected void ImageButton3_Click(object sender, ImageClickEventArgs e)

{
TextBox2.Text ="";

}

protected void ImageButton1_Click(object sender, ImageClickEventArgs e)
{
filename = System.l0.Path.GetFileName(FileUpload1.FileName);
if (filename =="")
{
string myStringVariable1 = string.Empty;
myStringVariable1 = "select any one file";
ClientScript.RegisterStartupScript(this.GetType(), "myalert", "alert("™ +
myStringVariable1 +™);", true);
}
else
{
filePath = Request.PhysicalApplicationPath + "Uploads/" +
System.|O.Path.GetFileName(FileUpload1.FileName);
FileUpload1.SaveAs(filePath);
filebytes = new byte[FileUpload1.PostedFile.InputStream.Length];
FileUpload1.PostedFile.InputStream.Read(filebytes, 0,
filebytes.Length);
System.|O.Path.GetExtension(FileUpload1.PostedFile.FileName);
filesiz = (float)FileUpload1.PostedFile.ContentLength / 1024;
filesize = Convert.ToString(filesiz) + " KB";
Panel3.Visible = true;

Panel2.Visible = false;
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}

protected void ImageButton4_Click(object sender, ImageClickEventArgs e)
{
date = Convert.ToString(DateTime.Now.ToShortDateString());
Random val = new Random();
int rno = val.Next(12345, 54321);
cryptographykey = Convert. ToString(rno);
fileenccryptographykey = cr.Encrypt(cryptographykey);
splitfilesize = Convert.ToString(filesiz);
for (inti = 0;i < splitfilesize.Length; i++)
{
char c = splitfilesize[i];
string binary = Convert.ToString(c, 2);
binary1 = binary1 + binary;
}
binarylenc = cr.Encrypt(binary1);
if (TextBox2.Text =="")
{
string myStringVariable1 = string.Empty;
myStringVariable1 = "Enter File Subject."”;
ClientScript.RegisterStartupScript(this.GetType(), "myalert", "alert("™ +
myStringVariable1 +");", true);
}
else
{
TextBox3.Text = binary1;
ImageButton4.Visible = false;
SqglDataAdapter adp = new SqglDataAdapter("select * from filearchive",
con);
DataSet ds = new DataSet();
adp.Fill(ds);
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for (inti = 0;i < ds.Tables[0].Rows.Count; i++)

{
checkfilename = ds.Tables[0].Rows]i]["ffilename"]. ToString();
if (checkfilename == filename)
{
yes = "yes",
goto Outer;
}
else
{
yes ="no";
}
}
Web.config
<appSettings>

<add key="ConnectionString" value="Data Source=DESKTOP-
HSHUH7V;Initial Catalog=ImbalanceData;Integrated Security=True"/>
</appSettings>

Default.aspx
<%@ Page Language="C#" AutoEventWireup="true"
MasterPageFile=""/MasterPage.master" CodeFile="Default.aspx.cs"
Inherits="_Default" %>
<asp:Content ContentPlaceHolder|D="Default" runat="server">

<h2 style="position: absolute; top: 210px; left: 207px;" class="title"><a
href="#">Architecture </a></h2>

<asp:lmage Style="position: absolute; top: 270px; left: 215px; width: 608px;
height: 302px;"

ID="Image1" runat="server" ImageUrl=""/Images/arch.png" />

&nbsp; </asp:Content>
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ABSTRACT: - Imbalanced dataset is pertinent fundamentally with regards to directed Al including at
least two classes. Unevenness entails that the pile of info cynosures accessible for various classes are
peerless. These informational indexes are extraordinary caisson for arrangement issue where the class
conveyance isn‘t consonant. Normally, they are formed by two classes, the dominant part (negative)
class and the minority (positive) class. Data about trial examines sets the Active learning is without a
doubt compelling, however a few ongoing investigations have shown that dynamic learning is bombed
when it is applied to information. In our venture Human Annotator will gather the information's from
the open post and he will isolate named and unlabeled informational collections. Client need to enroll
their subtleties and they can see their learning materials. Our thought is this human annotator will
gather all the side effects of various maladies and he will isolate marked and unlabeled side effects of
ailments and afterward coordinate that specific indications with coordinating side effects of individual
infection by utilizing dynamic learning. The marked and unlabeled information's have been breaking
down by human annotator and coordinated with named proper informational indexes are
accomplished and it will be accessible for students.

Keywords: Active Learning, Human Annotator, Client, Learning Materials, Dataset.

I INTRODUCTION machine was learningarrangement calculations
or change of existing ones are likewise grown.
Numerous strategies have been grown as In any case, cases may emerge in reality
of late to battle imbalanced information applications [9] when the misclassification cost
grouping in machine learning. Information network is hard to produce. To abridge the
resampling strategies mean to adjusting current dynamic learning calculations applied in
information before applying standard order the situation of unequal information
learning calculations. Two notable procedures disseminations, we found that they experience
can be used—stratified sampling [5], in which the ill effects of either low arrangement
new information tests are produced between the execution or high time-utilization issues.
minority information and their chose nearby.
Tomek joins technique [6] and Wilson's altering Hence, right now, wish to propose a
[7] are under sampling strategies, in which a successful and effective calculation. The
small amount of the greater part information are proposed calculation is named AOW ELMand it
expelled. Adjusting information by resampling ought to be given in the selective samplinggroup
is useful in decreasing misclassification mistake, mode dynamic learn situation with a
be that as it may, the viability isn't steady vulnerability essentialness measure and E-
however issue subordinate [8].Then again, new Learning classifier.
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Next, we conclude a proficient web-based
learning method of WELM in principle and
plan a powerful weight update rule [10]. At last,
profiting by the possibility of the edge fatigue
standard, we present a progressively adaptable
and powerful early halting basis. In addition, we
attempt to just talk about why dynamic learning
[11] can be wupset by slanted example
conveyance, further researching the impact of
three fundamental dispersion factors, including
the class awkwardness proportion, class
covering, and little disjunction.

In particular, we propose receiving the
bunching strategies to beforehand choose the at
first named seed set, and along these lines stay
away from the missed group impact and cold
beginning marvel however much as could
reasonably be expected. Imbalanced information
commonly alludes to order errands where the
classes are not spoken to similarly. A large
portion of this present reality characterization
issues show some degree of class lopsidedness,
which happens when there are not adequate
examples of the information that compare to
both of the class marks. Thusly, it is basic to
pick the assessment metric of your model
effectively. In the event that it isn't done, at that
point you may wind up altering/enhancing a
futile parameter. For instance, the datasets that
manage false and non-fake exchanges [13],
almost certainly, the quantity of deceitful
exchanges as thinks about to the quantity of non-
fake exchanges will be particularly less. What's
more, this is the place the issue emerges. When
the dataset has underrepresented information,
the class conveyance begins slant.

What's more, besides, this can't at any rate
ensure a proficient answer for your business
issue. In most pessimistic scenarios, it may go to
finish squanders with zero buildups to reuse.
Managing imbalanced datasets incorporates
different techniques, for example, improving
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arrangement calculations or adjusting classes in
the preparation information before giving the
information as contribution to the Al [14]. Be
that as it may, for inquire about purposes, in our
task Human Annotator will gather the
imbalanced data's, he will isolate named and
unlabeled data's. Managing imbalanced datasets
incorporates different procedures, for example,
improving arrangement calculations or adjusting
classes in the preparation information before
giving the information as contribution to the
machine learning. The last procedure is favored
as it has more extensive application and
adjustment. In addition, the time taken to
improve is regularly higher than to create the
necessary examples [12]. Yet, for inquire about
purposes, in the venture Human Annotator will
gather the imbalanced data's, and it will isolate
marked and unlabeleddata.

Il RELATED WORK

[16] EL Machine was initially bounced
for single layer feedforward systems anywhere
info loads of a SLFN are haphazardly produced,
and yield loads are prepared with bunch learning
procedure of less squares. It has been
demonstrated haphazardly shrouded neurons and
tunable vyield loads having all-inclusive
estimation and astounding speculation execution
[17]. All the more critically, ELM outflanks
most existed learning calculations in preparing
speed [18] and it has been broadly utilized in
utilizations of face acknowledgment, picture
handling and classification, power value
arrangement, vitality product prospects record
estimate, area fingerprinting strategy, protein
successionorder, and area grouping.Yong Zhang
et al [2] Data streams with class awkwardness
happen as a rule in numerous genuine
applications.

Online consecutive learning is the one
of the successful strategies for ordering
information creek with class irregularity. This



paper come up with a double weighted online
successive outrageous expert system technigque
to comprehend it. Based on online successive
extraordinary one, the proposed dw-ELM
strategy breaks down the circulation normal for
information taking into account existence, and
gives a versatile double weighting plan to tune
the loads at both the time level and the space
level. Broad trial assessments on 10 imbalanced
datasets demonstrate that the technique beats a
few looking at strategies as far as G-mean and F-
measure measurements [19]. Chengbo Lu et
al[3] for imbalanced information arrangement
by consolidating casting a ballot technique into
weight as outrageous learning  machine
(weighted ELM), these significant advances are
associated with the proposed strategy: preparing
weighted ELM classifiers, killing notusable
orders to decide appropriate classifiers for
casting a ballot, lastly deciding the
characterization result dependent on greater part
casting a ballot.

11 EXISTING SYSTEM

Right now issue of dynamic learning in
class lopsidedness situation of online weighted
outrageous learning machine, they find that
hurtfulness of slanted information dispersion is
identified with various elements Datasets has
low imbalanced proportion and little grouping
covering, we need to allocate a huge edge for
them to develop characterization models,
perusers are propose to inspect the occurrence
conveyance on the at first named set.

3.1 CONS of EXISTING SYSTEM

e Accurate data are not evaluated.
e Data sets are not appropriate.
e Multiple Dataset values are not labelled.
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IV PROPOSED SYSTEM

In our proposed framework learning materials
are posted by open clients any open people can
give their information's .Learning materials will
be seen by Human Annotator and he have to
isolate named and unlabeledinformation's and
need to assign a mark or need to proceed with
coordinating name ,when the information's are
named it will be accessible for students.
Confirmation is about check of your
certifications, for example, Username/User ID
and secret key to confirm your character. The
learning material will be transfer by Public post,
material can be transferred by named or
unlabeled material and all the materials will be
put away in the server. Human Annotator will
gather all the named and unlabeled learning
materials named materials will be noticeable in
Active learning and unlabeled information will
be marked by human annotator and that material
additionally accessible for Active learning. We
proposed an AOW-ELM; In particular, we
additionally demonstrated that there is an
inexact mapping connection between the
genuine yields of ELM also probabilities in the
Bayes classifier. The material will be accessible
for the client when all the information's are have
been named and client can pick the taking in
materials from the accessible materials and can
see the definite learning material and materials
can be downloaded for their utilization.

Feature space

Labeled set

Training

Feature space

Instances

Model

Selecting

Unlabeled set

FIG 1 SYSTEM ARCHITECTUR



4.1 PROS of PROSPECTED SYSTEM

e No loss of data.

e It's easy to actualize and decipher.

e It can help improve the runtime of the
model and take care of the memory
issues by decreasing the quantity of
preparing information tests when the
preparation informational index s
gigantic.

V MODULES DESCRIPTION

5.1 AUTHENTICATION
AUTHORIZATION

AND

Confirmation is about check of your
accreditations, The framework investigation,
regardless of whether you are utilizing your
qualifications or not. As a rule, confirmation is
finished with a username and secret word, in
spite of the fact that there are different
approaches to be verified. Be that as it may, the
approval procedure of this is to give access as
endorsement to the client. So that after the
endorsement the one can ready to access by
confirming your privileges.

5.2 MATERIAL UPLOAD

The learning material will be transfer by
Public post, material can be transferred by
marked or unlabeled material and all the
materials will be put away in the server, Human
Annotator will gather all the named and
unlabeled learning materials named materials
will be unmistakable in Active learning and
unlabeled information will be named by human
annotator and that material likewise accessible
for Active learning.

5.3 ACTIVE LEARNING

The advantages of dynamic learning is in
reducing both in the heaviness of a human
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authorities and the eccentrics of planning events
anyway getting a request model that passes on
preferred or for all intents and purposes
indistinguishable execution over the model with
denoting all events. It is outstanding that
dynamic learning can at the same time the idea
of the gathering the multifaceted design of
getting ready models. Regardless, a couple past
examinations have demonstrated that the
introduction of dynamic learning is viably
irritated with an imbalanced data scattering.
Some present imbalanced powerful adopting in
strategies also experience the evil impacts of
either low execution or high time usage.

54 AL WITH EXTREME LEARNING
MACHINE

We intended a learning computation
reliant on ELM and given a name it as AOW-E-
LearningMachine. We originate that the genuine
yields of ELM can cast the powerlessness lay of
events, i.e.,, their gathering determinations.
Peculiarly, we moreover exhibited that there is a
harsh; mapping association between the genuine
yields of ELM and Bayes classifier.

VI RESULT AND DISCUSSION
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VII CONCLUSION

Right now, improved calculation
contracted for tackling double imbalanced
arrangement issues IW-ELM has been proposed.
We investigate the issue of dynamic learning in
class irregularity situation. We find that the
destructiveness ~ of  slanted  information
conveyance is identified with various factors,
and can be viewed as a blend of these
components. Various leveled grouping can be
adequately used to beforehand remove
beginning agent examples goesto a seed set
where it is to domicile the abeyant mislaid
bunch impact and bleak beginning wonder. The
examination between the proposed machine
calculation and some other benchmark
calculations demonstrates that AOW-ELM was a
successful technique to address the issue of
dynamic learning in a class irregularity situation.
Reenactment results showed that IWELM
accomplishes higher precision contrasted with
other ELM based calculations.
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