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Abstract - In this age of computer science each and every thing becomes intelligent and perform task as human. For that 
purpose there are various tools, techniques and methods are proposed. Support vector machine is a model for statistics and 
computer science, to perform supervised learning, methods that are used to make analysis of data and recognize patterns. 
SVM is mostly used for classification and regression analysis. And in the same way k-nearest neighbor algorithm is a 
classification algorithm used to classify data using training examples. In this paper we use SVM and KNN algorithm to 
classify data and get prediction (find hidden patterns) for target. Here we use some images  nominal data to classify and 
discover the data pattern to predict future progress os work, Uses data mining which is use to classify text analysis in future. 
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I. INTRODUCTION  

 
The human ability to analyze and classify objects and 
scenes rapidly and accurately is something that 
everybody finds highly useful in everyday. Thorpe 
and his colleagues found that humans are able to 
categorize complex natural scenes very quickly [1]. 
In order to understand a complex scene, the first step 
is to recognize the objects and then recognize the 
category of the scene [2]. In order to do this in 
computer vision, we use various classifiers that all 
have different characteristics and features. 
 
In the past, many classifiers have been developed by 
various researchers. These methods include naïve 
Bayes classifier, support vector machines, k-nearest 
neighbors, Gaussian mixture model, decision tree and 
radial basis function (RBF) classifiers [3,4].  
 
These classifiers are used in algorithms that involve 
object recognition. However object recognition is 
challenging for several reasons. The first and most 
obvious reason is that there are about 10,000 to 
30,000 different object categories. The second reason 
is the viewpoint variation where many objects can 
look different from different angles.  
 
The third reason is illumination in which lighting 
makes the same objects look like different objects. 
The fourth reason is the object from its background. 
Other challenges include scale,deformation, 
occlusion, and intra-class variation. Applications for 
classification in computer visioninclude 
computational photography, security, surveillance, 
and assistive driving. 
 

 
A typical classification method using the bag of 
words model consists of four steps as shown in Fig.1 
In short, the bag of words model creates histograms 
of images which is used for classification. 
 
In this paper, we will be comparing two different 
classification methods: Experimental evaluation is 
conducted on the  dataset  to see the difference 
between two classification methods.  In  upcoming 
Section , we will explain the two different 
classification methods we have used: KNN and SVM. 

 
II. MODELS 
 
A.    Application Model 
Participants of crowdsensing perceive their 
surrounding environment through their mobile 
phones, and the mobile  phones send the sensed data 
(e.g. radiation level, location) to the aggregator 
(Figure 1). We assume that the aggregator 
reconstructs the true data distribution, that is, it 
generates an estimated contingency table of the 
sensed data. For this reason, the aggregator requires 
categorical attribute values 
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Fig .2. Application Model 

 
In regard to mobile crowdsensing applications, we 
can consider the noise, the name of the city that each 
participant resides in, and other factors of the 
participants’ surrounding environment for urban 
planning , radiation levels , or the speed and type of 
cars, such as ambulance and taxi (in the anonymous 
monitoring of drivers). The data to be collected might 
also include personal data such as sex and age. 
 
The process of the mobile crowdsensing application 
is as follows. First, the aggregator determines the 
crowdsensing application ID and the details of the 
attributes to be collected. We need the crowdsensing 
application ID because several crowdsensing 
applications may be executed at the same time and 
the aggregator should distinguish them. Then, the 
aggregator recruits participants. We assume that 
participants have an electronic device such as a 
smartphone and that they can decide whether or not 
they will participate in the crowdsensing application. 
If a participant agrees to participate in the 
crowdsensing application, the smartphone executes 
the proposed anonymization algorithm.   

 
B. Attack Model 
The attack model is the semi-honest adversary model. 
That is, the aggregator follows the proposed protocol 
but tries to analyze the individual information from 
each disguised data. Moreover, the aggregator can 
run an unlimited number of emulators that play 
smartphones. Those emulators can participate in the 
arbitrary crowdsensing applications. The aggregator 
can assign a certain crowdsensing application ID to 
one honest participant and the N − 1 emulators it 
runs. In this case, in the crowdsensing, there are one 
honest participant and N − 1 emulators that are 
completely under the control of the aggregator. It is 
difficult for the honest participant to know how many 
honest participants are in the same crowdsensing 
application. 
 
C.   Privacy Metric 
Differential privacy [3] is one of most important 
privacy metrics, and it has been widely studied in 
data-mining research publications such as [5], [6]. 
Suppose that there is a data holder who is an honest 

entity and has a database of participants’ true 
information, and a data analyst who may be a 
malicious entity and wants to use the database. When 
the data analyzer asks a query to the database, a 
randomized mechanism A adds noise to the query 
response. Intuitively, differential privacy is satisfied 
if the distribution of the output of the mechanism 
does not change observably when one participant’s 
information in the database is changed. 
 
Let  be a positive real number. More specifically, 
the differential privacy is defined as follows: 
 
Definition 1 (_-Differential Privacy): Let D and D’ be 
databases differing on at most one record. A 
randomized mechanism A satisfies _-differential 
privacy if and only if for all   , the 
following equation holds: 
P(A(x)  Y ) ≤ eε P(A(x’)  Y ) for all x, x’ . 

 
III. ANALYSIS 
 
The complete implementation of the system is done 
using android platform. Matlab includes a code editor 
supporting IntelliSense as well as code refactoring. 
The integrated debugger works both as a source-level 
debugger and a machine-level debugger. Other built-
in tools include a forms designer for building GUI 
applications, web designer, class designer, and 
database schema designer. It accepts plug-ins that 
enhance the functionality at almost every level—
including adding support for source-control systems   
and adding new toolsets like editors  for domain-
specific languages or toolsets for other aspects of the 
software development lifecycle (like the Team 
Foundation Server client: Team Explorer). Due to this 
rich integrated development environment we select 
this framework for development [9].    

 
Fig.3. Architecture Diagram 

 
To implement our model we use below given 
Algorithms. 
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3.1 KNN  
In pattern recognition or classification, the k-nearest 
neighbor algorithm is a technique for classifying 
objects based on closest training examples in the 
problem space. KNN is a type of instance-based 
learning, or lazy learning where the function is only 
approximated locally and all computation is deferred 
until classification [3]. The k-nearest neighbor 
algorithm is amongst the simplest of all machine 
learning algorithms: an object is classified by a 
majority vote of its neighbors, with the object being 
assigned to the class most common amongst its k 
nearest neighbors (k is a positive integer, typically 
small). If k = 1, then the object is simply assigned to 
the class of its nearest neighbor. 
 The k-NN algorithm can also be adapted for use in 
estimating continuous variables. One such 
implementation uses an inverse distance weighted 
average of the k-nearest multivariate neighbors. This 
algorithm functions as follows [2]: 
 
a) Compute Euclidean or Mahalanobis distance from 
target plot to those that were sampled.  
b) Order samples taking for account calculated 
distances.  
c) Choose heuristically optimal k nearest neighbor 
based on RMSE done by cross validation technique.  
d) Calculate an inverse distance weighted average 
with the k-nearest multivariate neighbors.  
 
3.2 SVM  
The support vector machine has been chosen because 
it represents a framework both interesting from a 
machine learning perspective. A SVM is a linear or 
non-linear classifier, which is a mathematical 
function that can distinguish two different kinds of 
objects. These objects fall into classes, this is not to 
be mistaken for an implementation [6]. 
 
To work with SVM we use leaner kernel for 
implementation.  
In linear algebra and functional analysis, the kernel of 
a linear operator L is the set of all operands v for 
which L(v) = 0. That is, if L: V → W, then 
 
ker(L) = { v € V : L(v)=0 } 
 
where 0 denotes the null vector in W. The kernel of L 
is a linear subspace of the domain V. 
 
The kernel of a linear operator Rm → Rn is the same 
as the null space of the corresponding n × m matrix. 
Sometimes the kernel of a linear operator is referred 

to as the null space of the operator, and the dimension 
of the kernel is referred to as the operator's nullity. 
 
CONCLUSION 

 
K-NN performs poor results as the size of data set 
increases it is best fit for small data set. SVM is 
complex classifier and here we implement leaner 
kernel. We found that the accuracy and other 
performance parameters are not too much depends 
over dataset size but about all factors dependent over 
the no of training cycles. It is best fit classifier for our 
text mining (contain mining).  In future we use SVM 
for text analysis or web contains data analysis. With 
their application for web contains mining over 
medical data analysis. 
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