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Abstract - Mobile crowd sensing , which collects environmental information from mobile phone users ,is growing in 
popularity. These data can be used by companies for marketing surveys or decision making. However, collecting sensing 
data from other users may violate their privacy. Moreover, the data aggregator and/or the participants of crowd sensing may 
be un trusted entities .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. Here we are developing an application  for dummies 
by taking dada from that dummies we are going to analyse the progress. 
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I. INTRODUCTION 
 
Knowledge discovery in databases is relatively young 
and interdisciplinary field of computer science in this 
domain The actual task is the automatic or semi-
automatic analysis of large quantities of data to extract 
previously unknown interesting patterns such as 
groups of data records (cluster analysis), unusual 
records (anomaly detection) and dependencies 
(association rule mining). This knowledge is formed 
using discovery of knowledge from the data which is 
generated by different domain is possible using data 
mining. Extraction of knowledge from data in a 
human-understandable structure is the main goal of 
data mining .Industries, education, business and many 
other domains required knowledge for growth and 
with stand in the point where they reached this kind of 
data is helpful. 
 
Owing to the development of ubiquitous computing 
and sensing technologies, numerous research methods 
for crowdsensing have been proposed to collect and 
analyze sensed environmental information from 
mobile phoneusers .In the crowdsensing, individuals 
collectively share environmental data with a data 
aggregator, and the aggregator analyzes the collected 
data for decision making or marketing surveys. 
However, sensing aspects of a crowdsensing 
participant’s surrounding environment, such as 
radiation level and location, may involve information 
that identifies an individual, and thus private 
information may be leaked. 
 
A lot of studies have been proposed for privacy-
preserving data aggregation. However, most of them 
require an a priori estimate of the fraction of 
malicious participants. In crowdsensing, it is difficult 
for each participant to know how many participants 
there are. 

 
Randomized response (RR)is a promising method for 
anonymized data collection. It can protect each  
participant’s data even if the aggregator and N − 1 of 
N participants collude with each other. In RR, a 
sensed value is categorized as one of the predefined 
categories. That category is replaced by another 
category with certain probability, and then the 
disguised category is sent to the aggregator. Because 
the participant sends the true data to the server with 
probability p and the disguised data to the server with 
probability 1 − p, the privacy of the participant is 
protected at a certain level. 
 
Here we are using SVM (Support Vector Machin) 
SVM is mostly used for classification and regression 
analysis. 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. 
 
II. MODELS 
 
2.1. 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 .1. 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.   
 
2.2. 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 crowd sensing 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 crowd sensing, 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 crowd sensing 
application. 
 
2.3 Privacy Model 
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. RELATED WORK 
 
With the explosive growth of data on the different 
domains like education, industries and others required 
to extract knowledge from data in such manner to 
explore much knowledge from that data. For that 
purpose we identify the most frequently used data 
mining algorithm and we found that for the 
classification purpose researchers are go through the 
SVM 
 
3.1.  Experimental data selection:  
Different type of data selected as the experimental 
data set. To get the performance is varies or not 
according to data. Here we collect data of different 
size and different types, like we use data nominal data 
and numerical data both to evaluate results. 
 
3.2. Data analysis using the selected data models: 
Here the implementation of algorithms includes. Data 
analysis using different algorithm includes data 
analysis or model building using both data models. 
 
3.3 Result analysis: 
Different system generated resultant parameters are 
generated. Result analysis includes the performance 
analysis of system on different parameters like 
accuracy, memory uses, time taken to build model 
and search time. 

 
CONCLUSIONS 
 
RR can realize a privacy-preserving mobile crowd 
sensing where each participant’s mobile phone 
probabilistically replaces the original category of the 
data with another category . The replaced category is 
sent to the aggregator, which attempts to estimate the 
distribution of the original categories of participants. 
However, RR schemes require great many samples in 
order to achieve proper reconstruction. In this paper, 
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we propose Support Vector Machine(SVM) which 
can supersede existing RR schemes.  By simulations 
with synthetic and real datasets, we can reduce the 
estimated errors. The larger the problem, the more the 
performance of SVM exceeds those of other schemes. 
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