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Abstract— In this computer dependent world lot of data is 

being stored and processed every moment which also 

includes possibility of presence of dirty data. Data cleansing 

is the process of detecting and removing incorrect data from 

a data set. It is required while integration of data into a 

database or a data warehouse also known as the ETL 

process. A brief overview of existing data cleansing tools 

with their comparison is given. Most of the available tools 

completely ignore the records which contain any empty field 

which may result in an incorrect analysis. One of the 

solutions is to replace the missing value with a default value 

or an average value. 
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I. INTRODUCTION 

The application and exploitation of huge amounts of data 

takes an ever increasing role in modern economy, 

government, and research. Anomalies and impurities in data 

cause irritations and avert its effective utilization, disabling 

high performance processing and confirmation of the results 

and conclusions gained by data interpretation and analysis. 

This leads to higher cost and less benefit for data processing, 

possibly making its application worthless for the consumer. 

In several problems caused by data anomalies are listed, 

among others, that incorrect price data in retail databases 

costs American consumers $2.5 billion in annual 

overcharges. In this context, data cleansing has received a 

strong and growing interest over the years. We rely on error-

free data and the ability to deploy it to our needs. This 

deployment includes the efficient integration, application, 

interpretation, and analysis of data to support business 

processes, administrative tasks, decision making, and 

scientific reasoning. 

 The existence of anomalies and impurities in real-

world data is well known. In their typical rates are estimated 

to be at 5%. This has lead to the development of a broad 

range of methods intending to identify and eliminate them in 

existing data. We subsume all these under the term data 

cleansing; other names are data cleaning, scrubbing, or 

reconciliation. In data warehouses, data cleaning is a major 

part of the so-called ETL 
[1]

 process. Data cleansing is 

applied with varying comprehension and demands in the 

different areas of data processing and maintenance. The 

original aim of data cleansing was to eliminate duplicates 
[2]

 

in a data collection, a problem occurring already in single 

database applications and gets worse when integrating data 

from different sources. Data cleansing is there-fore often 

regarded as integral part of the data integration process. 

Besides elimination of duplicates, the integration process 

contains the transformation of data into a form desired by 

the intended application and the enforcement of domain 

dependent constraints on the data. 

II. EXISTING SYSTEM 

In this section we describe existing data cleansing projects. 

With the definition of anomalies occurring in data, the 

quality criteria affected by them, and a description of the 

data cleansing process and the methods used within it, we 

are now able to compare existing data cleansing approaches. 

The comparison will be done regarding the data anomalies 

eliminated within each of the approaches and the methods 

used by them. 

A. AJAX 
[3]:

 

AJAX is an extensible and flexible framework attempting to 

separate the logical and physical levels of data cleansing. 

The logical level supports the design of the data cleansing 

workflow and specification of cleansing operations 

performed, while the physical level regards their 

implementation. AJAX major concern is transforming 

existing data from one or more data collections into a target 

schema and eliminating duplicates within this process. For 

this purpose a declarative language based on a set of five 

transformation operations is defined. The transformations 

are mapping, view, matching, clustering, and merging. The 

semantics of the five operators involves the generation of 

exceptions that provide the foundation for interacting with 

the ex-pert user. 

 The mapping operator performs the mapping 

between different formats as well as format standardization, 

i.e., unification affecting the quality criteria format 

correspondence and uniformity. The integrity constraints 

checked by the view operator are those expressible in SQL. 

In case of constraint violation an exception is generated. 

This enables interacting with the user. It is not further 

mentioned how integrity violating tuples are corrected. The 

match, cluster and merge operators enable duplicate 

elimination. How the tuples are merged is implemented 

within a function specified in the merge operation 

B. FraQL 
[3]:

 

FraQL is another declarative language supporting the 

specification of a data cleansing process. The language is an 

extension to SQL based on an object-relational data model. 

It supports the specification of schema transformations as 

well as data transformations at the instance level, i.e., 

standardization and normalization of values. This can be 

done using user-defined functions. The implementation of 

the user defined function has to be done for the domain 

specific requirements within the individual data cleansing 

process. 

 With its extended join and union operators in 

conjunction with user-defined reconciliation functions 

FraQL supports identification and elimination of duplicates. 

Similar to SQL, the union and join operators can be refined 

by an on clause specifying the comparison attributes (for the 

union operator) resp. the comparison expression (for join 
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operators). Both the union and join operators can be applied 

with an additional reconciled by clause which denotes a 

used-defined function for resolution of contradictions 

between tuples fulfilling comparison clause. 

 Also supported by FraQL is filling in missing 

values, and eliminating invalid tuples by detection and 

removal of outliers, and noise in data. Missing values can be 

filled-in with values computed from others, e.g. the average 

or median of the attribute or the attribute value of all tuples 

in a relation. Noise in data is handled by partitioning the 

data into bins or buckets based on a certain attribute and 

smoothing the data by different criteria like bucket mean, 

bucket median or bucket boundaries. 

C. OpenRefine 
[4]:

 

OpenRefine started life as Freebase Gridworks developed by 

Metaweb and has been available as open source since 

January, 2010.On 16 July 2010, Google acquired 

Metaweb the creators of Freebase, and on 10 November 

2010 renamed their Freebase Gridworks software to Google 

Refine, releasing version 2.0. On 2 October 2012, original 

author David Huynh announced that Google would soon 

stop its active support of Google Refine. Since then, the 

codebase has been in transition to an open source project 

named OpenRefine. It‟s a standalone open source desktop 

application for data cleanup and transformation to other 

formats, the activity known as data wrangling. It is similar 

to „spread sheet‟ applications (and can work with 

spreadsheet file formats), however, it behaves more like a 

database .Its prominent uses include Cleaning messy data , 

Transformation of data, operating conditions on DB 

elements. 

D. Data Wrangler 
[5]:

 

As the name suggests, Data Wrangler is a data wrangling 

tool. It is an interactive tool for data cleaning and 

transformation. Its major applications include tool 

formatting, manipulating and transforming loads of data. 

Data procurement is the first step performed by data 

wranglers; it describes the process of obtaining data and 

metadata and preparing them for eventual inclusion in a data 

lake. The potential to achieve new insights from Big Data 

depends in part on the ability to combine data from different 

domains in novel ways. 

E. Potter’s Wheel 
[3]:

 

Potter‟s Wheel is an interactive data cleansing system that 

integrates data transformation and error detection using 

spreadsheet-like interface. The effects of the performed 

opera-tions are shown immediately on tuples visible on 

screen. Error detection for the whole data collection is done 

automatically in the background. A set of operations, called 

transforms, are specified that support common schema 

transformations without explicit programming. These are 

value translations that apply a function to every value in a 

column, One-to-one mappings that are column operations 

transforming individual rows, and Many-to-many mappings 

of rows solving schematic heterogeneities where 

information is stored partly in data values, and partly in the 

schema. The anomalies handled by this approach are syntax 

errors and irregularities. 

F. IntelliClean 
[3]:

 

IntelliClean is a rule based approach to data cleansing with 

the main focus on duplicate elimination. The proposed 

framework consists of three stages. In the Pre-Processing 

stage syntactical errors are eliminated and the values are 

standardized in format and consistency of used 

abbreviations. It is not specified in detail, how this is 

accomplished. 

 The Processing stage represents the evaluation of 

cleansing rules on the conditioned data items that specify 

actions to be taken under certain circumstances. There are 

four different classes of rules. Duplicate identification rules 

specify the conditions under which tuples are classified as 

duplicates. Merge/Purge rules specify how duplicate tuples 

are to be handled. It is not specified how the merging is to 

be performed or how its functionality can be declared. 

G. Comparison 
[3]:

 

In table 1, the most prominent data cleansing tools from the 

ones described above are compared according to the types of 

anomalies handled by them and a short indication about the 

methods and techniques used as defined by each of them.  

 
Fig. 1: Comparison 

III. PROPOSED SYSTEM 

In our system, we have proposed to provide user an effective 

way of removing missing values from database table. The 

tool incorporates the modern technique of removing missing 

values from the table, by applying the algorithm. 

 The tool has been designed keeping in mind that 

the user is a computer professional and is habitual to 

working on a computer. The software has been designed to 

cut down the missing values problems in the database. 

 In the proposed system elimination of missing 

values occur and they can be replaced by default values and 

average values.   
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 In some scenarios, the specific values in a column 

are less important than the number of times each value is 

repeated in the column – the frequency of the values. 

Frequency statistics
[6]

 can be important not only for 

quantitative attributes, but for categorical attributes that do 

not have an inherent numerical interpretation. For 

categorical attributes, the “names” of the data values are 

relevant, but the ordering of values is not.  

IV. CHALLENGES 
[3]

 IN CURRENT DATA CLEANSING TOOLS 

In this section we outline some open problems and 

challenges in data cleansing that are not satisfied until now 

by the existing approaches. This mainly concerns the 

management of multiple, fill missing values in tuples, 

alternative values as possible corrections, keeping track of 

the cleansing lineage for documentation efficient reaction to 

changes in the used data sources, and the specification and 

development of an appropriate framework supporting the 

data cleansing process. 

A. Filling Missing Values: 

As the table above clearly states, none of the commonly 

used data cleansing tools satisfy the problems associated 

with the missing values of the tuples with precision. Most of 

the tools such as Data Wrangler or its successor TriFacta 

simply delete the entire tuple if any field is found with a 

missing so as to reduce inconsistency. This is not very 

favorable for carrying out analysis on sensitive or any other 

important data as it may lead to a catastrophe. 

B. Error Correction and Conflict Resolution: 

The most challenging problem within data cleansing 

remains the correction of values to eliminate domain format 

errors, constraint violations, duplicates and invalid rows. In 

many cases the available information and knowledge is 

insufficient to determine the correct modification of tuples 

to remove these anomalies. This leaves deleting those tuples 

as the only practical solution. This deletion of tuples leads to 

a loss of information if the tuple is not invalid as a whole. 

C. Maintenance of Cleansed Data: 

Cleansing data is a time consuming and expensive task. 

After having performed data clean-sing and achieved a data 

collection free of errors one does not want to perform the 

whole data cleansing process in its entirety after some of the 

values in data collection change. Only the part of the 

cleansing process should be re-performed that is affected by 

the changed value. 

D. Data Cleansing in Virtually Integrated Environment: 

The problems of data cleansing intensify when performing 

data cleansing in environments of virtually integrated 

sources, like IBM‟s Discovery Link. In these environments 

it is often impossible to propagate corrections to the sources 

because of their autonomy. Therefore, cleansing of data has 

to be performed every time the data is accessed. This 

considerably decreases the response time. 
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