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Abstract:

The ETL (Extract-Transform-Load) processes are responsible for integrating data into a place called
datawarehouse. In the ETL phase, data are extracted from various sources, they are transformed before
being loaded into the datawarehouse. It is then a mandatory step in the decision-making process. But ETL
is also a long and costly step in the use of human and IT resources. However, in the context of big data,
characterized by 3V (Volume, Variety. Velocity), the speed of processing has become a decisive factor in
search of competitiveness. In order to facilitate the implementation of the ETL, a solution is then to use the
infrastructures of cloud computing whose resources in computation-and storage are "unlimited". This has
resulted in considerable progress in terms of availability and scalability for the success of projects. But it
remains a major problem: the cost can quickly become prohibitive with "pay-per-use” model of the cloud. It
is in this context that we have realized a state of the art on the performance of ETL processes in the cloud
in terms of volume and velocity. According to the ETL strategy, in this state of the art, some authors have
suggested solutions which use parallelization techniques such as MapReduce and relying on the classical
ETL approach while for other, in a big data environment, the use of new ETL strategies is required to face
to big data challenges. This study has shown that, despite the many solutions that have been proposed in
the literature, the issue of data integration in a big data environment still arises. In addition, ETL tools also
must deal with the heterogeneity of data formats and structures. As our previous work in this area were
limited to the volume and the velocity of data, we are going, in this paper, to review studies that have
treated variety in big data integration in the cloud
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Performance of the ETL processes in terms of
volume and velocity in the cloud: state of the art

Papa Senghane Diouf, Aliou Boly, Samba Ndiaye
Cheikh Anta Diop University
Dakar, Senegal
{papasenghane.diouf&aliou.boly&samba.ndiaye } @ucad.edu.sn

Abstract—The ETL (Extract-Transform-Load) consists of ex-
tracting data from various sources, transforming and loading
them into a place called datawarehouse. ETL is a mandatory step
in the projects which implement decision-making information
systems or knowledge management systems within organizations.
But it is also a long and costly step in the use of human and
IT resources. However, in the context of big data, characterized
by 4V (Variety, Velocity, Volume and Veracity), the speed of
processing has become a decisive factor in search of competitive-
ness. In order to facilitate the implementation of the ETL the
solution is then to use the infrastructures of cloud computing
whose resources in computation and storage are unlimited. This
has resulted in considerable progress in terms of availability and
scalability for the success of projects. But it remains a major
problem: the cost can quickly become prohibitive with ’pay-
per-use” model of the cloud. So, in this case, how to find ETL
solutions built on the cloud at a lower cost? A great deal of
suggestions have been made. In this article, we have reviewed
these works by highlighting the performance aspects of data
processing in terms of volume and velocity.

Index Terms—etl, big data, cloud, performance, cost.

I. INTRODUCTION

Business Intelligence (BI) enables the production of relevant
information and knowledge within organizations. That is why
their use has now become widespread. A key step in the
process of implementing a decision-making system is the
design and implementation of a datawarehouse. In this process,
data from various sources are first and for most extracted,
then cleaned and eventually standardized before being stored
in the datawarehouse. This very important step in the decision-
making process is called ETL (Extract - Transform - Load).
Nowadays, organizations produce large amounts of data in a
wide variety of formats at a rapid rate [1] [2]: this is the
era of big data. All this makes the ETL step difficult, time
consuming and costly. The latter must adapt to the context of
the big data because the traditional approaches prove to be
inadequate or even impossible to implement [3] [4] [5]. This
involves using cloud features such as infinite availability and
resource elasticity [6] [7], usage billing, data remoteness, and
so on. In this paper, we have reviewed the works that have
emphasized on the improvement of the performance of the
ETL processes, particulary the volume and velocity aspects of
data.
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II. STATE OF THE ART

Several studies have alrcady addressed the issuc of the
improvement of the performance of the ETL processes in a
big data context [8] [9] [10] [11][12] [13] [14] [15] [16] [17].
According to the ETL methodology used for this purpose, they
can be divided into two categories:

1) traditional approaches, based on the traditional ETL

architecture;

2) new approaches based on new ETL methods that we

describe as "ETL approaches oriented big data” in this
study.

A. Traditional ETL approaches
Fig.1 describes the ETL process
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Fig. 1. Traditional ETL approach [17].

Enterprise

Data Sources Data Warehouse

1) Research works done by Thomsen et al.[13]:
For Thomsen et al.[13], the graphic tools used to make ETLs,
despite the easiness of their use, have limitations. Indeed, for
certain specific case to an organization, these tools are not
capable of finding a solution. It is necessary in that situation
to develop specific solutions. This is often complex, costly
and time consuming to implement. To overcome this type of
limitation, Thomsen et al.[13] suggest the code programming
of the ETL process. These authors propose Pygrametl, a
framework based on the Python language. Pygrametl facilitates
ETL programming by providing features such as the access
to data sources, powering dimension and fact tables, and so
forth. Thus, Pygrametl makes it possible to create customized
ETL solutions. Experiments are made by authors to compare



Pygrametl with Pentaho Datalntegration (PDI), a graphical
ETL solution commonly used in organizations. The Fig. 2
below charts the obtained results:

This can be explained by the large capacity of MapReduce
to load and process large masses of data rapidly [18] [16].
In addition, MapReduce is fault-tolerant and can be run in
heterogencous environments.
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In conclusion, Thomsen et al.[13] have shown that ETL
development with Pygrametl is more efficient [13] than ETL
with graphical tools. Nevertheless, Pygrametl is implemented
in Python. It should be emphasized that Pygrametl needs to
develop in Python language, which can be constraining.
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2) Research works done by Stonebraker et al.[16] :
Stonebraker et al.[16] propose to compare the use of the
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MapReduce processing paradigm with that of the parallel
databases in the datawarehousing process. This comparison is
made on cach step of the process. Specifically, MapReduce
on Hadoop is compared to two parallel DBMSs that are
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Fig. 3. Comparison of the performance of systems built on parallel databases

and those based on MapReduce [16]. Fig. 5. Processing time [10].

For the ETL process, the authors have proved that the use
of MapReduce is more efficient than that of parallel DBMS.

The experiments in Fig. 5 show that CloudETL performs better
than ETLMR.
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4) Research works done by Bala et al.[9] [14] :
Bala et al.[9] have noticed that the use of ETL tools
such as Pygrametl, ETLMR and CloudETL requires some
expertises. Therefore, they offer a new tool which is more
accessible to non-IT professionals while still performing
well: P-ETL (Parallel-ETL), which was developed in the
Hadoop/Mapreduce environment. With this in mind, data
mapping tasks are assigned to the mappers. The mapper
processes the data in a transformation tunnel (T1, T2, )
where by each Ti performs a specific operation. The role
of the reducer is to synthesize data from the mappers. The
P-ETL method differs from the traditional approaches of
ETL with graphical interface because not only does it allow
to visualize the process but also to make settings on the
parallel environment [19]. The performance of P-ETL has
been demonstrated through some experiments. Thus, for data
of 300 GB, the use of P-ETL shows that the processing time
decreases as the number of tasks increases (Fig. 6). This study
also shows that there is a threshold, in terms of the number
of parallel tasks, beyond which time saving is no longer
significant. We thus find that the parallelization of the ETL

Number of tasks 24 30 38
Processing Time (mn) 143 | 93 87

Fig. 6. Processing time [9].

process ([8] [9] [10] [11]) improves its performance. However,
this parallelization is only limited to the process level. Bala
et al. [14] proposed to extend this parallelization at the
functional level. Therefore, a so-called BIG-ETL approach is
proposed by the authors. By always using MapReduce, these
authors have proposed the BIG-ETL solution. In BIG-ETL,
functionalities and processes are distributed in two directions:
horizontal, vertical. Experiments were conducted by the
selection of the Change Data Capture (CDC) functionality to
evaluate BIG-ETL. In the experiments, the P-ETL platform
is the one used. This is explained, according to the authors
[14] by the fact that BIG-ETL allows the distribution of data
and the parallelization and distribution of the ETL process.
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Fig. 7. Data processing time [14].
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Fig. 7 showcases the results of the experiments carried out
by the authors.

5) Research works done by Misra et al.[8] :

ETL software suites are often proprietary and costly.
According to Misra et al.[8], the use of open-source ETL
tools based on MapReduce can be a good alternative. The
advantage of these tools is their scalability, their fault
tolerance and their low cost. In order to better support their
arguments, a comparative study regarding the commercial
and open source tools has been done by the authors. The
comparison criteria used by these authors are mainly cost and
performance.

# | Tool used Elapsed time | Percentage of
in seconds ETL

1 | M/R on Apache Hadoop Framework 152 20%

2 | Pig on Apache Hadoop Framework 186 24%

3 | Hive Query on Apache Hadoop Framework 233 30%

4 | Commercial ETL 765 100%

Fig. 8. Comparison between ETL tool build under MapReduce and Com-
mercial ETL tool [8].

Fig. 8 illustrates the comparison between commercial ETL
tools and Hadoop / MapReduce based approaches. Misra
et al.[8] have come to the conclusion that the open source
solutions based on Hadoop / MapReduce are more efficient.

6) Research works done by Cao et al.[20] :

In the ETL process, the extraction time is relatively long. It is
in this context that Cao et al. [20] suggest a parallel approach
for the extraction of data by using the Hadoop/Mapreduce
platform. A method of data segmentation is then proposed by
these authors in order to make the distribution of the data more
uniform at the level of each map. In the experiments, their
solution is compared with that of the ETL tool Sqoop, which
also leans on MapReduce. These two tools are distinguished
by the data segmentation method used. The authors rely on the
data segmentation algorithm RPDS while Sqoop uses a query
to segment data (select split column), max (split column) from
< tablename >. The experimental results are shown below
in Fig. 9.

1200
1000 -
800
600 W Sqoop

B Ours
400 -

o) mmee [N

Table-1 Table-2 Table-3 Table-4

Fig. 9. Comparison with Sqoop [20].



Nevertheless, one of the limitations of this approach is that
data come from relational databases. In a context of unstruc-
tured data, the performance of this method remains to be
checked.

B. ETL approaches oriented big data

New methods have been proposed to improve the
performance of the ETL process in the big data context.
These methods are described in the following work.

1) Research works done by Intel IT [17] :

INTEL has proposed a new tool based on the ELT (Extract
Load Transform) approach and built on Hadoop. This
approach involves the extraction, loading and processing of
data. Thus, by moving the transformation step at the end of
the process eliminates the need to use a separate ETL tool.
Then INTEL compared this new tool with its traditional and
proprietary ETL tool. The Fig. 10 illustrates this comparison.
From the extraction and loading point of view, the study
shows that the Hadoop-based ETL is not as mature as Intel’s
tool is.

. full suppcrt"_.i enhanced support ‘f_‘ limited suppon:l':‘-' no support
Third-Party Hadoop*

Functionality ETL Tool for ETL
EXTRACT
Extract from relational database ® -
management system (RDBMS) -
Extract from Hadoop [ ] [ ]
Hadoop Distributed File System O
(HDFS) to message service - =
HDFS to XML [ ] @
HDFS to web services -] O
LOAD
Load into RDBMS
Full load [ ] [
Delta load ] =]
Load into Hadoop or files
Full load [ ] [ ]
Delta load L) ™
TRANSFORM
Complex type support [ ] -
Simple row projections
Bulk data [ ] [ ]
Real-time data [ ] (=
Aggregate operations & @
User-defined functions
Row transformations [ ] [ ]
Sub-table aggregations @ [ ]
Windowing functions - ]
Workflow control
Triggers/conditional execution @ =]
Pause/resume . '.
Incremental recovery/restore & L]
Advanced analytical functions
(out-of-the-box string, crypto, [ ] =]
date, and geo functions)
Data quality and validation & L]

Fig. 10. Comparison of the functionalities of the proprietary tool and the one
based on Hadoop [17].
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The costs of using each technology were also compared.
For these authors, after one year, the cost of the ETL under
Hadoop is less compared to the use of the proprietary tool.

2) Research works done by Guo et al.[12] :

Guo et al.[12] proposed the so-called TEL (Transform, Extract
and Load) approach. TEL introduces a virtual layer between
the sources and the datawarehouse. Virtual tables are used to
perform the data transformation before their extraction and
thier loading. For Guo et al.[12], the use of a buffer zone in
traditional ETL approaches penalizes the process. In the TEL
approach, this field is deleted. Experimental studies have been
carried out by Guo et al to validate their solution. The TEL
solution was compared with that of the ETL Kettle (Pentaho
Data Integration) tool. The experimental results (TEL-M
[12]) show that the performances of TEL have exceeded on
the whole those of Kettle [12]. Fig. 11 gives an overview of
Kettle’s performance comparison with that of TEL.
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Fig. 11. Performance comparison between Kettle and TEL [12].

III. CONCLUSION

The ETL phase is an essential step in the datawarehousing
process. This is by far the longest and most expensive phase in
an implementation project. The adaptation of this ETL phase
to the big data / cloud context, characterized by large volumes
of heterogeneous and remote data, has therefore become a
necessity. We are interested in the problem of performance
management in terms of speed and cost. In this literature
review, we have found that several approaches are proposed
to address the issue. A first approach suggests new solutions
based on dedicated programming environments, faster than
the graphic tools used so far. For example, Thomsen ct al.
propose Pygrametl, a framework witch is implemented in
Python language. The experiments carried out have proved
an improvement in the ETL phase. A second variant of this
approach exploits the advantages of task parallelization on
Hadoop / MapReduce platforms to improve the performance
of the ETL phase. New experiments have replaced Hadoop /
Mapreduce by Spark, even more efficient. A second approach
proposes new ELT (Extract - Load - Transform) or TEL
(Transform - Extract - Load) architectures. The main interest



of this new approach is the elimination of the “buffer zone”
used in the ETL approach. Thus, in the case of the TEL
architecture, experiments show that the use of disk space
can be reduced to 50%. Studies have also showed that this
approach, unlike traditional ETL methods, allows very large
volumes of data to be processed very quickly. The performance
in terms of data storage and execution time is improved. All
these solutions have not yet taken into account the dynamicity
or even the elasticity of the data in the cloud. Also, the issue
of the cost of resource use has not been deeply studied in
these different approaches. And, since the cloud billing model
is in use, exploiting the elasticity of resources would reduce
the cost. The implementation of ETL solutions that take these
aspects of the cloud into account is a promising prospect.
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