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Abstract: Wavelet, known as one of summary construction techniques was applied to feature extraction for
multimedia data. Wavelet histogram is a summary technique which grafts wavelet on to histogram considered as
a typical summary techmque used in query optumization of database system and processing approximate query, etc.
Wavelet histogram which combines merits of wavelet and histogram can generate a lossless optimal data summary
of original data. In the existing studies, it needed more than one MapReduce job to construct local wavelet
histogram of partial data stored in each node. In addition, it took a lot of time to construct the global wavelet
histogram which 1s the combination of all local distributed wavelet histograms. Because the error bound for data
reconstructed from wavelet histogram was not considered, there 1s a shortcoming that we cannot control the error
of reconstructed data beforehand. Tn this thesis, we developed a wavelet histogram construction system which can
construct wavelet histogram fast by one MapReduce job. Since, the error bound can beset before the construction
of wavelet histogram, we can control the error of data reconstructed from wavelet histogram under the error bound.
Finally, the efficiency of our wavelet histogram construction system was proved by comparing our system with

others.
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INTRODUCTION

Histograms have been used to generate efficient
summary information in many commercial databases and
data management applications (Borthakur, 2007, Sklar,
1998; Dean and Ghemawat, 2004). The histogram is a
technique for expressing the distribution of items of original
data by dividing the number of items included in original
data mto a sub-area called a bucket. In addition, the wavelet
histogram among various histogram methods has been
studied recently because it has a small storage space and
can be calculated in a short time (Garofalakis and Gibbons,
2004; Jestes ef al., 2011). The wavelet histogram 1s a
techmque that uses wavelets successfully used n
umage/signal processing. Wavelet 15 a technique that
converts data into wavelet coefficient which is summary
information through wavelet transform (Muthukrishnan,
2005; Pang et al., 2013). And the wavelet lustogram selects
and stores only a part of the wavelet coefficients to obtain
an additional summation effect.

MapReduce 1s a platform for distributed processing. It
1s used as a platform for data processing by Google and has
recently attracted attention in various fields due to its
excellent scalability and stability. Therefore, various
algorithms developed in a single node environment are
being reconfigured to run on this MapReduce platform.
Conventionally, a system that generates a wavelet-based
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wavelet histogram has a slower generation rate because it
goes through one or more MapReduce tasks. In addition,
since, the tolerance of the error for the reconstructed data
from the wavelet histogram can not be considered, the error
of the reconstructed data can exceed the error boundary
(Vitter and Wang, 1999; Shin et al., 2016).

However, the wavelet histogram generation system
developed in this study consists of a data preprocessing
manager, a histogram generation manager and a wavelet
histogram generation manager and it 1s possible to generate
a wavelet histogram in a short time through a single
mapping task. In addition, the wavelet ustogram generation
system developed m this study can generate the wavelet
histogram by matching the user defined error bounds, so
that, the error of the restored data in the wavelet lustogram
can be limited within the error bounds. Finally, we verified
the efficiency of the wavelet histogram generation system
developed in this study through performance evaluation.

Literature review: This chapter describes the commonly
used histogram and wavelet histogram techniques for
summearizing data, analyzing Hadoop platform HDFS and
MapReduce and explaining previous studies that generate
data summaries on the Hadoop platform.

Histogram: Histograms are one of the techmques to
effectively summarize original data and are widely used for
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Table 1: Example of creating a Equi-width histogram

Bucket = (Start point, end point)  Item belonging to No. of items (Bucket, number of items)
Bl=(L,2) 161,172 2 B1,2)

B2=(2,3) 2.23,2.33, 2.71, 2.90 4 (B2, 4)

B3=(3,4) 341 1 B3, 1)

B4=1(4,5) 4.21,4.70,4.82, 4.85, 4.91 5 B4, 5)

measuring  selectivity (Dean and Ghemawat, 2004; 67

Jestes ef al., 2011). The selectivity estimation means that 5 1

the number of data items belonging to a certain range cquery 4

15 estimated. The histogram technique 1s very popular in
commercial database systems because 1t uses very lttle
space and does not use mformationabout the distribution of
data to summarize. In addition, the histogram is a data
summarizing technique that divides the original data into
buckets to mdicate the degree of distribution of the original
data. The histogram is a set of buckets and each bucket
stores information on the number of original data items
(frequency) existing in the buclket. A bucket has a starting
point and an ending point and the distance between the
starting point and the ending point indicates the length of
the bucket. Equi-width histogram has a feature that is easy
to generate all the same bucket width. The process of
creating the Equi-width lustogram 1s described below as an
example:

D=1{1,61,1.72, 2.23,2.33,2.71, 2.90,
3.41, 4.21, 4.70, 4.82, 4.85, 4.91}

When the above oniginal Data D exists, the domain of
the original data D 1s (Borthakur, 1998, Muthukrishnarn,
2005). If the oniginal data D 1s divided by B1-B4 and the
bucket length 1s set to 1 an Equi-width listogram can be
generated as shown below. Table 1 shows an example of
generating an Hqui-width histogram.

Since, the bucket length is set to 1 as in Table 1, the
original data can be divided into 4 buckets from (Borthalar,
2007, Dean and Ghemawat, 2004) to (Jestes ef al,
2011; Muthukrishnan, 2005). After the number of
occurrences of items belonging to each bucket is counted,
the original Data D can be converted into the form of
(bucket, item number). In addition, B1-B4 buckets
represent four buckets. Figure 1 is a graphical
representation of the Equi-width histogram.

As shown in Fig. 1, the items in original data D mainly
belong to Bucket B2 and Bucket B4. In other words, the
ttems of the onginal Data D are concentrated mainly on
B2 = (2, 3) and B4 = (4, 5). Using Equi-width histogram
generated in Table 1, 1t shows the estimation of the
selectivity for the range query to output the number of data
items belonging to (1.1, 4.5). First, the number of items of
original data belonging to (1.1, 4.5) is composed of the
following two parts:

No. of items
(5]
)

19
1

N [ ]

0 T

Bl B2 B3 B4
Bucket number

Fig. 1: Graph representation of Equi width histogram

¢ The number of items in the original data belonging to
(1.1, 2)and (4, 4.5)

»  The number of items in the onigmal data belonging to
2,4

Since, there 1s no bucket corresponding to (1.1, 2) 1n
case 1, the number of items of original data belonging to
(1.1, 2) 1s calculated as the ratio of the number of items of
onginal data belonging to Bucket B1 = (1, 2). By applymg
the following formula, the number of data items belonging
to (1.1, 2) can be estimated:

End point of bucket —

Estimate - Start point value of estimated range (1)

Bucket endpoint value—
Bucket start point value

When Eq. 1 1s applied, the estimated value of the
number of items of origmal data belonging to (1.1, 2)
is (2-1.1)(2-10) * 2= 1.8. Similarly, the estimated value of
the number of items of original data belonging to (4, 4.5) is
[(4.5-4) / (5-4)] * 5 = 2.5 In the case (2), the bucket
corresponding to (2, 4) 1s Bucket B2 = (2, 3) and B3 = (3,
4). Therefore, the number of items of original data
belonging to (2, 4) is 441 = 5. When, the calculation results
of 1 and 2 are combined, the number of items of original
data belonging to (1.1, 4.5) 13 1.8+2.5+5 = 9.3. The result
is that the error between the correct answer and 8 is as
small as |9.3-8] = 1.3. However, there may be a large error
in estimating the number of data items with respect to
original data in which a particular data item frequently
appears. Assuming that the number of items in Buclket B4
in Table 1 is 100, the estimated number of original data
items belonging to (4, 4.5) 1s [(4.5-4) / (5-4)] * 100 =50
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and the number of items of original data belonging to
(1.1, 4.5) 13 1.8+50+5 = 56.8. The result 1s very large as
|56.8-8| = 48.8 with the correct answer of 8.

MATERIALS AND METHODS

Wavelet: Wavelet 15 a representative data summarization
technique that has been used for query optimization and
rough query processing of database systems (3, 6). The
wavelet summarizes the original data by transforming 1t imto
awavelet coefficient through a wavelet transform technique.
Assuming that the same storage space 1s used, the wavelet
has a small error when summarizing the orignal data in
which a particular data item frequently appears as compared
to the Equi-width histogram. Wavelet transform is one of
the wavelet transform techniques used in wavelet transform
(HaW Wavelet Transform, HWT). The wavelet transform
scheme transforms the data to be summarized into wavelet
coefficients and the wavelet coefficients are composed of
average coefficients and detail coefficients. The calculation
procedure of average coefficient and detail coefficient 1s
explained as follows, for example.

Number of items in the data setin D:
YV =143,510,8 2,2, 10, 14}

There 1s one dataset D, v = {v (1), ..., V (x)} 1s an
array of the number of items appearing in D, it is possible
to convert “AAAAA” into a wavelet coefficient through a
wavelet transform technique as a summation object. Figure
2 is the wavelet coefficient tree used to calculate the wavelet
coefficients. As shown inFig. 2, the wavelet coefficient tree
consists of nodes v (1)~ (8) and nodes w~w,. The nodes
v (1)-v (8) are the number of data items v has. The nodes
w,-w; have low wavelet coefficient values and the low

wavelet coefficients are composed of one average

coefficient w, and seven detailed coefficients w,-w,. The
average coefficient wy 1s an average value of v (1)-v (8) and
the detailed coefficient is divided by level 1~level 3 and
calculated by the order of level 3-> level 2->level 1. The
detail coefficient can be calculated using the following
Eq. 2

Detailed coefficient =
Right subtree sum — Left subtree sum (2)
The number of nodes in the subtree

The process of calculating the detailed coefficient w,
using the Eq. 2 will be described as follows. The nodes
belonging to the left / right subtree of the node with w, are
v (1) and v (2), respectively. The right subtree sum 1s
5, the left subtree sum 1s 3 and the number of nodes in the
subtree is 2. Therefore, the detailed coefficient w, = (5-3)/2
= 1. Another example 15 that v (1) and v (2) belong to the
left subtree of the node with the detail factor w., v (3) and
v (4). The number of nodes is 4. When the Eq. 2 is
applied, the detailed coefficient w, = ((1H&)-(3+5))/4
= 2.5. The remaimng detailed coefficients can also be
calculated through Eq. 2.

In addition, the values of v (1)-v (8) can be restored by
using the tree inFig. 2. Equation 3 is a formula for restoring
the values of v (1)-v (8) using HaW wavelet coefficients:

2 sign (i, j)><Wj

jepath (i)

D(i} =

1, j = 0 or v(i)eleft subtree of W, 3

sign(i, j) = -1, u(i)e right subtree of w,

D (1) 15 the restored value of 1(1) as shown in Eq. 1. w,
15 a wavelet coefficient node value and sign (1, ) 15 a
variable indicating whether w; is positive or negative. And
path (T) refers to the route from one leaf node to the root

v (1) v v(3) vid) v

Fig. 2: HaW wavelet transform coefficients tree

v (6) v(?) v (8)
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Fig. 3: System overall structure

node with reference to Fig. 2. When restoning data, sign (3,
j) =1 when starting from the root node and v(i) belonging
to the left subtree of w, and sign (i, J) = -1 to be. Therefore,
it is determined by ¥ sign(i. jixw; of D (1)

el (3)
System design
Structure of the entire system: An efficient wavelet
histogram generation system based on MapReduce
developed in this study provides a RecordR eader that reads
the contents of data according to the data storage format. A
wavelet histogram with less storage space and without
exceeding the error boundaries can be generated through a
single mapping task.

We have designed an efficient wavelet histogram
generation system based on MapReduce by applying the
functions described above. Figure 3 is a schematic diagram
of an efficient wavelet histogram generation system based
on MapReduce.

An efficient wavelet histogram generation system
based on MapReduce consists of a data preprocessing
manager, a listogram manager and a wavelet histogram
manager.

The data preprocessing manager consists of a data
mput module, a data extraction module and an extraction
result transmission module. After reading data from a
RecordReader corresponding to the type of big data, it
extracts the value possessed by the attribute and transmits
the extracted result.

The histogram generation manager consists of a
histogram generation module and a histogram transmission

module. It converts the attribute value received from
the data preprocessing m a nager into a pair of
key and value and outputs and transmits the attribute
value.

The wavelet histogram generation manager consists of
a wavelet histogram generation module and a wavelet
histogram storage module. Histogram generation It 1s
responsible for generating a pair of key and value received
from the manager as a wavelet histogram that does not
exceed the error boundary.

Preprocessing data, administrator: The data
preprocessor extracts the attribute values to be summarized
from the attribute values of the big data to be analyzed.

Data input module: In order to save storage space, big
data is often compressed and stored and the storage format
of data is also various. Therefore, the data input module
reads the big data of various storage formats using the
corresponding RecordReader

Data extraction module: The data extraction module is
responsible for extracting the corresponding attribute value
from the data read from the data input module.

Extraction result transfer module: The extraction result
transmission module receives the result extracted from the
data parsing module and transmits the result to the
histogram generation module of the histogram generation
manager.
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Histogram generation, administrator: The histogram
generation manager consists of a histogram generation
module and a histogram transmission module. Tt is
responsible for converting the attribute values received
from the data preprocessing manager mto a histogram by
using a mapper deuce mapper.

Histogram generation module: The histogram consists of
a pair of key and value. The key is the only value that
appears in the received attribute value and value is the
number of times the attribute value appears.
Histogram transmission module: The histogram
transmission module receives the local histograms
generated by the histogram generation module and transmits
the received local histograms to the wavelet histogram
generation manager.

Wavelet
wavelet histogram generation manager is composed of

histogram generation m anager: The

a wavelet histogram generation module, a wavelet
histogram storage module and a restoration module. The
histogram generation manager generates a wavelet
histogram that does not exceed an error boundary using a
MapRedeuce reducer.

Wavelet histogram generation module: The wavelet
histogram generation module receives and merges local
histograms composed of (Key, value) pairs from the
histogram generation manager. Also, the values of the same
key are merged and the merged (Key, value) pair constitutes
a global histogram.

Wavelet histogram storage module: The wavelet
histogram storage module stores the wavelet coefficients
generated in the wavelet histogram generation module and
all the keys included in the global histogram in HDFS. The
reason for storing the key is that it must be restored as a key
and value pair when restoring data from the wavelet
histogram later.

RESULTS AND DISCUSSION

TImplementing system: This chapter describes the manager
implementation of the efficient wavelet histogram
generation system based on MapReduce. Data
preprocessing manager, histogram generation manager and
wavelet lustogram generation if you create a jar file that
contains the functions of the administrator and give that
option to the jar file that option performs the corresponding
function.
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Preprocessing of data, administrator: The data
preprocessor is responsible for extracting the attribute
values from the big data to be analyzed. An example of
extracting attribute values 1 Fig. 4.

As shown m Fig. 4, the attribute value 13 extracted
from the contents of the hdfs://hadoop: 9000/input/ test.dat
file using the command to extract the attribute value and the
file name 1s stored mn the hdfs://hadoop: 9000/home/output/
as parse result. The extracted attribute values are shown in
Fig. 5.

As shown in Fig. 5, the content of the test.dat file is a
record of a user’s visit to a server and includes six attributes
{(UserID, time, method, resource, response, size). These six
attributes indicate the user ID, connection time, connection
method, visited data path, response status code and
response content size, respectively which are cormected in
order. In order to estimate the distribution of users
comnected to the server, the value of the UserID attribute
which 1s the user ID to access the server 1s extracted and
stored 1n the parseresult.dat file.

Histogram generation manager: The data preprocessing
manager converts the extracted data into a lustogram
composed of (Key, value) and transmits it to the wavelet
histogram generation manager. An example of a command
to generate a histogram is shown in Fig. 6.

Convert the extracted attribute values in the
hdfs: /fhadoop: 9000/ input/parseresult.dat  file into a
histogram composed of (Key, value) using the command to
generate the histogram as shown in Fig. 7 and save the file
name as lnstogram. dat mn hdfs://hadoop: 9000/home/output.
The contents of the listogram.dat file can be found mn Fig.
7.

As shown in Fig. 7, the histogram.dat file that stores
the histogram information 1s composed of two columns of
data such as @ and @. The @ colummn is the UserlD value
that exists in the extracted attribute value unicuely and the
@ column is the mamber of times the UserTD value appears.

Wavelet histogram generation, administrator: The
wavelet histogram generation manager receives the
histogram from the histogram generation manager and
generates a wavelet histogram satisfying the error bounds.
Figure 8 is an example of a command to generate a wavelet
histogram.

As shown in Fig. 8, the histogram in the file
hdfs://hadoop: 9000/mput/histogram.dat 13 converted to
the wavelet histogram with the error boundary 10
using the command to generate the wavelet ustogram
and the file 18 saved as  whl0 in
hdfs://hadoop: 9000/ocutput/. The contents of the whlO
file can be found m Fig. 9.
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J//ha rjuni: 958686 /h

ult.dat

Fig. 4: Example of command to extract attribute value

test.dat EHE B 5 LHE:
m Time

Fig. 8: Example of command to generate wavelet histogram

As shown in Fig. 9, the whlO.dat file in which
information related to the wavelet histogram is stored is
composed of data in two columns such as @ and @. The @
column 15 the index indicating the position of the wavelet
histogram coefficient and the @ column is the wavelet
histogram coefficient.

Rasourcs

Response Sirs

WTTPS 1.0

Data can be restored from the wavelet hustogram by
executing the data restoration command. Figure 10 is a
command to restore the data from the wavelet
histogram.

As shown in Fig. 10, restoration of wavelet histogram
data in hdfs: /ubuntu: 9000/ home/ input/ Wavelet

4372



J. Eng. Applied Sci., 14 (13): 4367-4374, 2019

Fig. 9: Some contents of the whl0.dat file

hadoopgubuntu:r~5

t/HaveletHLST

am,dat hdfs: ffubuntu: 8

Fig. 10: Example of command to restore data

headoopd@ubunkbu; —

hadocp@ubunt
Warning: SH

5 hadoop

Fig. 11: Some contents of the Recons.dat file

Histogram.dat file is saved and saved as file name
Recons.dat  in  hdfs:/ubuntu: 9000/home/output/. The
contents of Recons.dat can be seen in Fig. 11.

As shown n Fig. 11, the Recons.dat file in which the
data restored from the wavelet histogram is stored is
composed of data in two columns as in @ and @. The @
columnis the UserlD value and the @ column s the number
of restored data items. For example, UserID which is
66730 has 4 occurrences. When, the number of items of
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hadoop jar wavelethistogram.jar

r hdfs: f fubuntu: a6 fhome finp
88/ home foutput )/ Reco

gfoutput/Recons .dat

UserID 9054 and 66701 1s compared with the number of
items of UserTD 9054 and 66701 in Fig. 11, there are
3 errors but it does not exceed 10 error boundaries.

CONCLUSION
Since, big data has a large amount, fast creation speed

and various properties, it is more efficient to process big
data summary information than big data itself. The wavelet
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histogram which 15 one of the summary mformation
generation techniques can generate optimal data
summary information that does not cause loss of
mformation of original data. MapReduce 15 being used
as a framework for Google’s data processing and has
recently gained popularity in a variety of areas due to its
excellent scalability and stability. Therefore, efficient
wavelet histogram generation system is required by using
MapReduce.

In this study, we have developed a wavelet
histogram  generation system in a distributed
MapReduce environment. The wavelet histogram
generation system developed in this study can generate
the wavelet histogram through only one mapping task,
so, the entire wavelet histogram generation time is
reduced. In addition, since, the user can specify an
error boundary in advance before generating the wavelet
histogram, the error of the restored data from the wavelet
histogram can be adjusted in advance.
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