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Abstract--- Big data analytics is the process wafst quantity of data created and collected in a geographically
distributed manner. Groups of data stored and processed in a daigleenter is inefficient due to several
limitations such as wider bandwidth, high traffic level, high stor@gecity and more task cpietion time of big
data processing. As thguantity of data increases, it provides less efficient to handle large volumatafird a
multiple datacenter with available resource utilization. A new optimization frarkewduces the inter datacenter
traffic of MapReduce jobs during gelastributed big data. However, its needs to be utilize the optimal esour
while reducing the traffic over getispersed locationd.0 reduce the traffic occurrence level during the big data
distribution in cloud environmeén Resource Optimized Traffic Aware Gradient Boosting Classification
(ROTAGBC) Technique is developed. In cloud, number of incoming tasiendsfrom the users. The task assigner
assigns the priority to incoming tasks based on certain tepaemmetersask size, starting time, finishing time,
bandwidth, memory capacity. Based on priority level, Gradient Boosting @assifi methodis functional to
classify the tasks based on their priority level. The resource optimizeliegt boosting classifier ostructs a
prediction model in structure of an ensemble of weak decision treegction. The gradient boost ensemble
classifier categorizes number of tasks either immediate or redenaidtributing to a multiple datacenters in cloud.
The gradient bost data classifier combines all base classifier into strong classifier genprinal results with
higher classification accuracy. Experimerdaasessmens carried out on the different factors such as classification
accuracy, space complexity, taskrmggetion time and resource utilization rate with respect to nuofidasks. The
results showed that the presented ROTAGBC technique is better in cadassification accuracy, space
complexity, task completion time and resource utilization rate. Basdideoobservations, ROTAGBC technique is
more efficient than the other existing methods for-d@ta distribution over multiple data centers.

Keywords-- Big Data Analytics Cloud GeoDistributed Big Data DatacentersPriority, Gradient Boosting
Classification Resource OptimizatigTask Distribution

. Introduction

In cloud, big data analytics is the process of large volume of data witiplewahd independent sources. By
means of cloud computing technology, a number of gda dre distributed effectively and capably to maintain
different aspects of problem such as traffic and resource optimiz&iiassification of incoming tasks is widely
used for reducing the traffic occurrences widistributinglarge volume of data oveahe data center in different
locations. With the appearance of large volume of datasets, the donakapproaches failed to generate desirable
results in terms of traffic as well as resource optimization. Therefore, lendes lies in the big cloudata
analytics are optimal resource utilization for geo data distribution acrdsplendata centers.

Chanceconstrained optimization technique was developed in [1] for reduciegnterDC traffic created
through MapReduce jobs on gdistributedbig data. However, it failed to minimize energy consumption while
distributing the geo data with less space and time complexity. Thruhga framework was developed in [2] for
processing cost aware big data analytics namely process cost,esbtostg bandidth cost, latency lost and
migration cost across gefistributed dsacenters. However, the cost efhergy was not addressed wsll as
classification was not performed for efficient big data analytics. Concepambdvork based big data analytics
(CF4BDA) was developed in [3] to implement Clebdsed BDA applications. But, traffic aware big data analytics
was not performed. In recent days, big data analytics is the prdaagmpizing and analyzing data to obtain useful
information in cloud servicesnl[4], a various typical methods were developed for wide aregtmsalvith
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geographically distributed data centers. But, energy optimizatisnnegperformed during big Data analytics. A
two-dimensional markov chain was developed in [5] for considdsoth data transmission and cost minimization
problem in Gedistributed Data Centers. But, the classification of the data was notrpedian order to reduce
the traffic level. The distributed data analytics approach was introduced in [6] for handligg &nd high volume
synchrophasor data in wiggea measurement systems. However, the application of datacanas not easily
developed with simple configuration. A flexible data analytics (Fiedgtics) framework was developed in [7] to
analyze a nmber of potential datanalytics along the 1/O pathHowever data distribution across multiple data
centers remained unsolved. An effective design and performanceHefd@p, a MapReduce framework was
introduced in [8] to allow large scale data disitédl across multiple clusters. But, it failechemdle complex cloud
resources.In [9], a MapReducdased framework was developed to distribute the data through a cliister o
computing elements. However, resource utilization during the datéudigin renained unsolved. A linguistic
fuzzy rulebased classification system (GFRBCS) was developed in [10] for big data classification. However, it
failed to use basglassifierin a MapReduce scheme.

The certain issuesreidentified from above said existimgethods such as lack of classification, more space and
time complexity, lack of resource utilization, failed to perform data storagle,nfetwork traffic and so on. In
order to overcome such kind of issue, Resource Optimized Traffic AweaidieBt Booshg Classification
(ROTAGBC) technique is developed. Timajor contribution of the paper is described as follows

e Resource Optimized Traffic Aware Gradient Boosting ClassifinatROTAGBC) technique is introduced
for traffic aware geo distributed bidata analytics. Initially, the task assigner performs priority task
classification of incoming tasks using gradient Boosting ensemble clasEifeepriority is assigned to each
incoming tasks based on certain parameters. Based on paissignments, sk assigner performs efficient
task classification for reducing the traffic occurrences level.

e Gradient Boosting ensemble classifier uses decision trbasasclassifier. The decision tree is constructed
with number of nodes and it classified the numbi@ncoming tasks. These base learners are combined to
make a strong classifier which classifies the number of tasks as either immedggereed. This in turn
improves classification accuracy.

e Task assigner distributing the classified tasks over thdiplauldata centers at different locations with
minimum task completion time and optimal resource utilization. This helsltae the traffic occurrence
level. Finally, the required services are received by end usemn effective manner. This helpsntprove
resource utilization rate during the data distribution.

The paper isorganized as follows, Section 2 introduces reviews on relateksvior big data distribution.
section 3priefly discuss ROTAGBC technique with neat diagram. Sedidiscusseshe experimental evaluation.
Section5 presents result analysis of ROTAGBC technique with various panamémncluding remark of the paper
is presented in Section 6.

[. Related Work

A linguistic costsensitive fuzzy ruldased classification techniqgue was developed in [11] for handling
imbalanced big data obtaining higher accuracy with minimum priocetisne. However, it failed to provide the
best solution when dealing with big daROTAGBC technique provides accurate priority task classification results
during big data analytics.

A systemlevel stability evaluation approach (SDSR) was introduced in [12] with relextdegy function and
avoids computatiomomplexity But, trafficaware big data analytics was not performed. ThereforRGHAGBC
technique is introduced for big data analytics with less traificurrences level using gradient boost ensemble
classifier.

Big Data Analytics for dynamic energy management were deselop[13] used smart grid data mining with
accurate and efficient power consumption. But, it failed to featith reatime monitoring system with optimal
resource utilization. ROTAGBC technique effectively improves the big daadytims with efficient esource
utilization for distributing the incoming tasks to multiple datacent@rs efficient random forest classifier was
introduced in [14] to deal with imbalanced datasets in thedatg circumstances. However, the performance of
classification was nahcreased at a required level. Therefore, an ROTAGBC technique\es the priority based
classification accuracy using gradidsoosting ensemble classifigk. Round Robin Load Balancer Algorithm and
Throttled load balancer algorithm was designed i} {@3mprove data distribution with minimum processing time.
But it has more energy for data distributions. ROTAGBC techniqueunus minimumenergy utilized for
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distributing the big data in cloud. An online lazy migrat{@iLM) algorithm and randomizefiked horizon control
(RFHC) algorithm was developed in [16] for egdispersed big data aggregation and processing as well
transmission. But, it considered worst case computational compIBXXYAGBC techniqgue minimizes both space
and time complexity dunig task distribution in cloud.

A hybrid electrical and optical networking structural desigs presented in [17] for data centers hosting cloud

computing and big data applications. However, an efficient cleetsiic was not performed. Therefore, an
ROTAGBC technique performs efficient classification using ensemble cladsifistribute number of incoming
tasks across multiple data centers. Enenggre cloud computing data centers according to the workload
distribution was presented in [18]. Howeyéne performance afetwork storage was not performed. ROTAGBC
technique reduces the space complexity during the task distribAtioenergyefficient task scheduling technique
was developed in [19] for scheduling the tasks to diffedatacenter in clad. But, traffic aware data distributions
remained unaddressed. An ROTAGBC technique performs efficient taskibudions with minimum traffic level.
An ICP: Data Mining Package tool was introduced in [20] to perform cleassth processes on large volume of
data. This tool includes four classification algorithms namely Decision Tkegige Bayes, Random Forest and
Support Vector Machines (SVM). However, resource optimized Gzg®n was not performed. Therefore, an
efficient ROTAGBC technique imbduces a resource optimized classifier for big data analytics.

As a result,Resource Optimized Traffic Aware Gradient Boosting ClassificatioDT@RGBC) technique
reduces the traffic occurrence level with minimal energy consamfor geedata distribution over multiple data
centre.

[I1.  Methodology

Resource Optimized Traffic Aware Gradient Boosting Classifier for Big Data Analytics
The architecturediagramof ROTAGBC technique is shown in figure 1.
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Figure 1:Architecture Diagram of Resource Optimized Traffic Aware Gradient BooSlimssification Technique

ISSN 1943023X 841
Received: 5 Feb 2018/Accepted: 15 Mar 2018



Jour of Adv Research in Dynamical & Control Systems, Vol. 165p8cial Issue, 2018

In cloud, big data analytics is the strategy for analylange volume of data. To analyze such a lategreeof
data, big data analytics is performed to reduce the traffic @werlevel with minimal energy consumption for
gecdata distribution over multiple data center.

Cloud architecture consists of multiple data centers which are theicsighifesurces to provide various
servicesthrough virtual machines connected to the end user. These data centers (DCsatre i different
regions.

But the rapid increment diifferent global services, there is a significant need for big data anabgtitss
multiple data centers (DCs) located in various regions. Duriagdo data distribution, traffic refers to the amount
of data moving across a cloud data center at a specified point of time.

While handling the traffic across several data center in a cloddysers’ service requests are consideredbas jo
(i.e. task) and it is allocated a virtual machine (VM).

During the data distribution, typical job parameters of virtual machieenamber of cores required, CPU,
memory, and bandwidth of a systesquired to perform the task in cloud. However, due to increasing demand of
cloud computing, number of tasks affects the system load afmirpance.

Therefore, anefficient machine learning technique namely Resource Optimized TrafficréAv@radient
Booging Classification (ROTAGBC) is developed to efficiently solve thoemulated data center traffic
minimization problem during the data distribution

Figure 1 shows architecture diagram of ROGBDC technique with tleetodgj of reducing traffic occurrences
level and resource optimization during big data analytics farleliing the number of incoming tasks into various
data centers at different locations.

In the proposed ROGBDC technique, the hosts are considered as dieavarsclude computational pew
where the VMs are deployed. ROGBDC technique considers the data bahtewritains ‘n’ number of hosts (i.e.
server).

Each host contains number of cores which are assigned to the VMsobasedypes. The incoming tasks are
scheduled to these VMs and it completes the job in parallel on a host véttemiffinishing time. In ROGBDC
technique, the processing of multiplsers requests are considered as tasks. Next, the incosksta received
by the task assigner.

Followed by, the task assigner perform priority based task classification usidigrdr boosting ensemble
classification technique in order to reduce the traffic among the multitée anters in cloud. The priority is
assigned to the task based on certain job request parametesk aieddi.e. file size), starting time, finishing time,
bandwidth, memory capacity.

Based on priority level, the task is classified as immediatesarvedFinally, the classified tasks are distributed
over the multiple data center for providing efficientviegs to the end user. This helps to reduce traffic ocoteren
and resource optimization for gdata distributionover multiple data centre in big data analytics. The brief
explanation about the ROGBDC technique is presented in fortngasactions.

Priority based Gradient Boogting Task Classification

The task assigner starts the classification of incoming taskstutiple geedistributed datacenters. In cloud big
data analytics, number of users generates a differdst i@ving various size, different deadline (i.e. endimg),
arrived time, sending time.

Based on task and their time constrains, an amoungtofory utilization, bandwidth utilization of the processor
is very important during the taskstributionover the multiple data centers in cloud.

In order to obtain an efficient Priority task scheduling approach, tlueitprtasks classification is most
significant in cloud. Therefore, the proposed ROGBDC technjmntorms efficient task classification based on
their priority assignments. The block diagram of priority based gradient bpdask classification is shown in
figure 2.
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Figure 2:Block Diagramof Priority based Gradient BoostirigaskClassifications

Figure 2 shows the priority based Gradient Boosting task Classifications withenwf user tasks to improve
classification accuracy. Let number of users is denoted &s= u,,u,,..,u, Who generatesa requestas
taskdy, T,, T;, ... T,. In ROGBDC technique, the number of user requested tasks is send &skhaessigner for
performing effective classification. Therefore, the clasdifices of tasks are performed based on the priority
assignments. The certain job request parameters arestedjude size, task size (i.e. file size), starting time,
finishing time, bandwidth, and memory capacity. The file size isasuore of how much task a system contains as
well as storag€l; Denotes a Starting time afidrepresents a finishing time, Bi&/the bandwidth and is defined as
the time series of a file transfer. Usually a time series is specified in sesbiah is measured as follows,

BW = —— 1)
Time in seconds

From (1),BW denotes a bandwidth SC is represents a storage capacity andh@asured in megabytes
(MB). Based on above said parameters, the taskpramdtized. The task which has less dead line (i.e. finishing
time), less size, less bandwidth task utilization, and less storage capaciyatefirgt priority. Similarly, tasks
having highest deadline (i.e. more finishing time), highest lengtize which utilizes larger bandwidth and storage
capacity whichresidesat the low priority. Based on the prigriassignments, the incoming tasks are classified as
immediate task oreservedtask using GradienBoosting classifier. Gradient boosting is a machine learning
technique usedor classification and prediction purposes. Gradient boostingifdass usedwhen the incoming
tasks are largely populated. It is also an ensemble classifier migi@hs combines the entire weak learner to make a
strong classifier and provides the final classificatiomltesin ROGBDC technique, decision tree is used as a weak
classifier to construct a strong classifier using gradient boostitgiteee. The big data is a term that contains a
large volume of tasks in cloud environment.

Maximum amount offile transfer
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Figure 3:Flow Processing Diagramf Gradient Boosting Classification

As shown in figure 3, flow processing diagram of gradient bogstiassification with decision tree classifier is
described. From the figure, ROGBD€&chnique considers number of tasks as input for performing the
classification. Initially, decision tree classification for task is measured lmsedority assignment#\ Decision
tree is constructedith root nodes, branch nodes, and leaf nodes. Each intadalrapresents a number of tasks
and the branch node indicates a result of decision tree classificHtie leaf node of decision tree represents a class
labels.

Let us consider training sets of prediction moddk represented agX;,Y;), (X, Y;)...(X,,Y,) Here
X1, Xy, X5 ..... X, represents a number of tasks wheiggh, Y; ..... Y, denotesa prediction output results and it is
fit into the loss functiork; (X). Therefore, the prediction results of the classifier is desteabdollows,

Yi= RO+ Hp (%) (2)
From (2),F,(X) represents a loss function of base learner (i.e. decisionvites®h,, (X;) denotes a decision
tree classifier output. By applyingradientboost classification, loss function is defined as $k@ared error of
difference between actuahd predicted value. Therefore, the loss function is expresselfioasf

RO = (% — H, (%)) (3)
From (3)Y; represents a actual output valuelgngX;) predicted output value of base classifier. Therefore, the
output of the weighted sum functions of all treesé decision tree classifiers used to construct a strong eassifi
Therefore, a strong classifier outgy}, (X;) is formulated as follows

Hmn (X) = hml(X) + hmZ(X) + et hmn (X) (4)
From (4)h,,;(X) denotes a first classifier outpuh,,,(X) denotes an output of second classifier Apgd(X)

represents an output of ‘n’ classifier. After tHaise learner output,, (x) is fit into pseudoresiduals with training
data.

The pseudaesidualsR,) functionis calculated as,
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R, =— [% wherei=1,23..n (5)
From (5)'R,’ represents a pseudesiduals. Then fit a base decision tree to an input trainitay Therefore,
output of the strong predictive classifiéy,, (X) with the number of tasks are measutiee sum of individual base
classifier output. It is measured as follows,

Hmn (X) = ?:1{Xi' (Yl - Fl(Xi)} (6)
The output of individuatlassifieris described as follows,
by (X) = (X, (1 — F(X1)) (7)
Similarly, the seconaveakclassifier is formulated as follows,
b2 (X) = (X3, (Y2, — Fi(X3)) (8)
As a result, the finaveakclassifier h,,,,, (X) is formulated as follows,
hmn (X) = (Xn'(yn - Fl (Xn)) (9)
Thegradient boosting classifier combines a weak decision tree classifier atliputest gradient output is used

for classifying the task.The best gradient descent s&pe ;) is determined by using following mathematical
equations,

pp = argmin, X7 [Y, Fi_1(X;) + pH,,, (X)]  (10)
Finally, updatethe predictive model to classify the tasks based on priority assignments,

Yi =X Foa (X)) + ppHon (X) (11)

Equation (11)Y,’ denotes aarget strong classifier output. As a result, a strong classifiggubis used to
classify the tasks ammediateor reserved The final output of the strong classifier providepaaitive result (i.e.
‘1) indicates the user requested task is classified as immedsktevbach has high pridy. Otherwise, it is said to
be a reserved tasks which has low priority. Therefore, an etesehbveak classifier is used to make strong
classifiers and performs the better classification in order to improvéficisesn accuracy.

Input : Number of user task®, T, T, ... T,

Output : Improved classification accuracy

Step 1: Begin

Step 2: For each incoming tasks

Step 3: Task assigner assigns the priority based on file siag, time,
task finishing time, bandwidth utilizatn, storage capacity

Step 4: Construct decision tree as base learner

Step 5: Measure loss functiot; (X) of base classifier using (3)

Step 6: Calculate pseudresiduals functionR;)using (5)

Step 7: Fit a base classifidr,,,, (X) to pseuderesidualswith number
of tasks using (6)

Step 8: Find the best gradient descent ss&re () using (10)

Step 9: Update the model as strong classifier using (11)

Step 10: If (Y; resultsis1’ ) then

Step 11: The task is classified as immediate

Step 12: else

Step 13: The task is classified as reserved

Step 14: End if

Step 15: End for

Step 16: End

Algorithm 1 Priority base@radient Boosting Task Classification

Algorithm 1 describes a Priority based gradient boosting task classificatiordecision tree for efficient task
classification to distribute the numbafrtasks over multiple data center in cloud. For each incoming taskypisor
assigned based on the certain job request parameters.thattethe decision tree is constructed for performing the
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classification based on priority assignments. Subselyyuéme gradient boosting classifier measures loss function of
base decision classifier in order to increase classificatioaraog After that, the output of base decision tree
classifier is fit into pseudcesiduals. The best gradient descent stepisidetermined to create a strong classifier.
Finally, the output of strong classifier provides the better priority task étaggih results. This helps to improve
the classification accuracy.

Traffic Aware Data Digribution in Cloud

After classifying thetasks the task assigner distributes the tasks to multiple cegers according to their
priority. In ROGBDC techniquetask with high priority is served before a task with low priority. Based on the
priority task classification, #immediate task has high priority than the other reserved tHsksefore, the high
priority tasks are handled first than the low priority tasks. The aaslgnerchecks if the resources (i.e. energy,
bandwidth and memory) are available in a host a&gaested time for handling the immediate tasks and then the
task is allocated to that particular datacenter. This helpgduce the traffic among the data centers in cloud
environments. Traffic refers to a number of tasks distributed acrosdtiple dda center at a specified point of
time. As a result, the load is increased during the task distributiotharidsk completion time gets increased. This
increases the more space and time complexity in data distributiorddnto reduce traffic occurrees during task
distribution over the data centers, the incoming tasks are fiddsand send to data center. Thus reduces the
workload among the multiple data centers in cloud. As a resstiuree utilization and traffic data distribution are
obtained The data distribution is shown in figure 4

Figure 4:Traffic Aware Task Distributions

Figure 4 shows the Traffic aware task distributions. The classified tastlsulesover a multiple data centers at
different locations in cloud. A datacenter hasber of hosts (i.e. servers) and ROGBDC technique shows the
hostname of the node executing tlogeration From the figure, let us considBr is immediate tasks and the task
assigner distributed to that task to the datacenter 2 (DC2).

Followed by, theeservedand other immediate tasks are allocated into a datacenter with ¢ffieseurce is
available in a host. This helps to reduce the traffic occurrenceemimal resource utilization across the multiple
data centers. Thereforenergy consumption is used to calculate the energy efficiency for tasksutistr across
multiple data center. From the data center, the end useragspecified services after job completion. This helps
to minimize the time complexity and improvesource utilization rate for traffic aware data distribution across
multiple datacenter in cloud computing.

V. Experimental Settings

The proposedresource Optimized Traffic Aware Gradient Boosting Classification (ROTAGB®igue is
experimented usingva language and Cloudsim simulator used for implementation. The expatiealuation is
conducted for big data analytics using Personal Cloud Dathsgig/¢loudspaces.eu/results/datagethis dataset
is used for Active Personal Cloud Measurement. It takes two argumenissspicdvider and test type. Based on test
type, the script executes one of the following filesnelyload_ and_ transfer and service _variability. The objective
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of file transfer is continuously performed at each node based on file sizesiiy Rersonal Cloud Datasets, some
measurement traces are collected. The dataset contains 17 coielthrie perform load and transfer te$te
columns are row_id, accound, file size, operation_time_start, operation_time_end, time zone (no}, used
operation_id, operation type, bandwidth trace, node_ip, node_name, sfaot, quoto_end, quoto_total (storage
capacity), capped ( not used), failed and failure info. Based on the aetiowen fields, some of the fields are file
size, operation_time_start, operation_time_end, bandwidth tracge ip, node_name, quoto_total (storage
capacity) taken for perform resource optimized load transfer to multileatder in cloud.

Based on thelmve said parameters the incoming user requested tasks areedamsifidistributes a workload
among multiple datacenter for reducing the traffic occurrencedound environments. Experimental evaluation
ROTAGBC Technique is conducted on different factors such asfadaien accuracy, space complexity and task
completion time and resource utilization rate.

V. Reaultsand Discussion

Results and discussion of ROTAGBC technique is described in thi®orsedine ROTAGBC technique
compared against existing h@nceconstrained optnization technique[l] Lyapunov framework [2]. The
performance analysis is conducted on the various parametéras classification accuracy, space complexity and
task completion time and resource utilization rate with respeatrtier of incoming tasks in cloud. Experimental
results are analyzed with the help of following table and graph.

Impact of Classification Accuracy

Classificationaccuracyis defined as the ratio of number of incoming tasks is correctly classified totéthe to
number of tasks. It is measured as follows,

__ No.of tasks that are correctly classified

CA = x100 (12)

n
From (12), Where CA demes classification accuracy and ‘n’ denotes a number of taslssifitiation accuracy
is measured in terms pércentag€%o).

Table 1: Tabulation fo€lassification Accuracy

Number of tasks | Classification accuracy (%o)

ROTAGBC | Chance-constrained optimization technigque | Lyapunov framework
10 80 71 60
20 82 73 63
30 84 75 66
40 86 77 69
30 88 79 72
60 20 82 75
70 91 84 78
80 03 86 80
20 95 88 83
100 97 20 85

Table 1 describes experimental results of classification accuviilsyrespect to number tasks in cloud. The
number of incoming tasks for experimental consideration is varied fil®rto .00. As shown in table value,
classification accuracy is considerabtyproved than the other existing methods Chammrestrained optimization
technique [1] Lyapunov framework [2]. This is because of ROTAGBC techniquermper priority task

classification using gradient boost ensemble classifier p€hfermance result of assification accuracy is shown in
figure 5.

Number of tasks vs Classification Accuracy (%)

i

H ROTAGBC

B Chance-constrained
optimization technique

® Lyapunov framework

Classification Accuracy (%)
| I L P TN =2 00D 2
OB SING (o SNBSS oS

10 20 30 40 50 60 70 B0 90 100
Number of Tasks

Figure 5: Performance ResutiClassification Accuracy
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Figure 5 shows the performance analysis of classification accwiticyespect to number of tasks. As shown in
figure, the classification accuracy is increased using ROTAGBC itpghrtompared to existing methods. This is
because, ROTAGBC technique classifies the incoming tasks basedrgmitirity level to obtain traffic aware data
distribution to a multiple datacenter in cloud environments. The negprests are arrived in cloud and it is
considered as tasks. The task assigner receives these incomsgrdgierforms priority task classification. The
priority is assigned to a tasks based on certain paramasérsite, bandwidth, storage capadigk dead line (i.e.
finishing time) and starting time. The prioritized tasks are classified) ug&dient boost ensemble classification
techniques. Initially, decision tree is used as a base learnehn wlassifies the tasks as immediate or resenss ta
with minimum time based on their priority level. The base learmrersombined and construct a strong classifier by
measuring a loss function to increase classification accuracyoutpet of base learner is fit inpseudoresiduals.
Finally, gradiat descent step size is determined to make a strong ielagsién efficient manner. This process is
repeated until all the tasks are correctly classified for redutie traffic occurrences among the multiple
datacenters at different locations. As a result, classificattoaracy of ROTAGBC technique is considerably
increased by 10% and 22% when compared to existing CGleansgrained optimization technique [1] Lyapunov
framework [2] respectively.

Impact of Space Complexity

Space complexity is defideas an amount of storage capacity required to store the clasasfied The space
complexity ismeasuredn terms of Mega bytes (MB). The space complexity is measured as follows

SC = n x space(storing classified task) (13)
From (13) ‘SC’denotesa space complexity. Lower the space complexity, more efficienttkthod is said to be.

Table 2:Tabulation for Spac€omplexity

Number of tasks | Space complexity (MB)
ROTAGBC | Chance-constrained optimization technique | Lyapunov framework

10 15 25 33
20 18 28 37
30 23 33 42
40 20 33 48
30 32 38 32
60 36 43 33
70 40 48 37
80 42 53 62
90 48 58 63
100 50 62 63

Table 2 describes a performance result of space complexityagpect to number of incoming usasks. The
space complexity is an amount memoryspace required for an algorithm to store the classified tastm fre
table value, the results of space complexity using ROTAGBC techiscgignificantly reduced when compared to
existing Chanceonstained optimization technique [1] Lyapunov framework [2] eespely. Performance
resultant graph of space complexity is shown in figure 6.
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Figure 6:Performancé&esultsof Space Complexity
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Figure 6 depicts the performance results of space completisus the number of tasks distributed in multiple
data centers in cloud. From the figure, it is clearly eviderttttteaspace complexity is reduced usRQTAGBC
technique than the existing methods. The proposed ROTAGBC teclagueimber of tasks agput and each task
has various sizes. The storage capacity is significant pseesrin the cloud for obtaining efficient job scheduling
Therefore, the storage capacity is reduced by performing thitytask classification. Gradient boosting ensembl
classifier is used for classifying the number of user taskeréihmediate or reserved. The immediate tasks having
high priority whereas reserved tasks have low priority. Thereticksssified tasks are stored for distributing a
different datacenter tminimize the traffic and workloadherefore, the ROTAGBC technique reduces the space
complexity in traffic aware data distribution. Let us consider, numibiaisks are 10, an amount of storage space for
ROTAGBC technique is 15MB, whereas 25MB and 33Miing Chance&onstrained optimization technique [1]
Lyapunov framework [2] respectively. This shows ROTAGBC techniqgilizas the minimum storage space for
storing thedifferenttasks. As a result, space complexity of ROTAGBC technique is significantiggedy 23%
and 38% when compared to existing Chaomestrained optimization technique [1] Lyapunov framework [2]
respectively.

Impact of Task Completion Time

Task completion time idefinedas an amount of time required to distribute an incoming taekairparticular
data center with minimum traffic occurrences. The mathematicalufar for task completion time is described as
follows,

TCT = n = time(distributing a task) (14)
From (14), whereTCT denotes task completion time and it is measured in terms of milliseconds (ms).

Table 3:Tabulation for TaskCompletion Time

Number of tasks | Task completion time (ms)
ROTAGEBC | Chance-constrained optimization technique | Lyapunov framework

10 25 35 42
20 3 38 47
30 36 42 53
40 40 48 58
50 45 53 62
60 50 58 66
70 52 62 70
80 35 66 74
20 58 70 78
100 63 74 g2

The comparative performance analysis of task completion time is shown in3talte amount of timdor
distributing the number of inaoing tasks to different center is reduced using ROTAGBC technique than the
existing methods. Three differemethods and thegxperientialresults are presented in table 3. While considering
the 10 user taskROTAGBC technique uses the task completionetiof 25mswhereas Chaneeonstrained
optimization technique [1] Lyapunov framework [2] achieves 35 ms and 42espgatively. This shows the
significant improvement of ROTAGB@&chnique thaexisting methods.

Number of Tasks vs Task Completion time (ms)
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Figure 7:Performancéresultof TaskCompletion Time
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Figure 7 shows the performance results of task completion time versusmoihtasks in cloud. As shown in
figure, task completion time is considerably reduced using ROTAGB®Qitpee than the existing methods. This is
because, incoming $&s are defined in the form of tasks. These tasks are receive@ bgsthassigner in cloud
environment. The task assigner allocates the priority to imgptasks based on the certain parameters. The size of
task is minimum and less finishing time, bamdiv utilization, storage capacity. Based on these constrains, kse tas
are prioritized. After that, the gradient boosting classifiapjgied to perfornpriority based task classification.

The gradient boost ensemble classifier provides the strasgifatation output results of incoming tasks through
the weak decision tree classifier. Based on classification, the ingaasks are identified as immediate or reserved.
Then the task assigner distributes the Ipgbrity task (i.e. immediate task) to particular datacenter. This helps to
minimize the time for task distribution across the multiple data centers inwltudvailable resources. As a result,
ROTAGBC technique improves the geo data distribution in an effectiyemith minimum task comgttion time.
Therefore, task completion time is considerably reduced by 17% andvB8%compared to Chanamnstrained
optimization technique [1] Lyapunov framework [Bspectively.

Impact of Resource Utilization Rate

Resource utilization rate is measurasl the ratio of number of resources utilized by task distribution over
datacenters in cloud to the total available resources in.clidua formula for resource utilization is expressed as
follows,

RUR = cloud resources utilized + 100 (15)

Total available resources

From (15), wheréRUR' denotesesource utilization rate and it is measured in terms of pege (%).

Table 4:Tabulaton for Resourcéltilization Rate

Number of tasks | Resource utilization rate (%)
ROTAGBC | Chance-constrained optimization technique | Lyapunov framework

10 82 72 60
20 84 75 64
30 88 78 67
40 90 80 70
50 92 83 73
60 93 85 75
70 94 88 78
80 95 90 81
90 96 02 83
100 97 93 84

Table 4 describes experimentabults ofresource utilization rate for distributing the number of incontérsxs
into a multiple datacenters at different locations. Resource utilization isndicsigt parameter technology for
utilizing the available cloud resources to distribute the tasks to datacAstersesult,Resource utilization rate
using proposed ROTAGBC technique is improved when compared to efitingceconstrained optimization
technique [1] and Lyapunov framework f2spectively.

Figure 8depictsperformance result akEsource utilization rateersus number of tasks in the range c6fl00.
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Figure 8:Performancd&esultof ResourceJtilization Rate
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As shown in figure, the propos@&DTAGBC technique increases the resource utilization rage wbmpared to
existing methds. While varying the number of tasks, amount of resources dtilarecomputing the number of
incoming tasks by utilizing a memory usage, energy consumption. Tlesasde, ROTAGBC technigque minimizes
the amount of traffic while distributing the numlagitasks to multiple data centers in cloud computing. This is done
by the tasks which has higher priority is stored in queue for distriptitie data center at a different locations.
Moreover, the dynamic incoming tasks are scheduled to multipdeeatser with optimized resources for offering
the services from cloud server. The ROTAGBC technique imprénesesource utilization rate by 10% and 21 %
when compared t6@hanceconstrained optimization technique [1] and Lyapunov frameworkefjectively.

VI. Conclusion

An efficient machine learning technique called Resource OgeuniTraffic Aware Gradient Boosting
Classification (ROTAGBC) is developed fgecdata distribution over multiple data centre with optimal resource
utilization and minimum traffic Meel. Initially, the user requests are considered as tasks. Rnocéss number of
tasks is often called as big data for distributing the workload across multiple dega G&e incoming tasks are
prioritized with job request parameters and the classifin is carried out usingradient boosting classifier in
structure of an ensemble of base decision trees classifier. Thengdaabst ensemble classifier categorizes number
of tasks as immediate or reserved. This helps to improve clasesifi@ccuracy. After classification, the tasks are
distributedto the multiple datacenters with optimal resource utilizatind traffic occurrence level. Experimental
evaluation of ROTAGBC technique is carried out with certain parametech as classification aceay, space
complexity, task completion time and resource utilization rate. The reswtgss of ROTAGBC technique
improves classification accuracy and resource utilization rate with minimum apddask completion time than
the stateof-art methods.
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