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Abstract 

The growth of information technology has led to increased 

adoption of scientific workflow execution for various 

application uses. Various storage framework is adopted to 

solve storage and computing problem of scientific workflow 

execution. Storage Area Network (SAN) is a traditional 

storage framework used to solve research problems. However, 

they are not efficient for current dynamic resource 

requirement. Provisioning efficient resource allocation for user 

in SAN involves numerous challenges such as data placement, 

data reconfiguration and data monitoring. To provision 

dynamic resource requirement, SAN system use hybrid 

architecture using SDN and cloud platform. Minimizing data 

access cost and latency on such platform/network is most 

desired. To solve the data placement problem, graph based and 

optimization technique is adopted by exiting model which aid 

in minimizing computation time and latency. However, 

adopting their architecture on cloud platform incurs latency 

affecting performance. To address this work present a 

Bipartite Graph based Data Placement (BGDP) Technique for 

Cloud based Storage Area Network to provision execution of 

real-time scientific workflow. Experiment are conducted using 

real time scientific data workflow. The outcome shows BGDP 

technique minimize data access latency, computation time and 

cost. 

Keywords: Cloud, Bipartite graph, ILP, SAN, SDN. 

 

INTRODUCTION 

The storage platform is considered to be a critical element of 

any computing framework. The storage platform can be either 

centralized are distributed in nature. The distributed storage 

architecture is predominantly adopted by various researcher 

which aid in providing durability, reliability, availability and 

scalability. The storage device are prone to disk failure, 

durability represent the longevity of data access without disk 

failure. To provide continuous durability and avoid single point 

failure, the data are stored across multiple server and 

datacenter. Scalability reduces the data access latency from 

different datacenter and reliability permits the correctness of 

the data.  

Currently there exist different types of storage technology 

available in market such as Cassandra [1], Freenet [2] and 

Bigtable [3] and so on with different features. Therefore, when 

designing a storage system it is important to identify the most 

important features.  Storage platform are increasingly getting 

wide attention due to increase usage of smart devices for 

various application uses such as Bioinformatics, scientific and, 

space research etc. Therefore minimizing data access is most 

desired on such application.  Related technologies also 

upgrading itself to cater the current market dynamics and needs 

such as disk manufacturing and file system technologies. The 

outcome/performance of these technologies depends on design 

and optimization technique used. 

In scientific domain, scientific application produces massive 

volume of scientific data that need to be processed/analyzed. 

To process scientific data requires huge computing resource 

and to store the raw outcome of these analysis requires an 

efficient storage system. To process these data new scientific 

framework are designed such as XrootD [4] and NetCDF [5]. 

In general, the data in scientific application are predominantly 

read only or append only. As a result, high performance 

application requires high I/O (input/output) request on the 

storage framework, which enables parallelization within 

scientific application and storage framework. In [6] conducted 

many physics experiment with storage and computation power 

which provides data. In order to provision scalable and high 

performance storage framework different storage technologies 

like Network attached Storage (NAS), Direct-attached Storage 

(DAS) and Storage Area Network (SAN).  

The outcome obtained in [7] shows that the SAN gives better 

performance than NAS. Provisioning efficient resource 

allocation for user in SAN involves numerous challenges such 

as data placement, data reconfiguration and data monitoring. 

Minimizing data access cost and latency on such network is 

most desired. To address the existing approach [8] and [9] 

presented cache optimization, cost optimization reconfiguration 

technique for data placement. However, they are not efficient 

for present application dynamic computing resource 

requirement. To address the resource dynamic requirement new 

architecture is been adopted such cloud and SDN. Many 

existing model [10], [11] and [12] have adopted hybrid 

approach using SAN to provision efficient service to user. The 

growth of storage industries and cloud platform has led to 

evolution in way user stores and access data. Various hybrid 

and heterogeneous network is been adopted [13]. The future 

SAN design should consider heterogeneity of storage in 
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provisioning service to users. In [14] presented a dynamic Solid 

State Drives (SSD) resource allocation scheme for 

heterogeneous I/O workload on virtualized storage 

environment.  The model in [14] adopted virtual resource 

partitioning for cache optimization. However, the model did 

not consider dynamic traffic pattern of user to solve data 

placement problems. To address [15] presented an adaptive 

placement algorithm for high performance scientific 

applications. They presented a checkpoint based placement 

optimization algorithm which utilize both burst (traffic) and 

parallel filesystem. The outcome obtained by [15] shows 

significance performance improvement over state-of-art 

architecture. However, implementing such architecture on 

cloud platform induce data access latency. Since, the data are 

placed across data center which are placed on different location 

globally. As a result, induces high cost and computation 

overhead [16].  

To overcome the research issue, graph partitioning and 

optimization technique is adopted in [13], [14], [15], [18], and 

[19] respectively. This work present a Bipartite Graph based 

Data Placement (BGDP) Technique for Cloud based Storage 

Area Network to provision execution of real-time scientific 

workflow. The BGDP technique aims at minimizing data 

access latency, computation time and cost. 

The Contribution of research work is as follows: 

 This work consider Bipartite graph based model 

for data placement on cloud based SAN network. 

 We consider multi-objective function to find 

optimal data placement solution. 

 Experiment are conducted on real-time scientific 

work flow and performance is evaluated in terms 

of processing time of task completion time and 

other system parameters. 

 The outcome shows significance performance over 

state-of-art architecture.  

The rest of the paper is organized as follows. In section II the 

proposed model is presented. In penultimate section 

experimental study is carried out. The conclusion and future 

work is described in last section.   

 

PROPOSED ALGORITHM   

Here we present an efficient data placement mechanism for 

cloud based Storage Area Network (SAN).  

a) System Model: 

Let consider there are 𝐼 of 𝐾 data objects to be stored in the 

cloud based SAN network environment. The data objects can 

be files, fragments or tables which depends on the type of data 

storage be used. Each request form user/client in network 

would not exceed more than 𝑁 different objects from the 𝐼𝑡ℎ 

set. The request pattern 𝔸 of user can be represented as 

𝔸 = {𝐼, ∅}𝑁 (1) 

and represent the object or request pattern 𝑎 . The requests 

pattern of user generally a subset of Eq. (1), which is 

represented as 

𝒜 ⊂ 𝔸 = {𝐼, ∅}𝑁 . (2) 

Let consider that data objects are stored across datacenter 

which are geographically distributed. This distributed storage 

architecture aid in minimizing data access latency. Let consider 

that each data object 𝑖 ∈ 𝐼 is stored at distinctive datacenter𝑗 ∈
𝐽. Therefore, the mapping of data with respect to location can 

be defined as 

𝒴: 𝑖 → 𝑗 (3) 

which identifies the storage location 𝑗 of each objects 𝑖. This 

work aims at optimizing 𝒴 for efficient data placement and 

consider 𝑌𝑗 to represent set of data objects placed in datacenter 

𝑗 after data placement decision. 

We consider that the request of user are directed toward nodes 

closest to the location of user. The user may be within or 

outside the datacenter that stores user’s data. The user are 

considered be present outside the datacenter when requesting 

for services and another case is that the task running on 

computing platform may request for data objects. For easiness, 

we consider the node that request is primarily as source 

location of the request. As a result, the node in our work has 

two important roles simultaneously. Firstly, destination 

location that possess data and source location of request. To 

distinguish a datacenter 𝑗 being destination or source request, 

we use 𝑦 and 𝑥 respectively. 

The real-time workload rate of each pattern 𝑎 ∈ 𝒜 from the 

demanding datacenter 𝑗 ∈ 𝐽 can be computed, which is 

represented by 𝒢𝑎𝑗. The data placement decision is done using 

predicted request rate. However, the predicted rate are not same 

as the computed one, for easiness we use the request rate set as  

𝒢 = {𝒢𝑎𝑗|𝑎 ∈ 𝒜, 𝑗 ∈ 𝐽}. (4) 

We consider 𝒢 to be a bipartite graph, where request patterns 

and nodes are two sets of vertices, and the edges among them 

are weighted by the rate 𝒢𝑎𝑗 . To provide graph based data 

placement, two types of request rate can be modelled based 

on 𝒢. One is cumulative request rate to a pattern 𝑎 irrespective 

location of source. For all pattern 𝑎, we compute its cumulative 

rate of request as follows 

𝒢𝑎 =∑𝒢𝑎𝑗
𝑗∈𝐽

. (5) 

Another is the cumulated request rate to a data objects 𝑖 a 

source datacenter 𝑗. For all data objects 𝑖, we can compute its 

cumulated rate of request at each source datacenter 𝑗 as follows 

𝒢𝑎 = ∑ 𝒢𝑎𝑗
𝑎∈𝒜

1(𝑖 ∈ 𝑎). (6) 

The data placement problem of cloud based SAN network 

depends on the objective of performance, cost and efficiency. 

The data placement problem can be formulated as, for a given 

workload 𝒲 = {𝒜, 𝒢}, compute the optimal policy of 𝒴: 𝑖 → 𝑗 
that minimize objective parameter defined on 𝒲 and 𝒴, subject 
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to optimization limit. We consider optimization limit as the 

worst case recovery time upon data failure limitation. We 

define optimization based number of data objects placed in 

different node. That is the number of data objects placed in 

each node 𝑗, should be range of [(1 − 𝛽)𝑙𝑑 , (1 + 𝛽)𝑙𝑑], where 

𝛽 is the optimization parameter and 𝑙𝑑 is the mean number of 

data objects placed in all nodes. The objective parameter is 

considered to be linear function with placement decision 𝒴 

being the variable with 𝒢𝑖𝑗being the coefficient and 𝒢𝑎being the 

accumulated rate of request. The performance of data 

placement can be measured and optimized by various metric 

which are discussed later.  

 

b) Graph based data : 

This work adopts a graph based data placement model to solve 

the unawareness of the difference among locations and its 

relationship among multiple objects. Let consider a Bipartite 

graph ℒ(𝐾, 𝐻), where 𝐾 represent the vertices and 𝐻 represent 

the edges. The graph support multiple vertices for each edges 

while foe edges only two vertices are allowed utmost. This 

model considers set of vertices with all datacenter and data 

objects which is represented as  

𝐾 = 𝐼 ∪ 𝐽. (7) 

The edge set 𝐻 represent all the request patterns and all the pair 

among each data objects and datacenter which can be defined 

as follows 

𝐻 = {ℎ𝑎|𝑎 ∈ 𝒜} ∪ {ℎ𝑖𝑗|𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽}. (8) 

This work adopt Bipartite graph, as a result there exist multiple 

data objects for every request pattern edge. Each edge ℎ ∈ 𝐻 is 

a given a weight to assure certain QoS requirement of data 

placement, in order to minimize latency of data access by end 

client.  

The real-time workflow task completion efficiency depends on 

amount of data accessed and number of nodes which are 

distributed across different datacenter used for processing these 

tasks. Let 𝑋𝑎be the time duration of request 𝑎. Since each 

datacenter may not possess enough data objects and 

𝑋𝑎𝑗represent the number of data objects in request 𝑎. Since, 

each node in a datacenter may not be position to cater all data 

objects in 𝑎. The relativity among 𝑋𝑎 and 𝑋𝑎𝑗 is obtained as 

follows 

∑𝑋𝑎𝑗 = 𝑋𝑎
𝑗∈𝐽

. (9) 

The computation time to optimally satisfies the request 𝑎 at 

datacenter 𝑗 is given as follows 

𝑢𝑎𝑗 = 𝑋𝑎𝑗 + 𝛼. 1(𝑋𝑎𝑗), (10) 

where 1(𝑋𝑎𝑗) represent whether 𝑋𝑎𝑗 ≥ 1 and 𝛼 represent the 

overhead incurred in handling request from user(.i.e. TCP 

connection establishment). Each user in network has different 

data requirement (patterns) with different request rates. The 

objective to fulfill all the user request is 

∑𝒢𝑎∑𝑢𝑎𝑗
𝑗∈𝐽𝑎∈𝒜

  (11) 

which is equal to 

∑∑ 𝒢𝑎[𝑋𝑎𝑗 + 𝛼. 1(𝑋𝑎𝑗)]

𝑎∈𝒜𝑗∈𝐽

, (12) 

Minimizing (11) aid in reducing the cost of provisioning 

service for service provider. (.i.e. the amount of resource 

required for provisioning SAN on cloud environment. For case, 

let consider when placing data objects in a pattern of 𝑎 to a 

particular datacenter, the computation time on 𝑎 will be lower 

limit of 𝒢𝑎(𝑋𝑎𝑗 + 𝛼). Since, ∑ ∑ 𝒢𝑎 . 𝑋𝑎𝑗𝑎∈𝒜𝑗∈𝐽  in Eq. (12) is a 

constant for any scientific workflow task, thus cost of 

computation is defined as follows 

𝒞[𝑋] =∑∑ 𝒢𝑎 . 𝛼.

𝑎∈𝒜𝑗∈𝐽

1(𝑋𝑎𝑗). 
(13) 

By assigning weight for edge ℎ𝑎 using 

𝑚𝑎
[𝑋] = 𝛼𝒢𝑎 , (14) 

to minimize weight of Bipartite graph partitioning identical to 

minimizing Eq. (12).  

The data access latency of requested data objects for Cloud 

based SAN network is modelled as follows. Let consider 

retrieving latency from datacenter 𝑥 to datacenter 𝑦 is a 

constant 𝑆𝑥𝑦
𝑄

, the objective our model is to minimize the 

cumulative latency 

𝑄[𝑄] =∑∑1𝑖𝑗𝒪𝑖𝑗
[𝑄],

𝑗∈𝐽𝑖∈𝐼

 
(15) 

where 

𝒪𝑖𝑗
[𝑄] =∑𝑆𝑥𝑦

[𝑄]𝒢𝑖𝑥 .

𝑠∈𝐽

 
(16) 

We can still optimize the QoS by obtaining series of 

optimization parameter as follows 

𝒪[∗] =∑∑1𝑖𝑗𝒪𝑖𝑗
[+],

𝑗∈𝐽𝑖∈𝐼

 
(17) 

The Eq. (17) is subjected to constraint that object 𝑖 is exactly 

placed at one of the datacenter in 𝐽 which can further minimize 

∑ 1𝑥𝑦𝒪𝑖𝑗
[∗]

𝑗∈𝐽  for each 𝑖. As a result, we need to compute weight 

𝑚𝑖𝑗 for the node edge ℎ𝑖𝑗, so that the partitioning is identical to 

data placement objectives. For every data object 𝑖 ∈ 𝐼 in the 

cloud based SAN network, we attain an equation array as 

follows 

{
 
 

 
 𝒪𝑖1

[+] =        𝑚𝑖2 +𝑚𝑖3 +⋯          + 𝑚𝑖𝑇

𝒪𝑖1
[+] = 𝑚𝑖1        + 𝑚𝑖3 +⋯          + 𝑚𝑖𝑇

………

𝒪𝑖𝑇
[+] = 𝑚𝑖1 +𝑚𝑖2 +𝑚𝑖3 +⋯+𝑚𝑖,𝑇−1

 

(18) 

In Eq. (18) each line 𝑗 computes overhead in placing object 𝑖 in 

datacenter 𝑗. The weight among data object 𝑖 and datacenter 𝑗 is 
computed as follows 
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𝑚𝑖𝑦
[+] =∑

𝒪𝑖𝑗
(𝑇 − 1) − 𝒪𝑖𝑦

.

𝑗∈𝐽

 
(19) 

The cost of storage of a data object 𝑖 at location 𝑦 by 𝑆𝑖𝑗
[𝑆]

. 

Therefore to minimize the cost of storage on such platform is 

obtained as follows 

𝑄[𝑆] =∑∑1𝑖𝑗𝒪𝑖𝑗
[𝑆]

𝑗∈𝐽

,

𝑖∈𝐼

 
(20) 

where 

𝒪𝑖𝑦
[𝑆] = 𝑆𝑖𝑦

[𝑆]
 (21) 

We compute the edge weight ℎ𝑖𝑦
[𝑆]

 by applying 𝒪𝑖𝑦
[𝑆]

 to Eq. (19) 

in order handle heterogeneous size of data objects. As a result, 

𝒪𝑖𝑦
[𝑆]

is divided by the respective data objects size. Since this 

work considers multi-objective function, we set the weight of 

every edge in the graph to the multi-objective function which is 

shown as follows 

𝑆 = 𝑀. (𝒞[𝑋], 𝑄[𝑄], 𝑄[𝑆])
𝑈

 (22) 

where 𝑀 is the weighted vector of multi-objective optimization 

metrics factor. The cumulative weight of each individual 

metrics is obtained as follows 

{
𝑀. (𝑚𝑎

[𝑋], 0,0)
𝑈

, 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑒𝑑𝑔𝑒 ℎ𝑎

𝑀. (0,𝑚𝑖𝑗
[𝑄], 𝑚𝑖𝑗

[𝑆])
𝑈

, 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑒𝑑𝑔𝑒 ℎ𝑖𝑗

 

(23) 

Note that in Eq. (19), the computed weight of some node edge 

is negative, and our Bipartite graph supports only non-negative 

edge weights. For such scenario, we can increase the edge of all 

computed weight by 𝛿, in order to make all the weight positive 

which is represented as follows 

𝛿 = min{𝑚𝑖𝑗|𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽}. (24) 

Since before partitioning we cumulate each edge from each 

data objects to each datacenter and there exist only one edge 

after partitioning. This enables us an optimal solution for 

optimizing cost. Thus we have 

{
𝑀. (𝑚𝑎

[𝑋], 0,0)
𝑈

, 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑒𝑑𝑔𝑒 ℎ𝑎

𝑀. (0,𝑚𝑖𝑗
[𝑄], 𝑚𝑖𝑗

[𝑆])
𝑈

+ 𝛿, 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑒𝑑𝑔𝑒 ℎ𝑖𝑗

 

(25) 

Let consider an input 𝒲 = {𝒜, 𝒢}, we can determine it as a 

Bipartite graph (𝐾, 𝐻), where the weight if the edge is 

computed based on Eq. (25). From the optimal solution of 

Bipartite graph with parameters {𝒜, 𝑇, 𝛽}, we achieve the data 

placement 𝒴 and the cost of portioning is defined by ℒ, which 

satisfies ℒ = 𝑆 − 𝑅, where 𝑅 is a constant, and 𝑆 is obtained 

from Eq. (22) based on 𝒴. Similarly, ℒ + 𝑅 is the minimum 

feasible parameter of Eq. (22) for optimal and efficient data 

placement for cloud based SAN network.  

In next section the performance of proposed model is evaluated 

considering different types of real time scientific application 

and is compared with state-of-art architecture.  

     

SIMULATION RESULT AND ANNALYSIS 

The experiments are conducted on windows 10 operating 

system, 64-bit I-5 quad core processor with 12GB RAM with 2 

GB dedicated CUDA GPU. This work consider dataset 

obtained [17] such as Inspiral and Montage. The proposed and 

existing model [15] is designed using Java 8 and eclipse neon 

framework. The performance of proposed BGDP model is 

evaluated in term of workflow execution time, latency and 

computation cost. The proposed BGDP model performance is 

compared with existing model [15]. 

 

a) Computation time performance:  

Experiments are conducted to evaluate the performance of 

BGDP in terms of computation time. Two cases/dataset are 

considered namely Inspiral_30 and Montage workflow. The 

number datacenter are varied from 10 to 40, 100 number of 

user are considered and each datacenter consist of 10 nodes 

each. The experimental outcomes show the proposed BGDP 

performs better than existing model. An average improvement 

of 89.02% and 92.86% is achieved by proposed model over 

existing model for Inspiral and Montage respectively. 

 

 

Figure 1. Scientific workflow execution time considering 

Inspiral_30 dataset 

 

 

Figure 2. Scientific workflow execution time considering 

Montage_100 dataset 
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b) Latency performance:  

Experiments are conducted to evaluate the performance of 

BGDP in terms of latency incurred. Two cases/dataset are 

considered namely Inspiral_30 and Montage workflow. The 

number datacenter are varied from 10 to 40, 100 number of 

user are considered and each datacenter consist of 10 nodes 

each. The experimental outcomes show the proposed BGDP 

performs better than existing model. An average improvement 

of 2.67% and 2.34% is achieved by proposed model over 

existing model for Inspiral and Montage respectively. 

 

Figure 3. Latency performance considering Montage_100 

dataset 

 

 

Figure 4. Latency performance considering Montage_100 

dataset 

 

c) Computing cost performance:  

Experiments are conducted to evaluate the performance of 

BGDP in terms of computation cost. Two cases/dataset are 

considered namely Inspiral_30 and Montage workflow. The 

number datacenter are varied from 10 to 40, 100 number of 

user are considered and each datacenter consist of 10 nodes 

each. The experimental outcomes show the proposed BGDP 

performs better than existing model. An average improvement 

of 5.02% and 4.88% is achieved by proposed model over 

existing model for Inspiral and Montage respectively. 

 

Figure 5. Scientific workflow computing cost considering 

Montage_100 dataset 

 

 

Figure 6. Scientific workflow computing cost considering 

Montage_100 dataset 
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The outcome shows an average performance improvement of 
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efficacy and robustness of our model. The future work would 

consider content caching optimization, energy minimization 

and other system parameter in to the optimization function to 

further minimize latency, cost and energy consumed. 
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