A Big Data Placement Strategy in Geographically
Distributed Datacenters
Laila Bouhouch
National School of Computer science
and Systems Analysis,
Mohamed V University
Rabat, Morocco
lailabouhouch94@gmail.com
laila.bouhouch@mines-paristech.fr

Mostapha Zbakh
National School of Computer science
and Systems Analysis,
Mohamed V University
Rabat, Morocco
m.zbakh@um5s.net.ma

Abstract—With the pervasivness of the “Big Data” characteristic together with the expansion of geographically distributed
datacenters in the Cloud computing context, processing largescale data applications has become a crucial issue. Indeed, the
task of finding the most efficient way of storing massive data
across distributed locations is increasingly complex. Furthermore,
the execution time of a given task that requires several datasets
might be dominated by the cost of data migrations/exchanges,
which depends on the initial placement of the input datasets
over the set of datacenters in the Cloud and also on the dynamic
data management strategy. In this paper, we propose a data
placement strategy to improve the workflow execution time
through the reduction of the cost associated to data movements
between geographically distributed datacenters, considering their
characteristics such as storage capacity and read/write speeds. We
formalize the overall problem and then propose a data placement
algorithm structured into two phases. First, we compute the
estimated transfer time to move all involved datasets from their
respective locations to the one where the corresponding tasks
are executed. Second, we apply a greedy algorithm in order to
assign each dataset to the optimal datacenter w.r.t the overall
cost of data migrations. The heterogeneity of the datacenters
together with their caracteristics (storage and bandwith) are
both taken into account. Our experiments are conducted using
Cloudsim simulator. The obtained results show that our proposed
strategy produces an efficient placement and actually reduces
the overheads of the data movement compared to both a
random assignment and a selected placement algorithm from
the litterature.
Index Terms—Big Data, Cloud Computing, Data Placement,
Greedy algorithm, Cloudsim.

I. I NTRODUCTION
Nowadays, various scientific fields like physics [2], astronomy [3], bio-informatics [4], earthquake science [5] and social
media [6], produce huge amounts of data every day. Data are
generated either from physical devices such as those of the IoT
or they are produced as the output of specific applications.
This data explosion is generally known through the generic
word “ Big Data”. Hence, (data) scientists need to develop
new methodologies for the analyzis, storage and process of
a huge amount of data in the most efficient way. Typically,
Cloud computing appears as the best infrastructure to run this
type of applications and also to improve their performance [7].
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Since their emergence around 2007 [8], cloud-based technologies since have been used successfully in many areas
[10; 11; 12; 13] by offering diverse services such as scalable
infrastructures, elastic provisioning, on-demand resources and
distributed computing [9]. The benefits of Cloud computing
can be summarized in three main points: 1) provide desired
massive storages and high-performance computing resources;
2) allocate on-demand resources easily; 3) construct an infrastructure at a lower cost made possible by the availability of
several datacenters.
Based on the Internet, cloud paradigm continues to grow in
such a way that some cloud providers use tens of geographically distributed datacenters around the globe [14]. In addition,
this growth offers more functionalities for scientists to easily
configure and collaborate together. Further, it provides many
appropriate frameworks for processing “Big Data” applications
as well as efficiently distribute and cluster tasks and data
over distant heterogeneous sites. This heterogeneity is one
of the characteristics of each datacenter and refers to storage
capacity and processing speed [15]. However, on such type of
platforms, the task execution time and the overhead of data
movements both depend on the target machine.
For a large-scale and distributed applications executed
across different datacenters, a single task might require several
pieces of data (dataset) spread over the cloud system [16].
When running such applications, since some dataset won’t
be available on the same node where a consumer task is
assigned, data movements will occur and the associated time
overhead might be significant, especially in a “Big Data”
context. Thus, data placement in a cloud system with several
distant datacenters is a crucial aspect related to the global
time/energy performances [1].
To deal with the previously mentioned issue, we propose an
efficient data placement strategy for data-intensive applications
deployed in Cloud environment. The main goal is placing the
datasets carefully in order to reduce the overall cost of the
data transfers, not only considering datacenters heterogeneity
regarding their characteristics like the read/write speeds, but
also the limited bandwidth of the links among the datacenters.
Technically, to reduce data movements among datacenters, we

first compute a cost matrix which gives the total transfer time
of each dataset considering each source location and all target
locations (those of the tasks that use the dataset). Afterwards,
using that matrix, we apply the greedy algorithm to optimally
choose the assignment of the datasets to the datacenters. More
precisely, for a given task, all its required datasets will be
moved in an efficient time from their initial location to where
the execution of this consumer task is assigned to.
The rest of the paper is organized as follows: Section 2
discusses some related works. In section 3, we formalize our
data movement model. Section 4 is devoted to explain in
details the proposed data placement strategy. Section 5 depicts
and discusses the experimental results using the Cloudsim tool.
Finally, we draw a conclusion and indicate some future works
in Section 6.

In fact, in a heterogeneous Cloud Computing environment,
every datacenter has its own capacity and speeds (processing
and read/write). Furthermore, while executing a data-intensive
application among geographically distributed datacenters, several datasets are migrated from one datacenter to an another
distant one. Hence, the overall cost of the data transfers
rates will highly affect the application performance, and this
strongly depends on the interconnection bandwidth. So, only
decreasing number of data movements over datacenters is not
equivalent to reducing the data transfers time cost. This is
the reason why in our work we propose a data placement
strategy in order to decrease time to transfer the datasets when
running “Big Data” applications in a Cloud environment and
henceforth improve the overall performance.
III. M ODELING OF DATA PLACEMENT SYSTEM
Aiming at reducing the cost of the data transfers among
datacenters in a Cloud environment, we look for a distribution
of the datasets among datacenters such that overall data
transfer time is the optimal. To address this data placement
problem, we are first going to describe the elements of our
model. Table I provides all necessary symbols and notations.

II. R ELATED W ORK
Optimal datasets placement is one of the issues of the
management of geographically distributed datacenter systems.
A reasonable data placement allows to effectively reduce the
time/energy overhead of data movements. There are many
disseminated contributions proposing different algorithms and
techniques related to that problem. We comment some of them
in this section.
To solve the data placement problem, authors of [17]
consider a K-means algorithm. They compute a dependency
matrix, then use it to investigate how to distribute the data over
the datacenters. The datasets that are strongly interdependent
are placed within the same datacenter. In [18], the authors establish a data placement strategy based on a genetic algorithm
and compare it to other algorithms such as a Monte Carlo
algorithm and an exhaustive search algorithm. The results of
the proposed approach gives better nearly-optimal solutions for
the data placement and data scheduling among datacenters.
Another study is described in [19], which proposes two
contributions: (1) a heuristic approach following the genetic
algorithm paradigm (2) a load balancing among the datacenters
considering their capacity constraints and workloads. This
combination gives better schedulings and extends the search
space. Authors of [20] propose a new way to cluster the
datasets based on the correlation between pairs of datasets
following the question of how much the amount of data
transfers would be if these two datasets were stored within
two distinct datacenters. While calculating this correlation,
they incorporate the factor orelated to the size of the dataset
that will yield the lowest impact. In [21], the authors suggest
a data placement strategy to minimize the total amount of
data transfers between virtual machines. They compute the
interdepencies between pairs of datasets and the most related
are stored on the same virtual machine following a genetic
algorithm. They also consider the data transfer rate between
virtual machines to decrease the data movements.
However, to our knowledge, most of the previously mentioned works try to reduce the data movements mainly, rather
focusing on the time consumption of the data transfers, which
is the genuine concern.

A. Datecenters graph
To model our problem, we consider a system of geographically distributed but interconnected datacenters. The
problem is modeled by using a directed Acyclic graph G =
(M, w, r, B). M is the set of nodes (datacenters) expressed
by {mi , 1 ≤ i ≤ p}, where mi is a single datacenter. Each
datacenter mi is characterized by a read speed ri and a
write speed wi . Finally, B is the set of edges connecting the
datacenters where each edge {bij , 1 ≤ i, j ≤ p} is the transfer
speed between mi and mj (∞ if there is no link). We logically
set bii = 0. The matrix B = (bij ) is the interconnection matrix
between the datacenters.
B. Initiate tasks
In our proposed model, we assume that the Cloud system receives a fixed number of tasks. Tasks have different
sizes/lengths and may require several datasets for their execution. As indicated in Table I, we denote the set of task
as T = {t1 , t2 , . . . , tn }, where n is the number of tasks
to execute. We consider that each task is assigned to a
specific datacenter for execution. For that, we define a vector
α = {α1 , α2 , . . . , αn }, so that ti is executed in mαi . Several
tasks can be executed at the same time, but each one is
assigned to only one datacenter.
C. Assign data to tasks
We define D as a set of all datasets, where each dataset di ,
1 ≤ i ≤ m, has volume vi .
A task may require one or multiple datasets and a single
dataset might be consumed by many tasks. This lead us to
create the m × n matrix F describing the mapping between
tasks and data, in other words :
(
1
if di ∈ D is required by tj ∈ T
fij =
0
otherwise

2

TABLE I
S YMBOLS AND NOTATIONS
Denotations
M
Set of the datacenters
mi
Designation of the ith datacenter in M
ci
Storage capacity of datacenter mi
ri
Read speed of datacenter mi
wi
Write speed of datacenter mi
bij
Bandwidth between two datacenters, mi and mj
T
Set of the tasks
ti
Designation of the ith task in T
α
Array of tasks assignement (i.e task ti is assigned to mαi )
αi
Task ti is executed in datacenter mαi
D
Set of datasets
di
Designation of ith dataset in D
vi
Volume of dataset di
F
Matrix to map datasets and tasks
fij
fij = 1 means di is required by tj , 0 otherwise
τ
Transfer time matrix
τik
Total time needed to transfer di from datacenter mk to every datacenter where there is task that uses di as input
φ
Array of the final datasets assignments
φi
Dataset di is assigned to datacenter mφi (output of the placement algorithm)

Let assume that a given dataset di is stored in datacenter mj
and is used by a task executed on datacenter mk (j 6= k). The
time needed to transfer di from its source mj to the destination
mk , 1 ≤ j, k ≤ p and 1 ≤ i ≤ m, is expressed as follows :

D. Constraints
Two types of data placement constraints are considered:
1) Datacenter storage capacity constraint: The total size of
stored data should not exceed the available storage capacity
of the datacenter.
2) Non-replication constraint: A datatset is only placed into
one specific datacenter and no data replication is considered
(this aspect is a potential extension of this work).

(i)

τjk = vi × (

(2)

Since a dataset di might be required by many tasks (potentially all of them), its total transfer time from mj considering
all requests during the whole execution can be written as
follow :

E. Data placement solution
Let us consider a vector Φ ∈ N |D| where φi , i ∈ 1, . . . , m
is the index of datacenter housing di , thus:
di is placed in datacenter mφi

1
1
1
+
+
)
rj
wk
bjk

τij =

(1)

|T |
X

(i)

fik × τjαk

k=1

The data placement solution aims to minimize the data
transfers cost when moving datasets from one location to other,
considering the mentionned constraints above. In the next
section, we describe more clearly our propsed data placement
strategy.

=

|T |
X
k=1

fik (

1
1
1
+
+
) × vi
rj
wαk
bjαk

(3)

Following equation (3), we can compute the aggregated
migration time matrix τ = (τij ), where 1 ≤ i ≤ m and
1 ≤ j ≤ p.

IV. P ROCESS OF THE PROPOSED DATA PLACEMENT
ALGORITHM

A. Compute τ matrix

In this section, we explained the main steps of our data
placement algorithm in order to minimize communication cost
while moving datasets among datacenters. The proposed algorithm resolves the aforementioned problems and is composed
on two main steps. As a first step, we compute the total
transfer time of the datasets between the datacenters based
on their volume and read/write bandwidths. In the second
step, we apply a greedy algorithm to assign the datasets to
the datacenters based on the computed potential transfer time
and the storage capacities of the nodes.
As we know, a given dataset might be stored in the same
datacenter where (one of) its consumer task is executed or in a
another (distant) one. No transferring is needed in the former,
while the latter implies a data migration.

Algorithm 1 depicts the pseudocode for computing the data
transfer time matrix as explained in the precedent section. To
apply our data placement strategy, all of the datacenters, tasks
and datasets are the inputs.
For each data di , we go through each datacenter mj in order
to estimate the necessary time τij that represents the overall
time of moving the dataset di from the datacenter mj to every
location αk where there is one of its consumer task tk (line 9
to 19).
τij in line 15 is calculated using the data size vi , the read
speed rj of the datacenter mj that we initially consider as the
potential location of dataset di , the write speed wαk of the
datacenter mαk where di could be moved for the execution of
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task tk , and finally the bandwidth between the two datacenters
represented by bjαk .
Once matrix τ is created, we sort each of its rows (line 20)
in ascending order and store the corresponding permutation
into an array σi . In other words, σi (j) is the index of the
datacenter that yields the j th transfer time cost following an
ascending order. The goal is to get the best possible location
(datacenter), starting with the one that gives the smallest
transfer time.
As an example, we consider 4 datasets (d1 , d2 , d3 , d4 ), 3
datacenters (m1 , m2 , m3 ) and 3 task (t1 , t2 , t3 ), with α1 = 1,
α2 = 3 and α3 = 2, which means that the tasks are executed
in the datacenters as indicated by the sequence (m1 , m3 , m2 ).
The matrix F is given by:


0 1 1
1 0 1

F =
1 0 1
0 1 0

Algorithm 1 Calculate data transfer time matrix
Input:
1: M = (m1 , m2 , . . . , mp ) : Set of datacenters
2: T = (t1 , t2 , . . . , tn ) : Set of tasks
3: D = (d1 , d2 , . . . , dm ) : Set of datasets
4: C = (c1 , c2 , . . . , cp ) : Capacities of the datacenters
5: V = (v1 , v2 , . . . , vm ) : Volumes of the datasets
6: F : Matrix of relationship between datasets and tasks
7: τ : Matrix of datasets transfer times over the datacenters
Output:
8: φ = (φ1 , φ2 , . . . , φm ) : Array of final data placement
// Computation of τ matrix
9: for i ∈ D do
10:
for j ∈ M do
11:
τ (i, j) ← 0
12:
for k ∈ T do
13:
if f (i, k) 6= 0 then
14:
if j 6= αk then

The first line denotes that d1 is required by t2 and t3 , the
second one means that d2 is required by t1 and t3 and so on.
Based on line 15 in Algorithm 1, we get the following τ
matrix:


5 3 4
4 7 2

τ =
3 5 4
6 1 2

16:
17:
18:

15:

τ (i, j) ← τ (i, j) + ( r1j +

1
wαk

+

1
bjαk

) × vi

end if
end if
end for
19:
end for
/* sort elements of each row τ (i, :) in ascending order */
20:
[σ(i, :)] ← sort(τ (i, :))
/* σi (j) = k, the k th
element of τ (i, :) */
21: end for

τ (1, 1) indicates total expected time to move d1 from m1
to α2 and α3 (resp. m3 , m1 ), where its consumer tasks t2 and
t3 are scheduled for their execution.
Afterwards, we sort τ matrix row by row as indicated in line
20 of Algorithm 1 and obtain new matrix σ provided below:


2 3 1
3 1 2

σ=
1 3 2
2 3 1

As long as s is lower than the total number of datasets on the
system and c does not exceed the total number of datacenters.
(line 6)
•
•

The first position in the first line, σ(1, 1) = 2, implies that
the least transfer time of d1 compared to other datacenters in
the system is obtained with m2 and equals τ (1, 2) = 3 units
of time. In contrast, the last position for the same data yields
a transfer time of 5 (τ (1, 5)) from m1 , which is the highest
cost.
B. Algorithm for an efficient placement
Algorithm 2 implements the proposed strategy to get an
efficient placement of the datasets onto the datacenters so as
to reduce the total transfer time. For this purpose, we apply a
greedy algorithm which iteratively assigns each dataset to the
most appropriate datacenter. Considering a variable c as an
index representing the current column in the transfer matrix
τ , a variable s to depict the number of selected datasets and
a binary variable placed to indicate if a dataset is already
assigned to a location or not.
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We firstly initialize both max and k to -1; (line 7-8)
We examine the datasets individually and for each one:
1) We verify if the dataset is already placed (line 10), if
so we check for the next one. Otherwise, we choose
the first column of σ(i) returning the index `, which is
supposed to be the current best placement. Then, we
check (line 12) if the transfer time is higher than the
current maximum (max) and if the remaining capacity
(c` ) allows to consider the corresponding volume vi .
If both conditions are true, then we update max value
with the current transfer time and k with the index of
the current dataset.
Otherwise max and k keep their previous values.
2) The main goal of the code bloc from line 9 to line
17 is to go through all unplaced datasets and pick
the one with the highest transfer time that fit in the
chosen datacenter. Thereby, we avoid transition to the
next position σ(i + 1), which will certainly cost more
since we have considered an ascending order.
The idea here is that, for a given datacenter (column
id c), we look for the eligible dataset (that fullfil the
capacity constraint) with the highest transfer time if
stored onto datacenter number c. For that datacenter,

Algorithm 2 Algorithm for an efficient datasets placement
Input: /* Datasets placement following a greedy approach*/
1: c: index of the current column in the transfer cost matrix
2: s: number of already placed datasets
3: placed: binary array indicating the selection status

this is the lowest transfer time since the possibilities
(row of the matrix τ ) are sorted in an ascending order.
This is a max/min procedure, which aim at placing the
dataset with the higher potential transfer cost at the
earliest.
• At the end of the iteration on the current column (for the
corresponding datacenter), either we were able to select
on dataset (i.e. k 6= 1) or we couldn’t (mainly because
the capacity constraint was always blocking).
1) In the first case (line 18 to 23), the dataset number k
will be placed on the datacenter number c (considering
the sorting, thus σ[k, c]) instead of c). Thus we set
φk = ` (line 21), where ` = σ[k, c], indicates that the
dataset k is already placed (line 20), and update the
capacity of the selected datacenter (line 22). Finally,
we increment the variable s to move to the next data.
2) In the second case, where no compatible dataset was
found, we just increase c to pass to the next column.
• After iterating over all the datasets and over all the
datacenters, We check if (s = m), which means that the
problem of data placement is successfully resolved and
every dataset is assigned to a datacenter. Otherwise, a
problem has been encountered (because of the capacity
constraints) and we couldn’t place some datasets.
Applying this steps to our previous illustrative example, we
get the final data placement solution depicts in Figure 1.

4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:

c←1
s←0
while ( s < m & c ≤ p ) do
max ← −1
k ← −1
for i ← 1 to m do
if (placed[i] 6= 1) then
` ← σ[i, c] {id of our cth best datacenter
choice for dataset di }
if ((τ (i, `) > max) & (c` − vi > 0)) then
max ← τ (i, `)
k←i
end if
end if
end for
if (k 6= −1) then
` ← σ[k, c] {id of the best datacenter for dataset
dk }
placed[k] ← 1
phi[k] ← ` {dk will be stored in datacenter m` }
c` ← c` −vk {update of the capacity of datacenter
m` as it receives dataset k}
s++
else
c++
end if
end while
if (s = m) then
Data placed successfully !
else
Problem with data placement !
end if

V. E XPERIMENTS AND DISCUSSION
Fig. 1. A sample data placement solution

A. Simulation set-up
We compare our proposed strategy for data placement with
a random strategy and Yuan’s work [17], which is one of the
most known algorithms in this field. Yuan’s solution is based
on a K-means algorithm to create a data dependency matrix.
Afterwards, the datasets are clustered based on the dependencies using a recursive binary partitionning so that datasets
strongly interdependent are assigned to the same datacenter.
The random strategy is based on a random assignment of the
datasets to the datacenters.
To carry out our experiments, we simulate a Cloud computing environment using Cloudsim tool [22]. We create a
workflow with about 1000 tasks with different workloads and
assume that each task is scheduled in one datacenter. We limit

C. Workflow communication cost
Considering a worfklow W and a cloud system C, the
workflow communication cost equals the total data transfer
cost for executing the whole tasks of the workflow W in the
Cloud C and can be estimated using formula 4.
W CC(W, C) =

|T | |D|
X
X

fij × τ (i) (φi , αj )

j=1 i=1
|T | |D|

=

XX
j=1 i=1

fij (

1
1
1
+
+
) × vi
rφi
wαj
bφi αj

(4)
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the number of datacenters to 5, 10, 15 and 25. The storage
capacities of datacenters are uniformly distributed in the range
[1PB, 25PB]. Beside that, we randomly assign five different
datasets to each task. The number of datasets are 5, 10, 25, 50,
75 and 100, and their sizes also uniformly distributed within
the range [1TB, 100TB]. Overall description is shown in Table
II. We run each scenario 100 times and take the mean value
as the final result.

of running the workflow on 5 datacenters and 25 datacenters.
In the other hand, k-means and random give 12.67 and 63.95
respectively. Thereby, we can say that our proposed algorithm
has a slower increasing rate than the others.
VI. C ONCLUSION AND F UTURE WORK
This paper proposed a data placement strategy to address
the problem of Big Data movements among geographically
distributed datacenters in the Cloud environment. Our aim is to
reduce the total cost of migrating datasets between datacenters
during the execution of the tasks. Thus, we proposed an
algorithm where we first create a matrix of data transfers costs
then applied a greedy procedure to get the final assignment
of the datasets to the datacenters. Compared with other data
placement approaches, our experimental results show that
our approach overcome the other algorithms in minimizing
time consumption for moving the datasets. As a future work,
we intend to consider load balancing to avoid overloaded
datacenters, as well as data replication wich may increase the
availability of datasets in Cloud environment.

TABLE II
D EFAULT SETTINGS FOR OUR EXPERIMENT
Components & Values
# of datasets
[5,10,25,50,75,100]
Dataset size
[1TB - 100TB]
# of datacenters
[5,10,15,20,25]
Datacenter capacity
[1PB - 25PB]

B. Simulation results
In our experiments, we evaluate our proposed data placement algorithm and compare the performances with those of
Yuan strategy and a random assignment, using the average of
the workflow communication cost (WCC) as defined in section
IV-C as measurement.
Based on our previous work [23], we performed the workflow test 100 different times using the same parameters and
then compute the average together with the mean value of the
workflow communication cost.
In the first experiment, as shown in Figure 2, we set the
number of geographically distributed datacenters to 5, 10, 15,
20 and 25 for the workflow execution and vary for each case
the number of datasets from 5 to 100. We can observe that by
increasing the number of dataset, WCC always increases in all
cases. However, we can clearly see the obvious advantage of
our greedy algorithm compared to k-means clustering and the
random approach, we are always better regarding reduction of
communication cost.
In the case of executing workflow tasks over 5 datacenters,
our approach gives 2.42 hours on average, next to 4.42 and
7.14 hours on average for the k-means algorithm and random
approach respectively. Thus, our proposed approach reduces
effectively the cost of data movement by 45.12% and 66.10%,
respectively. The results show an increasing progress with
more and more datasets.
In the second experiment, we set the number of datasets to
5, 10, 25, 50, 75 and 100, change the number of datacenters
in the range [5,25] and calculate WCC as shown in Figure 3.
From that figure, we notice that WCC coutinuously increases
with the number of datacenter in all data placement strategies.
Despite this, the results show that our strategy is better than
k-means and random strategies in reducing the total transfer
time. For example, in the case 50 datasets and only varying the
number of datacenters, the greedy based strategy reduces the
cost by a rate of 66.52% and 91.60%, compared respectively to
k-means and random approaches. Moreover, for the same case,
our strategy gives 1.41 hour as a difference between the result
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