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Abstract—The Cloud computing forges the shape of the
current era and the following ones based on delocalized IT infras-
tructure and sharing resources. However, the rebellious rise of
cloud computing comes with concerns over energy consumption.
Numerous reports which inspected Cloud energy consumption
showed that the Cloud is an energy monster, specifically the
data centers that holds 2% of overall energy consumed in the
world on 2011 [6]. More closely, it has been proven that the
servers (Physical machines PM) are the most energy-hungry
elements of the data center [7]. Server consolidation based on
virtualization is a key mechanism for energy consumption taming.
Within this context, our aim in this paper is to propose a VM
Placement Algorithm Based on Recruitment process within Ant
Colonies proposed by Bonabeau [12] that seeks to maximize PM
resources exploitation along with maximizing resources balance.
The exprimental results showed that our algorithm generates
always a significantly good solution.

Keywords—VM Placement, Maximizing resources utilisation,
Load balance, Recruitment process

I. INTRODUCTION

Cloud computing was built upon a decentralized architec-
ture that relies on sharing resources. This trend has received
a very warm welcome from the IT industry and becomes the
pedestal of new technologies. Yet, this trend comes with a
price that is payed at the expense of the environment and the
operational cost of cloud. In fact, cloud computing is very
hungry for energy [7]. This hunger focuses more specifically
on data centers. In order to mitigate the energy consumption,
cloud uses virtualization.
Virtualization is one of the technologies that constitutes the
cloud computing. The basic idea behind it, is to make it possi-
ble to run multiple operating systems and multiple applications
on the same PM at the same time [30]. The key component
of virtualization is the virtual machine (VM) that hosts the
operating system. The virtualization technology brings us to
PM consolidation where the main objective is to maximize
resources exploitation by multiplexing several VM in the same
PM. Such technique allows keeping the minimum number of
active MP and thus lower energy consumption.Our concern
in this paper is the VM placement step that is an NP-hard
problem [19].
This problem is similar to bin packing problem [23] where the
objective is to place a set of items within the minimum number
of bins. By analogy to VM placement, the main objective is to
place the set of VM in the minimum number of PM in order

to shut down the empty PM (that does not contain any VM).
There’s a clear difference between the bin packing problem
and VM placement problem. While the former allows placing
items one above the other, within the latter, this is not an
option. This is because once a resource is utilized or occupied
by a VM, it cannot be reused by any other VM [23].
Therefore, it’s easy to observe that placing several VM in the
same PM will increase its resources exploitation provided that
the overall resources needed by the set of VM doesn’t exceed
the capacity delivered by the PM. However it’s more beneficial
to consider the VM that will ensure load balance.
We explain: if we consider, for simplicity, two resources
CPU and MEMORY, then, the PM capacity can be presented
according two dimensions (Fig. 1). To ensure load balance, it’s

Fig. 1: Simulation results for the network.

crucial to place a VM that its workload respects the shape of
the remained capacity. This will prevent from maximizing the
use of a resource at the expense of the other and thus it will
increase the likelihood of placing more VM in the same PM.
VM placement problem is considered prominently important in
cloud computing field and thus it drew the attention of several
researchers [23] [11] [19] [12] [39] [37] [5] [21] [13] [14] [1]
[2] [9] [35] [36] [15] [4] [25] [10] [32] [8] [18] [34].
In this paper, we focus on VM placement problem based on
maximizing PM resources utilization and load balance objec-
tives. We propose VM Placement algorithm (VMPRP) based
on Recruitment Process within ant colonies that considers three
type of resources (CPU, memory and I/O).
In the next section we shall discuss related works. Section 3
aims to describe VM placement problem statement. Section
4 will discuss our proposed solution based on the recruitment
process within Ant Colonies. Section 5 will present experiment
results and analyses. Finally we wind up with conclusion and
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possible future research directions.

II. RELATED WORKS

A major part research addresses this problem using heuris-
tic or/and meta-heuristic to place VM in a minimum number of
PM Such as Greedy approaches, genetic approaches, particle
swarm optimization.
Earlier attempts used greedy heuristics such as first fit [32]
[15], best fit (BF) [34] [39] and modified best fit decreasing
(MBFD) [1] [26] [23] [3] [2] [35] [36].
[4] proposed a based knapsack problem approach and an evo-
lutionary computation (EC) heuristic that periodically perform
the VM consolidation to optimize the current placement and
maintain the minimum number of active PM. [17] formulated
VM placement problem as stochastic integer programming and
proposed a placement algorithm based on knapsack problem
approach. Besides, various works were directed towards ge-
netic approach. [29] formulated VM placement problem as
vector packing problem with conflict and tries to solve it
with a variant from the traditional genetic algorithm (GA),
a grouping genetic algorithm. [18] proposed an improved
genetic algorithm based on fuzzy multi-objective evaluation.
[10] used a genetic approach to solve multidimensional bin
packing VM placement. [37] proposed a genetic distributed
approach to mitigate processing time. [9] proposed a novel
genetic approach which is a variation of the genetic algo-
rithm approach based on distributed scheme in an attempt
to overcome typical limitations of genetic algorithms such as
premature convergence and high processing time.
Despite the fact that the GA has been proven better than the
greedy approach [24], the research proved that ACO (Ant
Colony Optimization) is more effective approach. [21] [5] [14]
propose an ACO algorithm to solve VM placement problem
as an instance of multi-dimensional bin packing. In their
next work [13] extend their research along with distributed
approach. [38] proposed a multi-objective ACO algorithm
seeking to find pareto set (non-dominant solutions) that mini-
mizes resources wastage along with power consumption. This
multi-objectives version of ACO proves more efficiency than
other ACO algorithm and genetic algorithm.
[25] [8] proposed an approaches based on partical swam
optimisation (PSO) that simulate The behaviour of the insects.
[8] proposed a based particle swarm optimization within a
multi-objective version (MOPSO).
The above-mentioned works was headed for maximizing PM
resources utilization without considering load balance. Some
research tackles this aspect. [31] proposed best fit decreasing
heuristic that uses Bin Centric heuristic [28] to maintain
resource balance throughout VM placement. The heuristic uses
scalar size which is calculated as weight sums of the respective
vector components.
[11] used metric with weighted sum of resources to measure
load imbalance of PMs and a greedy approach to achieve VM
placement. [36] addressed the imbalanced issue of multidi-
mensional resources using multi-dimensional space partition
model and propose algorithm (EAGLE) that can balance
the utilization of multidimensional resources and reduce the
number of active PM.
[21] tried to dim resource wastage while minimizing power
consumption. They proposed the later adaptation of ACO
(ACS: ant colony system) with balanced usage of resources

based on vector algebra multidimensional based load balancing
proposed by [23]. To ensure resource balance they measure the
resource imbalance vector (RIV) using magRIV. [23] proposes
a novel methodology based on vector arithmetic to ensure
resources balance. Aside, they proposed a strategy to achieve
efficient utilization of PM while underwriting PM balance per
resource using resources utilization metric. Therefore, they
also proposed a vector based consolidation heuristic that seeks
to find the highest load PM that has complementary resource
usage with respect to the VM, in this case, the proposed
heuristic outbalance the number of active PM over the load
balance of PM.
We can clearly see that the works that address the load
balance are far outnumbered by the works that only deal with
maximizing resources usage. Moreover, only few works have
adopted a decentralized approach despite that such approach
can reduce the computing process by dividing the computation
burden over more than one performer.
In this paper, we consider the multi-dimensional version of VM
placement problem where PM capacity and VM requirements
are presented according to multiple resources. Mainly, our aim
in this paper is to propose a decentralized VM placement
approach that seeks to maximize PM’s resources exploitation
along with maximizing resources balance. The proposed algo-
rithm is based on recruitment process within ant colonies and
considers three types of resources (CPU, memory and I/O).For
each server, we introduce a threshold for each resource type
that must not be exceeded. Otherwise, to tackle load imbalance
issue, we consider vector magnitude to measure imbalance rate
as proposed by [21].

III. VM PLACEMENT PROBLEM STATEMENT

Formally the VM Placement Problem VMPP is described
by the triple VMPP = 〈PM,VM, aff〉

• PM = {p1, p2, ..., pm} the set of m PMs.
Each PM pj ∈ PM(j ∈ [1..m]) possesses a d-
dimensional Server (PM) Capacity Vector SCVpj .
SCVpj

= 〈C1
pj
, C2

pj
, ..., Cd

pj
〉 where Ck

pj
denotes the

total capacity of resource k; k ∈ [1..d].

• VM = {v1, v2, ..., vn} the set of n virtual machines.
Each virtual machine vi ∈ VM possesses a d-
dimensional Resources Demand Vector RDVvi

.
RDVvi

= 〈D1
vi
, D2

vi
, ..., vdvi

〉 where Dk
vi

denotes the
total capacity of resource.
The total PM utilisation is described as the
sum of VM demands and it possesses a d-
dimensional PM Utilisation Vector SUVpj

.
SUVpj

= 〈U1
pj
, U2

pj
, ..., Ud

pj
〉.

Uk
pj

=
n∑

i=1

Dk
vi
∀vi ∈ VMpj

(1)

VMpj
denotes the VM set that belongs to PM pj .

• aff designates the VM packing function such that
aff : PM × VM =⇒ {〈vi − Pj〉}; vi ∈ VM , pj ∈
PM

Let’s

• Aj depict if the PM pj is active or not
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Aj =

{
0 if V Mpj = ∅
1 ifnot

(2)

The objective function is defined as follows (3)

Min
m∑
j=1

Aj (3)

SC
n∑

j=1

xvi.pj
≤ 1∀i ∈ [1..m] (4)

Uk
pj
≤ βk

pj
; k ∈ [1..d] (5)

The constraint (4) imposes that the VM must be placed in
only one PM at once. In order to comply the SLA constraints,
a d-dimensional Resource ustilisation threshold Vector RUT is
introduced. RUTpj

= 〈β1
pj
, β2

pj
, ..., βd

pj
〉 is fixed for each PM

and must not be exceeded during the VM packing process.
βk
pj

denotes the use threshold of resource k. The constraint
(5) insists that the overall PM utilization must be lower than
the fixed threshold β.

IV. PROPOSED SOLUTION

The proposed solution is mainly based on Swarm Intel-
ligence. As a matter of fact, Swarm is a large number of
homogeneous simple agents interacting locally among them-
selves and their environment, with no center to allow a global
interesting behavior to emerge [16]. Swarm-based algorithms
have recently emerged as a family of nature inspired population
based algorithms that are capable of producing low, cost, fast
and robust solutions to several complex problems [20] [?].
Nowadays, several models of swarm intelligence based on
different natural systems have been proposed in the literature.
Some of most famous algorithms are ACO, PSO, Articial Bee
Colony, Cat Swarm Optimization and Articial Immune System.
More closely, we adopt recruitment process in ant colonies.
More specifically, we assume that the PM will recruit a set of
VM such that a maximized and balanced resources exploitation
across different computing resources is maintained with the
goal of minimizing power consumption and resource wastage.
However, The VM packing process must not overload the PM
and violate the SLA (Service Level Agreement) constraint. In
our proposed solution we adopted the two following heuristics:

• Each VM migrates to the PM that has the minimum
unused resources without exceeding resources use
threshold. The purpose of this heuristic is to maximize
physical resources exploitation.

• Each VM migrates to the PM that decreases further
the imbalance rate of resources use. This is feasible
by using magnitude imbalance vector.

Our model considers 3-dimensional resources (CPU, memory,
and I/O) as relevant PM resources. Each PM pj ∈ PM
produces and distributes a stimulus across the set of VM. The
stimulus Spj is determined by the available resources quantity
and is calculated as follows.
Spj = 〈s1pj

, s2pj
, ..., sdpj

〉 such that skpj
denotes the available

quantity of the resource k and is given by:

skpj
= (1− βk

pj
)Ck

pj
− (Ck

pj
− Uk

pj
) (6)

A sub-response SRIvi,pj
is calculated which denotes the

remaining quantity of resources if vi migrates to pj . The PM
with a minimum SRI increases the most the resources use.
SRIvi,pj

= 〈E1
vi,pj

, E2
vi,pj

, ..., Ed
vi,pj
〉 such that

Ek
vi,pj

= skpj
−Dk

vi
(7)

In the proposed solution, the VM individually select a PM
to where it must migrate. To complete this process each
vi calculates its internal response on the basis of received
stimulus. If the internal response is negative, the coupling
(vi, pj) violates the SLA constraint.
The Internal Response IRvi,pj is calculated as follows:

IRvi,pj
=
f(SRIvi,pj ) +mag(RIV vi, pj)

2
(8)

f(SRIvi,pj
) is a function that calculates the sum of Ek

vi,pj
for

k ∈ [1..d].
RIV captures the degree of imbalance in the current utilization
of a PM. In fact, capturing the measure of overall resources
utilization across multiple resource types is one of the most
important factors, saturation of only one resource type can lead
to no further improvement in utilization while leaving other
types of resources underutilized [14].
We resort to a d-dimensional Resources Imbalance Vector RIV
as follows:
RIVvi,pj = 〈(E1

vi,pj
+M), (E2

vi,pj
+M), ..., (Ed

vi,pj
+M)〉

M =
k=1∑
d

Dk
vi

d
(9)

In our case, d = 3 (3 types of resources).
When selecting the PM for packing a VM, the couple VM,PM
that has the smaller magnitude of RIV is the one that mostly
balances the resources utilization of the server across different
dimensions.The magnitude of RIV is given as follows:

mag(RIVvi,pj ) =√
(E1

vi,pj
+M)2 + (E2

vi,pj
+M)2 + ...+ (Ed

vi,pj
+M)2

(10)

Each VM calculates the tendency Tvi,pj which is determined
by both stimulus and internal response. The tendency reflects
the ability of the PM sj to host vi and is given by:

Tvi,pj
=


(spj )

2

(spj )
2+(IRvi,pj

)2 if f(SRIvi,pj
) ≥ 0

0 else

(11)

f(SRIvi,pj
) =

{
0 if ∃Ek

vi,pj
< 0∑d

k=1E
k
vi,pj

else
(12)

The tendency increases and opts toward 1 once the IR
decreases and opts toward 0. The VM seeks to maximize
resources utilization of PM , thus it must migrate toward the
PM with maximum tendency. However, if f(SRIvi,pj ) < 0,
that means that the couple (vi, pj) violates pj capacity. In
such case the tendency will immediately takes the value 0.
f(SRIvi,pj

) receives 0 once there’s a Ek
vi,pj

< 0.
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A. Proposed Algorithm VMPRP

Since our proposed solution focuses on maximum and
balanced resources utilisation, each VM must migrate to the
PM that provides maximum tendency value. The algorithm
pseudo code is shown Algorithm 1.

Algorithm 1 VMPRP Algorithm

Require: VM = {v1, v2, .., vi}, PM = {p1, p2, .., pj}
Ensure: VM PM = {〈vi, pj〉}: the set of pairs solutions
{Initialization}

1: VM S := ∅
2: L.tendencies := ∅
3: for all pj ∈ PM do
4: Broadcast(spj ) {This function allows to a PM to

broadcast a stimulus to the set of VM}
5: end for
{these instructions are executed in by all VM }

6: for all pj do
7: SRIvi,pj

:= ComputeSRI(Spj
, Dvi

) {This function
takes the stimilus and vi’s demand as input and com-
putes the remaining quatity of resources SRIvi,pj

if vi
is placed in pj }

8: if f(SRIvi,pj ) ≥ 0 then
9: IRvi,pj :=

f(SRIvi,pj )+mag(RIVvi,pj
)

2

10: Tvi,pj
:=

(sp−j)
2

(sp−j)2+(IRvi,pj
)2

11: else
12: Tvi,pj

:= 0
13: end if
14: L.tendencies.add(Tvi,pj

)
15: end for
16: Tmax := FindMax(L.tendencies)
17: if Tmax ≥ 0 then
18: VM PM.add(〈vi, pj〉)
19: end if

B. Algorithm Complexity

The complexity of our algorithm deponds on the complex-
ity of:

• Computation of the tendency

• Search of the maximum value of tendency

The first function seeks to compute the tendency for each
pj to receive vi. This calcul is performed after computing
IR. Once the tendency is computed, it will be added to
L.tendencies list. This steps will be repeated for each pj .
Thus the complexity of this function is O(m) such that m is
the number of PM.
The next step is a sequential search of maximum tendency
value T.max within L.tendencies list. The size of this list is
m which corresponds to PMs number. Each item within the
list must be examined, thus we obtain m comparisons.
Therefore according the two above function (computation and
search) we obtain a complexity O(m).
These steps are executed, in parallel, by each vi. Hence, the
algorithm must be executed n times where n is the number of
VM. Accordingly, our algorithm’s complexity is analyzed as
in O(n×m).
This complexity is polynomial according to the number of VM

V. PERFORMANCE EVALUATION

Due to the lack of access to large test beds or real Cloud
infrastructure, we resorted to simulation-based evaluation us-
ing the CloudSim. In order to evaluate the performance of
the proposed VMPRP solution, we compare it with the two
following solutions:

• The time-shared solution offered by CloudSim [27]
where requested resources are allocated to each VM
for a certain period of time.

• A random solution based on a random selection of a
PM to host the VM. The algorithm 2. Presents the
pseudo code of the random algorithm.

Algorithm 2 random algorithm

Require: VM = {v1, v2, , vi}, PM = {p1, p2, , pj}
Ensure: VM PM = {〈vi, pj〉}: the set of pairs solutions
{Initialization}

1: VM S := ∅
2: for all ∀vi ∈ VM do
3: Randomly choosing a PM pj ∈ PM
4: if PM capacity exceeds VM needs then
5: VM PM.ADD(vi, pj)
6: else
7: return to 2
8: end if
9: end for

Since the size of the VM placement problem depends
strongly of the number of both VM and PM,we prepared two
test problems groups. In the first test group, the number of PM
was set at 1000, while the number of VM varies between 1500
and 6000 with a pitch of 500. In a second group, the number of
VM has been set at 3500, while the PM varies between 800 and
2600 with a pitch of 200. For each test problem, we randomly
generated the requested resources (CPU, memory and I/O)
in the interval [1000, 5000] and the resources capacity in
the interval [10000, 50000]. Simulation is conducted through
the 20 test problems previously set, and each simulation was
repeated several times, the results are generated after taking the
average.The results are calculated according to the following
evaluation criteria:

• The number of active PM

• The Packing Efficiency: The PE of any solution pro-
duced by a virtual machine consolidation algorithm is
given by [21]

PE =
nVM

nActiveS
(13)

• The unused resources: UR is the percentage of unused
resources in active PM and is given by [21]

RU =

∑1
n SCV −

∑1
mRDV∑1

n SCV
× 100 (14)

• The run time.

Fig. 1 shows two graphic representations of active PM number:
the first representation is based on the number of VM, while
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Fig. 2: Representation of active PM number

Fig. 3: Packing efficiency (PE)

the second representation is based on the number of PM in the
system.

Results in Fig.1 show that the proposed VMPRP solution
activates the least number of PM compared to other solu-
tions.This is because VMPRP tries to maximize the use of
PM resources. In large size problems VMPRP used only 600
PMs to host 6000VMs. It can be seen from the results in Fig.2
that the VMPRP algorithm has reached the highest packing
efficiency value for twenty different scenarios.In all cases,
VMPRP solution ensures an efficiency value higher than 8.

During the simulation of the twenty tests, we collected
the amount of unused resources produced by each consoli-
dation solution. The results are shown in Fig.3. The unused
resources are represented as a percentage of the active PM
total capacity. The proposed VMPRP solution represented
a waste of resources lower than 10% while the CloudSim
solution and random solution had a high waste of resources
reaching even 85%. In order to check the scalability of the
VMPRP algorithm, we drew the computation time curve for
the case when the number of VMs increased from 1500 to

600 with an incremental of 500 and the computation curve
for case when the number of PMs increased from 800 to
2600 with an incremental of 200 as shown in Fig.4. It can
be observed from the two curves that the computation time of
the VMPRP increases very close to linearly when the problem
size increases, whether by increasing VM or PM number. Thus,
it can be concluded that the VMPRP is scalable.

VI. CONCLUSION AND FUTURE WORKS

In this paper, we presented proposed a VM placement
policy based on Swarm Intelligence guaranteeing maximum
and balanced resources utilization and thus minimizing both
power consumption and resources wastage. We presented per-
formance evaluation by comparing the proposed policy with
other two policies. The experimental results showed that our
VMPRP algorithm generated always significantly better quality
of solutions than other algorithms. As future work, we plan
to extend the proposed policy to take into account the extra
energy consumption in the communication between VM.
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Fig. 4: The unused resources

Fig. 5: Computation time
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