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Abstract—The increasing demand for cloud computing has led
to the emergence of cloud federations, where multiple providers
collaborate to pool resources and address large-scale demands.
Such federations enable smaller providers to remain competitive
in a market dominated by larger players. To sustain this
cooperation, profit equalization becomes crucial for maintaining
trust and long-term collaboration. Unequal profit distribution
can lead to dissatisfaction and destabilize the federation. To
address this, we formulate a dual-objective optimization problem
aimed at maximizing federation profits while ensuring inter-cloud
profit equalization. We propose heuristic algorithms, designed
for both static and dynamic scenarios, that consider job and
provider characteristics to promote equitable profit distribu-
tion and efficient resource utilization, solving the optimization
problem effectively. Simulation results validate the feasibility
of our approach across various cloud computing configurations
and scenarios, demonstrating its potential to enhance trust,
cooperation, and long term stability within cloud federations.

Index Terms—Profit maximization, Heuristic Algorithms,
Cloud Federation, Multi-Objective Optimization, Cloud

I. INTRODUCTION AND MOTIVATION

The demand and popularity for cloud computing have led to
the rise of numerous providers, resulting in both competition
and collaboration. The economies of scale enabled by large
providers makes it challenging for smaller cloud providers to
compete. To survive and thrive in an increasingly competitive
cloud computing landscape, smaller providers must adopt
collaborative business models that leverage shared resources to
meet growing market demands [1]. This need for cooperation
has led to the emergence of cloud federation, where multi-
ple providers join forces to collectively address large-scale
demands [2], [3]. By pooling resources and expertise, cloud
federation empowers smaller providers to remain competitive
in a market dominated by larger players.

The federated cloud infrastructure, governed by common
standards and policies [4], offers the potential to improve
performance and service quality compared to traditional, non-
federated systems. While maximizing profits is a primary
objective, ensuring a fair and balanced distribution of profits
remains a key research challenge [5]. A significant ob-
stacle arises from the tendency of individual providers to
prioritize their own interests, often leading to unequal profit
sharing. To address this, researchers have proposed various
strategies to promote fairness among participants [6]. How-
ever, perceptions of fairness are inherently subjective and
can create disagreements, fostering distrust among providers

[7]. This issue is exacerbated by uneven workloads across
the federation, which can distort profit distribution and fuel
dissatisfaction, ultimately risking trust, cooperation, and the
long-term sustainability of the federation.

In this paper, we explore a dual-objective of profit maxi-
mization while achieving profit equalization within a collabo-
rative federated cloud framework. Our approach draws inspira-
tion from Fehr and Fischbacher’s seminal work, ”The Nature
of Human Altruism” [8], which highlights the critical role of
reciprocal behavior and fairness in fostering sustained coop-
eration. This study demonstrates participants often prefer to
cooperate and share profits equally, prioritizing trust and long-
term collaboration over short-term gains. Equal profit-sharing
mechanisms have been demonstrated to align incentives, and
enhance stability, particularly in high-stakes settings such as
federated systems [9]. When profits are distributed equitably,
collaboration is strengthened over time, fostering trust, group
cohesion, and sustainable partnerships. Similarly, in a feder-
ated cloud, profit equalization can enhance cooperation by
promoting both operational efficiency and financial stability.
The dual objective fosters trust, and long-term collaboration.

In this work, we formulate a dual-objective, multi-constraint
optimization problem that focuses on profit maximization and
profit equalization in cloud federation systems. Heuristics
algorithms are simple, efficient, and scalable, offering practical
solutions to handle diverse, dynamic conditions. Therefore,
we propose a set of such algorithms to effectively address
the dual-objective problem for both static and dynamic cloud
scenarios. In the static case, job assignments are made once,
without further adjustments, addressing both no network cost
and network cost situations. In the dynamic case, the system
continuously updates and adjusts job assignments based on
changing factors such as job arrivals, resource availability
and profit distributions, with algorithms developed for both
no network cost and network cost scenarios. The simulation
results demonstrate the effectiveness of our proposals.

The remainder of this paper is organized as follows: Sec-
tion II reviews related work, Section III presents the problem
formulation and solutions, Section IV shows the performance
results, and Section V concludes with future directions.

II. RELATED WORK

The combined job processing capacity of a cloud feder-
ation can surpass that of individual clouds, leading to po-
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tentially greater overall profits [10]. However, achieving this
requires overcoming key financial challenges such as pricing
cloud resources across multiple locations, considering dynamic
job arrivals, VM configurations, and fluctuating operational
costs [11], [12]. In practice, cloud providers tend to prioritize
their own profits, complicating the optimization problem and
posing risks to long-term federation stability [13]. Various
strategies for equitable profit distribution have been explored.
For instance, a truthful, budget-balanced auction mechanism
for trading VMs, ensuring individual rationality through dy-
namic resource bidding, is proposed in [14]. However, fo-
cusing solely on profit maximization can lead to strategic
manipulation leading to uneven profit distribution [15].

A scoreboard mechanism is proposed in [16] to address
the free rider problem in cloud federations. However, the
presence of selfish cloud providers consumes resources with-
out contributing, similar to the Tragedy of the Commons. A
budget-balanced strategy using a reverse auction process is
introduced as a multi-objective optimization problem in [17],
but selfish clouds can manipulate bids and resource allocation.
This challenge is tackled in [18] as a load-balancing problem
in the context of an economic and non-cooperative game,
aiming for equitable profit maximization within federations.

Previous research has not tackled long-term trust and stabil-
ity through inter-cloud profit equalization. Additionally, tradi-
tional optimization and game-theoretic solutions are inefficient
for large federated cloud systems. Our approach uniquely ad-
dresses selfish cloud providers with a dual-objective optimiza-
tion problem and introduces heuristic algorithms that prioritize
simplicity, efficiency, and scalability while optimizing both
profit equalization and system performance.

III. CLOUD FEDERATION MODEL, PROBLEM
FORMULATION AND ALGORITHMS

The federation model consists of Cloud Service Providers
(CSPs) [19], [20]. The ith provider has the capacity to run
ci virtual machines. The federation handles n jobs, where the
ith job requests ri virtual machines, generating di revenue
per machine and requiring pi network connectivity. Commu-
nication costs between providers are denoted by lij , and aij
represents the allocation of job i to provider j’s machines. The
provider’s profit is determined by revenue di minus network
costs for inter-provider communication.

A. Optimization Problem Formulation

The federation of clouds is denoted as a graph G = (V,E)
where V is the vertex set such that every vertex v ∈ V
is a geo-distributed datacenter (DC) and E is the edge set
where each edge has some weight Wv1v2. An edge represents
the geographic distance between two data centers. Within the
federation, the path for the inter-datacenter distribution of jobs
forms a minimum spanning tree. The overall profit of the
federation at time t, denoted by P (t), is the accumulated sum
of the profits of all the providers in the federation. The profit
of an individual provider in the federation, denoted by Pv(t),
v = 1, 2, 3...|V |, is defined as:

Pv(t) =
∑
r∈R

∑
j∈J

ajvr(t)kvr(t)− cv(t)
∑
h∈H

Nh
v (t)

− 1

2

∑
vj∈V

Wvivj

(∑
r∈R

dvrxvr

)

− 1

2
Nv

(∑
n∈N

(wnvrβwnvr
)

) (1)

where:
• Wvivj = weight of edge E. Geographic distance from

DC vi to DC vj , vi 6= vj , vi, vj ∈ V .
• R = set of all job types.
• J = set of all customer types.
• ajvr(t) = number of type r jobs from zone j at t in v.
• kvr(t) = price charged to type-r job at time t in v.
• cv(t) = power cost of running one server at DC v.
• Nh

v (t) = number of active servers of type-h in v at t.
• Nv = total number of servers at v ∈ V .
• H = number of VM types.
• dvr = cost of one job r per unit distance for DC v.
• xvr = number of r-jobs shared by DC v.
• wnvr = number of VMs shared by PM n in DC v.
• βwnvr

= price of unit job by VM w in PM n of DC v.
Objective functions maximizing the federation’s profit and

minimizing cloud providers’ profit standard deviation are:

Max : P (t) =
∑
v∈V

Pv(t) (2)

Min :
∑
v∈V

Pv(t)
2 −

(∑
v∈V

Pv(t)

)2

(3)

subject to:

Pv(t) > 0 ∀v ∈ {1, 2, 3, ...|V |}

Nh
v (t) ∈ Z+ ∪ 0, ∀h ∈ H,∀v ∈ V, t ∈ [1, T ]

Wvivj ≥ 0, vi 6= vj , vi, vj ∈ V

∑
n∈Nv

wnvr + xvr ≤
∑
j∈J

ajvr(t)

B. Heuristics Algorithms

The solution to the optimization problem discussed in the
previous subsection is computationally expensive when using
brute force. To address this, we propose an algorithm inspired
by sorting-based placement strategies [21]. We introduce dif-
ferent heuristic approaches tailored for both static and dynamic
scenarios, considering negligible (no) network cost and signif-
icant network cost variants for each. Negligible or no network
cost is applicable for federated cloud located nearby each other
and other one with long distance separated, therefore, incurring
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significant costs in terms of delays and data transfers. Next two
subsections describe proposed heuristic algorithms providing
efficient solutions.

1) Case 1: Static Allocation: In static scenarios, the job
assignments are made once based on initial conditions, without
further changes or adjustments. These algorithms assume that
the environment remains constant after the initial allocation,
and no subsequent reallocation or dynamic updates occur.
Static approaches focus on maximizing and equlizing profit
based on the information available at the time of assignment.

Algorithm 1: Static VM Placement, No Network Cost
Input: Set of jobs J = {J1, J2, . . . , Jn}, each with

VM requirements ri;
Set of cloud providers V = {V1, V2, . . . , Vm}, each
with capacity cj and initial profit πj
Output: Final assignment of jobs to providers and

updated profits πj
1 while there exists an unassigned job Ji do
2 Select job Ji with largest ri;
3 Find provider Pj with the smallest profit πj such

that cj ≥ ri;
4 if cj ≥ ri then
5 Assign entire job Ji to provider Vj ;
6 Update cj ← cj − ri and πj ← πj + profit(Ji);
7 else
8 Assign as many VMs from Ji as possible to

Vj , i.e., x = min(ri, cj);
9 Update ri ← ri − x, cj ← 0, and

πj ← πj + profit(x);

Result: Final assignment of jobs to providers and
updated profits πj

a) Negligible network cost: Algorithm 1 sorts jobs in
decreasing order based on VM requirements (ri), handling
larger jobs first to optimize resource allocation. By doing so,
it prevents smaller jobs from limiting later assignments when
capacity becomes scarce. Jobs are assigned to the provider
with the smallest profit who can handle the job. This helps
balance profits across providers. If a job can’t be fully handled,
it assigns as many VMs as possible and adjusts the remaining
job size. Partial assignments prevent resource wastage and
ensure fairness. To save computation, the algorithm uses only
the aijdi part of the profit formula and avoids full job re-
sorting after partial assignment.

b) Significant Network costs: Algorithm 2 sorts jobs
based on profit per job rather than resource requirements,
and subtracts a portion of the network cost from the revenue
without tracking every provider involved in a job. The rationale
is that sorting by profit prioritizes higher-yield jobs, potentially
increasing overall revenue more efficiently. This approach
simplifies profit calculations by reducing the complexity of
network cost tracking.

2) Case 2: Dynamic Reallocation: In dynamic scenarios,
the system continuously updates and adjusts job assignments

Algorithm 2: Static VM Placement, Network Cost
Input: Set of jobs J = {J1, J2, . . . , Jn}, each with

VM requirements ri;
Set of cloud providers V = {V1, V2, . . . , Vm}, each
with capacity cj and initial profit πj
Output: Final assignment of jobs and updated profits

1 while there exists an unassigned job Ji do
2 Select job Ji with the largest πi;
3 Find provider Vj with the smallest profit πj such

that cj ≥ ri;
4 if cj ≥ ri then
5 Assign entire job Ji to provider Vj ;
6 Update cj ← cj − ri and

πj ← πj + profit(Ji)− network cost(Ji, Vj);
7 else
8 Assign as many VMs from Ji as possible to

Pj , i.e., x = min(ri, cj);
9 Update ri ← ri − x, cj ← 0, and

πj ← πj + profit(x)− network cost(x, Vj);

Result: Final assignment of jobs and updated profits

based on changing conditions, such as resource availability,
network performance, or job requirements. These algorithms
involve reallocation strategies that react to evolving circum-
stances, aiming to optimize resource use or minimize costs
over time. Dynamic approaches are suited for environments
where job demands and provider capacities fluctuate.

Algorithm 3: Reallocation of VMs, No Network cost
Input: Same as Algorithm 1
Output: Final assignment of jobs and updated profits

after reallocation
1 Perform initial assignment using Algorithm 1;
2 foreach provider Pj do
3 foreach job Ji assigned to Vj do
4 if job Ji size greater than Vj , reallocating Ji

or part of Ji to another provider Vk improves
πj then

5 Reallocate VMs of Ji from Vj to Vk;
6 Update cj , ck, and profits πj , πk;

Result: Final assignment and updated profits after
reallocation

a) Negligible network cost: Algorithm 3 builds on the
standard job allocation process by attempting to reallocate
VMs between providers after the initial placement to improve
performance. It re-evaluates each job to determine if a better
configuration is possible. The rationale is that the initial
placement may not be optimal due to localized decisions, and
reallocation can help balance workloads and enhance profits.
The migration cost of job is negligible. This approach should
show how a second pass through the job assignments leads to
improved system performance, particularly in terms of fairness
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and resource utilization.

Algorithm 4: Reallocation of VMs, Network cost
Input: Same as Algorithm 1
Output: Final assignment and updated profits after

reallocation
1 Perform initial assignment using Algorithm 1;
2 for each provider Vj do
3 for each job Ji assigned to Vj do
4 if job Ji size greater than Vj , reallocating

based on different metric (e.g., cost, latency)
improves πj then

5 Reallocate part of Ji to provider Vk;
6 Update cj , ck, and profits πj , πk;

Result: Final assignment and updated profits after
reallocation

b) Significant Network cost: Algorightm 4 introduces a
different VM reallocation technique, focusing on metrics like
cost minimization or latency reduction instead of profit or
resource utilization. The rationale is that reallocating based on
real-world constraints, such as network cost or latency, can en-
hance overall system performance. This approach determines
whether alternative reallocation methods lead to more efficient
resource use and improved service quality for users.

IV. SIMULATION RESULT AND DISCUSSION

We evaluate the performance of the proposed heuristic
algorithms in terms of profit in dollars as earning based on how
much is assigned for each task, standard deviation in dollars,
and computational complexity as in time complexity, following
methods outlined in [22]. This section describes simulation
setup and presents results, and discussion.

A. Simulation Set-up

We consider two environments: Static Cloud-Federation
and Dynamic Cloud-Federation. In static environments, job
allocation is done once without further adjustments, reflecting
scenarios where resource conditions remain stable. Dynamic
environments, on the other hand, continuously update job
assignments as cloud conditions change, such as in resource
availability or network performance. For each case, we evalu-
ate two scenarios: no network cost (representing local clouds
federations with little to no communication overhead), and
with network cost (applicable to long distance geographically
distributed clouds). In homogeneous environments, all cloud
service providers within the federation have equal capacity (20
clouds forming federation each cloud has 50 VM), simplifying
job allocation since all clouds can handle similar workloads.
In heterogeneous environments, clouds have diverse capacities,
reflecting a more complex, realistic scenario where the federa-
tion consists of clouds with varying resources. Heterogeneous
cloud capacities and job capacities are modeled using the Zipf
distribution. This distribution realistically reflects varying task
sizes, revenues, and connectivity costs in cloud interactions.

The Zipf distribution’s applicability to cloud environments is
well explored and experimentally validated in prior studies
[23]–[25]. We ran 1,000 iterations per algorithm to ensure
statistical significance, capturing randomness in job demands
and revenues to simulate real cloud federation complexity.

B. Simulation Result

1) Static Cloud-Federation: Both algorithms Algorithm 2.
Both methods begin by sorting jobs and assigning them to
clouds with enough capacity but the lowest profit, continuing
until the cloud can no longer meet the job requirements.

Figures 1(a) and 1(d) show the profits of federated clouds
using both algorithms. In Figure 1(a), as more homogeneous
clouds join, both methods see increased profits. Algorithm
1 shows a sharp rise initially but stabilizes as more clouds
join, while Algorithm 2 shows steady, continuous growth.
Algorithm 1 yields higher profits overall, as it does not
account for network costs. In the heterogeneous case (Figure
1(d)), profits are initially lower but increase with the number
of clouds. Similar to the homogeneous case, Algorithm 2
generates lower profits due to network latency, a key factor
in task reallocation.

Figures 1(b) and 1(e) depict the standard deviation (SD) of
profits. Both methods reduce SD as clouds join, with Algo-
rithm 2 showing a more significant drop due to the inclusion
of network costs. In Figure 1(b), Algorithm 1 reduces SD by
14%, while Algorithm 2 cuts it by 38%. In the heterogeneous
case (Figure 1(e)), both algorithms reduce SD by 23%.

Finally, Figures 1(c) and 1(f) show the computational com-
plexity of both methods, which increases steadily as more
clouds participate. The complexity increase is similar for both
algorithms, with no significant differences.

2) Dynamic Cloud-Federation: Algorithms 3 and 4 focus
on re-evaluating jobs before allocation. A job can be assigned
to multiple clouds when the initially allocated cloud lacks
sufficient capacity.

Figures 2(a) and 2(d) show the profits of the federated cloud
using Algorithms 3 and 4. In Figure 2(a), both algorithms
exhibit stable profits as more homogeneous clouds join the
federation, with no significant changes. In heterogeneous en-
vironments, Figure 2(d) shows an overall increase in profits,
as the diversity in cloud sizes allows for more flexible job
allocation, enhancing overall profit. The difference between
the two algorithms lies in their use of additional metrics
like network cost and latency. In homogeneous environments,
profits increase gradually as jobs are allocated to clouds with
available capacity. However, in heterogeneous environments,
the wider variety of cloud capacities allows for better distri-
bution, improving profits across all clouds.

Figures 2(b) and 2(e) display the standard deviation (SD)
of profits. In Figure 2(b), Algorithm 3 reduces SD by 19%,
while Algorithm 4 shows a more significant 40% decrease.
Algorithm 4 starts with a relatively balanced profit distribution,
and as more clouds join, the distribution of jobs further reduces
SD. In the heterogeneous environment (Figure 2(e)), SD shows
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Fig. 1: Static Cloud-Federation Performance: Homogeneous (Top Row) and Heterogeneous (Bottom Row) Cloud
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Fig. 2: Dynamic Cloud-Federation Performance: Homogeneous (Top Row) and Heterogeneous (Bottom Row) Cloud

a slight increase, indicating that profit equality among clouds
is maintained as the federation grows.

Figures 2(c) and 2(f) highlight the computational com-
plexity of the dynamic algorithms. In both environments,
Algorithm 4’s complexity increases significantly as new clouds
join the federation. This is due to the need to account for
additional factors, such as network cost and latency, during
job allocation, which leads to higher computational demands
compared to Algorithm 3.

C. Discussion

In both static and dynamic environments, algorithms with-
out network costs (Algorithm 1 and Algorithm 3) outperform
their network-cost counterparts (Algorithm 2 and Algorithm
4) in terms of profit. However, Algorithm 2 and Algorithm
4 achieve better profit equalization, shown by lower standard
deviation (SD), balancing fairness and profitability. This trade-
off demonstrates that these heuristic algorithms effectively
promote profit equalization without drastically sacrificing total
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profit, ensuring fair distribution in federated clouds. Homoge-
neous cloud environments prove less attractive for profit max-
imization compared to heterogeneous environments, where
adding diverse CSPs increases overall profit and maintains
profit equality. Factors like network cost and latency are crucial
considerations in resource allocation.

The heuristic algorithms presented in this context are rea-
sonably effective in achieving profit equalization in cloud
federations without significantly sacrificing overall profits. The
results demonstrate that while the total profit may be lower
in some algorithms, such as those accounting for network
costs (e.g., Algorithm 2 and Algorithm 4), they achieve better
balance and fairness in profit distribution. This is crucial for
the long-term sustainability of cloud federations. Given that
the underlying optimization problem is NP-hard, achieving an
optimal solution is computationally infeasible. These heuristic
algorithms offer a feasible alternative by balancing profit
maximization and equalization. The algorithms, while not
perfect, achieve a satisfactory level of equalization, making
them a practical solution for federated cloud environments.

V. CONCLUSION

In this paper, we propose a dual-objective optimization
problem that aims to maximize federation profits while equal-
izing inter-cloud profits in federated cloud systems. To achieve
this, we introduce a set of heuristic algorithms tailored for
both static and dynamic scenarios. These algorithms address
resource allocation challenges under varying conditions, ac-
counting for factors such as network costs, job requirements,
and cloud capacities. Our simulations in both homogeneous
and heterogeneous cloud environments demonstrate that these
methods not only enhance overall federation profits but also
ensure a balanced distribution of profits across clouds, pro-
moting long-term collaboration and system stability. The re-
sults confirm the feasibility of profit equalization through
heuristic approaches, offering a practical balance between
computational efficiency and fairness, making them viable for
cloud federation deployment. Future work could explore more
advanced dynamic scenarios and real-time cloud traffic for
improved scalability and applicability. In future work, compar-
ison of proposed optimization methods and conventional profit
maximization and more in depth discussion of the complexity
analysis will be conducted.
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