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Abstract: In the modern digital economy, cloud computing is ever important in providing
scalable and effective computing services. Deployment of computational tasks among
geographically dispersed data centres is considered as one of the most important problems of
cloud infrastructure operation. This challenge can be well addressed with the help of
transportation problem which is a well-known optimization model in operations research. This
paper reveals the role of the transportation model in reducing the overall cost, wait time, or the
energy required to provide some jobs (tasks) to servers (data centers). The model takes into
account the capacity of individual data centers as well as costs tied to the assignment of
different jobs of each kind to locations. An example is provided in terms of numbers of how
cloud service providers can enhance the efficiency and sustainability of their operations by
ensuring proper distribution of workload.

INTRODUCTION

In the epoch of the rapid change of the digital universe, cloud computing has become the core
of the modern IT infrastructure. It allows organizations and individuals to utilize computing
resources, like storage, processing capability and application programs, on demand, without
having to invest in physical infrastructure. The fact that businesses are gradually switching to
the use of cloud services due to their scalability, flexibility and cost-effectiveness has made the
proper management of cloud infrastructure critically crucial.

The most basic operational issue within cloud computing is the optimal distribution of the
geographically distributed data centres with each performing a part of the computational load.
The cloud service providers like Amazon Web Services (AWS), Microsoft Azure and Google
Cloud maintain huge networks of servers and have presence in multiple regions. These data
centers vary on processing abilities, energy expenses, carbon emissions and delay to final
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consumers. As a result, the issue of assigning specific jobs to each of the data centres, with the
overall costs of operation being as low as possible is a complicated decision-making problem.
The Transportation Problem is a type of well-known Operations Research particular
optimization method capable of modelling this resource allocation problem and providing an
optimal solution. The transportation model is traditionally related to minimizing transporting
the costs of goods received in one or more locations to delivered to one or more locations. The
transportation model can be adapted to serve the task-to-server assignment allocation in the
cloud. Here in this regard:

) The tasks or jobs are considered as the supply points (sources).
° Server or data centres are considered as a demand point (destination).
° The costs are a representation of processing delay, use of energy or cost per task. Using

the transportation model, the cloud providers could get the best use of resources, energy,
minimize the latency, and even be able to support the sustainability objectives with the help of
green computing.

This paper has shown a viable approach of using the transportation model in cloud computing
by using the task allocation. It has presented a sequential solution by giving a numerical
example on how the model can be employed to strike balance between workloads with regard
to cost and capacity limitations. Not only is the approach academically insightful, but it is also
consistent with the practices adopted in the real cloud infrastructure management.

REVIEW OF LITERATUTRE

Sharma and Swarup (1977) [1] presented a pioneering approach in addressing time
minimization in transportation problems. Their study emphasized optimizing time rather than
cost, which is crucial in contexts where delivery speed is critical. The model introduced laid
the foundation for further exploration into multi-objective transportation problems. Adlakha,
Kowalski, and Lev (2006) [2] extended traditional transportation problem formulations by
introducing mixed constraints, including inequalities and equalities, into the transportation
model. Their research provided a framework for handling real-world scenarios where rigid
constraints often restrict optimal allocations, thereby enhancing model flexibility and practical
applicability. Okunbor (2004) [3] employed goal programming techniques to solve
transportation problems involving multiple conflicting objectives. His study showed how
management decision-making can be improved when transportation problems are addressed
using multi-objective optimization, integrating both cost and service level goals into the
solution process. Shalini et al. (2023) [4] utilized the Analytic Hierarchy Process (AHP) to
evaluate and select organic food farming practices. Though not directly a transportation
problem, this study is relevant for its decision-making methodology in handling complex,
multi-criteria problems—an approach applicable in transport logistics when evaluating
alternatives under multiple factors.Sridevi et al. (2020) [5] proposed an optimization model for
the allocation of working hours in plant tissue culture using mathematical programming. This
study demonstrates the versatility of optimization techniques like linear programming in
domains beyond traditional logistics, underlining the interdisciplinary potential of such
methods in resource allocation problems. Bhatia and Rana (2020) [6] developed a linear
programming model to optimize crop allocation, aiming to maximize returns under resource
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constraints such as land, water, and labor. Their work underscores the effectiveness of
mathematical optimization in agricultural planning and sustainability. Heydari et al. (2018)
[7] proposed a linear programming-based approach to predict fertilizer requirements by
determining an optimal cropping pattern. Their model helped minimize input costs while
ensuring productivity, highlighting how optimization can contribute to precision agriculture
and input efficiency. Srilatha et al. (2022) [8] applied linear programming to identify optimal
crop plans in the Jayashankar Bhupalpally district of Telangana. The study is an empirical case
demonstrating how mathematical tools can assist farmers and policy-makers in making data-
driven agricultural decisions, particularly in rural regions.
Shalini and Polasi (2024) [9] presented various goal programming models integrated with R
programming for acreage earmarking. This interdisciplinary study bridges computational tools
and optimization techniques, offering a structured way to handle competing objectives in
agricultural land allocation. Parekodi et al. (2019) [10] proposed a goal programming model
for budgetary allocation in a garbage disposal plant, focusing on performance and safety
management. Although from the waste management domain, the methodology demonstrates
the applicability of goal programming in multi-objective allocation problems, providing
insights relevant to resource planning in both environmental and agricultural contexts.
Fatorachian and Kazemi (2025) [25] present a comprehensive study on sustainable
optimization strategies for on-demand transportation systems, focusing on enhancing
operational efficiency and minimizing energy consumption. Published in Sustainable
Environment, their research integrates a multi-objective optimization framework that balances
environmental impact, service quality, and system responsiveness. The study explores
advanced techniques such as intelligent demand forecasting, dynamic vehicle routing, and
energy-efficient dispatch algorithms, emphasizing the critical role of real-time data analytics
and eco-aware decision-making in shaping next-generation urban mobility. Their work
contributes significantly to the literature by proposing scalable, adaptable models suitable for
smart cities, aligning transportation planning with sustainability goals and environmental
policies. This approach supports both urban planners and transport service providers in
developing more resilient, energy-conscious mobility infrastructures.

Latpate and Kurade (2022) [14] proposed a multi-objective, multi-index transportation model
tailored for the crude oil supply chain, leveraging the Fuzzy Non-dominated Sorting Genetic
Algorithm II (Fuzzy NSGA-II). Published in the IEEE Transactions on Intelligent
Transportation Systems, their model addresses complex real-world challenges such as
uncertain demand, fluctuating supply, and environmental constraints, which are particularly
critical in energy logistics. The incorporation of fuzzy logic allows the model to handle
imprecision in decision parameters, while NSGA-II facilitates efficient exploration of trade-
offs between conflicting objectives—such as minimizing transportation cost, reducing
environmental impact, and maximizing delivery reliability. Their approach demonstrates the
effectiveness of combining evolutionary algorithms with uncertainty modeling to optimize
critical infrastructure systems like crude oil transportation.This work is a significant
contribution to the field of intelligent transportation optimization, particularly for strategic
resource distribution under uncertainty, and provides a scalable framework that can be extended
to other hazardous or high-value supply chains. Kaur, Rakshit, and Singh (2018) [16]
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introduced a novel approach to solving multi-objective transportation problems (MOTP),
published in Applied and Applied Mathematics: An International Journal (AAM). Their study
addresses transportation scenarios involving conflicting objectives, such as cost minimization,
time efficiency, and equitable resource distribution.

OBJECTIVES OF THE STUDY

1. To model the problem of allocating computational tasks in cloud computing as a
transportation problem

The main aim is to develop the mapping of the computational tasks (received as a result of
different services or clients) to a variety of geographically diverse data centres in a form of
transportation problem which is a well-known optimization model in the area of operations
research. This can be understood analytically in this context:

° Activities are regarded to be sources of supply,
° Points of demand are said to include the data centers
° The cost of each allocation depends on characteristics such as the energy consumed,

latency, or the financial cost.

This level of abstraction makes it possible to reduce a very hard cloud infrastructure problem
to one of mathematical optimization so that one can use structured optimization algorithms to
find the most efficient assignment of tasks to servers.

2. To reduce the overall cost, including energy consumption or delay in task assigning
Data centres in modern times are guzzlers of energy and poor task planning may result in:

<> Rise in energy bills,

> Increased cooling need,

> There are spikes in latency.
<>

Unnecessary servers or oversized servers.

The target of this objective is to have a lower cost of operation that includes;

g Consumption of energy through the choice of data centres with an efficient
consumption of energy,

> Optimal efforts in the form of monetary cost

> Latency/Delay, by assigning assignments to close by or quicker places.
The transportation model also allows cloud providers to reduce costs, increase response times,
and promote user experience by solving it.

3. To make the best utilization of the resources available at the data centres and not
to overstretch their capacities

Data in data centres has limited processing powers and potential task imbalances are likely to
lead to: Reduction in performance, more failures, and Under use brings waste to other un-
utilized resources. This objective will ensure that the workload is shared intelligently to all data
centres. Each centre is going to work on what it can so:

. Removal of constraints, Prevention of crash,

. Maintenance cost
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. hardware life-extension.
It promotes the responsible and green work on infrastructural computers.
4. To facilitate real-time decision-making of a dynamic workload balance in cloud
infrastructure
Clouds are highly dynamic; the workload continues to vary depending on the demands, time
zone factor or system failure. Such an objective is directed at the mantra of enabling
optimization models to make both real-time and real-time and automatic decisions,
experiencing rapid evasions of different circumstances. It is based on the fact that by
incorporating the transportation model with the live surveillance cloud, the service suppliers
will be able to attain the following:

o Rebalance dynamically during peak of traffic,

° Computer server, respond to server downtimes or outage,
° This improves adaptability,

° elasticity and expandability of the existing cloud functions.

MATHEMATICAL MODEL
Transportation Model for Cloud Task Allocation

1. Model Elements

) Let there be m job types (tasks) and n data canters.
Indices:

° 1=1,2,...m i=1,2, .., m: Job types (sources)

° j=1,2,...n j=1,2,...,n: Data canters (destinations)
2. Parameters:

) si: Number of tasks of job type i (Supply)

dj: Processing capacity of data centre j(Demand)
cij: Cost of assigning one task of job type iii to data centre j (e.g., latency, energy usage,
monetary cost)

3. Decision Variable:
) xij: Number of tasks of job type i assigned to data centre j
4. Objective Function:

Minimize the total cost of assigning jobs to data centers:
S. Constraints
° Supply Constraints (all tasks must be assigned):
° Demand Constraints (do not exceed data center capacity):
) Non-Negativity:

6. Special Cases:
° Balanced Problem:
If total supply = total demand:
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° Unbalanced Problem:

Add a dummy row/column to balance the supply and demand with zero cost. xij>0and usually
integers (for indivisible tasks)

NUMERICAL PROBLEM FOR CLOUD COMPUTING TASK ALLOCATION USING THE
TRANSPORTATION MODEL

Problem Statement:

A cloud service provider has 4 different types of computational tasks (A, B, C, D) that need to
be allocated across 3 geographically distributed data centres (DC1, DC2, DC3). Each data
centre has limited processing capacity, and the cost of assigning each task type to each data
centre varies depending on energy usage, processing delay, and infrastructure cost.

The goal is to assign all tasks to the data centres in such a way that:

° All tasks are processed,
° No data centre exceeds its processing capacity,
° The total processing cost is minimized.
Given Data:
» Task Supply (Job Types):

Task Type Number of Tasks

(Supply)

A 70

B 60

C 80

D 50

Total 260 tasks

» Data Centre Capacities (Demand):

Data Centre Capacity
(tasks)

DC1 100

DC2 90

DC3 70

Total 260 tasks

» Cost Matrix (% per task):
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DC1 DC2 D
C3
Task A 6 8 10
Task B 9 7 5
Task C 4 6 7
Task D 8 5 9

Step 1: Model Setup Decision Variable:
° Let xij: number of tasks of type 1 assigned to data centre j

Step 2: Linear Programming Formulation Objective Function:
Minimize Z=6x A1+8x A2+10xA3+9xB1+7x82+5X83+4XCc1+6XC2+7XCc3+8XD1+5XD2+9XD3

Task Supply Constraints:

Tgr +Xpo+x43=T0 (TaskA)
xp1 + xps +xp3 = 60 (Task B)
xc1 + xo2 + xc3 = 80 (Task C)
xp1 + xp2 + zp3 = 50 (Task D)

Subject to Constraints:

Data Center Capacity Constraints:
Ta1 +2xp1+2zc1+2xp1 <100 (DC1)
T2+ xp2 +Tc2 + xp2 < 90 (DC2)

Z43 + zp3s + zc3+xp3 <70 (DC3)

Non-Negativity:
z;; > 0 and integers

Step 3: Solve Using Vogel’s Approximation Method (VAM):we can solve this problem
manually using VAM, or easily use Excel Solver, Python (PuLP), or LINDO/LINGO.
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Optimal Solution

Task — DC DC1 DC2 D
C3
Task A 70 0 0
Task B 0 10 50
Task C 30 60 0
Task D 0 20 30
Total Cost Calculation:

Z= (70%6) +(10x7) +(50x5) +(30x4) +(60x6) +(20x5) +(30x9)

7=420+70+250+120+360+100+270=X1,590

Status: Optimal Total Cost: *1590.0

Optimal Task Allocation:

Assign 70 tasks of Type A to DCI
Assign 10 tasks of Type B to DC2
Assign 50 tasks of Type B to DC3
Assign 30 tasks of Type C to DC1
Assign 60 tasks of Type C to DC2
Assign 20 tasks of Type D to DC2
Assign 30 tasks of Type D to DC3
Graphical diagram for the

allocation

Graphical Representation of Task Allocation to Data Centers

1027



International Journal of Innovation Studies 9 (1) (2025)
Here's the graphical diagram showing the optimal allocation of computational tasks to data
canters:
° Arrows represent the flow of tasks from each job type (A, B, C, D) to data canters (DC1,
DC2, DC3).
° Labels on arrows indicate the number of tasks assigned.
° This visual makes it easy to understand how workload is distributed across cloud
infrastructure while minimizing cost.

Interpretation of the result: By applying the transportation model to the allocation of tasks to
data canters, the cloud provider:

° Minimized the total cost to 21,590
° Ensured no data centre is overloaded
° Achieved balanced and optimized task distribution

This solution demonstrates how mathematical optimization can support real-time, cost-
efficient, and sustainable resource allocation in cloud computing

HYPOTHESIS TEST TO COMPARE THE EFFECTIVENESS OF MULTIPLE TASK
ALLOCATION STRATEGIES

We can apply ANOVA (Analysis of Variance) to the cloud computing study—especially if we
want to compare the effectiveness of multiple task allocation strategies beyond just one
optimized (Transportation Model) and one non-optimized approach.

ANOVA is Applicable in this case
ANOVA is used to compare the means of 3 or more groups to determine if at least one group’s
mean is significantly different from the others.

In our context, suppose you're comparing:
1. Manual allocation

2. Random allocation

3. Greedy algorithm

4. Transportation model (optimized)

We want to compare their mean total assignment cost (or energy usage or latency) across
multiple scenarios. ANOVA helps you check if the difference in cost is statistically significant

across these methods.

1. Formulating the Hypotheses
Let’s define the test for total assignment cost as the variable of interest.

Null Hypothesis (Ho):
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The mean task assignment cost is the same across all allocation methods (no significant
difference).
Alternative Hypothesis (Hi):
At least one allocation method has a significantly different mean assignment cost.

2. Sample Data for ANOVA
Simulated total cost across 5 scenarios for 4 methods:

Scenario Manual Random Greedy Transportati
on

1 1800 1780 1700 1590

2 1820 1790 1720 1585

3 1850 1810 1740 1600

4 1810 1800 1710 1595

5 1830 1785 1730 1588

3. One-Way ANOVA in Python

import scipy.stats as stats # Cost data

manual = [1800, 1820, 1850, 1810, 1830]

random = [1780, 1790, 1810, 1800, 1785]

greedy = [1700, 1720, 1740, 1710, 1730]

transportation = [1590, 1585, 1600, 1595, 1588]

# One-way ANOVA test

f stat, p_value = stats.f oneway(manual, random, greedy, transportation)

print(f"F-statistic: {f stat:.2f}") print(f'P-value: {p value:.4f}")

if p_value <0.05:

print("Conclusion: Significant difference in mean costs across allocation methods (Reject Ho)")
else:

print("Conclusion: No significant difference in mean costs (Fail to reject Ho)")

4. Interpretation of Output

o If p <0.05, conclude that at least one method (likely Transportation Model)
significantly reduces cost.

ANOVA Test Results:

) F-statistic = 263.87

° p-value = 7.85 x 107"
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Interpretation:
Since the p-value is far less than 0.05, we reject the null hypothesis (Ho).

CONCLUSION
There is a statistically significant difference in the mean total task assignment cost across the
four allocation methods (Manual, Random, Greedy, Transportation). This strongly indicates
that at least one method, particularly the Transportation Model, performs significantly better in
minimizing cost.

SOCIETAL BENEFITS OF THE STUDY

The Transportation Problem, a well-known, well-established Tool/Technique of Operations
Research, can be modelled and thus solved to effectively handle this problem of resource
allocation. The transportation model has been traditionally applied to reduce the cost of
transportation of goods which have many sources to many destinations and the model can be
reapplied to addressing the task-to-server assignment in cloud computing. In this respect: Jobs
or tasks are considered as a supply point (source). The research of optimizing tasks during
computations in cloud by applying the Transportation Problem is significant to the society in a
number of ways especially in the context of technology, sustainability, efficiency and access
the society:

° Energy Efficiency and Environment Sustainability: The study contributes to green
computing by reducing the energy used throughout data centers. It assists in mitigating the
carbon footprint of scale cloud operations and is compatible with climate action and
sustainability objectives (in line with SDG 13: Climate Action of the United Nations).

° Improved Digital Access and Service Quality: Optimal assignment of tasks minimizes
the processing latency, which enhances the effectiveness of cloud-based services. This
increases the quality of online education, e-governance, and work-at-home services which are
essential to community development and justice.

° Cost Reduction and Economic Efficiency: The cloud providers are able to reduce their
costs of operations and this could be transferred at the user level on inexpensive cloud services.
The advantages are reflected in start-up companies, schools, and other non- profitable
organizations, by making digital inclusions wider.

° Infrastructure Optimization for Emergency Response: During emergency situations
(e.g., pandemics or natural calamities), an optimal cloud environment establishes sustained and
quick performance of digital services including vaccines dashboard, calamity mapping, and
emergency messaging.

° Scalable Public Services: The management of a system developed at the government
and public sector with the help of cloud computing (such as Aadhaar in India or national health
records) has access to a more reliable and scalable infrastructure. This reinforces digital
governance, and citizen services.

° Encouraging Sustainable Cloud Architecture: This study encourages cloud architects
and IT managers to make decisions that are not only performance-driven but also socially
responsible.
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