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ABSTRACT 
Prominent amount the challenges facing heterogeneous cloud 
environment is resource utilization and alarming increase energy 
consumption which have attracted series of research attentions. 
However, efficiency of resource utilization and energy consumption 
still requires additional research efforts. The current research intends 
to solve resource utilization and energy consumption challenges in a 
heterogeneous cloud environment where tasks create enormous 
quantities of data streams that must be stored. The technique explored 
a greedy heuristic method for task and resource categorization with 
the goal of optimizing energy efficiency through creation of energy 
consumption profile. To classify tasks and resources depending on 
their intensity levels was proposed.the method was evaluated using 
CloudSim 3.0.3. version. The result obtained revealed a decrease in 
energy usage by 1.88% and 24.23 % in term of task and resource 
utilization. Despite the increased resource utilization, the execution 
time continues to be a significant impediment to achieving optimal 
energy efficiency. subsequently, this work presents a novel approach 
to addressing resource utilization and energy consumption challenges 
in a heterogeneous cloud environment.  The method therefore 
achieved improved energy efficiency by categorizing tasks and 
resources based on their intensity levels by using our suggested 
heuristic method. 
 
INTRODUCTION 

Cloud technology for virtualization 
allows for the flexible reallocation of physical 
resources among distinct physical nodes 
(Nasim et al., 2018). Assigning tasks to several 
virtual machines within a single time, many VMs 
run on the same physical machine PMS. CPU 
speeds, memory, and power consumption 
needs differ amongst data centers (Arroba et 
al., 2017). Energy-conscious Virtual Machine 
VM consolidation may be viewed as a problem 
in computing resource allocation with the 
purpose of minimizing energy consumption 
while preserving the agreed-upon quality of 
service QoS. The use of modern technology 
that requires less energy to achieve the same 
work can be defined as energy efficiency. This 

improved efficiency can aid in the reduction of 
greenhouse gas GHG arc energy in servers with 
local storage, while RAM, Motherboard, and 
disc are utilized. Motherboard, 13%, and 6%, 
respectively, are used. Memory power is 
affected by the operating state voltage and 
other constant parameters (Hackenberg et al., 
2015). As a result, attaining a minimum 
makespan is an NP-hard issue. 

Heterogeneous data centers are 
specialized computer systems that are primarily 
geared for high-performance parallel computing 
(Buyya et al., 2018). The processors in a 
network of computers are heterogeneous in the 
sense that they run at various speeds. The goal 
of a successful parallel application for 
a homogeneously distributed memory 
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multiprocessor bandwidth system is to spread 
calculations uniformly among available 
processors (Riesinger et al., 2017). Distribution 
guarantees that the system's speed is 
maximized by using identical CPUs. As a result, 
a heterogeneous network must distribute 
computing unevenly to accommodate for 
processor performance differences. 

More research is urgently required for 
VM consolidation, especially on heterogeneous 
systems with varying CPU speeds, memory 
sizes, and power consumption needs (Shirvani 
Rahmani& Sahafi M, 2020). While VM 
consolidation may be phrased as a 
computational resource allocation issue with the 
goal of minimizing energy usage while providing 
agreed-upon quality service (Yavari et al., 
2019). Reduced energy consumption by 
computing resources not only lowers operating 
costs but also has a positive influence on the 
environment. Because most data centers run 
their servers at just over half capacity, they 
waste energy and generate unneeded heat. 
 
METHOD  

Heterogeneity occurs when task 
arrival rates differ across homogeneous CPUs 
or CPUs with differing task processing rates. 
Tasks in distributed computing DCS can be 
executed on any computing node, and a single 
computing node can operate as a resource 
manager or scheduler to collect all global 
information from other computing nodes. A 
heterogeneous distributed computing system 
(HDCS) is suitable for fulfilling enormous 
computational needs and a diversified set of 
workloads. 

Let U(i,j) be the resource usage by the 
task tj when executed on Ri, then the utilization 
matrix of the resource Ri at a given time τ, 
denoted ad Uj and defined as: 
𝑈௜ (𝜏) =  ∑ 𝑈௜,௝

௞
௜ୀଵ   …equation 1  

Where K is the number of tasks running on 
resource Ri at time τ. Then the energy 
consumption Ei of a resource Ri at time τ is 
defined as: 
𝐸௜ (𝜏) = (𝑃௠௔௫ −  𝑃୫୧୬) ∗  𝑈௜(𝜏)  … 
equation 2 
Where Pmax is the power consumption at the 
peak load and Pmin is the minimum power 
consumption in the inactive mode. As resource 
utilization is directly proportional to the energy 

consumption of the physical resource. Thus, 
energy consumption by the cloud infrastructure 
instant of time τ is denoted as E(τ)and can be 
defined as follows:  
𝐸 (𝜏) =  ∑ 𝐸௜(𝜏)௠

௜ୀଵ     … equation 3 
Where m is the total number of resources in 
cloud infrastructure. Therefore, total energy E 
consumed in time τmax is defined by  
𝐸 =  ∆𝜏 ∑ 𝐸 (𝜏)

ఛ೘ೌೣ
ఛିଵ      …equation 4 

The main objective of the research is to 
minimize E on the cloud computing environment 
by allocating set of task T efficiently.  

In diverse cloud data centers, task 
categorization decreases energy usage and 
migration count, allowing for server 
consolidation (Ismaeel et al., 2018). The 
element of the three solutions is task profiling for 
proper VM assignment selection of highly 
utilized overloaded and less utilized under 
loaded host and VM. The CRB approach is used 
to determine the significantly overloaded 
number of active PMs. Where the PEC 
approach is used to find under loaded PM that 
may be reduced to save energy. The goal is to 
optimize resource utilization by lowering energy 
usage and matching customer expectations 
(Khanet al, 2018). For improved outcomes, task 
and resource categorization may be used to 
schedule activities and resources in a 
heterogeneous cloud environment (Patra, 
2018). Task and resource classification is based 
on resource need rate in allocating jobs to an 
appropriate resource. Thus, choosing and 
moving highly overloaded VMs is referred to as 
VM selection, while distributing them to the 
desired PMs is referred to as VM placement. If 
tasks are allocated without taking into account 
functional needs such as resource capacity, the 
selection of suitable VMs would increase the 
potential energy consumption and the number 
of live migrations of virtual machines VMMs 
(Zhou et al., 2016). Before submitting the job, 
evaluate the impacts of VM resource capacity, 
utilization, and energy consumption on the 
corresponding host. A possible VM selection 
and allocation is described as a mapping of the 
host to the set of VMs such 

∑ ∑ 𝑉𝑀௝௠  
௞ =

ு೙
௠ୀଵ

௏ெೕ

௝ୀଵ

(𝑉𝑀ଵ௅ ,
௞ 𝑉𝑀ଶ௅

௞ , 𝑉𝑀ଷ௅
௞ , … … . 𝑉𝑀௃ெ

௞ ) which 
must meet the following two conditions. Each 
VM is allotted to at least one PM, and no VM is 
allotted to more than one PM, 
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∪௏ெ௃ఢ௛ 𝑉𝑀௝
௞(ℎ௠) =

 𝑉𝑀௝௠
௞ , 𝑉𝑀௜ୀଵ,௠ୀଵ 

௥ ∩  𝑉𝑀௝ୀଵ,௠ୀଶ
௞ =

0, ∀ 1 ≤ 𝑖. 𝑗 𝑎𝑛𝑑 𝑖 = 𝑗 otherwise for every 
PM, the cumulative resource requirements of its 
hosted VMs do not surpass its available 
resources, i.e., Task of Type  𝑇𝑜𝑇௝,௠

௫  ≤

 ∑ 𝑉𝑀௝,௠
ோ௏ெೕ

௝ୀଵ
(𝑘𝑐) ≤ ℎ௠(𝑘𝑐) ∀ 1 ≤ 𝑗 ≤ 𝑚 

The model above depicts that sort of 
work, where Kc refers to resource capability. As 
illustrated in Figure 1, the task resource 
requirement rate RRR value should be smaller 
than the VM and PM resource capacity. Each 
job is assigned a set of CPU, memory, storage, 
and bandwidth resources based on the RRR 
value. Based on the RRR value, all sorted task 
types are updated and maintained, and tasks 
are allocated to their corresponding VM kinds, 
such as (VMCPU, VMM, VMBW, or VMStr). The 
task ranking scheme categorization is used to 
filter out overloaded hosts and is partially 
utilized to determine the targeted host for an 
accurate VMM process. Using the resource 
requirement, the suggested technique 
categorizes jobs based on CPU, storage, 
memory, and bandwidth requirements. To 

precisely assign the job to the right VM, which 
decreases expectations and energy usage. The 
VM selection technique is based on evaluating 
highly loaded hosts using the CRB rating 
system and underloaded hosts using the PEC 
function, ensuring correct VM migration. As a 
result, all of these approaches properly 
anticipate a suitable VM for the work, resulting 
in a low process of task categorization and task 
allocation to the right virtual machine of the host. 
This process is based on an assessment of the 
host's resource utilization rate and energy 
usage. Initially, the job is received from the 
working platform together with the required 
resource pieces. The tasks are organized based 
on these factors. The ToT set consists of four 
types of tasks (task type T, where T = CPU, BW, 
M, or Str). When the task RRR value equals the 
threshold value of (CPU, memory, storage, and 
bandwidth), T= (CPU, BW, M, or Str). As a 
result, the sorted job is assigned to the host's 
appropriate VM. The VM migration is carried out 
by categorizing the hosts into two types: those 
with low utilization, known as under loaded 
VMs, and those with high utilization, known as 
overloaded VMs. 

 
Task Classification algorithm 1. 
Input: 1. Task parameter set: T = {t1, t2, t3, tn}, ti {Li, Di, Ii, Ci}. 
 2. Task set: T = {t1, t2, t3 ….tn} 

3. VMsub-type= {VMc- type, VMM-type, VMB-type, VMS-type}  

VMC-type {VMCM – Type, VMCS-Type, VMCB-type} 
VMM-type {VMMC – Type, VMMS-Type, VMMB- Type}  
VMB-type: {VMBC-Type, VMBM-Type, VMBC- Type}  
VMS-type: {VMSC-Type, VMSM-Type, VMSM- Type} 
4. Task intensive  σ = {σC, σB, σM, σS) 

Output: Task types based n intensity on resource requirement-type, S-type, C-type, M-type and B-type 
// task classification// 
for i = 1 to n do  
     if (σC= Max) than 
          σC  intensive is C-type 
     else 
     if (σM= Max) than 
        σB intensive is M-type        
       else 
   if (σB= Max) than 
        σM intensive is B-type        
      else 
    if (σS= Max) than 

σS  intensive is S-type     
   endif 
  endif 
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  endif 
endfor 
VMType ← VMsub-types using utilization algorithm 2 
for each VMsub-types  in VM ToT ∈ VMtypes do 
      if ti is fit in VMToT 
          VMType← VM ToT 
      endif 
endfor 
Return Type of Task, VMType 

 
Resource allocation algorithm 2 
Input 1. Host set of H = (h1+h2+h3 .... hn) 
 2. Task set T = ( t1, t2, t3,.....tn) 
 3. VM type set VM type = (VMC-type, VMM-type, VMS-type, VMB-type) 
 4. Rask intensive σ = (C. B. M. S) 
Output Accurate VM selection 
Ti  ← useri  
For i=1 to n do  
[σC, σM, σS,σB] ← TaskClassification using algorithm 1 
For each task ti ∈ T do  
 vm ←  selectVM Type (ti, T) using algorithm 1 
 Update VMList ← vm 
End 
For each hi ∈ H do 
 If vm is fit in HostList, then 
  hi - vm  
  Update HostList h 
 End end 
Return select vm ∈ VMList 
 

Table. 1: Host Configuration. 
Resource/Host Host1 Host2 Host3 Host4 Host5 
MIPS 7000 6500 4000 7500 6000 
Cores 2 3 4 4 5 
RAM(GB) 24 24 24 24 24 
Bandwidth(Mbps) 100,000 100,000 100,000 100,000 100,000 
Storage(GB) 100 70 60 65 50 

 

Table. 2: VM Configuration. 
Resource/VMType VMCPU−type VMStr−type VMM−type VMBW−type 
MIPS 7000 6500 4000 7500 
Cores 1 2 3 2 
RAM(MB) 512 512 1024 1024 
Bandwidth(Mbps) 1000 1000 1000 1000 
Storage(GB) 6 5 10 7 

      
RESULTS DISCUSSION   

The experiement was conducted on a 
laptop computer system with following Intel(R) 
Core(TM)i5-4200U CPU @ 1.60GHz 2.30GHz 
Processor, with 8.00GB of RAM, System Type 
of 64-bit Operating System,x64-based 

processor. With Windows 10 Operating System 
with Intellij IDEa community edition 2019.2 
version. Where CloudSim 3.0.3 is used for the 
implementation. Three sample experiement 
where cared out and tested on the both 
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classified and unclassified task and resources 
for validation.

  
 

 
Fig. 1 Avarage utilization of 100 task with 20 resources 

 

 
Fig .2 Task and resource classification of 100 task with 20 resources 

 

 
Fig. 3 Avarage utilization of 120 tasks with 20 resources 
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Fig. 4 Task and resource classification of 120 tasks with 20 resources 
 

 
Fig. 5 Avarage utilization of 140 tasks with 20 resources 

 

 
  Fig. 6 Task and resource classification of 140 tasks with 20 resources 
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EXPERIEMENT DISCUSSION   
The above figure 1 – 6 shows the 

average utilization of tasks ranging from 100, 
120, and 140 each with 20 number of resource 
that is running on them with three different 
hybrid heuristic algorithms that are either 
classified or not. The figures indicate that 
MAXMAX has the highest utilization percentage 

while FCFSRANDOM has the lowest. 
Moreover, figures 1 -6 indicate the task and 
resource classification of various tasks on 
constant resource to be 20 in number. The 
figures also reveal that CPU and BW are leading 
in task classification while in resource 
classification any of the intensive can leads. 

 
Table 3: Energy Consumption Utilization. 

  Energy Consumption 

  FCFSRAND FCFSMAX MAXMAX           
  With Without With Without With Without TWC TWOC ATWC ATWOC DIFF 

140 
120 
100 

401620 499210 383430 404130 464370 482410 1249420 1385750 47.41 52.59 -5.17 

472380 
319880 

393550 
367690 

390030 
278510 

393620 
338560 

442530 
377420 

458430 
406720 

1304940 
975810 1112970 

51.16 
46.72 

48.84 
53.28 

2.33 
-6.57 

                      -9.41 

                      -1.88 

            

 
 

Fig.7: Energy consumption of 100 to 140 Number of Tasks 
 
Table. 4 Utilization Execution Time. 

Utilization  Execution Time 

  FCFSRAND FCFSMAX MAXMAX           

     With    
Without 

       
With 

Without        
With 

Without TWC TWOC ATWC ATWOC DIFF 

140 95 42 76 51 94 22 265 115 69.74 30.26 39.47 

120 72 46 114 51 124 20 310 117 72.6 27.4 45.2 

100 46 36 84 41 74 18 204 95 68.23 31.77 36.45 

                    
121.1

3 

                      24.23 
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Fig. 8: Execution Utilization Time of 100 to 140 number of Tasks 

 
CONCLUSION 

The experienment was conducted on 
100, 120, and 140 tasks with and without 
categorization on 20 resources. The results 
shows that tasks and resources categorization 
consume 1.88% less energy than tasks and 
resources without categorization. While 
utilization execution time, indicate that task and 
resources with categorization have a 24.23% 
longer execution time than task and resources 
without categorization. As a result, the longer 
the execution time, the less energy is 
consumed. The graphical depiction of energy 
consumption and execution time in several 
hybrid heuristic algorithms. As a result, the 
experiment yields the following performance 
metrics: energy consumption, execution time, 
and utilization. 
 
REFERENCES 
Armant Vincent, De Cauwer Milan, Brown 

Kenneth N, & O’Sullivan, Barry. 
(2018). Semi-online task assignment 
policies for workload consolidation in 
cloud computing systems. Future 
Generation Computer Systems, 82, 
89-103.  

Arroba Patricia, Moya José M, Ayala Jose L, & 
Buyya Rajkumar. (2017). Dynamic 
Voltage and Frequency Scaling‐
aware dynamic consolidation of 
virtual machines for energy efficient 
cloud data centers. Concurrency and 
Computation: Practice and 
Experience, 29(10), e4067.  

Buyya Rajkumar, Srirama Satish Narayana, 
Casale Giuliano, Calheiros Rodrigo, 
Simmhan Yogesh, Varghese 
jBlesson, . . . Netto, Marco AS. 
(2018). A manifesto for future 
generation cloud computing: 
Research directions for the next 
decade. ACM computing surveys 
(CSUR), 51(5), 1-38.  

Chang Yuan, Huang Runze, Ries Robert J, & 
Masanet, Eric. (2015). Life-cycle 
comparison of greenhouse gas 
emissions and water consumption for 
coal and shale gas fired power 
generation in China. Energy, 86, 
335-343.  

Feng  Jie, Pei Qingqi, Yu, F. Richard, Chu 
Xiaoli, & Shang Bodong. (2019). 
Computation Offloading and 
Resource Allocation for Wireless 
Powered Mobile Edge Computing 
With Latency Constraint. IEEE 
Wireless Communications Letters, 
8(5), 1320-1323. doi: 
10.1109/lwc.2019.2915618. 

Gourisaria Mahendra Kumar, Patra SS, & 
Khilar PM. (2018). Energy saving 
task consolidation technique in cloud 
centers with resource utilization 
threshold Progress in Advanced 
Computing and Intelligent 
Engineering (pp. 655-666): Springer. 

Hackenberg Daniel, Schöne Robert, Ilsche 
Thomas, Molka Daniel, Schuchart 
Joseph, & Geyer Robin. (2015). An 
energy efficiency feature survey of 

0
50

100
150

With Without With Without With Without

FCFSRAND FCFSMAX MAXMAX

Ex
ec

ut
io

n 
Ti

m
e

Number of Tasks

Utilization Execution Time

140 120 100



     JOURNAL OF SCIENCE TECHNOLOGY AND EDUCATION 11(2), JUNE, 2023 
  ISSN: 2277-0011; Journal homepage: www.atbuftejoste.net 

Corresponding author: Nahuru Ado Sabongari 
 nahuru5@yahoo.com    

Department of Computer Science, Kaduna Polytechnic, Kaduna. 
© 2023. Faculty of Tech. Education, ATBU Bauchi. All rights reserved 

101 

 

the intel haswell processor. Paper 
presented at the 2015 IEEE 
international parallel and distributed 
processing symposium workshop. 

Hsu Ching-Hsien, Slagter Kenn D, Chen Shih-
Chang, & Chung Yeh-Ching. (2014). 
Optimizing energy consumption with 
task consolidation in clouds. 
Information Sciences, 258, 452-462.  

Kumar Dilip, Sahoo Bibhudatta, Mondal 
Bhaskar, & Mandal Tarni. (2015). A 
genetic algorithmic approach for 
energy efficient task consolidation in 
cloud computing. International 
Journal of Computer Applications, 
118(2), 1-6.  

Mekala Mahammad Shareef, & Viswanathan 
Perumal. (2019). Energy-efficient 
virtual machine selection based on 
resource ranking and utilization 
factor approach in cloud computing 
for IoT. Computers & Electrical 
Engineering, 73, 227-244.  

Melot Nicolas, Kessler Christoph, & Keller 
Joerg. (2016). Energy-optimized 
static scheduling for many-cores with 
task parallelization, dvfs and core 
consolidation. Paper presented at the 
Proceedings of the 19th International 
Workshop on Software and 
Compilers for Embedded Systems. 

Nasim Robayet, Zola Enrica, & Kassler 
Andreas J. (2018). Robust 
optimization for energy-efficient 
virtual machine consolidation in 
modern datacenters. Cluster 
Computing, 21(3), 1681-1709.  

Nguyen Ha Huy Cuong, Solanki Vijender 
Kumar, Van Thang Doan, & Nguyen 
Thanh Thuy. (2017). Resource 
allocation for heterogeneous cloud 
computing. Resource, 9(1-2), 1-15.  

Patra Sudhansu Shekhar. (2018). Energy-
efficient task consolidation for cloud 
data center. International Journal of 
Cloud Applications and Computing 
(IJCAC), 8(1), 117-142.  

Riesinger Christoph, Bakhtiari Arash, Schreiber 
Martin, Neumann Philipp, & Bungartz 
Hans-Joachim. (2017). A holistic 
scalable implementation approach of 
the lattice Boltzmann method for 

CPU/GPU heterogeneous clusters. 
Computation, 5(4), 48.  

Sanjeevi P, & Viswanathan P. (2018). DTCF: 
deadline task consolidation first for 
energy minimisation in cloud data 
centres. International Journal of 
Networking and Virtual 
Organisations, 19(2-4), 209-233.  

Shirvani Mirsaeid Hosseini, Rahmani Amir 
Masoud, & Sahafi Amir. (2020). A 
survey study on virtual machine 
migration and server consolidation 
techniques in DVFS-enabled cloud 
datacenter: taxonomy and 
challenges. Journal of King Saud 
University-Computer and Information 
Sciences, 32(3), 267-286.  

Xiong Yonghua, Chen Ya, Jiang Keyuan, & 
Tang Yongbing. (2017). An energy-
aware task consolidation algorithm 
for cloud computing data centre. 
International Journal of High 
Performance Computing and 
Networking, 10(4-5), 352-358.  

Yavari  Maede, Rahbar Akbar Ghaffarpour, & 
Fathi Mohammad Hadi. (2019). 
Temperature and energy-aware 
consolidation algorithms in cloud 
computing. Journal of Cloud 
Computing, 8(1), 1-16.  

 Shengchao Xu, Rui & Chen, Huaping. (2020). 
Energy-efficient scheduling for multi-
objective two-stage flow shop using a 
hybrid ant colony optimisation 
algorithm. International Journal of 
Production Research, 58(13), 4103-
4120.  

Zhong Zhiheng, He Jiabo, Rodriguez Maria A, 
Erfani Sarah, Kotagiri 
Ramamohanarao, & Buyya 
Rajkumar. (2020). Heterogeneous 
Task Co-location in Containerized 
Cloud Computing Environments. 
Paper presented at the 2020 IEEE 
23rd International Symposium on 
Real-Time Distributed Computing 
(ISORC). 

Zhou Zhou, Hu Zhigang, & Li Keqin. (2016). 
Virtual machine placement algorithm 
for both energy-awareness and SLA 
violation reduction in cloud data 
centers. Scientific Programming, 
2016.  


