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ABSTRACT: Cloud computing has become an essential part of modern IT infrastructure, providing scalable and
ondemand resources to users. As the demand for cloud services continues to grow, researchers and practitioners are facing
the challange of optimizing energy consumption of data centers. Simulation tools are crucial in this endeavor, enabling a
thorough understanding of these dynamic environments. In this paper, we underline the importance of realistic simulation
in cloud environments, focusing on the energy consumption measurements accuracy from various resources using real
world data. To address this, we integrate multiple energy metrics to enhance the replication of real-life scenarios. Our study
highlights the need for advanced simulation tools for supporting energy dynamics of cloud environments.
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1. INTRODUCTION

Cloud data centers play a pivotal role in modern computing, offering scalable and efficient platforms
for today’s applications. Realistic simulation of data center components is important for understanding data
center performance, resource utilization, and environmental concerns such as energy consumption requires
realistic simulation of data center components [1][2]. Precise energy measurement necessitates a
comprehensive energy model integrating both server and network resource usage [3]. For instance, modeling
dynamic power consumption of servers based on their utilization levels and static power draw is necessary to
capture the complexities of energy demand in data center. Moreover, capturing workload fluctuations and their
effect on energy consumption are vital for a realistic simulation [4]. A robust energy model must consider
workload fluctuations of data center operations, enabling simulations to replicate real-world situations where
energy consumption is influenced by both the type and intensity of the workload [5]. To improve simulation
accuracy, researchers often include trace-based workloads, where the parameters and the details of the
workload are extracted from real-world data [6][7]. Empirical studies have shown that using real-world data
traces is essential for enhancing simulation fidelity[8]. For instance, Alshammari et al. [9] observed that using
simplified models in many simulators can often yield inaccurate energy behavior representations. Also, Da
Silva et al. [10] highlighted that using real data improves cloud simulation and energy consumption accuracy
by providing accurate profiles of power and energy metrics, allowing for better modeling of resource
utilization. Similarily, Cesario et al. [11] showed that using real-world traces improves the accuracy of cloud
simulation and energy consumption metrics, resulting in more effective virtual machine allocation and
optimizing energy savings. Moreover, regularly updating simulation models with real data helps to minimize
the difference between simulated and actual performance. The integration of the algorithm proposed by
Beloglazov and Buyya [12] and the utilization of PlanetLab [13] experiment within CloudSim [14] have
collectively established a standard benchmark in the field. This integration has sparked a trend where
researchers, introducing new algorithms for the Virtual Machine (VM) consolidation problem, often use the
algorithm by [12] as a benchmark for comparison, highlighting improvements through the PlanetLab
experiment. While CloudSim offers valuable features for calculating energy consumption and modeling the
state of data center components, critiques regarding its 1/0O processing model [15], communication models [16],
and the inaccuracy of power calculation [17] have prompted a reevaluation of simulation frameworks. A more
comprehensive simulation tool should allow for a detailed modeling of data center components and
their state transitions to better reflect the dynamic nature of data center operations[18][19]. The representation
of energy consumption from different states of Physical Machines (PMs) and VMs is crucial for accurate
energy modeling. It can lead to inaccuracies in the simulation results [20]. SCORE (Simulator for Cloud
Optimization of Resources and Energy Consumption) [21] is a cloud computing simulator designed to simulate
cloud environments with a specific focus on optimizing resource utilization and minimizing energy
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consumption. While SCORE seeks to deliver a realistic simulation of heterogeneous data centers throgh
providing parallel scheduling and energy-efficient models for the execution of synthetic workloads, it doesn’t
provide detailed networking models. In addition, SCORE doesn’t endorse VM migration policies, which are
important for modeling real-life scenarios in cloud systems. In real-world data centers, networking and VM
migration play a crucial role in overall performance, and the detailed simulation of network-related aspects is
limited in SCORE. DISSECT-CF [22] (DlIScrete event baSed Energy Consumption simulaTor for Clouds and
Federations) is a powerful simulation framework that provides ability to realistically model energy
consumption. The simulator integrates sophisticated energy consumption models considering the intricacies of
underlying infrastructure, including servers, networking equipment, and storage components. This allows
researchers to gain insights into the energy usage patterns of cloud environments. DISSECT-CF produces
highly accurate simulation results in terms of finishing time and energy consumption. The reported error of
just around 1% in most cases indicates a high level of precision in capturing the behavior of cloud systems
[23].

The ability of DISSECT-CF to deliver results much faster than CloudSim enhances its practical utility
for researchers conducting extensive simulations. Based on the above discussion, we decided to use the
DISSECT-CF simulator to produce a more realistic simulation of the PlanetLab workload trace.
Table I shows a comparison of the cloud Simulators based on features they support.

Table 1. Features comparison of cloud simulators

Features CloudSim SCORE DISSECT-CF
Communication model limited No Full
PM/VM model PM and VM Only PM PM and VM
Resource scheduling model ~ CPU and Network ~ CPU, Network, and Storage ~ CPU, Network, and Storage
Migration Policy v - v
Distributed Architecture - v
Network Model RN - N

In our previous work [24], we have implemented a new trace loading mechanism in DISSECT-CF
simulator in order to load PlanetLab workload trace and generate jobs that will be executed by the VMs based
on their execution time. In this paper, we emphasize the significance of realistic simulation across various
dimensions such as CPU, storage, and bandwidth, highlighting their direct impacts on energy
consumption. Additionally, we present our insights into energy modeling within CloudSim and DISSECT-CF,
demonstrating that DISSECT-CF yields more accurate and realistic energy calculations. The remainder of this
work is structured as follows: section 2 provides an overview of PlanetLab experiments in CloudSim including
our observation on some unrealistic behaviors. In section 3, we elaborate on our experimentation and re-
implementation process aimed at enhancing the realism of simulating PlanetLab workload traces and also
presenting the results obtained concerning energy consumption and host utilization. Section 4 concludes the

paper.

2. PLANETLAB WORKLOAD TRACE

PlanetLab serves as a global initiative dedicated to advancing research in distributed computing
enabling researchers to test and evaluate new technologies with regard to networking and distributed systems.
It operates multiple co-located yet isolated user tasks, referred to as slices, through virtualization [13]. The
CoMon monitoring system, designed for collecting and processing data from PlanetLab nodes [25], gathered
valuable information about the temporal evolution of resource requirements for user’s slices, from
approximately 800 nodes over several years.

The only available remnants are the data of CPU usage spanning ten days and approximately thousand
VMs, preserved in the planetlab workload folder of CloudSim. Beloglazov and Buyya [12] focused their
experiments on CPU load, resulting in the retention of solely CPU load. These data are stored in uncomplicated
text files, each representing a single VM for a day. Each line within the file corresponds to a distinct
measurement, indicating the CPU load as a percentage of the requested resources. Typically, the CPU load was
recorded at five minute intervals, leading to 288 lines per file representing the daily measurements for each
VM. Table 2 shows the parameters used by [12] for evaluating their experiment.
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Table 2. Parameters of planetlab experiment, as defined by [12]

PM Types 2
VM Types 4
CPU cores for each PM type 2
CPU cores for each VM type 1
CPU capacity for PMs(MIPS) 1860,2660
CPU capacity for VMs (MIPS) 2500, 2000, 1000, 500
RAM size (MB) for PMs 4000, 4000
RAM size (MB) for VMs 870, 1740,1740,613
Power Model for PMs HP ProLiant ML110 G4, G5

VMs are initially created with requested resources adhering to the nominal values specified in the
table. Consequently, these values govern the initial allocation of VMs to PMs. However, following the initial
re-optimization phase, CPU values undergo modification in alignment with the PlanetLab trace, resulting in
considerably reduced CPU loads. Additionally, the utilization values for RAM were not considered during this
phase. This implies that, from first re-optimization onward, VMs occupy significantly fewer CPU and RAM
resources compared to their initial placement. Figure 1 shows the power consumption characteristics for
different CPU load intervals of HP ProLiant ML110 G4 and HP ProLiant ML110 G5 servers. For PlanetLab
experiment in CloudSim, The inclination of power efficiency trajectory for G5 servers demonstrates a more
favorable trend from 0% to 30%, compared to the range between 30% and 60%. This observed bias may result
in suboptimal decisions by the algorithm [17]. To illustrate, in a scenario where the algorithm must choose
between two G5 servers, one with a CPU load of 20% and another with 60%, for a VM with a CPU load
corresponding to 10% of the total capacity of the PMs, the server with a CPU load of 20% will be chosen by
the algorithm due to its higher power efficiency. However, this contradicts the VM consolidation consept,
which advocates
for consolidating the highest possible load onto already wellutilized PMs while attempting to free up lightly
loaded PMs.
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Figure 1. Power draw of different servers in watt at different utilization

In DISSECT-CF, the implementation of energy metering differs significantly from CloudSim. There
is no straightforward method for querying the current PM’s power draw. As a substitute, trying to imitiate the
real life behavior, PMs can have a seperate meter for energy measurement that consistently monitors their
energy usage. The power consumption of a PM over time is calculated based on its CPU capability during
each time interval correlating with average power draw. Unlike CloudSim, the frequency of power calculations
is independently determined for each energy meter object. The selection of the power calculation frequency
represents a crucial tradeoff, as greater frequencies give more precision but also result in an increased execution
time for the simulator.
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3. EXPERIMENTAL RESULT

To enhance the realism of energy consumption modeling, we opted to replicate the PlanetLab
experiment in DISSECT-CF simulator. This approach facilitates realistic simulations by incorporating diverse
sources of energy consumption and allows for a comparative analysis with CloudSim. In our previous
work[21], we introduced a trace loading mechanism in DISSECT-CF that generates authentic tasks based on
PlanetLab workload traces, enabling jobs to effectively utilize VMs in the data center during simulation.

Moreover, we integrated two power models for G4 and G5 server types into DISSECT-CF. These
models aim to simulate energy usage using diverse metrics such as CPU load, network bandwidth, and memory
utilization. Additionally, we introduced power transition generators to simulate energy consumption across
different states of both PMs and VMs, encompassing active, idle, sleep, and off states. For the initial allocation
of VMs to PMs, we implemented a VM allocation policy designed to mirror CloudSim’s VM allocation
behavior. This policy considers realistic measurements, such as RAM and bandwidth utilization of the PMs,
alongside current CPU utilization. To facilitate a direct comparison
between the two simulators, we focused exclusively on the initial VM allocations without involving any VM
migrations. Our primary objective was to assess differences in energy consumption, rather than delve into the
decision-making processes related to VM migration by the VM scheduler. In our experiment, we implemented
a data center consisting of 800 PMs, divided equally between G4 and G5 server types. Additionally, we utilized
four types of VMs with varying resource specifications, as detailed in Table 2. And we utilized 10 days of data
from the PlanetLab workload trace.

Figure 2 shows a comparison of energy consumption between CloudSim and DISSECT-CF utilizing
an identical infrastructure setup. The increased energy consumption in DISSECTCEF is attributed to the
consideration of additional factors that impact energy measurements in real-life scenarios. This includes power
consumption even when PMs are switched off, energy associated with PM state transitions (such as switching
PMs on and off), as well as energy consumed by other resources like RAM and bandwidth, all of which
CloudSim neglects.
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Figure 2. Energy consumption using PlanetLab workload

The initial calculation of power consumption in CloudSim occurs at time 0 in which VMs exhibit no
CPU load, resulting in the assumption that each PM’s power consumption is also 0 at this point. Consequently,
the energy dissipation of the data center during the starting 5 minutes is inaccurately recorded
as 0. In contrast, DISSECT-CF estimates energy consumption more accurately from the beginning, resulting
in higher but more realistic recorded energy consumption values.

We also incorporated several power measurement sources when calculating energy waste in
DISSECT-CF. This includes power consumption during state changes of PMs, such as from switching on to
running, as well as energy consumed by other resources like network bandwidth, disk storage, and
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communication costs among VMs. These additions contribute to more realistic measurements of energy usage.
Additionally, we observed that in the CloudSim power model, whenever the CPU utilization of a VM drops to
zero, the energy consumption is recorded as zero for the next 5-minute interval. This behavior leads to
inaccurate energy measurements. To ensure more precise energy consumption recording, we addressed this
issue in our implementation of the Dissect-CF simulator. This adjustment is a key factor contributing to
CloudSim’s reporting of lower energy consumption. For a fair comparison between the two simulators, we
aligned the VM allocation setup in both simulators to ensure identical VM-to-PM allocation mappings.
Additionally, DISSECT-CF demonstrated significantly faster simulation times compared to CloudSim, as
shown in Figure 3, making it feasible when simulating large scale cloud with varying demands.
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Figure 3. Simulation time for PlanetLab workload

Our evaluation of CloudSim and DISSECT-CF highlights the importance of simulation fidelity in
modeling real-world energy behavior in cloud environments. Although CloudSim offers a fast and efficient
environment for scenario testing, its simplified models, such assuming zero power draw during idle periods,
can yield misleading conclusions for energy predictions.

On the other hand, DISSECT-CF provides additional power states for physical machines, such as idle,
switching on and off, etc., adding more representations of energy consumption metrics. Furthermore,
incorporating RAM, disk, and network resources into energy measurement enhances the simulation’s realism,
making it a powerful tool for developing energy-aware optimization research. Its characteristics are vital for
algorithms that aim at balancing energy efficiency and system performance.

4. CONCLUSION

As distributed computing systems grow in complexity, simulation frameworks become essential for
developing and assessing system performance. Due to the difficulty of precise power prediction in large
infrastructures, accurate power modeling in large scale cloud environments remains a challenge. Thus, there is
a growing need for simulation frameworks that adopt more advanced energy prediction mechanisms. In this
paper, we highlighted the significance of cloud simulation tools in accurately modeling cloud environments.
Our study showed that DISSECT-CF provide more accurate energy consumption insights, compared to
Cloudsim, by incorporating various energy modeling for components like CPU, storage, and network. In future,
we aim to include sophisticated VM Consolidation approaches and decision-making policies for better
representation of real time consolidation scenarios. Finally, benchmarking simulations against real energy
measurements could serve as a concrete empirical layer for assessing simulation realism.

International Journal of Mathematics, Statistics, and Computer Science



IIMSCS ISSN: 2704-1077 elSSN 2704-1069 343

Funding: This research received no external funding.
Conflict of interest: The authors declare no conflicts of interest.

REFERENCES

[1]
[2

[3]

[4]
[5]

[6]
[71

(8]

[]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

A. Katal, S. Dahiya, and T. Choudhury, “Energy efficiency in cloud computing data centers: a survey on software
technologies,” Cluster Comput., vol. 26, no. 3, pp. 1845-1875, Jun. 2023, doi: 10.1007/S10586-022-03713-0.

Y. Zeng, M. Chao, R. S.-2019 1. International, and undefined 2019, “Emuedge: A hybrid emulator for reproducible and
realistic edge computing experiments,” ieeexplore.ieee.orgY Zeng, M Chao, R Stoleru2019 IEEE Int. Conf. Fog Comput.
(ICFC), 2019<ieeexplore.ieee.org, 2018, Accessed: Apr. 19, 2025. [Online]. Available:
https://ieeexplore.ieee.org/abstract/document/8822062/

D. Kapil, V. Mittal, A. G.-2024 15th L. Conference, and undefined 2024, “Cloud Computing and Simulation Paradigms: A
Technical Exploration and Analysis,” ieeexplore.ieee.orgD Kapil, V Mittal, A Gupta2024 15th Int. Conf. Comput. Commun.
and, 2024<ieeexplore.ieee.org, Accessed: Apr. 19, 2025. [Online]. Available:
https://ieeexplore.ieee.org/abstract/document/10723984/

A. Ismail, “Energy-driven cloud simulation: existing surveys, simulation supports, impacts and challenges,” Cluster Comput.,
vol. 23, no. 4, pp. 3039-3055, Dec. 2020, doi: 10.1007/S10586-020-03068-4.

S. Gill, H. Wu, P. Patros, C. Ottaviani, P. A.-... and I. Reports, and undefined 2024, “Modern computing: Vision and
challenges,” Elsevier, Accessed: Apr. 19, 2025. [Online]. Available:
https://www.sciencedirect.com/science/article/pii/S2772503024000021

P. Mathur, “Cloud Computing Infrastructure, Platforms, and Software for Scientific Research,” pp. 89127, 2024, doi:
10.1007/978-981-97-1017-1_4.

Y. Patel, R. M.-P. in Computing, A. and Networking, and undefined 2018, “Performance comparison of deep VM workload
prediction approaches for cloud,” SpringerYS Patel, R MisraProgress Comput. Anal. Netw. Proc. ICCAN 2017,
2018+Springer, Accessed: Apr. 19, 2025. [Online]. Available: https:/link.springer.com/chapter/10.1007/978-981-10-7871-

2 15

A.Rehman, S. Lu, M. Alj, ... F. S.-1., and undefined 2024, “EEVMC: An energy efficient virtual machine consolidation
approach for cloud data centers,” ieeexplore.ieee.orgAU Rehman, S Lu, M Ali, F Smarandache, SS Alshamrani, A Alshehri, F
ArslanlEEE Access, 2024%ieeexplore.ieee.org, Accessed: Apr. 19, 2025. [Online]. Available:
https://ieeexplore.ieee.org/abstract/document/10599462/

D. Alshammari, J. Singer, T. S.-2018 L. 3rd International, and undefined 2018, “Performance evaluation of cloud computing
simulation tools,” ieeexplore.ieee.orgD Alshammari, J Singer, T Storer2018 IEEE 3rd Int. Conf. Cloud Comput. Big,
2018%iecexplore.ieee.org, Accessed: Apr. 19, 2025. [Online]. Available:
https://ieeexplore.ieee.org/abstract/document/8386571/

R. Ferreira da Silva, A. C. Orgerie, H. Casanova, R. Tanaka, E. Deelman, and F. Suter, “Accurately Simulating Energy
Consumption of I/O-Intensive Scientific Workflows,” Lect. Notes Comput. Sci. (including Subser. Lect. Notes Artif. Intell.
Lect. Notes Bioinformatics), vol. 11536 LNCS, pp. 138-152, 2019, doi: 10.1007/978-3-030-22734-0_11.

E. Cesario, A. V.-2019 1. 16th I. Conference, and undefined 2019, “A comparative analysis of classification and regression
models for energy-efficient clouds,” ieeexplore.ieee.orgE Cesario, A Vinci2019 IEEE 16th Int. Conf. Networking, Sens. and,
2019¢ieeexplore.ieee.org, Accessed: Apr. 19, 2025. [Online]. Available:
https://ieeexplore.ieee.org/abstract/document/8743292/

A. Beloglazov, R. B.-C. and Computation, and undefined 2012, “Optimal online deterministic algorithms and adaptive
heuristics for energy and performance efficient dynamic consolidation of virtual machines in cloud data centers,” Wiley Online
Libr. Beloglazov, R BuyyaConcurrency Comput. Pract. Exp. 2012+Wiley Online Libr., vol. 24, no. 13, pp. 13971420, Sep.
2012, doi: 10.1002/cpe.1867.

L. Peterson, A. Bavier, ... M. F.-P. of the 7th, and undefined 2006, “Experiences building planetlab,” usenix.org, Accessed:
Apr. 19, 2025. [Online]. Available: https://www.usenix.org/legacy/event/osdiO6/tech/full_papers/peterson/peterson.pdf

R. N. Calheiros, R. Ranjan, A. Beloglazov, C. A. F. De Rose, and R. Buyya, “CloudSim: a toolkit for modeling and simulation
of cloud computing environments and evaluation of resource provisioning algorithms,” Wiley Online Libr. Calheiros, R
Ranjan, A Beloglazov, CAF Rose, R BuyyaSofiware Pract. Exp. 2011+Wiley Online Libr., vol. 41, no. 1, pp. 23-50, Jan. 2010,
doi: 10.1002/spe.995.

H. Ouarnoughi, J. Boukhobza, ... F. S.-... C. 1. H., and undefined 2016, “Considering I/O processing in CloudSim for
performance and energy evaluation,” SpringerH Ouarnoughi, J Boukhobza, F Singhoff, S Rubini, E KassisHigh Perform.
Comput. ISC High Perform. 2016 Int. Work. 2016+Springer, Accessed: Apr. 19, 2025. [Online]. Available:
https://link.springer.com/chapter/10.1007/978-3-319-46079-6_40

A. Nifiez, J. L. Vazquez-Poletti, A. C. Caminero, G. G. Castafié, J. Carretero, and I. M. Llorente, “ICanCloud: A Flexible and
Scalable Cloud Infrastructure Simulator,” J. Grid Comput., vol. 10, no. 1, pp. 185-209, Mar. 2012, doi: 10.1007/S10723-012-
9208-5.

Z. A. Mann, “Cloud simulators in the implementation and evaluation of virtual machine placement algorithms,” Softw. - Pract.
Exp., vol. 48, no. 7, pp. 1368-1389, Jul. 2018, doi: 10.1002/SPE.2579.

R. Buyya, S. llager, P. A.-S. P. and, and undefined 2024, “Energy-efficiency and sustainability in new generation cloud
computing: a vision and directions for integrated management of data centre resources and workloads,” Wiley Online Libr.
Buyya, S Ilager, P ArrobaSofiware Pract. Exp. 2024+Wiley Online Libr., vol. 54, no. 1, pp. 24-38, Jan. 2023, doi:
10.1002/spe.3248.

S. Bharany, S. Sharma, O. Khalaf, G. A.- Sustainability, and undefined 2022, “A systematic survey on energy-efficient
techniques in sustainable cloud computing,” mdpi.comS Bharany, S Sharma, Ol Khalaf, GM Abdulsahib, AS Al Humaimeedy,
THH AldhyaniSustainability, 2022+mdpi.com, Accessed: Apr. 19, 2025. [Online]. Available: https://www.mdpi.com/2071-
1050/14/10/6256

R. Zolfaghari, A. Sahafi, ... A. R.-S. P. and, and undefined 2022, “An energy-aware virtual machines consolidation method
for cloud computing: Simulation and verification,” Wiley Online Libr. Zolfaghari, A Sahafi, AM Rahmani, R RezaeiSoftware
Pract. Exp. 2022*Wiley Online Libr., vol. 52, no. 1, pp. 194-235, Jan. 2022, doi: 10.1002/spe.3010.

D. Fernandez-Cerero, A. Fernandez-Montes, A. Jakobik, J. Kolodziej, and M. Toro, “SCORE: Simulator for cloud
optimization of resources and energy consumption,” Elsevier, Accessed: Apr. 19, 2025. [Online]. Available:



344 ISSN: 2704-1077 elSSN 2704-1069
https://www.sciencedirect.com/science/article/pii/S1569190X 18300030

[22] G. K.-S. M. P. and Theory and undefined 2015, “DISSECT-CF: a simulator to foster energy-aware scheduling in
infrastructure clouds,” Elsevier, Accessed: Apr. 19, 2025. [Online]. Available:
https://www.sciencedirect.com/science/article/pii/S1569190X 15000842

[23] R. Ponto, G. Kecskemeti, ... Z. M. C. P., and undefined 2021, “Comparison of workload consolidation algorithms for cloud
data centers,” Wiley Online Libr. Ponto, G Kecskemeti, ZA MannConcurrency Comput. Pract. Exp. 2021+Wiley Online Libr-.,
vol. 33, no. 9, p. 33, May 2021, doi: 10.1002/cpe.6138.

[24] R. Hasanein, K. G.-M. Tudomanyok, and undefined 2022, “An investigation on implementing a scenario on different cloud
simulators,” 0js.uni-miskolc.huR Hasanein, K GaborMultidiszciplindaris Tudomdnyok, 2022+ojs.uni-miskolc.hu, pp. 256-263,
doi: 10.35925/j.multi.2022.3.23.

[25] K. S. Park and V. S. Pai, “CoMon: A mostly-scalable monitoring system for PlanetLab,” Oper. Syst. Rev., vol. 40, no. 1, pp.

65-74, 2006, doi: 10.1145/1113361.1113374.

International Journal of Mathematics, Statistics, and Computer Science



