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Abstract- The state-of-the-art scientific alliances have augmented various opportunities to solve 

complex real world problems. These problems require both multi-disciplinary expertise as well 

as large-scale computational experiments. Scientific community requires a flexible platform 

which can handle the computational challenges such as volume of data, platform heterogeneity, 

application complexity and diverse analysis of goals. Cloud Computing has become a potential 

platform for executing scientific applications as it offers tremendous amount of resources to 

scientific users on-demand and charge them as-per-usage. The demand for cloud services is 

increasing day by day so it has become essential to manage the resources efficiently in the cloud 

environment. To handle the issues of unexpected demand and un-even allocation of resources; 

efficient resource prediction and scheduling of the resources is essential. Therefore, this paper 

provides a broad methodical literature analysis of scientific applications, resource prediction and 

scheduling techniques in cloud environment. This research work will help researchers to find the 

important characteristics of scientific applications and will also help to select the most suitable 

prediction and scheduling technique for cloud based scientific application along with significant 

future research directions. 

 

Keywords—Cloud Computing, Scientific Applications, Scientific Paradigms, Quality of Service, 

Resource Prediction, Resource Scheduling. 
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1. INTRODUCTION AND MOTIVATION 

With the advent in computing technology, the usage of simulations has been encouraged to 

scrutinize theoretical modeling. Extensive amount of data is generated through these simulations 

which require huge storage space. In the meantime, the widespread usage of digital sensors has 

added up to the volume of automated observational data which demands high scale computation 

while conducting experiments. The scientific community is facing a massive computation and 

data challenge, such as processing petabytes of live data streams such as SKA- square kilometer 

array* which explores the universe with world’s largest radio telescope generating 2.5 to 7.5 PB 

of raw data/second. Also, the variety and intricacy of scientific data is increasing day by day. 

Therefore, there is a need for a flexible platform which can handle the above mentioned 

scientific issues related to data, its storage and its computation.  

 

Cloud Computing [1, 2] provides an adaptable environment for applications and also gives a 

dynamic and scalable infrastructure for computing and storage. The fluctuating demand of users 

and un-even allocation of resources available is causing scarcity of resources and in turn 

depreciating the throughput. Therefore, it is essential to first predict the future resource 

requirements of the application and afterwards schedule them efficiently in order to meet the 

Quality of Service (QoS) requirements of the scientific users taking SLA violations into 

consideration. 

 

1.1 Need for Resource Prediction and Scheduling 

As the demand for cloud services is increasing, it has become essential to manage the resources 

efficiently in the cloud environment. Unexpected demand for huge resources in future may 

instigate allocation failure or system hang problem. Various dynamic approaches exist that 

follow un-even procedures to allocate the available resources based on the workload of the 

systems. To handle the issues of unexpected demand and un-even allocation of resources; 

efficient resource prediction and scheduling of the resources is essential [3]. The objective of this 

work is to identify available prediction techniques which can predict the resource requirements 

of the applications in general. The next objective is to list down the existing scheduling 

techniques to minimize the workload completion time (or maximize throughput).  

 

1.2 Motivations for Research 

 Clouds have attracted the scientists for deploying scientific applications by offering 

tremendous amount of resources on demand and charge them as per usage. But, there is no 

such survey focusing on cloud based scientific applications. Hence, there is a need to conduct 

a methodical survey for scientific applications which can be deployed on cloud. 

 The heterogeneous and dynamic nature of both workloads and resources in cloud bring forth 

a lot of challenges. Therefore, it is necessary to explore those challenges in order to enhance 

the execution effectiveness of scientific applications in cloud environment. 

 

1.3 Our Contributions 

 A comprehensive investigation has been conducted to study various existing cloud based 

scientific applications, resource prediction and scheduling techniques.  
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 The aforementioned scientific applications, resource prediction and scheduling techniques 

have been presented in a tabular form based on the parameters and computing platforms. 

 Future research directions in the area of cloud based scientific applications are presented. 

 

1.4 Related Surveys 

Earlier surveys by Amiri, M. and Leyli M-K [2016], Rodriguez, M. A, and Buyya, R. [2016] and 

S. Singh and I. Chana [2016] have been very innovative, but as the research work has perpetually 

developed in the area of resource prediction and scheduling, there is a need for an efficient 

writing overview to evaluate, upgrade, and incorporate the current research introduced in this 

field. This research expands the previous surveys and presents a novel methodical literature 

survey to assess and find the upcoming research challenges based on existing research work in 

the field of resource prediction and scheduling for cloud based scientific applications.  

 

1.5 Paper Organization 

The organization of the rest of this paper is as follows: The evolution and paradigms of scientific 

computing are presented in Section 2. Section 3 presents the characteristics and challenges of 

cloud based scientific applications. Section 4 and 5 describes the existing resource prediction 

resource scheduling techniques respectively. Future research directions are described in Section 

6. Section 7 concludes this research work. 

 

2. SCIENTIFIC COMPUTING 

Scientific computing is a multidisciplinary field [128] which is growing at a fast pace. It is built 

on the basis of three different elements namely algorithms and modeling and simulation 

software, computer and information science and computing infrastructure as shown in Figure 1. 

Scientific computing is the key to settle the issues in numerous domains and to give 

breakthroughs in new learning by consolidating the lessons and methodologies from different 

large scale distributed computing areas such as high-performance computing, high-throughput 

computing, etc. 
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Figure 1: Elements of Scientific Computing 

 

Scientific computing uses state-of-the-art computing capabilities to solve the complex problems 

in various scientific domains [2, 134] (e.g., biology, physics, chemistry and mathematics) as 

shown in Figure 2. Problem domains for scientific computing include numerical simulations 

(e.g., earthquake, sub-atomic particle behavior, turbulent flows, biomolecules etc.), model fitting 

and data analysis (geophysics, linguistics and biological systems) and computational 

optimization (machine learning, technical and manufacturing processes). 
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Figure 2: Taxonomy of Scientific Domains 

 

2.1 Evolution of Scientific Computing 

In 1940s, the first electronic digital computer namely ENIAC [129, 131] was designed to 

compute ballistics. At this stage, the researchers of different prestigious organizations started 

working towards achieving new milestones [129, 130, 131, 132 , 133] in scientific computing as 

shown in Figure 3. The first ever machine to mimic the network of neurons [131] was built by 
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Marvin Minsky in 1951. In 1954, John Backus developed first scientific programing language 

FORTRAN at IBM [130, 131]. Then John Kendrew in 1959 built a computerized atomic model 

of myoglobin with the help of crystallography data. To process the data in real time, the first lab-

based computer was designed by Charles Molnar and Wesley Clark in 1962 at MIT’s Lincoln 

Laboratory. They designed Laboratory Instrument Computer (LINC) [130, 131] for aiding the 

research in health sector. In 1963, the first artificial robot arm “RANCHO ARM” [131] was 

developed in California which was fully controlled by computer. The United States Department 

of Defense, started a project namely Advanced Research Projects Agency 

Network (ARPANET) [131, 132, 133] in 1967 which was funded by Advanced Research 

Projects Agency (ARPA) for research networking. In 1969, the ocean atmosphere circulation 

[131] model gave way to climatic simulations which proved to be a powerful research tool for 

global warming. Then in 1970s, the first Computerised Tomography (CT) scanner [131] was 

developed, protein data bank was established, first scientific calculator namely H-35 was 

released and first “Cray” supercomputer was installed at Los Alamos [131] which processed 

large amount of data at fast speed. In 1983, the concept of parallel processing [130, 131] was 

developed which proved to be a beneficial feature for artificial intelligence and fluid-flow 

simulations. 

 

 
 

Figure 3: Milestones in Scientific Computing 

 

Further, the US National Science Foundation established five National SuperComputing centres 

[130, 131] inorder to provide sufficient high-computing resources to academicians. In 1989, Tim 

Berner’s-Lee developed World Wide Web [130, 131] for collaborating research on a common 

platform. In 1990s, Basic Local Alignment Search Tool (BLAST) [4] was developed, Great 
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Internet Mersenne Prime Search (GIMPS) [131] was launched, and shotgun technique was 

developed to combine large fragments of human DNA code. With the beginning of 21st century, 

Biomedical Informatics Research Network (BIRN) [131] was launched by US National Institute 

of Health, earth simulator was developed, data mining methods were developed for processing 

huge astronomical datasets, neural behavior of neocortex was modeled which gave way to brain-

inspired computing [131]. 

 

2.2 Scientific Paradigms 

Scientific research refers to a specific method or technique for obtaining information about 

natural phantasm. This method has four dimensions or we can say paradigms [136, 137] as 

shown in Figure 4, namely experimental, theoretical, computational and data-intensive. 

Thousands of years back the first paradigm came into existence that is “Experimental Science” 

which is based on the observation and experimentation. This dimension formed the ground of 

science which further supported the next superstructure on it that is “Theoretical Science”. This 

paradigm formed on the basis of mathematics (Newton’s Laws, Maxwell’s Equations, etc.). Then 

with the beginning of 20th century, a new era of information technology came which boosted the 

simulation of complex phenomena. This gave birth to third paradigm of science that is 

“Computational Science” which involves lots of CPU utilization [5]. And today (21st century), 

scientists are overwhelmed with data sets from many different sources, which have given way to 

the fourth paradigm “Data-Intensive Science” [136, 137]. 

 

 
 

Figure 4: Taxonomy of Scientific Paradigms 
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2.2.1 Experimental Science 

The foremost dimension of scientific research is observation and experimentation which is also 

termed as Experimental science [136, 137]. This is the foundation stone or we can say the 1st 

paradigm of science. This paradigm came into existence thousands of years ago. Taking an 

example of "Traditional Astronomy" from the history- In 3000 BCE, wanderers (planets) [136] 

were observed in the sky by Babylonians. But later in 100 CE, a model was created by Plotemy 

which explained these wanderings in the universe. In this model, earth was fixed in the center 

with sun, moon and other planets revolving around earth. Then Nicolaus Copernicus in 1500s 

proposed a new model of universe in which sun was fixed in center with earth at the third 

position orbiting it. But in early 1600s, Johannes Kepler suggested some modification in the 

model; orbits were changed from circles to ellipses. Further, Galileo supported Kepler's model 

by adding experimental evidence using new invent of information technology called telescope. 

 

2.2.2 Theoretical Science 

The second paradigm of science is Theoretical science [136, 137] which can be broadly termed 

as description and explanation. This dimension involves the making of models which describe 

the natural phenomena in detail. It is involved with more profound elucidation of the 

experimental results, making predictions and making new speculations. Around 300 BCE, 

Aristotle [136] started the work of grouping diverse living things in view of their similitudes and 

contrasts. A couple of years after the fact, Gregor Johann Mendel's trials with peas proposed a 

system for legacy: genes, which were transporters of inheritable attributes. In 1953, Francis 

Crick and James Watson distinguished the twofold helix structure of the synthetic DNA in the 

core of cells and set up that it contained the qualities of the creature. This disclosure was trailed 

by another that clarified how cells utilize qualities to make proteins, which are responsible for 

shaping all the parts of living beings. 

 

2.2.3 Computational Science 

Newton's laws aroused the utilization of numerical models for logical hypothesis. Subsequently, 

numerical models were not generally pragmatic independent from anyone else. This issue started 

to be unraveled by the utilization of electronic data innovation to scientific research: to be 

specific, the computational reproduction of numerical models. For instance, the earth-moon-sun 

gravitational issue [136] could be reenacted by beginning with starting positions and speeds for 

those three bodies and figuring new positions and speeds "one time step later" by computational 

utilization of Newton's laws, then rehashing this procedure for some large number of steps. Since 

computational researchers dependably need to enhance the exactness of their outcomes and 

handle more concerning issues, they have a voracious craving for greater PCs that can perform 

monstrous quantities of these estimations in a sensible time. A noteworthy stride in the 

utilization of computational science [136, 137] was taken when it was understood that along with 

mathematical models non-mathematical models could be reenacted. For instance, traffic 

simulations can anticipate where bottlenecks and different issues may happen. 

 

2.2.4 Data-Intensive Science 

As the speed of data development surpasses Moore's Law towards the start of this new century, 

exorbitant information is making incredible inconveniences to individuals. Despite, there are so 
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much potential and exceptionally helpful values covered up in the tremendous volume of 

information. This has given birth to the fourth paradigm of science namely data-intensive science 

[136, 137]. A considerable number of fields and sections, extending from financial and business 

exercises to open organization, from national security agencies to large scale scientific 

researches in different areas, are facing issues of big data. Numerous scientific fields have turned 

out to be profoundly information driven with the advancement of computer science technologies. 

There are numerous data intensive scientific domains for example selenology, aerology, and 

computational biology which generates large amount of data. For instance, the Large Synoptic 

Survey Telescope (LSST) records 30 trillion bytes of picture information in a solitary day. The 

span of the information equals to two whole Sloan Digital Sky Surveys [15] daily. Stargazers 

will use propelled examination strategies to this information to explore the roots of the universe. 

The Large Hadron Collider (LHC) [15] is a particle accelerator that creates 60 terabytes of data 

for every day. The pattern sets in those data can give us a phenomenal comprehension the way of 

the universe. 32 petabytes of data generated from climatic observations and simulations were 

saved on the large scale computing cluster in the NASA Center for Climate Simulation (NCCS). 

The amount of human genome information is also so vast that interpreting them initially took a 

decade for processing it. One familiar point amongst these domains is that they produce 

tremendous amount of data which calls for automated analysis of those data sets. Moreover, to 

facilitate individual research groups located remotely with the data sets so generated; a 

centralized repository is required. 

 

3. SCIENTIFIC APPLICATIONS 

Scientific applications intend to solve scientific, mathematical or medical problems by 

constructing mathematical models and numerical solution techniques. These applications are 

more complex in nature and spend a lot of waiting times for computing their jobs. Applications 

such as ESCAT [12], Inspiral [13], Epigenome [14], Large Hadron Collider (LHC) at CERN 

[15], CyberShake [13], PRISM [12], Montage [6], Laser Interferometer Gravitational Wave 

Observatory (LIGO) [15], Sloan Digital Sky Survey (SDSS) [15] etc require large amount of 

computing as well as storage resources to perform large scale experiments. It is important for the 

users to be well aware about the application as it affects the overall performance and competence 

of the servers in the Cloud data center. So, to fully utilize the resources, it is necessary to 

understand the resource preferences through classification of various scientific applications. The 

analyses of five scientific applications being deployed in cloud environment are discussed in 

Table 1. Cao Junwei and Li Junwei [15] worked with Laser Interferometer Gravitational Wave 

Observatory (LIGO) whereas Juve, Gideo, et al. [6] have examined the cost and performance of 

clouds by executing three scientific applications namely Montage, Broadband and Epigenomics. 

Li Liu, Miao Zhang, et al. [13], summarized that Cloud computing provides a compatible 

environment for executing large scale scientific applications (Epigenomics, Montage, Inspiral 

and Cybershake). Vckler, Jens-Snke, et al. [36], has executed a scientific application on multiple 

clouds (FutureGrid, Amazon EC2 and NERSCs Magellan Cloud) environment to process the 

astronomy data for exploring planets similar to earth revolving around other stars. Table 1 

summarizes five scientific applications, their domain, description, jobs executed, workflow 

structure, features, methods and algorithms used. 
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Table 1: Technical Comparison of Five Scientific Applications 

 

Application Domain Description Jobs Executed Structure Mechanisms/

Methods 

Key 

Features 

Algorithms Used References 

Montage Astronomy Assemble 

multiple 

astronomical 

images into 

custom, 

science-

grade 

mosaics. 

mProject, 

mDiffFit, 

mConcatFit, 

mBgModel, 

mBackground, 

mImgtbl, 

mAdd, 

mShrink, 

mJPEG 

 

Image 

reprojection, 

Background 

modeling, 

Background 

rectification, 

Image 

coaddition 

Accuracy, 

Portability, 

Scalability, 

Availability, 

Generality, 

Performance, 

Flexibility, 

Convenience 

Cost 

Optimization, 

WRPS, PSO, 

Robust and fault-

tolerant 

scheduling 

algorithm, IC-

PCP/IC-PCPD2, 

EIPR, 

Strech&Compact, 

Integer Linear 

Program, PBTS, 

BTS, 

Evolutionary 

Multi-Objective 

Optimization, 

SPSS, DPDS, 

SPSS-ED, SPSS-

EB, ToF 

[100, 102, 

104, 107, 

108, 109, 

110, 112, 

113, 114, 

115, 116, 

117,  119 ] 

 

Cybershake Earthquake 

Science 

Calculates 

Probabilistic 

Seismic 

Hazard 

curves for 

geographic 

sites  

extract_sgt, 

seismogram_sy

nthesis, 

ZipSeismogram

s, PeakValCalc 

Okaya, 

ZipPeakSA 

 

Seismogram 

synthesis, 

Peak spectral 

accelration 

Accuracy, 

reliability, 

robustness, 

automation 

Cost 

Optimization, 

PSO, Robust and 

fault-tolerant 

scheduling 

algorithm, IC-

PCP/IC-PCPD2, 

EIPR, 

Strech&Compact, 

PBTS, BTS, 

Evolutionary 

Multi-Objective 

Optimization, 

SPSS, DPDS 

[100, 104, 

107, 108, 

109, 110, 

113, 114, 

115, 116] 
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Epigenomic

s 

Bioinforma

tics 

Investigation 

of the 

genome and 

proteome of 

a cell 

fastqSplit, 

filterContams, 

sol2sanger, 

fast2bfq, map, 

mapMerge, 

chr21 

(maqIndex), 

pileup 

 

Histone 

modification 

assays, DNA 

Methylation 

assays, Direct 

detection 

 

 

Accuracy, 

reliability,  

efficiency 

Cost 

Optimization, 

WRPS, Robust 

and fault-tolerant 

scheduling 

algorithm, IC-

PCP/IC-PCPD2, 

Strech&Compact, 

PBTS, BTS, 

Evolutionary 

Multi-Objective 

Optimization, 

SPSS, DPDS 

[100, 102, 

107, 108, 

110, 113, 

114, 115, 

116] 

SIPHT Bioinforma

tics 

Conducts a 

wide scan 

for small 

untranslated 

RNAs 

(sRNAs) that 

direct a few 

procedures, 

for example, 

discharge or 

destructivene

ss in 

microbes. 

Transterm:2.0.5

, Findterm, 

RNAMotif:3.0.

4, Blast, 

Patser:3.0.1, 

SRNA, 

Patser_concate, 

FFN_parse, 

Blast_synteny, 

Blast_candidate

, Blast_QRNA, 

Blast_paralogue

s, 

SRNA_annotate  

Data 

aggregation, 

Data 

redistribution 

High-

throughput,  

Cost 

Optimization, 

SABA, WRPS, 

PSO, Robust and 

fault-tolerant 

scheduling 

algorithm, IC-

PCP/IC-PCPD2, 

EIPR, 

Strech&Compact, 

PBTS, BTS, 

Evolutionary 

Multi-Objective 

Optimization 

SPSS, DPDS, 

SPSS-ED, SPSS-

EB 

[100, 101, 

102, 104, 

107, 108, 

109, 110, 

113, 114, 

115, 116, 

117] 
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LIGO Astrophysic

s 

Identifies 

gravitational 

waves 

created by 

different 

occasions in 

the universe 

according to 

Einstein's 

hypothesis of 

general 

relativity. 

tmpltbank, 

inspiral, thinca, 

trigbank 

 

StackSlide, 

Hough, 

PowerFlux 

High data 

throughput, 

Low packet 

latency, 

Strong 

hardware 

based data 

encryption, 

high 

reliability 

Cost 

Optimization, 

SABA, WRPS, 

PSO, just-in-time 

& adaptive 

scheduling 

heuristic, PBTS, 

BTS, 

Evolutionary 

Multi-Objective 

Optimization, 

SPSS, DPDS, 

SPSS-ED, SPSS-

EB, ToF, HEFT, 

MOHEFT, cloud-

aware MOHEFT 

[101, 103, 

105, 112, 

113, 114, 

115, 118, 

120, 121] 

 

 

In Table 1, we have technically compared the top five highly used scientific applications in cloud environment. But there are lot more 

scientific applications that are migrating onto cloud which need to be explored. Hence, in next section a literature survey is done for 

various existing scientific applications along with their challenges which need to be addressed. 
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3.1 Literature Review 

Scientific applications simulate real world objects into mathematical models and their actions by 

applying formulas. In this section, some of the scientific applications being executed in Cloud 

environment using different approaches are analyzed and presented in Table 2. 

 

 
Table 2: Review of Existing Scientific Applications 

 

Application Type Platform Challenges 

Laser Interferometer Gravitational 

Wave Observatory (LIGO) [15] 

Memory Intensive Grid To Reduce data volume. 

MMAT [18] CPU Intensive IBM BlueGene/P 

supercomputer 

To improve I/O throughput. 

Large Hardon Collider [19] CPU Intensive Grid, Cluster and Cloud Compare performance tradeoff of 

the infrastructures. 

Linearized Augmented Plane 

Wave (LAPW0) [20] 

CPU Intensive Heterogeneous System 

(HeSSE) Simulator 

To assess the performance 

behaviour of application. 

BioInformatics (Phylogenetics 

and GeneStructure Prediction) 

[21] 

CPU Intensive Cloud (Eucalyptus) To identify potential benefits of 

deploying scientific applications 

on Cloud. 

NEKBone, LULESH, GTC [22] CPU Intensive Dual Socket AMD Opteron 

6272 

To estimate total energy cost of 

data movement. 

wupwise, swim, mgrid, applu, 

mesa, galgel [24] 

Array based Simulator Disk-Power management. 

Fourier Transform [25] CPU Intensive PowerPack Framework Conserve energy without 

impacting performance. 

Self-managing hydrodynamics 

shock simulation and self-

managing CH4 ignition 

simulation [26] 

CPU Intensive Beowulf Cluster To empower selfmanagement and 

selfhealing of component based 

scientific applications. 

Epigenome [6] CPU Intensive Cloud (Amazon EC2) Deliver required performance at 

reasonable price. 

Broadband [6] Memory Intensive Cloud (Amazon EC2) Deliver required performance at 

reasonable price. 

Monte Carlo Simulations 

[5] 

CPU Intensive Cloud (Google App 

Engine) 

Schedule, execute and monitor 

scientific application considering 

fault tolerance parameter. 

Image Comparison and 

Event Processing [30] 

Memory Intensive Cloud (FutureGrid and 

Amazon) 

To track the applications entire 

lifetime. 
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Financial Risk Simulation, 

Molecular Dynamics Simulation 

and Mathematical Solver [32] 

CPU Intensive Cloud (Amazon EC2) To select an appropriate virtual 

machine for enhancing 

performance of the scientific 

applications. 

PlasmaPhysics, Turbulence, 

AstroPhysics and Basic Local 

Alignment Search Tool(BLAST) 

[4] 

Memory Intensive Simulator (Fusion- Sim) To tackle the HPC I/O bottleneck 

of scientific applications. 

Molecular Dynamics Simulation 

[35] 

Memory Intensive Hadoop MapReduce Optimizing the de- ployment and 

the application. 

Astronomy [36] Memory Intensive Cloud (FutureGrid, Amazon 

EC2 and NERSC’s Magellan 

Cloud) 

Evaluation tradeoffs between 

various system parameters. 

High Energy Physics and Kmeans 

Clustering [37] 

Memory Intensive Cloud (Hadoop MapReduce 

and CGL-MapReduce) 

Compare performance of Hadoop 

MapReduce and CGL-

MapReduce. 

Montage, Cybershake, Inspiral 

and Sipht [43] 

CPU and Memory 

Intensive 

Cloud (Pegasus and Amazon 

EC2) 

To reduce the failure effect of 

workflow tasks. 

Montage [94] CPU Intensive Pegasus-WMS To handle scheduling overhead 

and reduce computation time. 

BioInformatics Workflow [95] CPU Intensive Amazon EC2 To reduce execution cost and 

efficiently distribute the workload 

onto resources. 

Periodograms (Astronomy) [96] CPU Intensive FutureGrid, Eucalyptus, 

Amazon EC2 

To better utilize the resources. 

 

Various scientific applications namely LIGO, Epigenome, Broadband, CyberShake, LAPW0, 

Molecular Dynamics Simulation etc have been surveyed. Based on the resource requirement they 

are classified as CPU intensive and Memory intensive. Literature survey shows that although 

scientific applications are deployed on supercomputers, grids as well as clusters but Cloud has 

become a new trend for executing large scale high computing applications. It can be concluded 

that performance of scientific applications can be enhanced on Cloud environment if proper 

scheduling of resources is done. But prior to scheduling it is important to predict the resources so 

that they can be scheduled efficiently. Therefore, a review of various existing resource prediction 

and scheduling techniques is also done later in this paper. 

3.2 Characteristics of Scientific Applications 

Scientific applications involve huge computations [3, 10, 21, 28, 36] that strain the assets of 

whatever computers are accessible. Complex algorithms and data structures ought to be used so 

that the computation should be possible with worthy effectiveness, or even so that it should be 

possible by any stretch of the imagination. The planned calculation is frequently not well 
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characterized and completion of the particular must be recommended by experience, relationship 

to different computations, or heuristics. Data types may incorporate not simply structures of 

content and numbers, but the entire multimedia range, from sound to synchronous time 

arrangement, from still pictures to video. Scientific applications normally require profound 

knowledge of scientific domain, and rely on unobtrusive interchange of various approximations. 

They frequently actualize complex science. As a rule, numerical calculations should be precisely 

organized not simply to maintain a strategic distance from wrong outcomes, but rather to avoid 

process’s instability. Sensitivity of input data from external sources can be an issue, and lacking 

information or inadequate input data is normal. Sagacious show of processed amounts might be 

fundamental for breaking down and deciphering comes about or for intelligent control to direct 

the calculation. Scientific computations are experiments which should be controlled, recorded, 

and classified so that they can be contrasted with other test perceptions. 

 

 

 
 

Figure 5: Characteristics of Scientific Applications 

 

The characteristics [127] shown in Figure 5 make the implementation of scientific applications a 

challenging task, but it hardly affects the architecture of the software. To fulfill the feature 

requirements of scientific applications, cloud computing has come up as feasible platform. It 

promises low cost, on-demand resource availability, elastic scalability, high reliability and robust 

performance [126]. Due to all these facilities offered by cloud, scientific community is migrating 

their applications onto cloud inorder to process them using large distributed computing 
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framework. Therefore, in next section we will discuss about cloud computing as a feasible 

platform for deploying scientific applications. 

 

3.3 Cloud Computing- A Viable Platform for Scientific Applications 

Cloud Computing risen as another worldview [97] for scientific community as it can satisfy high 

performance computing demand of scientific applications. It facilitates the researchers with on 

demand access to compute resources within a short span of time instead of experiencing peak 

demand bottlenecks. This has made the management of resources easier. Figure 6 shows the 

taxonomy of cloud computing characteristics which are majorly responsible for attracting the 

users to migrate their work onto cloud. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Taxonomy of Cloud Computing Characteristics 

Extensive number of scientific applications and research groups utilize computerized process 

controls, typically as workflows [127]. Alongside generic Cloud based workflow frameworks, 

numerous explicit Cloud based workflow frameworks have been developed for executing 

scientific applications for example- space sciences, and life sciences. Although cloud is an 

economical, efficient and flexible solution for scientific applications but still there are various 

challenges [97, 98, 122, 124, 125, 126] discussed in next section which need to be addressed. 

 

3.4 Cloud based Scientific Applications: Challenges 

Scientists can access cloud computing services, by renting computing resources via cloud service 

provider. From the literature survey it can be inferred that there are numerous challenges faced 

by cloud based scientific applications which are summarized in Table 3. 

 
Table 3: Open issues and challenges for Cloud based Scientific Applications 

 

Application Author Description Issues/Challenges 

Laser Interferometer 

Gravitational Wave 

Observatory (LIGO) 

[15] 

 

J. Cao and J. Li [15] Handles large scale real time 

applications. Focuses on model 

refining and processing valuable data 

in real time. 

 How to process voluminous 

data in real time? 

 How to reduce the volume of 

data to be processed? 

Cloud Computing 

Characteristics 

Multi-

Tenancy 

Utility-based 

Pricing 
Service 

Oriented 

Shared 

Resource 

Pooling 

Geo-

Distribution 

& 

Ubiqitous 

Network 

Access 

Dynamic 

Resource 

Provisioning 

Self-

Organizing 
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Large Hardon Collider 

[19] 

T. Mastelic,  et al. 

[19] 

Compares the performance trade-off of 

three infrastructures (Grid, Cluster and 

Cloud). The comparison is based on 

four aspects energy, resource usage, 

performance and setup respectively. 

 Complexity model can be 

improved by incorporating 

learning curve parameter. 

 Task parallelization is 

missing. 

Linearized Augmented 

Plane Wave (LAPW0) 

[20] 

T. Fahringer, et al. 

[20] 

Examines the performance of complex 

and large scientific applications 

executing on high performance 

systems through simulation.  

 Scaling is poor due to 

improper load balancing. 

 Excessive overheads due to 

lack of task parallelism, 

synchronization and data 

movement. 

BioInformatics 

(Phylogenetics and 

GeneStructure 

Prediction) [21] 

J. Cohen, et al. [21] Examines the suitability of cloud 

infrastructure by executing a set of 

high performance scientific 

applications from three domains 

namely bioinformatics, high-energy 

physics and digital humanities. 

 Cloud suitability, legal 

issues, financial issues, 

managing the transition to 

new type of platform and 

security issues. 

 How to make virtualized 

resources available to users? 

NEKBone, LULESH, 

GTC [22] 

G. Kestor, et al. [22] Estimates the cost of energy while 

moving data across the memory for 

scientific applications. 

 Novel memory technology 

are required to reduce the 

gap between the energy cost 

of performing computation 

and data movement. 

wupwise, swim, mgrid, 

applu, mesa, galgel 

[24] 

S.W.Son, M. 

Kandemir and A. 

Choudhary [24] 

Manages the disk power consumption 

and execution time with the help of 

compiler driven proactive approach 

and code transformation approach. 

 Requires source code of the 

application to analyze and 

extract data access patterns. 

 Focused only on proactive 

approach. 

Epigenome and 

Broadband [6] 

G. Juve. E. Deelman, 

et al. [6] 

Examines the performance of cloud 

with respect to scientific applications. 

Also analyzes the costs associated with 

the workflows while executing them in 

the cloud. 

 Difficult to reduce the data 

movement cost. 

 Require high speed networks 

and parallel file systems. 

 Single node is used to run 

workflows. 

Monte Carlo 

Simulations 

[5] 

R. Prodan and M. 

Sperk [5] 

Investigates the capability of Google 

App Engine by implementing and 

integrating algorithms in a master-

slave framework which dynamically 

schedules, executes and monitors the 

scientific applications. 

 Free resource usage quota. 

 Middleware overheads. 

Image Comparison 

and 

Event Processing [30] 

T. Li, I. Raicu and L. 

Ramakrishnan [30] 

Tracks the lifetime information of the 

application for monitoring as well as 

ensuring reproducibility. 

 State Collection 

 Storage 

 Event Synchronization 

 No resource scheduling and 

lacks scalability. 

Financial Risk 

Simulation, Molecular 

Dynamics Simulation 

and Mathematical 

Solver [32] 

B. Varghese, et al. 

[32] 

Developed cloud benchmarking 

methodology to determine which cloud 

virtual machine can maximize the 

performance of the scientific 

application on the cloud. 

 How to deploy scientific 

applications on cloud so as 

to attain maximum 

performance? 

PlasmaPhysics, 

Turbulence, 

AstroPhysics and 

Basic Local Alignment 

Search Tool(BLAST) 

[4] 

D. Zhao, N. Liu, et 

al. [4] 

Built an event-driven simulator namely 

FusionFS and validated it for FusionFS 

traces (PlasmaPhysics, Turbulence, 

Astrophysics and BLAST) 

 Poor load balancing. 

 How to tackle I/O bottleneck 

of scientific applications on 

exascale systems? 

Molecular Dynamics 

Simulation [35] 

D. Moise [35] Large amount of data generated by 

scientific applications is analyzed 

using Hadoop-MapReduce tool. 

 How to enable scientists to 

analyze real time data being 

generated by simulator? 
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To fulfill the quality of service (QoS) requirements characterized by the users and ensure the 

efficient utilization of resources in cloud data centers, effective resource management systems 

should be considered. In any case, with an ever increasing number of users and endeavors 

moving their work into the cloud, workloads in the cloud turn out to be increasingly 

heterogeneous. In the meantime, resources are also heterogeneous as cloud service providers 

continually scale or refresh the clusters with new and updated machines. The heterogeneity in 

both workloads and machines may confuse the strategy for scheduling resources in time to meet 

the predefined execution objectives and in the mean time achieve high resource utilization. The 

heterogeneity of the jobs and the diversity in patterns of arrival time leads to dynamic demand of 

resources with significant variation over time. Customary techniques can scarcely predict the 

future usage of resources because of the exceedingly dynamic utilization of resources. Hence, 

resource prediction, scheduling and quality of service are considered as the challenge [97, 98, 

122, 124, 125, 126] for cloud based scientific applications as shown in Figure 7 which need to be 

addressed in an effective manner. 
 

Figure 7: Challenges faced by Cloud Based Scientific Applications 

3.4.1 Resource Prediction 

In the cloud, various computing resources such as storage, memory, processor, virtual machines 

and bandwidth are offered to different clients via multi-tenant cloud model. Numerous physical 

and virtual resources are dynamically assigned as per demand of the customer. Nevertheless, 

general clients, particularly non-IT clients, have no clue to make productive utilization of 

resources, which will adversely affect the resource utilization leading to excessive monetary cost. 

Subsequently, an accurate resource demand prediction is significant for effective resource 

scheduling, which will enhance the resource utilization in the cloud and spare pointless financial 

cost for clients. 

 

Resource 

Prediction 

Resource 

Scheduling 

Quality of 

Service (QoS) 

Challenges for Cloud 

Based Scientific 

Applications 
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3.4.2 Resource Scheduling 

To enhance the resource usage in the cloud, resource scheduling is one of the main points. 

Scheduling can be defined as a procedure of mapping the tasks of the application to computing 

resources for execution. Efficient scheduling of resources can have a great impact on the 

performance of the system in terms of workload management. Amid this procedure, different 

strategies are made to schedule the resources within budget in order to meet the QoS 

prerequisites of jobs. 

 

3.4.3 Quality of Service 

Quality of Service (QoS) is required to monitor the efficient execution of the application and 

measure the services delivered. In order to optimize QoS parameters and to assist efficient 

performance of workloads and applications, characteristics such as execution time, cost, latency, 

bandwidth and response time should be addressed effectively. Figure 8 depicts the taxonomy of 

QoS parameters. 

 

 
 

Figure 8: Taxonomy of QoS Parameters 

 

In conclusion, to fulfill jobs with customized QoS prerequisites within budget, it is important to 

find out an efficient resource prediction and scheduling technique for which a thorough review of 

these techniques which already exist in literature is required. Therefore, in next section existing 

resource prediction techniques are discussed and further, existing scheduling approaches are 

discussed in section 5. 
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4. RESOURCE PREDICTION 

Resource prediction assists in effective resource management not only by fulfilling the QoS 

requirements of the end users but also by pacifying Cloud service providers by rationalizing the 

cost of resources. Lots of research work has been done to predict the resources in Cloud 

environment, but the existing prediction techniques are not specifically dedicated towards 

scientific applications. In addition, these existing techniques either satisfy end users or Cloud 

resource providers. The various existing resource prediction techniques are discussed in Table 4. 

Table 4: Existing Resource Prediction Techniques 

Author Technique Proposed Methodology Parameters Platform 

M. Verma et al. 

[68]  

Time Series  Trend seasonality, 

exponential moving average  

Resource requirement, 

prediction time, cost 

-Cloud architecture 

A.Biswas et al. 

[70]  

Time Series  SVM, Linear Regression  No. of predictions, cost, 

execution time 

-Weka 

J. Jiang et al. [74]  Time Series  Linear regression, queuing 

theory  

Cost-latency trade off -Amazon 

J. Huang et al. 

[73]  

Time Series  Double exponential 

smoothing  

Prediction Accuracy, resource 

idle rate 

-CloudSim 

S. Islam et al. 

[69]  

Time Series Neural Network/ Linear 

Regression with sliding 

window  

Prediction accuracy, 

performance, cost 

-Amazon EC2 

R.N. Calheiros 

and R. Buyya [71]  

Queuing 

Theory  

M/M/1/k queue  

 

Resource demand, arrival 

pattern, estimation error, 

deadline, budget 

-CloudSim 

Y. Jiang et al. 

[66]  

Time Series Best of Moving Average 

Auto Regression 

ANN 

SVM  

Latency, cost,  VM Type and 

Request Start/End Time 

-IBM Smart Cloud 

Enterprise (SCE) 

Y. Shi et al. [67]  Utilization 

Log Analysis  

Improved MMQMPM 

method  

SLA violation rate, power 

consumption, response time 

-CloudSim 

E. Caron et al. 

[72]  

Machine 

Learning 

Pattern Matching Scalability, cost  -Animoto  

-Large Hadron 

Collider  

-Computing Grid 

-NorduGrid 

-SHARCNET 

Eddy Caron, et al. 

[75] 

Time Series String matching based 

scaling algorithm  

Knuth-Morris-Pratt (KMP) 

algorithm 

Total no of CPU, no. of serviced 

requests, cost 

-Amazon EC2 

-IBM cloud platform 

Z Gong, et al. 

[76] 

Time series PRedictive Elastic reSource 

Scaling (PRESS) 

CPU load, memory, I/O, 

network, response time 

-Xen platform 

-RUBiS 

-Google Cluster 

INTERNATIONAL JOURNAL OF INFORMATION AND COMPUTING SCIENCE

Volume 5, Issue 8, August 2018

ISSN NO: 0972-1347

http://ijics.com/201



 

Zhiming Shen, et 

al. [77] 

Time series -CloudScale system 

architecture 

-Online adaptive padding 

scheme 

-Prediction error correction 

CPU load, memory usage, 

response time, job progress 

-Xen platform 

-RUBiS 

-Hadoop MapReduce 

system 

-IBM system 

J Huang, et al. 

[78] 

Time series -Double exponential 

Smoothing 

-Prediction model & 

scheduling algorithm 

CPU load, memory usage, 

prediction accuracy 

-CloudSim 

H Mi, et al. [79] Time series -Genetic algorithm based 

approach (GABA) 

-Self-reconfiguration 

architecture 

-Brown’s quadratic 

exponential smoothing  

No of requests per VM, VM load 

Time interval 

-TPC-W 

-Httperf tool 

G Chen, et al. 

[80] 

Time series -Connection service 

architecture 

-Energy aware Load 

dispatching agorithms 

CPU load, login rate, no. of 

active connections 

-Windows live 

messenger (MSN) 

Nilabja Roy, et al. 

[81] 

Time series  

Control 

theory 

-Look-ahead controller 

algorithm 

-Second order 

autoregressive moving 

average method (ARMA) 

No. of users in the system, 

response time, VM cost, 

application reconfiguration cost 

-Custom testbed 

Sadeka Islam, et 

al. [82] 

Time series 

Machine 

learning 

-Error correction Neural 

Network algorithm 

-Linear regression 

algorithm 

-Sliding window technique 

CPU load, prediction accuracy -Amazon EC2 

-TPC-W 

-R-project 

Waheed Iqbal, et 

al. [83] 

Time series 

Threshold 

based rules 

-Prototype system for 

resource provisioning 

CPU load, no. of requests, no. of 

VMs, Response time 

-Eucalyptus based 

testbed 

-RUBiS 

-httperf 

 

Abhishek 

Chandra, et al. 

[84] 

Time series 

Queuing 

theory 

-Dynamic resource 

allocation architecture 

-Time-domain queuing 

model 

Request rate, service demand, 

response time, arrival rate, queue 

length 

-Matlab simulator 

-NetSim library 

-DASSF simulation 

package 
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Michael Cardosa 

and Abhishek 

Chandra [85] 

Time series -Resource usage histograms 

-Clustering based resource 

aggregation 

-Adaptive algorithm for 

parameter selection 

CPU load, total no of nodes, data 

transfer overhead, queue latency 

-PlanetLab traces by 

CoMon 

-Matlab 

Fang, W. et al. 

[86] 

Time series -RPPS (Resource Prediction 

and Provisioning scheme) 

architecture 

-ARIMA prediction model 

No. of requests, CPU load, 

prediction accuracy, total no of 

nodes 

-Xen platform 

-KVM 

Khatua, S. et al. 

[88] 

Time series 

Threshold 

based rules 

Feedback 

control 

-Monitoring & Optimizing 

Virtual Resources (MOVR) 

architecture 

No of requests, queue length, 

time in the queue, provider time 

(controller waiting time) 

-Amazon EC2 

-Xen platform 

-Eucalyptus 

-Php-Collab 

application 

-Zabbix 

Prodan, R. et al. 

[89] 

Time series 

Neural 

networks 

-Massively Multiplayer 

Online Games (MMOG) 

architecture 

-Neural network based 

prediction 

No. of entities, CPU time, 

prediction accuracy 

-RuneScape traces 

from MMORPG game 

simulator 

-FPS game simulator 

Dutta, S. et al. 

[90] 

Time series -SmartScale architecture 

-Optimal scaling algorithm 

No of requests, response time, 

cost of VM, cost for Application 

reconfiguration 

-KVM hypervisor 

-Olio benchmark 

 

Various existing resource prediction techniques namely time series, queuing theory, machine 

learning, etc has been discussed in Table 4. There are 8 major parameters [68, 70, 74, 73, 69, 71, 

66, 67, 72, 75, 76, 77, 78, 79, 80, 81, 82, 83, 84, 85, 86, 89, 90]which are considered by different 

applications. Moreover, there is no such technique which is specifically proposed for scientific 

applications. The comparison of the prediction techniques discussed in Table 4 for different 

parameters is summarized in Table 5.  
 

Table 5: Comparison of Prediction Techniques for different parameters 
 

Author Time Cost Accuracy CPU Load Memory Usage Scalability Power 

Consumption 

SLA 

Violation 

M. Verma et 

al. [68]  

√ √ x x x x x x 

A.Biswas et 

al. [70]  

√ √ x x x x x x 

J. Jiang et al. 

[74]  

x √ x x x x x x 

J. Huang et 

al. [73]  

x x √ x x x x x 

S. Islam et al. 

[69]  

x √ √ x x x x x 
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R.N. 

Calheiros 

and R. 

Buyya [71]  

√ √ x x x x x x 
 

Y. Jiang et 

al. [66]  

√ √ x x x x x x 

Y. Shi et al. 

[67]  

√ x x x x x √ √ 

E. Caron et 

al. [72]  

x √ x x x √ x x 

Eddy Caron, 

et al. [75] 

x √ x √ x x x x 

Z Gong, et al. 

[76] 

√ x x √ √ x x x 

Zhiming 

Shen, et al. 

[77] 

√ x x √ √ x x x 

J Huang, et 

al. [78] 

x x √ √ √ x x x 

H Mi, et al. 

[79] 

√ x x √ x x x x 

G Chen, et 

al. [80] 

√ x x √ x x x x 

Nilabja Roy, 

et al. [81] 

√ √ x x x x x x 

Sadeka 

Islam, et al. 

[82] 

x x √ x x x x x 

Waheed 

Iqbal, et al. 

[83] 

√ x x √ x x x x 

Abhishek 

Chandra, et 

al. [84] 

√ x x √ x x x x 

Michael 

Cardosa and 

Abhishek 

Chandra [85] 

√ x x √ x x x x 

Fang, W. et 

al. [86] 

x X √ √ x x x x 

Khatua, S. et 

al. [88] 

√ x x x x x x x 

Prodan, R. et 

al. [89] 

√ x √ x x x x x 

Dutta, S. et 

al. [90] 

√ √ x x x x x x 

 

From the above table it can be summarized that most of the techniques are focused on execution 

time and cost. Very few researchers have taken accuracy, CPU load, memory usage and SLA 

violations into consideration. Therefore, there is a need for a better prediction technique which 

can improve the accuracy, efficiently manage the CPU and memory usage thus minimizing the 

SLA violations. 
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5. RESOURCE SCHEDULING 

Cloud Computing offers on demand flexible, dynamic allocation of resources for reliable and 

assured services on pay as per usage. Variety of Cloud services can be demanded concurrently 

by a number of Cloud consumers. Therefore, to fulfill the requirements of the Cloud consumers, 

it is necessary to provide all the requested resources in a well-organized manner. Various 

alternative methods for allocation of the cloud resources to workloads have been recognized 

from the literature as discussed in Table 6. 

Scheduling can be defined as a procedure of mapping the tasks of the application to computing 

resources for execution. Efficient scheduling of resources can have a great impact on the 

performance of the system in terms of workload management. Several scheduling algorithms are 

used [71] for appropriate scheduling of scientific applications. 

Table 6: Existing Resource Scheduling Approaches 

Proposed 

Approach 

Scheduling 

Parameter 

Scheduling 

Algorithm 

Problem Solved Platform Tool 

Task Scheduling 

Cost-Based 

Algorithm [99] 

Cost and 

System 

Performance 

Unscheduled 

cluster of tasks 

-Measures both 

resource cost and 

computation 

performance 

-Improves the 

computation ratio 

Cloud Cloud-Sim 

Scheduling of 

Cloud Workflows 

based on 

Transaction-

Intensive Cost-

Constraints [100] 

Execution time 

and Cost 

Workflows with 

large amount of 

instances 

-Minimizes the cost 

under certain user-

designated deadlines 

-Enables the 

compromises of 

execution cost and 

time 

Cloud SwinDe W-C 

Scheduling 

Algorithm with 

Compromised 

Time-Cost 

Constraints [101] 

Execution Cost 

and Execution 

Time 

Collection of 

workflow 

instances in 

form of arrays 

-Reduces the 

execution cost and 

execution time 

Cloud SwinDe W-C 

Heuristic based on 

Particle Swarm 

Optimization(PSO) 

for Scheduling 

[93] 

Resource 

Utilization and 

Execution Time 

Cluster of tasks -Cost savings is 

increased three times 

as compared to 

existing algorithms 

-Fair distribution of 

workload onto the 

cloud resources 

Cloud Cloud-Sim 
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Workflow 

Scheduling 

Algorithm- 

SHEFT [103] 

Execution time 

and Scalability 

Cluster of tasks -Workflow execution 

time is optimized 

-Enables the cloud 

resources to scale 

elastically while  

execution 

Cloud Cloud-Sim 

Hierarchical 

Scheduling Strategy 

with Market-

orientation [97] 

Cost, CPU time 

and Makespan 

Service-level 

and Task-level 

scheduling 

-Overall execution 

cost of Cloud 

workflow systems is 

minimized 

-Optimizes both the 

makespan and cost 

simultaneously 

Cloud SwinDe W-C 

Scheduling 

approach for 

scientific workflows 

based on multiple 

QoS constraints [96] 

Success rate of 

scheduling, 

execution cost 

and makespan 

Multiple 

scientific 

workflows 

-Workflows are 

scheduled 

dynamically 

-Execution time and 

cost are minimized 

Cloud Cloud-Sim 

Optimal Scheduling 

Algorithm for 

scientific workflows 

[102] 

Execution time, 

QoS and CPU 

Utilization 

Multiple 

scientific 

workflows 

-User mentioned QoS 

constraints are 

fulfilled 

-CPU utilization is 

improved 

Cloud Cloud-Sim 

RASA- A workflow 

scheduling approach 

[98] 

Makespan Cluster of Tasks -Makespan is 

reduced 

Grid Grid-Sim 

 

The literature review shows that tremendous work has been done for scheduling the resources 

but still there is a huge scope to schedule the resources for scientific applications as the existing 

approaches are not dedicated towards scientific applications. Moreover, most of the approaches 

have not taken prediction as a base for scheduling. Efficient scheduling can lead to improved 

resource utilization and can also reduce the execution time, cost and SLA violations. So there is a 

need to develop new solutions to handle the scheduling problems. In next section, the trend of 

resource prediction and scheduling is presented. 
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6. TREND OF PREDICTION BASED SCHEDULING 

Prediction and scheduling go hand in hand, or in other words, prediction is basically used to 

enhance the effectiveness of the scheduling algorithms. In literature, we have seen various 

authors such as Gritsenko A.V [138], Peter A. Dinda [139], Arunachalam A., et al. [140] , Jun 

Zhang and Chris Phillips [141], etc who have worked on prediction and scheduling in 

combination. To check the popularity of prediction based scheduling, a trend is generated from 

Google trends related to prediction and scheduling. Figure 9 depicts the current trend of resource 

prediction and scheduling. 

 

Figure 9: Trend of Resource Prediction and Scheduling (Source: Google Trends) 

The above shown trend for resource prediction and scheduling is generated from January 2016 

till March 2017. The figure clearly shows that the trend of prediction and scheduling is growing 

simultaneously. If the results generated by prediction techniques are taken as input by the 

scheduling algorithms, then the resource utilization can be improved tremendously. Table 7 

summarizes the existing resource prediction based scheduling approaches. From the literature 

review it can be inferred that a lot of work has been done towards prediction based scheduling of 

resources but none of the approach is application specific. Therefore, there is a lot of scope to 

apply these approaches specifically for scientific applications in cloud environment.  
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 Author Description 
Prediction 

Technique 

Scheduling 

Approach 

Application 

Specific 
Workload Platform Tool 

Computational 

Requirements 
Outcomes Challenges 

Chapma

n, 

Clovis, 
et al. 

[142] 

Kalman filter 

based predictive 

grid scheduling 
framework was 

designed and 

implemented to 
improve the 

quality of 

scheduling 
resources. 

Kalman 

filter 

prediction 
techniques 

Condor job 

scheduling 

No Workload 

generated 

based on 
the 

utilization 

patterns 
observed at 

the UCL 

Condor 
cluster 

Grid GridSAM Two Condor 

clusters of 23 

nodes 
each. 

Scheduling 

quality is 

improved. 

-Need to 

develop 

flexible 
prediction 

mechanisms 

for 
heterogeneous 

and 

distributed 
environments. 

 

Shen, 
Yuan 

[143] 

Predicts and 
schedules the 

virtual resources 

within local scope. 

Support 
Vector 

Machine 

(SVM) 

SLA based 
scheduling 

algorithm 

No Virtual 
resource 

data 

Cloud  CloudSim 2.66-GHz, 
dual-core 

CPU; 8 GB of 

memory; hard 
disk size of 300 

GB; and 

network 
bandwidth of 

100 MB. 

 

Prediction 
accuracy 

improved. 

Stability of 
virtual 

resources 

improved. 

-Scheduling 
resources 

globally. 

Reig, 

Gemma, 

Javier 

Alonso, 

and Jordi 

Guitart 
[144] 

Online prediction 

system used for 

handling the 

translation 

problem the 

deadline scheduler 
takes the input 

from the 

prediction system 
to schedule the 

resources. 

Self-

Adjusting 

Predictor 

and 

Analytical 

Predictor 

FCFS, SJF, 

EDF, 

LSTF, HV, 

HD, HRU  

 

Yes Euler, 

MolDyn, 

RayTracer, 

and 

Montecarlo 

Cloud WEKA 

toolkit 

and Cloud 

simulator 

Xen virtual 

machine with 

an Intel(R) 

Xeon(TM) MP 

CPU 3.16GHz. 

Error rate 

while 

predicting 

resource 

usage is too 

high. 
 

-Predicting the 

resource 

requirements 

for the web 

workload. 

 
-Need to 

predict the 

requirements 
of jobs’ 

phases. 

Huang, 

Qingjia, 

et al. 
[145] 

A Prediction-

based Dynamic 

Resource 
Scheduling 

(PDRS) 

framework was 

introduced for 

automating the 
elastic 

Resource scaling 

for virtualized 
cloud systems. 

ARIMA 

prediction 

model 

ARIMA-

prediction-

based 
scheduling, 

State-

prediction-

based 

scheduling 
and 

reactive 

greedy 
scheduling 

No 

 

 

Workload 

generated 

from 
RUBiS, the 

EPA and 

SDSC 

Cloud CloudSim Dual-core Intel 

Pentium(R) 

1.8GHz cpu, 
2GB memory 

and 100Mbps 

network 

bandwidth, and 

runs CentOS 
5.5 

32bit with Xen 

3.1.2. 

SLA 

violation 

rate is 
dramaticall

y reduced 

and 

resource 

saving ratio 
is 

increased. 

-Should take 

large scale 

scientific 
applications 

for 

implementatio

n. 

Table 7: Existing Resource Prediction based Scheduling approaches 
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Borkows

ki, 
Michael, 

et al. 

[146] 

Predicts utilization 

of cloud resources 
on a per-task and 

per-resource level 

using machine 
learning prediction 

models. 

Artificial 

Neural 
Network 

Task 

scheduling 

No 

 
 

Dataset 

from Travis 
CI and 

GitHub 

Cloud Open-

source 
Java 

library 

Deeplearn
ing4j 

(DL4J) 

---------------- Increases 

prediction 
accuracy. 

Lacks 

renormaliza
tion. 

-To refine the 

applied 
prediction 

techniques. 

  
-Non 

supervised 

techniques 
should be 

used. 

Li, 

Jiangtian

, et al. 

[147] 

ANN based 

scheduling 

approach for 

transparent 
parallelization.  

Performs online 

static scheduling 
based on the cost 

estimates 

predicted by ANN 
prediction model. 

Artificial 

Neural 

Networks 

(ANNs) 

Modified 

Critical 

Path( MCP) 

scheduling 
algorithm 

No 

 

Generated 

synthetic 

micro-

benchmarks 
with task 

and 

parameter 
ranges 

selected 

randomly. 

Cloud R 

prediction 

tool and 

DAG 
scheduler 

Opt cluster, 

which has 16 2-

way SMP 

nodes. Each 
node has a 

dualcore AMD 

Opteron 265 
processors, 

2GB memory 

and runs Red 
Hat’s Fedora 

Core 5 

High 

prediction 

accuracy is 

achieved. 
improved 

runtime 

performanc
e 

-Examine 

runtime 

prediction 

errors. 
 

-Investigate 

disjoint 
parameter 

spaces. 

Xiao, 

Zhen, 

Weijia 

Song, 
and Qi 

Chen 

[148] 

Allocate resources 

dynamically based 

on prediction of 

resource demands 
in future which 

leads to optimal 

utilization of 
resources.  To 

measure the 

unevenness in the 
resource 

utilization, the 

concept of 
skewness is 

incorporated. 

Load 

prediction 

based on 

exponential
ly weighted 

moving 

average 
(EWMA) 

Task 

scheduling 

No 

 

 

Traces 

generated 

from Web 

InfoMall, 
RealCourse

and 

AmazingSt
ore 

Cloud CloudSim 30 Dell 

PowerEdge 

blade servers 

with Intel 
E5620 CPU and 

24GB 

of RAM and 
Linux 2.6.18 

operating 

system. 

Overload 

avoidance. 

Green 

computing 
for systems 

with 

multi-
resource 

constraints. 

-More optimal 

methods for 

predicting and 

scheduling 
need to be 

explored. 
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7. RESEARCH OUTCOMES 

The objective of this research work is to bring out the available research related to scientific 

applications, resource prediction and scheduling. Figure 10 depicts that time is the maximum 

used parameter in the area of resource prediction (24%). Rest of the majorly considered 

parameter are cost (21%) followed by CPU Load (18%), accuracy (16%) while only 11% 

research papers considered memory usage. Least used parameters include scalability (5%), 

power consumption (3%) and SLA violation (2%) respectively.  

 

 

Figure 10: Parameters considered in Prediction Algorithms 

Figure 11 depicts the percent of research papers talking about different resource scheduling 

algorithms (QoS & SLA, Cost, Profit, Time, Bargaining, Compromised Cost Time, Priority, 

Hybrid, Dynamic, Energy, Nature/Bio Inspired, Optimization and VM oriented RSA) from year 

2009 to 2016. The maximal research is in the area of SLA and QoS oriented resource scheduling 

algorithms (20%) followed by energy based resource scheduling algorithms (14%) while only 3 

% research papers in each area of compromised cost & time and profit oriented resource 

scheduling algorithms. Nature/Bio inspired resource scheduling algorithms are contributed by 

10% research papers, optimization oriented (9%), cost and VM oriented resource scheduling 

algorithms contributes 8 % both. Bargaining oriented and dynamic resource scheduling 

algorithms contribute 7 % whereas time oriented and hybrid scheduling algorithms contribute 

5% and 4% respectively. Priority oriented resource scheduling algorithm contributes only 2% 

towards research which is the least amongst rest of the resource scheduling algorithms. 

Time
24%
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Figure 11: Resource Scheduling Algorithms in Cloud 

Figure 12  portrays the rate of research papers which are considering various QoS parameters 

(cost, energy, execution time, scalability, resource utilization, availability, reliability, SLA 

violation and security). The figure shows that cost is the most considered QoS parameter in 

research papers (22%) while only 2 % research papers used security, 3% used SLA violation and 

5% used reliability as QoS parameter. Other parameters namely energy, execution time, 

scalability, resource utilization and availability are used 19%, 17%, 14%, 10% and 8% 

respectively as a QoS parameter in existing research. 

 

Figure 12: Ratio of Quality of Service (QoS) parameters 
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8. CONCLUSION AND FUTURE DIRECTIONS 

In this paper, first state-of-the-art scientific computing along with its evolution and paradigms 

was introduced. Next, the challenges faced by cloud based scientific applications were discussed 

which indicated that an efficient resource management system is the need of the hour which can 

predict the future resource requirements and schedule them accordingly. Then, existing resource 

prediction and scheduling techniques were discussed. Further, trend of prediction based 

scheduling of resources was shown diagrammatically followed with the research outcomes of the 

survey. Finally, future directions are mentioned below: 

 

 Prediction accuracy of existing techniques is low, therefore there is need to enhance the 

prediction accuracy. 

 There is a need to design an efficient resource prediction technique which can predict a 

requisite set of resources for future and optimize resource deployment. 

 To enhance scheduling efficiency for scientific applications of different size, intelligent 

prediction models can be used. This would help in predicting resources based on time and 

cost parameters. 

 Hybridization of existing scheduling algorithm with other metaheuristic optimization 

techniques should be explored. This can enhance the scheduling effectiveness for 

scientific applications. 

 Multi-resource demand prediction has emerged as a tough challenge for scientific 

applications which should be resolved using improved prediction techniques. 

 While executing an application, resource usage keeps on varying. If dynamic demand of 

resources could be predicted for applications, trailed by efficient scheduling approaches, 

the resource utilization will be highly improved. 
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