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Abstract—The application of MapReduce cloud computing
simulators for research and development is becoming popular,
due to its efficiency and ease of utilization. This ignited the
development of several cloud simulators for algorithm testing and
performance analysis of dynamic MapReduce environments. The
selection of appropriate simulator for a specific research remains
a challenge. We have designed a MapReduce classification frame-
work to guide cloud and big data researchers on suitable tools.
We have reviewed eleven MapReduce specific simulators. Our
evaluation first revealed thirty general functional requirements
for more widely applicable cloud simulators. Then, we focused
on specific concerns of MapReduce related simulations and
filtered the general requirements down to the most relevant
thirteen. Our evaluation highlighted the strengths and weakness
of several MapReduce simulators. IoT-Based applications, stream
processing and replaying of production cluster workloads are key
criteria absent from many simulators. Therefore, we identified
these as gaps, that simulator developers could focus on when
extending their works towards MapReduce oriented simulations.
Finally, researchers simulating dynamic behaviors of Hadoop
clusters should select simulators efficient in parameter tuning.

I. INTRODUCTION

MapReduce (MR) computing paradigm [1] and its open
source implementation Hadoop [2] have become a de-facto
standard to process big data in a distributed environment. This
paradigm has been widely accepted because of its flexibility,
reliability and robustness. To better understand Hadoop’s com-
puting model [3], it is also important to highlight its issues
when dealing with big data. Effective handling of MapReduce
requires in depth understanding of its capabilities. This enables
its users to process data intensive applications, access IoT-
Based applications with real-time stream processing capa-
bilities and increase the performance of the infrastructure.
Processing heterogeneous data has remained a major challenge
in the computations of Hadoop MapReduce Workloads.

When addressing such challenges MapReduce Simulators
are often used to understand the relevant underpinnings of MR.
These simulators are often used because they are cost-effective
and flexible. Past research with these simulators have already
identified several issues. First, there could be weaknesses in
the infrastructure which require addressing. Also, the absence
of an appropriate data model to enhance data processing by
simulators has also compounded the problems. These problems
often lay hidden due the absence of a survey highlighting

functional requirements expected of MapReduce simulations
aiming at heterogeneous data processing.

Choosing an appropriate simulator could also be a problem
for researchers. Past research [4], [5], [6] suggested ways
to select a simulator for generic cloud simulations based on
nine evaluation criteria. From these nine, the classifications
most importantly focused on base platforms (i.e., whether
a new simulator is built upon some pre-existing simulation
framework) and energy modeling. Other, more MapReduce
oriented works (e.g., [7]) focused on simulation and modeling
performance. However, existing surveys provide little insight
into features and functionalities relevant to users.

As the main contribution of this paper, we propose an
alternative, functionality focused classification for MapReduce
simulators. This fosters new simulator and simulation designs
aiming at new heterogeneous data management models. Our
thirteen classification criteria is the result of the systematic
review of eleven MapReduce simulators. Our criteria helps to
highlight the strengths and weaknesses of a given simulator
from the point of view of functional requirements.

These requirements range from data-intensive applications,
through Internet of Things (IoT) support to even parameter
tuning techniques. This allows researchers to find simulators
that enable their envisioned MR models: (i) to scale out to
meet the demands of more than the normal inflows of data
and workloads; (ii) to provide support for multitude of devices
utilizing variety of protocols; (iii) to adjust specific MR and
algorithmic configuration parameters to achieve an improved
performance or quality.

As our final contribution, based on the functionality-based
review of eleven state-of-the-art MR simulators, we have
identified several potential issues, e.g.,: (i) lack of detailed
processing of task trackers; (ii) stream processing deficiencies;
(iii) limited support for IoT-Based applications; and finally,
(iv) only partial support for replaying production cluster
workloads and process real-time data.

The remainder of this paper is structured as follows. In
Section II, we identified the past surveys surrounding the field
of MR simulations. In Section III, we present our classification
methodology to evaluate MapReduce cloud simulation tools.
Then, we evaluate the latest MR simulators with our proposed
classification technique and identify recommendations for fu-



ture users and simulation designers in Section IV. Finally,
Section V concludes the paper.

II. RELATED WORKS

There have been many studies utilizing simulators to in-
vestigate distributed systems. The application of simulating
techniques have proved to be very effective in understanding
computer systems in a cost-effective and flexible environment.
Over time, research has progressed to evaluating these simu-
lators and highlight their benefits and disadvantages.

In most cases, classification frameworks have been proposed
to assist in the selection of suitable simulators for research.
These works, which are highly connected to ours, are dis-
cussed in this section to serve as a basis for our proposed
MapReduce simulator classification framework.

Naicken et al. [8] analyzed nine peer-to-peer network simu-
lators based on six criteria. The architecture and scalability
were key criteria discussed. This was mainly due to the
fact that peer-to-peer simulators were mainly designed to be
scalable. Also, they found it important to highlight if a specific
simulator supported structured/unstructured overlay simulation
or both. They also discussed the usability of the simulators
and pointed out few issues respect to underlying networking
simulations. These authors limited their work to peer-to-
peer network simulators. Therefore, their work is not directly
applicable to our scope on MapReduce & cloud computing.

Pan et al. [9] evaluated the current development status of
network simulators. They discussed key concepts of network
simulators while analyzing them. The main features of these
simulators were discussed also including their current status
and future development prospects. Their work formed a base
for comparative studies for other distributed system simulators.
These authors focused on criteria such as if they are commer-
cial or free, or if they are simple or complex ones. Most of the
networking simulators were found to be open source which
made them accessible for research and development. These
authors limited their work to four network simulators and
hence, their results needs revision in relation to computation
models for MapReduce and cloud computing.

Sundani et al. [10] conducted a comprehensive survey
on a number of Wireless Sensor Network simulators. They
highlighted the strengths and weaknesses of the simulators.
These highlights allow users to select the most appropriate
for their testing. Fourteen wireless network simulators were
evaluated based on different criteria. Comparative results we
presented in tabular form to assist researchers in choosing the
best simulator for a particular application environment.

A few research activities have been undertaken with respect
to classifying cloud simulators. The use of cloud simulators
provides a conducive environment for assessing of various
scenarios under different workloads. Purchasing software costs
less when compared to purchasing hardware and proprietary
software. Also many simulators are available for free.

A few papers [4], [5], [6] classified various simulators
based on nine evaluation criteria. These authors focused their
work on evaluating various simulators to improve simulation

efficiency and cost. As there are cloud simulators for specific
purposes, it is critical to select appropriate ones for research.
Among the criteria discussed, we shortly discuss the most
relevant three in relation to our study. First, they identified the
base platform, which refers to the preexisting frameworks on
which these simulators were built upon. This is critical for the
operation, performance and validity of the simulators. Next,
they discuss the energy model offered to evaluate consumption
of data centers. Finally, they highlighted the importance of
federation policies that allow coordination among different
cloud service providers. These policies often support simulated
application level internetworking and workload migration for
high QoS. These authors limited their work to popular cloud
computing simulators neglecting the investigation towards the
simulators MapReduce potential.

Ettikyala et al. [11] compared fifteen cloud simulators
with five evaluation criteria. They undertook the study to
evaluate cloud computing systems, their security, performance
and application behaviors. Their focus was to analyze the
characteristics which made them unique. The availability of
the simulator was used to analyze, whether the simulator was
available as open source or a commercial tool. The authors
were also interested in whether the simulators included a
packet level network simulation, or if the simulation frame-
work was using continuous or event based models. Although
these authors worked within the cloud computing domain; they
did not discuss any MapReduce simulator. As MapReduce is
commonly utilized in cloud contexts nowadays, such simula-
tions require more attention.

Sinha et al. [12] evaluated fifteen cloud simulators with six
evaluation criteria. They analyzed the performance of a cloud
systems with reduced complexity. The outstanding criteria
utilized in their classification was their focus on the software
and/or hardware features that can be simulated. Another key
feature was the presence or absence of graphical user inter-
face (GUI). This was considered because some researchers
preferred command line to GUI. These authors also limited
their work on popular cloud computing simulators. Their work
serves as a foundation for the our proposed classification,
because although, they critically reviewed renown cloud sim-
ulators; MapReduce simulators were not reviewed.

A critical evaluation was performed by [13] on modeling
and simulation frameworks for cloud computing environment.
In their work, ten most popular simulation software frame-
works and testbeds were evaluated according to six evaluation
criteria. They ranked the most popular and available simulators
in the cloud computing research community. The work of these
authors is connected to our proposed classification framework,
since they did a detailed analysis of the ten simulators.
However, their lack of focus on MapReduce also highlighted
the need for a more specific classification framework.

A few researchers have evaluated MapReduce oriented
simulators. Some of the authors focused on studying problems
that cannot be easily studied using real MapReduce systems.
They have shown that some problems require a controllable
environment to enable reproducible experiments.
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Fig. 1. Criteria for Classification

Wang [14] analyzed eight simulators with three eval-
uation criteria. The main criteria were whether the sim-
ulators were workload-aware or resource-contention-aware.
Workload-aware simulators were able to predict performance
of a MapReduce job that runs on a cluster when other jobs are
also running. The simulators could model performance of an
application in fine grain, i.e., with sub-task stages, so they can
model resource contention where multiple tasks share the same
resource and will run slower. Prior to their comparisons, the
authors classified the simulators into two categories. Namely:
simulators for evaluating schedulers and simulators targeting
individual jobs. They concluded that each of the simulators
was built upon slightly different performance model. However,
these authors did not tackle detailed functional requirements
for MapReduce simulators.

The above discussions shows, that the current body of re-
search does not focus on surveying MapReduce simulators. As
the MapReduce cloud computing model has become a standard
to process big data in a distributed environment, simulating
its behavior is critical to enhancing its functionalities. The
absence of a survey to highlight its strengths and weakness
affects the choice of appropriate simulator for research and
could potentially limit possible future research directions on
the simulators themselves.

III. METHODOLOGY

In order to critically analyze and evaluate the existing
MapReduce cloud simulation and modeling tools, we proposed
to develop a novel evaluation framework. This classification
framework consists of a set of criteria which can be used to
compare the various simulators. These criteria were selected
after evaluating the functional requirements of MapReduce
simulators. The criteria can potentially highlight the strengths
and weaknesses of current and future MapReduce simulators.

The proposed classification framework ensures that a suitable
simulator can be selected for designing future data models.

Our evaluation work was done on two levels to enable the
review to cover all necessary areas: general (cloud oriented)
and specific (MapReduce focused) evaluation. Our general
evaluation concentrated on the functional requirements neces-
sary for running cloud computing simulators. This produced
thirty themes such as network topology support and job
completion time estimation. We have identified the themes
based on past classifications of these simulators (as discussed
in Section II), as well as based on our own research.

Then, based on these themes, we have done a MapReduce
specific evaluation which refined our potential criteria to the
thirteen themes most relevant to Hadoop/MapReduce simula-
tions. The evaluation work showed that the absence of any of
the thirteen criteria made the simulating of a detail MapReduce
framework incomplete. Thus we focused our work on these.
An overview of our criteria is presented in Figure 1, then we
discuss each one of them in detail below.

A. Data Intensive MapReduce Applications

This refers to applications that enable computer systems to
scale out to meet the demands of more than the normal inflows
of data and workloads in an organization. As such, most
existing implementations of the MapReduce programming
model are designed around clusters of low-end commodity
servers [15].

Additionally, simulators must possess certain properties
before being classified into this category. These include: (i) to
accommodate large quantities of data and manipulate it effi-
ciently; (ii) efficient programming model for data computation
and analysis of data; (iii) scalable underlying hardware and
software; (iv) the simulator should be reliable and available.

B. Parameter Tunings and Scalability Analysis

This refers to adjusting specific parameters of either a
device, model or algorithm upwards or downwards to achieve
an improved or specific result in the cloud infrastructure.
Furthermore, scalability analysis determines whether a pro-
posed new algorithm is capable of increasing its capacity with
increasing demand. The capacity is the maximum workload the
algorithm can handle on a given device while still meeting its
SLA (Service Level Agreement) [16].

In order for a simulator to be considered in this category, key
parameters should be measured and increased when needed.
Additionally, the simulator itself should be able to scale with
the increasing complexity of the to be simulates system. In
order to determine whether the scalability analysis criteria is
available in a simulator, the next factors should be considered:
load-, space-, space-time and structural scalability [17].

C. Workloads Management and Resource Allocation

A MapReduce workload is an abstraction of the actual
work to be performed. These workloads require effective
management to forestall processing challenges such as which
processor to assign it to, which scheduling algorithm to



utilize in the assignment and the estimation of its processing
duration. Resource allocation could often times starve services
if allocation is not managed precisely [18].

Simulators in this category should possess out of the box
workload management and resource allocation strategies. Also,
the following issues should be considered before classification:
(i) they should ensure that no two applications try to access
the same resource at the same time; (ii) the scarcity of
resources does not lead to resource contention; (iii) resource
fragmentation should be avoided [19].

D. Job and Task Scheduling Algorithms and Decisions

Job scheduling is the process of allocating system resources
to many different tasks. The system handles prioritized job
queues that are awaiting CPU time, and it should determine
which job to be taken from which queue and the amount
of time to be allocated for the job. This type of scheduling
makes sure that all jobs are carried out fairly and on time.
Task scheduling in Hadoop MapReduce involves allocating
appropriate tasks of the jobs to the appropriate server. The
Hadoop scheduling model is a master/slave cluster model [20].

Additionally, a simulator must be able to determine the
following to qualify in this category: (i) the CPU utilization;
(ii) the general throughput of all processes; and (iii) the
turnaround time of various processes.

E. Data Replication and Locality

Data replication is the process of copying data from one
location to another. The technology helps an organization
to possess up-to-date copies of its data in the event of a
disaster. In Hadoop, data locality is the process of moving
the computation close to where the actual data resides on the
node, instead of moving large data to computation [21].

Also, simulators should be able to perform certain functions
before qualifying for this category. These include: (i) continu-
ous replication with many recovery points; (ii) cross-platform
replication (i.e., disk to cloud and vice versa); (iii) replication
of synchronized data with zero data loss. Furthermore, a
simulator should have the appropriate network topology and
understand data locality.

F. Workload Management Issues

Workload management issues are closely related to the
previous criterion and arise periodically while running of
MapReduce applications. A MapReduce workload is an ab-
straction of the actual work that virtual machine instances are
going to perform. The main issues are scalability of application
platforms, data locality and replication [22].

In order to determine the presence of this feature, it is
important to assess how all the workloads are distributed
during data processing. Data distribution imbalances represent
the presence of workload management issues. In most cases,
there are challenges with monitoring about which data center
has more data and which one has less.

G. Infrastructure Implementation

In computing, information technology infrastructure is com-
posed of physical and virtual resources that support the flow,
storage, processing and analysis of data. Virtual infrastructures
may be centralized within a data center, or they may be
decentralized and spread across several data centers that are
either controlled by the organization or by a third party, such
as a co-location facility or cloud provider [23].

Moreover, some simulators are built upon existing simu-
lation frameworks. The features of the existing platform are
inherited. For instance, MRSG simulator is built on SimGrid
and MR-CloudSim is built on CloudSim. Simulators in this
category, should have an underlying infrastructure that can
interface with MapReduce framework. They should be capable
of VM provisioning, scheduling policies, design and analysis
of different hardware configurations.

H. Application Configuration Management

Application configuration management (ACM) allows a user
to create templates in order modify and manage application
configurations associated with server applications. ACM en-
ables a user to manage, update, and modify those configura-
tions from a central location, ensuring that applications in the
facility are accurately and consistently configured [24].

Additionally, simulators must possess the following features
to be classified into this category: (i) they should provide high
performance; (ii) the applications should have a high-volume
activation capabilities; (iii) the simulator should be scalable
on and preferably possess event-driven bus architecture.

I. Stream Processing

Stream processing is a technology that allows users to query
a continuous data stream and quickly detect conditions within
a small time period from the time of receiving the data.
The detection time period may vary from a few millisec-
onds to minutes. Stream processing is also known as real-
time/streaming analytics, complex event processing [25].

Some of the simulators possessing this feature ensure that
they can process data “in-stream”. Such stream processing en-
abled simulators should guarantee predictable and repeatable
outcomes [26]. The simulator should allow the modeling of
storage, access and modification of state information, and its
combination with live streaming media.

J. Replaying of production cluster workloads and Execution
Traces

This explains how production cluster workload as well as
execution traces are replayed on simulators to measure the
efficiency of the designed simulation. Workload is an abstrac-
tion of the actual work that virtual infrastructures perform,
and traces are created to track specific actions performed on
MapReduce systems. They provide valuable information for
troubleshooting MapReduce issues and tuning engine perfor-
mance [27].

The role of that cluster workloads and execution traces
play are crucial to determining the appropriate results from



each simulator. The key properties observable in simulators in
this category are (i) data characteristics, (ii) job submission
patterns, and (iii) common jobs [28].

K. IoT-based Applications

IoT-Based applications refers to systems that build on and
utilize various types typical IoT connections such as RFID,
Wi-Fi, Bluetooth, and ZigBee in addition to allowing wide area
connectivity using many technologies such as GSM, GPRS,
3G, and LTE. These systems allow seamless information
sharing about the condition of things and the surrounding
environment with people, software systems and other machines
[29]. From the proposed classification only one simulator
(i.e., IoTSim) supports this criteria. The capability to handle
IoT-Based Applications is very important to enable effective
processing of data emanating from IoT devices.

L. MapReduce Computing Model

MapReduce is a programming model developed for large-
scale analysis. It takes advantage of the parallel processing
capabilities of a cluster in order to quickly process very large
data sets in a fault-tolerant and scalable manner. The core
idea behind MapReduce is mapping the data into a collection
of key/value pairs, and then reducing overall pairs with the
same key. Using key/value pairs as its basic data unit, the
framework is able to work with the less-structured data types
and to address a wide range of problems. In Hadoop, data
can originate in any form, but in order to be analyzed by
MapReduce software, it needs to eventually be transformed
into key/value pairs [30]. All the reviewed simulators support
this feature. The simulators in this category should be able
to generate big data sets, run with a parallel, distributed
algorithms on a cluster.

IV. EVALUATION

The proposed classification highlights the strengths and
weaknesses of MapReduce simulators. The issues highlighted,
determine the suitability of a MapReduce simulator for simu-
lating various scenarios under different workloads. The clas-
sification will help selecting a suitable simulator for design-
ing new data models and algorithms for MapReduce. This
section comprises of two subsections, first it starts with the
classification of eleven simulators then it follows up with
our recommendations for simulation developers and other
researchers in the field.

A. Classifying The Simulators

In this section, the features of the simulators are discussed
in relation to our classification framework. This classification
is also shown in a summarized form in Table I.

1) SimMR: The main goal for the development of the
MapReduce simulator, called SimMR was to design an ac-
curate and fast simulation environment [31]. It was also
developed for evaluating workload management and resource
optimization decisions in MapReduce environments. SimMR
consists of the following three main components: (i) trace

generator, (ii) simulator engine and (iii) scheduling policy. It
is capable of replaying the scheduling decisions over a large
workload (several months of job logs) in a few minutes on a
single machine [41]. With respect to the proposed simulation
framework, it is capable of handling data intensive MapReduce
applications, replaying of production workload and tuning up
of parameters like schedulers and job queues. However, it
cannot process IoT-Based applications nor stream processing.

2) SimMapReduce: This simulator is designed to evaluate
the performance of MapReduce applications under different
scenarios. The system design of SimMapReduce applies multi-
layer architecture. This has made the simulator a flexible
toolkit and is convenient to extend by others [32]. It considers
some special features such as data locality and dependence
between Map and Reduce. It also provides essential entity
services that can be predefined in XML [42]. The proposed
classification framework has shown that, this simulator is ca-
pable of performing most MapReduce simulations. However,
it lacks the capability to interface with IoT-Based Applications
and replaying the production cluster workload and execute
database traces.

3) IoTSim: This simulator is built on top of a widely used
simulator, CloudSim, and has been extensively extended to
improve the preexisting functions. IoTSim allows simulation
of IoT applications and inherently supports big data process-
ing. It is efficient for analyzing the impact and performance
of IoT-based applications [33], [43]. The simulator has five
main layers. These are: the CloudSim core simulation engine,
CloudSim simulation layer, storage layer, big data processing
layer, and the user code layer [41]. The proposed classification
framework has highlighted that it is the only MapReduce
Simulator capable of interfacing with IoT applications.

4) HSim: The HSim simulator is designed for Hadoop
MapReduce applications. The key contributions of HSim lie
in its high accuracy in simulating the dynamic behaviors
of Hadoop environments and the large number of Hadoop
parameters that can be modeled in the simulator, by tuning
their values [16]. The key parameters for running this sim-
ulator include: node-, cluster-, Hadoop system- and HSIM
parameters. It can also be used to study the scalability of
MapReduce applications which might involve hundreds of
nodes [44].

The proposed classification framework has shown that, the
HSim simulator is an efficient simulator suitable for accurately
simulating of Map Reduce Hadoop clusters. However, it lacks
the capabilities to process streaming data and interfacing with
IoT-based applications.

5) WaxElephant: This simulator is designed to help Hadoop
operators in scalability analysis and parameter tuning. WaxEle-
phant is composed of a pluggable job scheduling module, a
load generator and a simulator engine [34]. The job scheduling
module receives jobs from the load generator and monitors the
status of computing nodes. The load generator is responsible
for producing MapReduce jobs, either replaying jobs collected
from a historical log, or synthesizing a set of jobs that follow a
user-defined statistical properties [45], [46]. This simulator has



TABLE I
PROPOSED CLASSIFICATION FRAMEWORK

Evaluation Criteria [16] [31] [32] [33] [34] [35] [36] [37] [38] [39] [40]
Data Intensive Applications X X X X X X X X X X X
Parameter Tunings and Scalability Analysis X X X X X X × × X X X
Workload Mgt and Resource Allocations X X X X X X × X X × X
Job and Task Scheduling Algorithms and Decisions X X X X X X × X X × X
Network- Packet level Simulations X X X X X X × X X X X
Data Replication and Locality X X X X X X × X X X X
Workload Management Issues X X X X X X × X X × X
Infrastructure Implementation X X X X X X X X X X X
Application Configuration Management X X X X X X X X X X ×
Stream processing × × X X × × × × × × ×
Replaying of Prod. Cluster Workloads and Exe. Traces X X × × X × × X X × X
IoT-Based Applications × × × X × × × × × × ×
MapReduce Computing Model X X X X X X X X X X X

most of the features required to run MapReduce simulations
according to the proposed classification framework. It also
ensures scalability analysis and parameter tuning which are
key metrics required in every efficient MapReduce simulator.
However, the simulator is incapable of stream processing and
interfacing with IoT-Based applications.

6) MRSim: The goal of the MRSim project was to design
and implement a MapReduce simulator to model the behavior
of data mining algorithms on Hadoop environments [35]. This
allows the deduction of the best algorithm configuration values
that tune a Hadoop cluster for best performance. MRSim
was created by extending the discrete event engine used
by SimJava to accurately simulate the Hadoop environment.
SimJava enables interactions between different entities to be
simulated within a cluster. GridSim package was also used
for network simulation. GridSim was written in Java on top
of SimJava to achieve efficiency on network simulation [47].
This simulator is effective in enabling users to estimate the
best job configuration to get optimum performance for certain
algorithms [48]. This simulator has most of the features
required for an effective MapReduce simulation according
to its evaluation by the proposed classification framework.
However, the simulator lacks the capacity to process streaming
data, and interface with IoT-based applications and replay
production cluster workloads.

7) MR-CloudSim: This is an implementation of a bare bone
structure of MapReduce on CloudSim environment. The goal
of this implementation is to provide an easier and cheaper
way to validate MapReduce operations with far less cost. In
order to implement MapReduce in CloudSim, the MapReduce
model was implemented outside of the original CloudSim code
to minimize unpredictable behavior. Also, to provide a bridge
between the two implementations, native CloudSim code were
modified [36]. This simulator provides simplistic, single-state
Map and Reduce computation. It lacks support for network
link modeling [49]. The proposed classification framework
rated this simulator low due to its features. However, it is
capable of running a few data intensive applications. It cannot
process streaming media nor IoT-based applications.

8) Mumak: The goal of Mumak is to build a discrete event
simulator for conditions when a Hadoop MapReduce scheduler

performs actions on a large-scale specific workload. Mumak
is composed of the following entities: client, job tracker, task
tracker and the main part named simulated engine [37]. As
input, Mumak takes a reasonably large workload and simulates
them in a matter of hours if not minutes on very few machines.
Additionally, this simulator utilizes data from real experiments
to estimate performance metrics (e.g., completion time) for
Map and Reduce tasks with different scheduling algorithms
[33]. However, in cases where data from real experiments does
not exists, Mumak cannot estimate completion time for Map
and Reduce tasks. The shuffle and sort phases are not modeled
[50]. Furthermore, the classification framework has shown that
the simulator is not prepared for IoT-based applications, stream
processing and effective parameter tuning.

9) HaSim: This Hadoop simulator was designed to tune the
performance of a Hadoop cluster and to study the behaviors
of Hadoop applications [38]. The key contributions of HaSim
lie in its high accuracy in simulating the dynamic behaviors
of Hadoop environments and the large number of Hadoop
parameters that can be modeled in the simulator. The main
parameters involved in its design focuses on the node-, cluster-
, Hadoop system-, and HaSim simulator level [51]. The
proposed classification frame rated this simulator very high
as capable of simulating MapReduce effectively. However, it
cannot handle IoT-Based applications nor stream processing.

10) MPerf: The MPerf simulator was designed to under-
stand the sensitivity of application performance to platform
parameters [39]. MPerf provides fine-grained simulation at
sub-phase level, models inter-and intra-rack network com-
munications, as well as activities inside a single node, such
as processor time consumed by a job, and disk I/O time
for reading inputs and writing results. Although based on
Hadoop, MPerf does not simulate important aspects of the
platform such as speculative execution. Its implementation is
able to simulate only a single device per node and allows one
replica per chunk [52]. The proposed classification framework
rated this simulator low; because it lacks a lot of features
to simulate MapReduce completely. It cannot also process
streaming media, interface with IoT-based applications and
handle workload management issues.



11) MRSG: The simulator aims to facilitate research on the
behavior of MapReduce platforms, and possible changes in the
technology. This simulator seeks to provide: a complete API
to translate theoretical algorithms, such as task scheduling and
data distribution, into executable code; ease of change and test
of different system configurations [40]. MRSG is developed
on top of SimGrid, which is a simulation-based framework for
evaluating cluster, grid and P2P (peer-to-peer) algorithms and
heuristics [48]. The communication between MRSG and Sim-
Grid is achieved through the use of SimGrid’s MSG API. This
simulator allows users to define tasks costs and intermediary
data through [53]. The proposed classification framework rated
this simulator as capable of simulating MapReduce effectively.
However, this simulator cannot replay production cluster work-
loads and execute database traces, process streaming data and
interface with IoT-Based Applications.

B. Recommendations

This research work has highlighted important features that
are absent in most of the simulators evaluated. The key
ones among them includes IoT-based applications and stream
processing. Therefore, we recommend, that simulator develop-
ers should focus on incorporating some of these unavailable
features into their works. Simulator developers are encouraged
to also focus on some special features such as data locality
and dependence between Map and Reduce, as it provides
essential entity services that can be predefined. Simulator
developers should dedicate much attention to parameter tuning
and scalability analysis and job/task scheduling algorithms
and decisions. These features are the distinguishing factors
of the MapReduce programming model. Therefore, neglecting
them when developing MapReduce simulators will generate
inaccurate results.

The development of simulators on single computers is cheap
but this research work has shown that most such simulators
generate inaccurate results. We therefore recommend MapRe-
duce clusters for simulator developers to prevent workload
management issues.

Additionally, we recommended that researchers interested
in simulating dynamic behaviors of Hadoop clusters should
select simulators efficient in parameter tuning and scalability
related decision making. These simulators can also investigate
the impact of large number of Hadoop parameters. Those
interested in monitoring speculative execution mechanism and
data replication should select simulators running cluster of
computers. Usually, those simulators are also capable of defin-
ing task costs and intermediary data. These features make the
simulator’s behavior closer to a real MapReduce deployment.

Simulating IoT applications in real time is gradually becom-
ing an important area for researchers. Hence, we recommend
simulators with IoT capabilities for such research work, since
they have the ideal platform for stream processing. The
capability of estimating job configurations to obtain optimum
performance for various algorithms is a major concern in the
cloud computing environment. Therefore, we recommend sim-
ulators that can capture the effects of different configurations

of Hadoop setups on an algorithm’s behavior in terms of
speed and hardware utilization. Most MapReduce researchers
prefer simulators that can replay production cluster workloads
therefore, we recommend simulators that replay production
cluster workloads with different scenarios of interest, assessing
various what-if questions, and helping to avoid error-prone
decisions.

V. CONCLUSION

The comparative analysis of these MapReduce simulators
has revealed a lot of information that hitherto was not avail-
able. The various strengths and weaknesses of the simulators
have been highlighted. This has the potential to make the
appropriate MapReduce simulators easier to access for cloud
researchers. The classification has revealed that all MapRe-
duce simulators support data intensive applications, application
configuration management and suitable infrastructural imple-
mentation. Additionally, the classification also highlighted that
only one supports IoT-based applications and a few support the
processing streaming media.

This study has given us enough information to begin fo-
cusing on the previously highlighted key issues and gaps
by adding preliminary solutions to DIScrete event baSed
Energy Consumption simulaTor for clouds and Federations -
DISSECT-CF, [54]. Major issues such as MapReduce stream
processing, workload management and job and task scheduling
algorithms will be given immediate attention to enhance the
efficiency of this simulator. Also, on top of the extended
simulation framework, primary work will begin on designing a
hybrid distributed data mining model to improve data retrieval
on the Hadoop Distributed Filesystem (HDFS).
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