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Abstract

Big Data platforms are becoming increasingly essential these days, given the volume of data generated every moment by
millions of people around the world. The Hadoop framework is a solution that allows storing and processing these large
amounts of data in parallel on a cluster of machines. The default data placement strategy adopted by the Hadoop Distributed
File System (HDFS), initially designed for a homogeneous cluster where all machines are considered identical, relies on
distributing data to nodes based only on their disk space availability. Implementing this strategy in a heterogeneous
environment, where nodes have varying computing or disk storage capacities, may result in performance degradation. In
this paper, we propose a smart data placement strategy (SDPS) in heterogeneous Hadoop clusters that aims to place high-
access data on high-performance nodes. It takes cluster heterogeneity into account when distributing data by first dividing
nodes into groups based on their performance levels using a clustering algorithm and then allocating data blocks to
appropriate nodes based on their hotness. SDPS also allows dynamically specifying the replication factor of data blocks to
reduce storage space waste while maintaining data availability. Experimental results show that SDPS is more efficient in
a heterogeneous environment compared with the default data placement policy of HDFS, and it improves MapReduce data
processing, data locality, and storage efficiency.
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1. Introduction

The accelerated growth in data volumes has prompted researchers to think differently about how to manipulate or
analyze this data, which involves imposing new orders of magnitude in terms of capturing, searching, sharing, storing,
and data analysis. This is how the “Big Data” [1] emerged. Big Data is the collection of massive amounts of diverse
data, stored digitally and then processed using advanced technologies to establish diagnoses, make decisions accordingly,
and establish action plans. Big data is experiencing constant growth and has become widely used in many fields due to
its advantages. Among the reasons that have contributed to the expansion of big data are, on the one hand, the arrival
and development of storage media, particularly through the spread of cloud computing [2], and on the other hand, the
transformation of adaptive processing mechanisms, including the implementation of revolutionary databases supporting
unstructured data (Hadoop) [3] and the design of new high-performance processing models (MapReduce) [4].

MapReduce is a programming model that promotes the parallel processing of large data sets across multiple
computers in a cluster. It is one of the components that constitute the core of the Hadoop framework, which handles the
processing of large data sets in a flexible and distributed manner across a set of machines or nodes, where each node
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forms both a processing and storage unit. The purpose of MapReduce is to provide developers with an abstraction that
hides the complexity of operations related to parallelism, distribution of data processing, management of their execution
in the cluster, and management of failures that may occur in the cluster during processing.

Data locality remains one of the factors that determine MapReduce performance. In general, data locality is related
to the data placement strategy at the cluster level. The default data placement policy implemented by HDFS [5] disperses
data across nodes based only on disk storage availability. This policy can be useful in homogeneous clusters where all
nodes have the same performance characteristics. But in reality, it is very difficult to achieve a completely homogeneous
environment, especially when dealing with clusters of thousands of nodes, which need to be renewed or updated from
time to time, so we are talking about several generations of machines running in the same cluster. Implementing such a
policy in this type of environment where nodes have varying performance, such as computing power or disk storage,
may result in overall performance degradation due to over- or under-utilization of resources, slower data processing,
unbalanced data distribution, etc. Several works [6-10] have addressed the problem of unbalanced workload in a
heterogeneous environment and proposed dynamic placement policies aiming to balance data among nodes based on
their performance. However, these research studies have not considered the heat or data access rate when placing blocks,
which may have an effect on the overall system performance.

Another drawback of HDFS's default data placement policy in a heterogeneous environment is excessive data traffic,
as high-performance nodes can finish processing their local data faster than low-performance nodes, requiring
transportation of unprocessed data from slower nodes to faster nodes. This data movement between nodes will use the
cluster’s network bandwidth, which may impact Hadoop MapReduce performance. The default data placement policy
also uses a constant replication factor for all data blocks. Since most of this data is actually cold data and has a low
access throughput, adopting a fixed replication factor for all data without considering the access rate or hotness of this
data will result in significant waste of disk storage resources. However, regardless of the frequency of data access,
availability remains critical for any data center. In this context, several research studies [11-15] have proposed placement
strategies that dynamically distribute data blocks based on their hotness and have also proposed dynamic replication
mechanisms to reduce storage space consumption. However, it should be noted that these works have not set limits on
data replication. Thus, a very large factor may have an effect on storage efficiency, and a too small factor < 2 may have
an impact on data availability on the cluster.

To address the above shortcomings, we propose a smart data placement strategy in heterogeneous Hadoop clusters
(SDPS) that allows data distribution across nodes based on their hotness, such that high-access data is placed on the
highest-performing nodes. According to the experiment results, SDPS improved MapReduce execution time by more
than 23% on average compared to the default HDFS policy and data locality by more than 9%. We also propose a
dynamic replication strategy that aims to increase storage efficiency by reducing storage space consumption. Not to
mention that the proposed model does not require any prior setting. Our work can be summarized as follows:

o DataNodes Clustering Algorithm (DCA) that groups nodes according to their performance into Virtual Racks (VR)
using K-means clustering.

o Hotness-Aware Block Replication algorithm (HABR), which allows you to specify the hotness of data blocks and
then assign a replication number to each of those blocks based on their hotness.

e Smart Data Placement Strategy (SDPS) that uses DCA to divide nodes into VRs and HABR to determine the
hotness and the replication factors of data blocks and then distribute them across DataNodes in the cluster, with
the condition of placing hot data blocks on high-performance nodes.

The rest of the document is organized as follows. Section 2 reveals the background and some details regarding
Hadoop and HDFS. Section 3 deals with related work. Section 4 details the proposed SDDP and its relevance algorithms.
Section 5 evaluates the performance of SDPS in a heterogeneous cluster and discusses the results. Section 6 concludes
the paper and highlights some future work.

2. Background

In this section, we give an overview of the Hadoop framework and some details about the HDFS system and its
default block placement policy.
2.1. Hadoop

Apache Hadoop is primarily an open-source software framework for distributed data processing and management
based on Java, which can run on different environments such as clouds or data centers. Hadoop uses a set of machines
configured in computing clusters to process and store huge amounts of datasets. It allows distributed processing of
Hadoop analytics and Big Data tasks at the cluster level by breaking them down into smaller tasks that can be processed
in parallel mode. Hadoop comprises a set of components with various functionalities. HDFS, as the Hadoop file system,

43



HighTech and Innovation Journal Vol. 6, No. 1, March, 2025

supports the management of datasets and metadata stored in the cluster. Then, Hadoop MapReduce, which is the
distributed data processing module. Finally, YARN [16] distributes the workloads across the cluster. The Hadoop
architecture is described in Figure 1.

A Hadoop cluster is a special type of computing cluster (server cluster) designed specifically to store and process
large volumes of data, which promotes distributed computing. The work of analyzing the data is distributed across the
cluster nodes (servers). These clusters are used to run the open-source distributed computing software Hadoop on low-
cost computers. Typically, one machine in the cluster is designated as the NameNode, and another machine is designated
as the JobTracker. These two machines are the masters. The other machines in the cluster are worker nodes and act as
both DataNodes and TaskTrackers.

Master

Job Tracker

Name Node

Worker Worker Worker

Task Tracker Task Tracker Task Tracker

Data Node Data Node Data Node

Figure 1. Hadoop architecture

The introduction of Hadoop enabled businesses to quickly benefit from massive data storage and processing capacity,
higher computing power, modules with many options, better fault tolerance, more flexible data management, reduced
costs compared to traditional warehouses, high scalability, and extensibility. Finally, Hadoop has played a role in the
emergence of other big data analytics tools, such as the arrival of Apache Spark.

2.2. HDFS

Hadoop Distributed File System (HDFS) is one of the core components of the Hadoop framework, responsible for
storing and managing large volumes of data across all nodes that form a common cluster database. The data in this
system is stored and replicated across multiple nodes, making it fault-tolerant. This redundancy can also ensure high
data availability at the server level. HDFS is also characterized by its flexibility, high scalability, ease of use, and
integration into the entire Hadoop ecosystem software suite. Figure 2 describes the architecture of HDFS.
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Figure 2. Architecture of Hadoop Distributed File System (HDFS)
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As shown in Figure 2, HDFS consists of two components:

e NameNode: This node is the master demon (main program); it is the conductor of the HDFS cluster, managing
the file system metadata, including information about files, directories, access permissions, data blocks, and block
locations. The NameNode also maintains information about the DataNodes in the cluster and monitors their
availability. Clients access the HDFS file system through the NameNode, which coordinates file read and write
operations.

e DataNode: DataNode is the slave daemon (secondary program). These nodes are responsible for storing the actual
file data in the HDFS file system. DataNodes periodically communicate with the NameNode to send information
about their status and to receive instructions on how to store, read, or delete data. Depending on storage needs,
DataNodes can be dynamically added or removed from the cluster.

Clients can perform data read/write operations on HDFS using its file system interface. To access the desired data,
clients can request its location by connecting to NameNode, which will respond by proposing the addresses of the nodes
containing the data blocks, and hence clients can read or write the data directly by connecting to these nodes. Random
file access is also available on HDFS, and clients can read or write data at any offset in the file.

2.3. The Default HDFS Block Placement

When uploading a file to HDFS, it is divided into data blocks of a predefined size in HDFS, usually 128 or 256 MB
blocks, and then distributed across the cluster nodes. To ensure system reliability and data availability, each block is
replicated using a replication factor; the default factor of three adopted by HDFS means that each block is available on
three different nodes.

The default HDFS block placement strategy randomly assigns the first replica of a data block to any node with
enough space on the cluster. It then places the second copy on any node in a different rack than the first replica, but if
there are no available racks, it can be hosted on the same rack as the first replica. And finally, it allocates the third replica
on any node in the same rack as the second copy.

Whenever a data node goes down or fails, the node name instructs the data nodes hosting replicas of lost data blocks
to redo the replication and placement of blocks on other nodes to ensure availability of data files by reaching their
assigned replication factor again.

3. Related Works

Data placement policies occupy a fairly important place in scientific research, considering their importance and
impact on MapReduce performance and Hadoop system efficiency. Xie et al. [17] proposed to allocate data on
heterogeneous nodes according to their computing capacity. Shah et al. [6] presented an algorithm for balancing data
across nodes by dividing them into two categories according to a specific criterion. Vengadeswaran et al. [18] addressed
the data locality issue through a data placement mechanism based on data interdependence. A workload-driven approach
[19] aimed at reducing timespan by co-locating frequently accessed data elements between queries. SLDP proposed by
Xiong et al. [11] divides nodes into several virtual tiers based on their performance and then distributes data blocks
across these tiers based on their hotness. Lui et al. [12] used a gray forecast model to predict the heat and replica number
of data blocks, then placed them on the appropriate nodes. Wu et al. [20] proposed DGAD data placement according to
task execution frequency to improve data locality. Xiong et al. [13] used a heat-aware data clustering to specify the heat
of the data, Double Sort Exchange to allocate cold data, and a dynamic replication placement mechanism to place hot
data. CoHadoop [14] aimed to co-locate data processed by a job in the same node. CoHadoop added a file-level property
(locator) to extend HDFS, and files placed on the same set of DataNodes have the same locator. Qureshi et al. [21]
proposed a data placement called RDP to address unbalanced workloads and network traffic to improve Hadoop
performance. Lee et al. [7] introduced a data placement algorithm to balance workloads across nodes according to their
computing capacity to reduce data transfer time to improve Hadoop system efficiency. Bae et al. [10] proposed a new
data placement policy that aims to improve data locality with a minimal amount of replicated data by replicating only
the data blocks that have the highest access rate. Hussain et al. [15] addressed performance degradation by placing block
data on the highest-performing nodes. Liu et al. [22] presented a replica placement policy based on the TOPSIS entropy
weighting method to calculate the efficiency scores of each node, rack, and cluster. Then, block placement is performed
based on the obtained scores. Vengadeswaran et al. [23] proposed a data placement (CLUST) based on grouping
semantics in data to distribute blocks optimally across nodes.

Managing data replication can help improve storage efficiency while maintaining enough availability. Liu et al. [24]
presented BRPS, a Big Data replica placement strategy reducing data movement across the cluster to improve task
processing performance. Ciritoglu et al. [25] proposed a workload-aware balanced replica deletion algorithm to handle
imbalanced data, hot spots, and performance degradation. Ciritoglu et al. [26] presented HARD, a heterogeneity-aware
replica deletion, which is an extension of the algorithm in [25] to deal with the replica deletion issue in a heterogeneous
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environment. Dai et al. [27] suggested a new replica placement policy to distribute replicas of data across nodes without
resorting to a load balancer. Bui et al. [28] proposed an approach to dynamically replicate data based on popularity, with
an erasure code to ensure reliability for low-popularity data. Ahmed et al. [29] presented a replication policy to group
data files based on their importance in various clusters and apply an appropriate replication policy to each cluster to
reduce storage waste while maintaining data availability and reliability. Fazul et al. [30] proposed a metric observation
model that automatically determines when to start corrective action and triggers the reactive balancing process in the file
system, based on standardized trigger events. A. Zayed et al. [31] presented an optimization of the HDFS replication
policy using predictive categorization to minimize storage consumption while ensuring data availability and system
reliability. He et al. [32] addressed the shortcoming of static replication by adopting a dynamic decision strategy for the
number of replicas based on data popularity. He et al. [33] proposed a copy placement strategy based on evaluation value
and load balancing to improve the performance of cloud storage systems.

Most previous research that addressed the issue of cluster heterogeneity relied on one or at most two performance
criteria for node clustering to perform data distribution. However, in our case, the proposed model considers multiple
performance criteria when clustering nodes (CPU speed, memory size, disk capacity, disk I0PS, etc.) to further refine
the classification. Moreover, and unlike previous works that proposed dynamic data block replication strategies, our
model imposes limits on the replication operation in order to reduce storage space consumption while maintaining data
availability.

4. Proposed Model Design

This section presents in detail the design of the proposed SDPS model and its auxiliary algorithms, which aim at the
efficient utilization of the cluster resources and better performance of Hadoop MapReduce. Figure 3 illustrates the
implementation of SDPS in a heterogeneous Hadoop cluster. The model architecture includes 3 components: the
DataNodes Clustering Algorithm (DCA), which is responsible for dividing DataNodes into groups (VRs); the Heat-
Aware Block Replication (HABR) algorithm, which determines the heat and number of replications of data blocks; and
SDPS, which relies on the information provided by DCA and HABR to place data blocks on appropriate DataNodes.

- NameNode
1L I - Dla‘lfaINo_des

Data Set

Data Acquisistion

Figure 3. Implementation of SDPS in a heterogeneous Hadoop cluster

4.1. DataNodes Clustering Algorithm (DCA)

Cluster heterogeneity presents an additional constraint on the overall performance of Hadoop MapReduce, especially
if there were sincere differences in the performance of the DataNodes in the cluster. and this performance lag between
nodes can result in significant data transfer between fast nodes and slower nodes, which can impact data processing time
and limit overall system throughput. This requires solutions that can overcome these limitations, increase the system's
performance and efficiency, and make the most of its capabilities.

In this context, we present our solution for this problem, which is called DataNodes Clustering Algorithm (DCA),
which aims to classify DataNodes according to several performance criteria (processor speed, memory capacity, storage,
IOPS, ...) using the K-Means method, the idea is to partition the machines that have close capacities into groups or what
we will call Virtual Racks (VR). In another sense, to achieve node clustering in VRs (Virtual Racks), we perform
comparisons between nodes based on the performance parameters mentioned above, so that nodes grouped in the same
VR (Virtual Rack) will have almost the same performance. The number of VRs depends on the degree of variance
between nodes in the cluster.
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The K-means algorithm belongs to the family of unsupervised machine learning algorithms, used to analyze and
classify a data set in order to group "similar" data into groups (or clusters). Given a number K in advance, the algorithm
will split the dataset into K clusters, and the goal is to find the best cluster where each cluster has the data points closest
to each other. Here, the DataNodes will be the datasets of this algorithm which are denoted DN = {dn,,...,dn,}, and
the set of performance criteria are denoted CP = {cp,,...,cpy}. The relation between a DataNode dn; and a
performance criterion cp; is denoted x; ; = dn; X cp;, and thus the observation matrix X is as follows:

x1’1 xl’z s xl’m
xZ’l lez s XZ’m

X= M)
Xn1 Xn2 - Xnm

To classify the datasets into K clusters, the algorithm will seek to compare the degree of proximity or similarity
between the data points, this process is repeated several times until having a good classification. The K-means algorithm
typically involves the Euclidean distance in the proximity comparison. In our case to test the degree of similarity between
two DataNodes dn; and dn;, we calculate the distance d; ; between the two elements with this formula:

)

where,

e x;,: relationship between node dn; and performance parameter u.
e x;,: relationship between node dn; and performance parameter u.
o m: the number of performance parameters.

We will start by manually specifying the value of K the number of groups (VRs) that will be generated by the
algorithm, and follow these steps:

Step 1: Select K Data Nodes or centroids randomly.

Step 2: Assign each DataNode to its nearest centroid to build the K predefined groups. (The nearest in terms of
similarity which can be calculated using Equation 2).

Step 3: Calculate a new centroid of each group, for example for a group of DataNodes VR, the new centroid can be
calculated as follows:

1
Vietm Xl = [yR ] 2, 3)
9! dn;c VR,

where,

e x.;: the relationship between the new centroid c and the performance parameter ;.

e x;;: the relationship between node dn; and performance parameter j.

o |VR,|: the number of DataNodes in VR,

e m: the number performance criteria.
Step 4: We repeat the steps 2 and 4 until the new centroids are stable or no reassignment occurs.
Step 5: The model is ready and the classification of the DataNodes is done.

Note: It is not always obvious to choose the number of clusters K. Especially for a large dataset where we do not
have any assumptions or priors about the data. The most common way to choose the number of clusters is to run the K-
Means algorithm each time with a new value of K in an attempt to find the optimal value of K.

4.2. Hotness Aware Blocks Replication (HABR)

Data stored in a cluster typically does not have the same access rate, it does not maintain a constant access rate and
can vary from time to time. For most data, we see a significant decrease in its access rate over time, and sometimes we
find data that has not been accessed for a long time (Cold Data) or is rarely accessed in a certain period of time (warm
data), which makes us question the usefulness of adopting a constant replication factor for all data in the HDFS system,
especially with this variation between data in terms of access frequency and with the existence of a significant amount
of cold data and sometimes warm data, while the hot data represents a lower percentage. Which can lead to wasted
storage space at the cluster level.

47



HighTech and Innovation Journal Vol. 6, No. 1, March, 2025

Analyzing the access logs provided by NameNode that record information about all the requests performed, such as
the date and time of the request, allows to obtain the frequency of access to data blocks and thus to determine the heat
level of these blocks. In this regard, we propose Hotness Aware Block Replication (HABR) algorithm, which aims to
determine the number of replications of data blocks according to their hotness using a dynamic data replication strategy
[34], which is a method to dynamically determine the replication factor based on data popularity to optimize storage on
HDFS and reduce space waste. For frequently accessed data (hot data), a large replication factor will reduce network
utilization and improve application execution, while for infrequently accessed data (cold data), a small replication factor
can reduce storage space consumption while avoiding performance degradation.

This method determines the replication factor by using the historical access frequency. to express the effect of
historical information on the popularity of the object in the recent period, in many fields, the half-life is taken into
account. The half-life is the period of time during which a substance undergoes decay to half of its concentration [34].
In our algorithm, we also take the half-life as the weight of the historical records, which means that the weight will
change over time and will be halved after a defined period of time, so the more recent the records are, the higher their
weight will be.

Let AR be the sum of all access rates of data block i over the entire cluster during the time interval T,,, n the number
of time periods that have elapsed, and PI?* be the popularity of data block i for the whole cluster during the time interval
T,, calculated by

n
PI} = Z AR} x 2/" 4)
j=1
we will consider that the hotness of a data block i to be its average popularity per time interval T, denoted by h( b;),
given by

P}

h(b,) = — (5)

n

where n denotes the periods of time that have elapsed, we can then determine the replication factor of data block i,
denoted by rf( b;), based on its hotness value h( b;), by

4, h(b)/H=> 2
rf(b)={3, 1<h(b)/H<2 (6)
2, h(b)/H<1

where H is the average of hotness values of all data blocks.

To conclude, HABR using the above equations will measure the hotness of data blocks and determine their
replication factors, which can provide useful information for the next operation of placing data blocks on the appropriate
nodes.

4.3. Smart Data Placement Strategy (SDPS)

Based on the information obtained from the two subsections, such as the set of VRs where each VR collects a number
of DataNodes with almost similar performance characteristics, the hotness and replication factor of each block data, we
design a smart data placement strategy (SDPS) for heterogeneous Hadoop environments, which enables placing hot data
on high-performance nodes, its pseudocode is illustrated in Algorithm 1, and its main steps are as follows:

Step 1: Using DCA algorithm, SDPS groups DataNodes into K VRs, each VR is a set of DataNodes with almost the
same performance. DCA takes as parameters the set of DataNodes and the initial number K of VRs.

Step 2: SDPS sorts the data blocks according to their hotness obtained by the HABR algorithm, and then it specifies
the replication factor of each data block based on its own hotness values using Equation 6.

Step 3: SDPS sorts the DataNodes contained in each VR according to several performance parameters and
calculates the overall storage space S of each VR, by summing the storage space of the DataNodes in that VR.

Step 4: SDPS redistributes the data blocks across the DataNodes, so that the data block with the highest hotness
value will be assigned to the first highest performing DataNode, and the second hottest block is assigned to the second-
best performing DataNode, and so on, after checking whether it still has enough storage space and whether it does not
contain a copy of that data block to ensure data reliability. Each time a block is assigned, the overall remaining storage
space S, of the VR, is recalculated.

The SDPS algorithm, by placing high-access data on the most performing DataNodes, ensures efficient utilization
of cluster capacity and improves the execution time of workloads on Hadoop MapReduce by reducing data traffic
between cluster nodes and network bandwidth usage. SDPS can also improve data locality by applying dynamic data
replication and placement while ensuring data availability.
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Algorithm 1. Smart Data Placement Strategy

Input: DN set of n DataNodes, B set of m data blocks
Output: PM[n][m] data blocks placement matrix
1 VR = {VR;|1 <c £ K} « DCA(DN,K);
2 H={h(b;))|1 <i <m}« get the hotness of data blocks;
3 B*={b;|]1 <i <m} « apply descending sorting on data blocks based on their hotness;
4 RF = {rf(b;)|1 <i <m} « specify the replication factor of each data block according to its hotness.

5 for ¢c = 1 - K do

6 VR; ={dn;|j = 1} « sort all DataNodes in VR; by multiple performance parameters;
7 S¢ « calculate the total storage space in VR;;
8 end for

9 [l — 128; // default block size

10 fori =1 - m do

12 for 1 = 1 - rf(b;) do

13 for ¢c = 1 - K do

14 if S, > [J then

15 for each dn; from VR; do

16 if dn; still has enough space then

17 if b; is not in dn, then

18 PM [jI[ i] <« 1; // assign the replica of the data block i of node j
19 S¢ « S¢— U; // recalculate remaining space in VR,
20 end if

21 end if

22 end for

23 end if

24 end for

25 end for

26 end for

27 return PM[n] [m];

5. Performance Evaluation

In this section, we performed a set of experiments to evaluate the effectiveness of SDPS and the other sub-algorithms
on a heterogeneous Hadoop cluster. We begin by clarifying the experimental environment and then discuss the results
obtained.

5.1. Experimental Setup

The experimental setup is a heterogeneous Hadoop cluster consisting of 1 Master Node and 29 Data Nodes
contained in the same physical rack. Data nodes come in 4 different configuration types. The cluster configuration is
detailed in Table 1. The work was realized on Hadoop 3.3.1; the data block size in the HDFS system was set to 128
MB, and each worker node in the cluster has 2 map slots and 2 reduce slots.

For the experimental workloads, we used usual MapReduce applications (WordCount and Grep) with different
dataset sizes ranging from 2 GB to 14 GB. The experiments consisted of a series of tests comparing our placement
model to the default HDFS policy. The results of each experiment are averages of 10 to 15 runs for each application
with each dataset size in order to obtain more accurate values. The total number of runs is about 600 for all
experiments.
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Table 1. Cluster Configuration

CPU Disk
RAM
Model Speed Cores Type 10PS Size
1 Master Node / 6 Data Nodes Xeon E5-2670 2.6 GHz 8 32 GB 5.4k SATA 80 1TB
7 Data Nodes Xeon L5640 2.26 GHz 6 16 GB 7.2k SAS 95 1TB
9 Data Nodes Xeon E-2314 2.8 GHz 4 16 GB 7.2k SAS 90 500 GB
7 Data Nodes Xeon E5-2603 1.8 GHz 4 8 GB 10K SAS 110 300 GB

5.2. Evaluation Results

The default data placement policy of HDFS has shown its limitations, especially in heterogeneous clusters, and this
has a relationship with data locality, which remains one of the factors that determine MapReduce performance. We
attempted to compare the performance of MapReduce under the proposed SDPS and the default placement policy of
HDFS in order to evaluate the performance of SDPS and its auxiliary algorithms. In this comparison, we ran two usual
applications (Grep and WordCount) on datasets of different sizes. For the default data placement strategy of HDFS, we
set the default data replication factor to 3. The comparison results are shown in Figure 4.

400 300
350 Default Policy Default Policy
I 5 0 SDPS
Q’% 300 SDPS 5
@ o 200
£ 250 E
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2 200 2 150
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(a) Processing time of WordCount (b) Processing time of GREP

Figure 4. Comparison of processing time between SDPS and default policy

From Figure 4, we can clearly notice that MapReduce performed better with SDPS compared to the default data
placement policy, such that the processing time improved by more than 23% for the WordCount application and more
than 40% for the Grep application. This can be explained by the good distribution of data across the cluster, by placing
hot data on the best performing nodes, which reduces network usage to transmit data between nodes and therefore
improves data processing on Hadoop MapReduce. In other words, placing high-frequency data blocks on high-
performance nodes, which have the capacity to process this data in much less time than the lowest-performing nodes,
will allow better utilization of the cluster capacity and reduce the data transfer between nodes that requires network
bandwidth usage at the cluster level, which implies avoiding an additional time due to network usage. These facts can
have an impact on the processing time of applications by MapReduce. Thus, the runtime improvement achieved by
SDPS, as shown in Figure 4, is due to its data placement strategy across nodes.

Given the importance of data locality, especially in a heterogeneous system, and to evaluate the impact of our SDPS
model on the data locality rate compared to the default policy across the cluster, we performed a cluster-wide comparison
of data locality when running the WordCount and Grep applications with both data placement strategies. The results are
shown in Figure 5.

We can observe from Figure 5 that there is a variation in the data locality rate between the two strategies; we see that
the data locality is around 46% in the default policy, while it is more than 75% in SDPS. This means that by placing
high-frequency access data on high-performance nodes, the proposed SDPS has managed to increase the data locality
on the cluster by more than 29%. The availability of hot data on the best-performing nodes gives them a high probability
of processing local tasks, which explains the increase in the data locality rate for the SDPS compared to the default
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policy. Furthermore, we noticed that the hot data rate does not exceed 25% (of which the warm data is 19% and 6% is
the intense hot data), while the remaining 75% is cold data. Thus, for our SDPS model, which adopts a dynamic
replication strategy, the replication factor for the 6% that are intense hot data is 4, for the 19% that are warm data, a
number of replicas of 3, and a factor of 2 for the 75% that are cold data. Thus, the overall data replication ratio will be
4%6% + 3x19% + 2x75% = 231% applied on a given dataset of 400GB gives 924GB of data. While in the default policy,
which adopts a fixed replication factor that is 3 by default, we get 3x100% = 300%x400GB = 1200GB of data. which
means we could save more than 29% of storage space by using this dynamic replication model, which will surely
contribute to efficient storage space management across the entire cluster.
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Figure 5. Comparison of Data Locality between SDPS and default policy

To summarize this section, the SDPS model has performed better than the default HDFS policy according to the
experiments, whether it is its impact on application execution time or on data locality across the cluster. This means that
SDPS was able to enhance data balance across nodes while taking into account node performance and data hotness when
placing data. Which can improve the overall performance of Hadoop MapReduce. SDPS flexibly adapts to cluster
variance, so the higher the cluster variance, the more virtual racks (VRs) are built, making it suitable for even the most
complex heterogeneous environments. It is also scalable with the extension of the system, as new nodes are added to the
cluster; the set of VRs will be rebuilt to accommodate the new nodes and refine the classification. Moreover, adopting
a dynamic data replication strategy, which determines the number of data replicas based on the hotness factor or data
access frequency, has shown its storage efficiency compared with the HDFS static replication strategy that adopts a
fixed replication factor. Thus, SDPS can help reduce storage space consumption and make the system storage more
efficient.

6. Conclusion

The default data placement of HDFS has some limitations, especially when applied in a heterogeneous environment,
and may lead to MapReduce performance degradation. HDFS also adopts a constant replication factor for all data blocks,
which may increase storage space consumption, especially in the case of huge amounts of cold data. In this paper, we
proposed a smart data placement strategy (SDPS) to address these limitations. SDPS divides nodes based on their
performance into homogeneous groups (VRS) using the DataNodes Clustering Algorithm (DCA) and determines the
hotness and replication factors of data blocks using the hotness-aware block replication (HABR) algorithm, and then
SDPS places each block into the appropriate DataNode. As proven by the experiments, SDPS performed better than the
default strategy in data distribution, which helped improve MapReduce performance and cluster-level data locality.
Additionally, adopting a flexible replication factor based on data hotness can increase storage efficiency.

As part of our future work, we aspire to extend our approach by adding an energy-saving component. Since the SDPS
data placement policy takes into account the temperature criterion when distributing data to heterogeneous nodes, it
leaves the possibility of having idle nodes, especially those that contain cold data. Therefore, designing a mechanism to
put these inactive nodes into hibernation mode, or to put others into standby mode depending on the load, will save
power in the cluster and improve energy efficiency without affecting system performance. We also plan to test our model
in a broader environment.
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