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A B S T R A C T

Over the past decade, Apache Hadoop has become a leading framework for big data processing. Single
board computer (SBC) clusters, predominantly adopting Raspberry Pi (RPi), have been employed to explore
the potential of MapReduce processing in terms of low power and cost because, capital costs aside, power
consumption has also become a primary concern in many industries. After building SBC clusters, it is
prevalent to consider adding more nodes, particularly newer generation SBCs, to the existing clusters or
replacing old (or inactive) nodes with new ones to improve performance, inevitably causing heterogeneous SBC
clusters. The Hadoop framework on these heterogeneous SBC clusters creates challenging new problems due to
computing resource discrepancies in each node. Native Hadoop does not carefully consider the heterogeneity
of the cluster nodes. Consequently, heterogeneous SBC Hadoop clusters result in significant performance
variation or, more critically, persistent node failures. This paper proposes a new Hadoop Yet Another Resource
Negotiator (YARN) architecture design to improve MapReduce performance on heterogeneous SBC Hadoop
clusters with tight computing resources. We newly implement two main scheduling policies on Hadoop
YARN based on the correct computing resource information that each SBC node provides: (1) two (master-
driven vs. slave-driven) MapReduce task scheduling frameworks to determine more effective processing
modes and (2) ApplicationMaster (AM) and reduce task distribution mechanisms to provide the best Hadoop
performance by minimizing performance variation. Thus, the proposed Hadoop framework makes the best use
of the performance-frugal SBC Hadoop cluster by intelligently distributing MapReduce tasks to each node.
To our knowledge, the proposed framework is the first redesigned Hadoop YARN architecture to address
various challenging problems particularly on heterogeneous SBC Hadoop clusters for big data processing. The
extensive experiments with Hadoop benchmarks demonstrate that the redesigned framework performs better
performance than the native Hadoop by an average of 2.55× and 1.55× under I/O intensive and CPU-intensive
workloads, respectively.
1. Introduction

The Apache Hadoop platform has been widely employed in many
industries and academic fields for over a decade as the primary big
data storage and processing framework [1–3]. Many companies have
adopted powerful, general-purpose servers and clusters as Hadoop
workhorses to use the big data processing software frameworks best.
Moreover, to further improve Hadoop application performance, they
leveraged Graphics Processing Units (GPUs) for extra computation and
InfiniBand for high-speed network connection [4–7]. However, due to
their high cost, not all industries or academic fields want (or can afford)
such powerful computing nodes or clusters that can do everything
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reasonably well. Recently, energy efficiency has become another crucial
factor in many industries. Thus, microservers have been a focus for
energy saving and purpose-built computing [8]. A microserver is a
small server appliance that integrates all server motherboard func-
tions onto a single microchip (i.e., the system on a chip) and crams
many energy-frugal microchips into a single rack. Thus, the power
consumption of a microserver is far below that of a high-end general-
purpose server system [8]. An accelerator or a new computing model is
another solution to address energy efficiency-related challenges. Some
studies have adopted Field Programmable Gate Arrays (FPGAs) [9] and
a new energy-efficient computing model, such as In-Storage Computing
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(ISC) [10], to reduce power consumption in Hadoop MapReduce appli-
cations.

A single board computer (SBC) is an emerging platform to build
low-power, low-cost computing systems [11]. An SBC is a complete,
functioning minicomputer with a microprocessor, input/output (I/O)
ports, main memory, and other features built on a single circuit board
the size of a credit card [12]. This simplistic design can be antithet-
ical to the current multipurpose personal computers (PCs). However,
such simplicity makes SBCs perfect as embedded computers adopted
to operate more complex devices, such as those used in consumer,
automotive, and even military applications [13]. The SBCs’ energy ef-
ficiency and low cost enable them to fill niche applications by bridging
the performance gap between controller boards and PCs [14].

Among SBCs, Raspberry Pi (RPi) has dominated the market since
it was first released in 2012. Now, RPi has become the third best-
selling general-purpose computer worldwide [8], following the Apple
Mac and Windows PC [15,16]. They did not have sufficient computing
resources, so early generations of RPi models were primarily used for
hands-on education, such as learning programming languages or or-
chestrating network management. However, as RPi evolved into a more
powerful minicomputer with multicore CPUs, more memory capacity,
and higher-speed I/O ports, many researchers have built RPi clusters
and examined the possibility of operating heavy applications including
massive data processing or edge computing [11,17]. Lee et al. [8]
recently demonstrated that the latest generation RPi 4B-based clusters
can provide sufficient computational performance to operate heavy big
data applications effectively (i.e., more than hundreds of gigabytes).

In building SBC clusters, it is prevalent to consider expanding or re-
configuring the clusters in the future by adding more SBC nodes, partic-
ularly newer generation SBCs, into the existing clusters or replacing old
(or incorrectly working) nodes with new ones to improve performance.
This approach causes heterogeneous SBC clusters. Hadoop MapReduce
processing on heterogeneous SBC clusters creates challenges because
each node has discrepant computing resources. Moreover, a native
Hadoop platform does not carefully consider the heterogeneity of SBC
cluster nodes. Heterogeneous SBC Hadoop clusters exhibit significantly
unstable performance depending on the MapReduce task scheduling
policies. Importantly, it also frequently fails to complete the job because
weaker nodes (i.e., nodes with lower computational capabilities) are
overburdened with excessive task processing.

This paper proposes a new Hadoop Yet Another Resource Negotiator
(YARN) architecture design to improve Hadoop MapReduce application
performance on heterogeneous SBC Hadoop clusters. A native Hadoop
framework does not carefully consider cluster node heterogeneity; thus,
many research studies have tried to address this problem on typical
Hadoop clusters with sufficient computational capabilities. However,
to our knowledge, this research is the first to investigate challenging
problems on heterogeneous, power-frugal SBC Hadoop clusters for big
data processing. Extensive studies and experiments found the following
critical challenges of the native Hadoop framework on heterogeneous
RPi clusters.

Low computational capability: Previous generation RPis (i.e., ear-
ier than the fourth generation) have only up to 1 GB of memory. These
Pi nodes cannot successfully process numerous data in the native
adoop framework. They turn into inactive nodes and eventually stop
orking. Adding more powerful RPi nodes, such as RPi 4B, to the
xisting cluster cannot fundamentally resolve this problem. The native
adoop framework does not provide a mechanism to carefully detect

he computational capabilities of each node in the cluster; thus, it
eeps assigning excessive tasks even to such weak SBC nodes. The
ative Hadoop only provides user configurations, which relies on users’
mpirical insight. More importantly, this user-level Hadoop configura-
ion cannot resolve this problem. To overcome this inherent limitation,
e redesigned a Hadoop NodeManager (NM) component to correctly
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dentify the computing resources of each RPi node in the cluster. Thus,
the redesigned Hadoop carefully investigates each node’s computa-
tional capabilities in advance and automatically assigns appropriate
(i.e., different) numbers of tasks to them without user configurations.

Considerable performance variation: Unlike powerful computer-
based heterogeneous Hadoop clusters, resource-frugal SBC-based het-
erogeneous Hadoop clusters exhibit a considerable performance vari-
ation for each job execution. This inconsistent Hadoop performance
primarily originates from the performance gap between heterogeneous
SBC cluster nodes. Our comprehensive study found that a reduce task
assignment policy also significantly influences the overall Hadoop per-
formance, particularly in SBC Hadoop clusters. A native Hadoop frame-
work does not provide specific optimal policies to distribute the Hadoop
ApplicationMaster (AM) and reduce tasks to the appropriate cluster
nodes effectively. Depending on their locations, Hadoop MapReduce
applications exhibit tremendously different overall performance, result-
ing in inconsistent performance for each job execution. To provide the
best Hadoop MapReduce performance on heterogeneous RPi clusters
consistently, we propose optimal AM and reduce task distribution
policies. Consequently, the newly designed Hadoop framework offers
the best consistent performance.

The main contributions of this paper are as follows:

• Redesigned Hadoop YARN Architecture: We implement two
primary Hadoop YARN scheduling policies. First, two MapReduce
task scheduling mechanisms are proposed to determine more
effective Hadoop processing modes (i.e., parallel processing vs.
sequential processing) based on the computational capabilities
of each node. Second, new AM and reduce task distribution
policies are implemented to offer the best overall performance by
carefully assigning them to the appropriate cluster nodes.

• Extensive Performance Evaluation: We propose two Hadoop
frameworks (i.e., master-driven and slave-driven) based on task
scheduling policies. We compare them to a native Hadoop design,
adopting an extra swap space allocation mechanism. The exten-
sive experiments with Hadoop benchmarks demonstrate that the
redesigned framework achieves an average of 2.55× and 1.55×
performance improvement under the I/O-intensive (e.g., Tera-
sort) and CPU-intensive (Wordcount) workloads, respectively.

• Challenges and Suggestions: Big data processing on the SBC
clusters with limited resources introduces unexpected challenges
(e.g., temporary data and uberized jobs). We investigate these
challenges and provide suggestions. We also discuss the Hadoop
MapReduce performance on SBC clusters in terms of performance-
per-watt and per-dollar to explore possibilities in the future.

The rest of this paper is organized as follows. Section 2 presents
related work. Next, Section 3 details the design challenges and the
proposed solutions. Then, Section 4 provides the comprehensive experi-
mental results and analyses. Section 5 discusses the diverse challenging
problems and suggestions, and Section 6 presents the conclusion.

2. Background and related work

This section explains RPi and Apache Hadoop in more detail. In
addition, it discusses the related work.

2.1. Raspberry Pi

Raspberry Pi is a cost-effective, energy-efficient computing plat-
form. Initially, it was intended to promote teaching computer science
in schools by inspiring students to engage in electronics and program-
ming [11]. Now, it is also a preferred embedded controller in numerous
industries, such as those using consumer, smart home, automotive,
medical, and even military applications [13].

Table 1 compares the hardware specifications of the third gen-
eration RPis (RPi 3B and 3B+) and the fourth generation RPi (RPi
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Table 1
Specifications of the third and fourth generation Raspberry Pi [8]. Here, ‘Power’ stands
for power consumption. Our heterogeneous SBC cluster comprises these three types of
RPi nodes.

Raspberry Pi 3B Raspberry Pi 3B+ Raspberry Pi 4B

CPU ARM Cortex-A53 @ 1.2 GHz ARM Cortex-A53 @ 1.4 GHz ARM Cortex-A72 @ 1.5 GHz
(4 cores) (4 cores) (4 cores)

RAM 1 GB LPDDR2 SDRAM 1 GB LPDDR2 SDRAM 1,2,4, or 8 GB LPDDR4 SDRAM

Ethernet 100 Mbps Ethernet 300 Mbps Gigabit Ethernet Native Gigabit Ethernet

USB 4× USB 2.0 4× USB 2.0 2× USB 3.0 + 2× USB 2.0

Power 1.4W(idle), 3.7W(full-load) 1.9W(idle), 5.1W(full-load) 2.7W(idle), 6.4W(full-load)

Release February 2016 March 2018 June 2019

Price $35 $35 $35(1 GB), $45(2 GB), $55(4 GB)

Fig. 1. Overall Hadoop YARN architecture and service flow. Gray represents
components outside the YARN architecture.

4B). Particularly, the computing power of RPi 4B is unprecedentedly
improved due to its historical full-chip redesign, including 2.5× faster
four core CPUs, the first graphics processor upgrade, the first UBS 3.0
port, full speed 1 GB Ethernet, an HDMI port for 4 K display, and up
to 8 GB of RAM [18]. Thus, Hadoop performance on the RPi 4B cluster
exhibited a performance about 2× higher than the RPi 3B cluster [8].

2.2. Apache Hadoop YARN

Apache Hadoop YARN, also known as MapReduce v2, is a resource
management and job scheduling technology in the open source Hadoop
framework [19]. It was introduced to address the following limitations
of the original MapReduce framework: inefficient failure handling and
the fault tolerance mechanism. To resolve these limitations, YARN sep-
arates resource management and job scheduling from the application
execution layer. It manages each MapReduce task using a logical bundle
unit called a container [20].

2.2.1. Architecture
Apache Hadoop YARN consists of three key components: (1) Re-

sourceManager (RM), (2) NodeManager (NM), and (3) ApplicationMaster
(AM).

The RM is a Java process running on a master node. It manages
and allocates computing resources such as CPU and memory across
Hadoop cluster for diverse jobs. The RM has two main components:
ResourceScheduler and ApplicationsManager. The ResourceScheduler in
YARN is responsible for job scheduling based on policies and priorities.
The ApplicationsManager is an interface maintaining application lists.
It accepts job submission to YARN, negotiates the first container for
executing AM, and manages restarting the AM container on failure.
After application submission, the ApplicationsManager first validates the
application’s specifications. If the application requests unsatisfiable re-
sources, it denies the application, otherwise, ApplicationMaster launcher
launches the AM.

The NM is a process that runs on a worker node in a Hadoop cluster.
Each worker node has an NM managing MapReduce task execution on
754
that node. The NM periodically sends a heartbeat to the RM to provide
node status information, and launches and manages (i.e., executes and
monitors) containers on the worker node based on the instructions from
the RM.

The AM executes the main function of an application and or-
chestrates an application’s operation within the cluster. It negotiates
with the RM to obtain resources for launching containers to execute
tasks. The AM manages all task execution processes including assigning
tasks to containers, tracking each task execution status, monitoring the
progress, and handling task failures.

2.2.2. YARN service flow
Fig. 1 presents the overall YARN service flow. A MapReduce process

begins when a client submits a job to the Hadoop cluster. The client
communicates with the RM to submit the job. After receiving the job
submission, the RM designates a specific node to host the AM and
notifies the corresponding node’s NM. Then, the AM is launched within
a container on that node. After the AM starts, it interacts with NMs
to request containers. The NM allocates resources (CPU and memory)
to containers and launches them according to the AM’s request. These
containers host the actual MapReduce tasks. Each MapReduce task is
executed as an independent process outside the NM to achieve fault
tolerance and continuous task execution without affecting the NM loss.
We redesigned the whole YARN scheduling mechanism to improve
Hadoop MapReduce performance on heterogeneous SBC clusters.

2.3. Related work

2.3.1. SBC Hadoop clusters
Kaewkasi and Srisuruk [21] built a Hadoop cluster of 22 cu-

bieboards. Each node is an ARM Cortex A8 processor-based SBC. They
installed Apache Spark on the cluster and conducted Spark experiments
over the Hadoop distributed file system (HDFS). The authors claimed
the cluster could successfully process a 34 GB Wikipedia article file
in an acceptable time and consumed the power of 0.061 to 0.322
kWh for all benchmarks. They concluded that the cluster performance
bottleneck primarily originated from low I/O and CPU processing
capabilities.

Qureshi and Koubaa [12] built two SBC clusters (RPi 2B and Odroid
XU-4 platforms) of 20 nodes to address the energy efficiency problems
of a small data center. They deployed Apache Hadoop on the clusters
and evaluated their performance regarding task execution time, mem-
ory utilization, network throughput, and power consumption. They
claimed the RPi cluster exhibited lower performance than other clusters
(Odriod UX-4 cluster of 20 nodes and a regular PC cluster of four
nodes). However, this is predominantly because they adopted a very
early generation RPi.

Recently, Lee et al. [8] conducted comprehensive Hadoop perfor-
mance research on the latest generation RPi cluster (i.e., the RPi 4B
cluster). They set up a Hadoop cluster of five RPi 4B nodes (4 GB
of RAM each) and extensively performed Apache Hadoop and Spark
benchmarks. They also investigated various storage media perfor-
mance effects on the overall Hadoop cluster performance by leveraging
the USB 3.0 interface. They demonstrated that the latest genera-
tion RPi 4B cluster offers sufficient performance to process massive
data (e.g., 500 GB to 1TB, not just a few hundred megabytes) suc-
cessfully [22]. The authors concluded that RPi 4B finally achieved
unprecedented performance improvement and that the RPi 4B cluster
exhibited a considerable potential to process actual big data effectively.

2.3.2. Improving hadoop cluster performance
Speculative execution is Hadoop’s fault tolerant mechanism to ad-

dress straggler nodes in the cluster. This slowdown occurs for various
reasons, such as hardware problems, network congestion, or other
resource bottlenecks. As a result, some tasks may take longer, causing a
significant job completion delay. Some studies have developed efficient
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task scheduling algorithms considering the computing performance gap
to resolve this problem [23–26].

The Hadoop framework uses data locality to reduce network traf-
fic. The Hadoop master node attempts to schedule a task on a node
that contains the corresponding input data. Data locality ensures that
each task is assigned to the node where the required data are stored,
which can be time-consuming and resource-intensive. For example,
tasks assigned to straggler nodes may noticeably delay the job comple-
tion time. Some researchers have proposed data locality improvement
mechanisms to solve this problem [27–29].

Computing resources, such as CPU and memory, are another crucial
factor for designing Hadoop schedulers. Hadoop nodes in the data cen-
ter clusters receive a large number of jobs and require more resources
to execute them, causing the race condition. Some research studies
have improved the cluster resource utilization [30–33]. Heterogeneous
clusters raise different problems of improving Hadoop cluster perfor-
mance. Most researchers have classified cluster nodes according to
their computing capacities and have proposed diverse deadline-aware
mechanisms [34–36].

Recently, integrating an accelerator into the distributed platform
has been studied to accelerate task computation. For instance, the
FPGA-accelerated heterogeneous architecture based on YARN pro-
vides resource management and programming support for computing-
intensive applications by adopting FPGAs [37].

However, most existing studies have been conducted on general
(i.e., powerful) PC (or server)-based Hadoop clusters, not resource-frugal
heterogeneous SBC clusters. Heterogeneity on low-power, low-cost SBC
Hadoop clusters raises vastly different challenging problems. Thus,
most existing studies are not applicable to our SBC cluster environment.
This paper explores novel challenges in the heterogeneous SBC Hadoop
cluster.

3. Main design

This section describes the redesigned Hadoop YARN architecture for
a heterogeneous RPi Hadoop cluster.

3.1. Motivations

The MapReduce job submission requires the DataNode Java Virtual
Machine (JVM) for input data split management and NodeManager
(NM) JVM for cluster resource negotiation. After the MapReduce job
starts, the ResourceManager (RM) assigns the ApplicationMaster (AM)
to one of the worker nodes in the cluster. Each (map or reduce) task
runs on its task JVM. Each JVM execution requires a certain level of
memory capacity. However, early generation RPis (before the fourth
generation) do not meet the MapReduce task requirements, causing
an out-of-memory (OOM) problem.

Fig. 2 presents the OOM problem for Hadoop MapReduce task exe-
cution on the third generation RPi (i.e., RPi 3B+) worker node. A native
Hadoop runs on an RPi 3B+ node with two map tasks and 128 MB data
configurations. We examined the system resource information when
the OOM occurs. As in Fig. 2-(a), the total memory usage suddenly
drops. Although the map task is fully completed because each task is
executed independently, NM is interrupted when the map task count
exceeds two. This NM loss results in a job execution halt because NM
is responsible to the reduce tasks for negotiating resource allocation.
Fig. 2-(b) illustrates the CPU utilization of the RPi 3B+ node. The CPU
utilization soars to about 90% when the OOM problem appears because
of context switching overhead in each JVM. We observed that adjusting
the virtual memory allocation ratio does not work to solve this problem.

For verification, we built another native Hadoop node on the latest
fourth generation RPi (RPi 4B with 1 GB of RAM). We performed iden-
tical experiments with Hadoop MapReduce configurations identical to
RPi 3B+. As described in Section 2.1, although RPi 4B has much more
robust computational capabilities than RPi 3B+, the OOM problem still
755
Fig. 2. Resource usage over time on an RPi 3B+ worker node for processing 128 MB
of data with two map tasks.

Fig. 3. The machineInfo identifier component. In each worker node, NodeManager
fetches the correct computing resource information from the machineInfo component
and sends it to the ResourceManager for registration.

exists on the RPi 4B node, implying that the physical memory capacity
critically influences the MapReduce job execution. We observed that
a native Hadoop does not allow two or more concurrent map task
execution instances on a node with 1 GB of RAM, which is the main
reason the RPi 3B+ (and even 4B) Hadoop node with 1 GB of RAM
cannot complete substantial data processing (requiring two or more
concurrent map tasks). Please note that RPi 4B here has the same RAM
amount (1 GB) as RPi 3B+ for verification.

We can simply assign an additional swap space to the storage for
a logical memory space extension to resolve this problem naively [38,
39]. However, applying this approach to low-performance RPi nodes,
such as RPi 3B (or 3B+), creates another problem: low I/O performance
causes an overall Hadoop performance bottleneck. Our experiments
comprehensively investigate this problem (see Section 4.2.4).

Instead of an additional swap space assignment, we resolve this
critical problem by redesigning the core scheduling mechanisms for
Hadoop YARN. Since multiple concurrent map task execution on a
memory-frugal RPi node causes Hadoop MapReduce job failure, the
redesigned Hadoop YARN automatically changes the MapReduce task
scheduling policy from parallel processing to sequential processing
mode. That is, when the proposed Hadoop framework detects a
memory-frugal node in the cluster, it dynamically switches the task
scheduling policy to the single map task mode to prevent concurrent
map task execution on such weak nodes. Consequently, the redesigned
Hadoop YARN framework enables even a resource-scanty SBC node to
complete the MapReduce job successfully.

3.2. Design space and implementation

This section presents several design challenges and respective im-
plementations.

3.2.1. Computational capability identification
A native Hadoop framework does not provide a mechanism to

identify the actual computational capabilities of each node, such as a
physical memory space. As described, the physical memory capacities
of nodes critically affect the concurrent MapReduce task execution.
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Fig. 4. Redesigned ContainersLauncher component in NodeManager for our slave-driven
design.

To implement the redesigned YARN scheduler, we must first design
another component on each worker node, machineInfo, that identifies
each node’s computing resources and sends the information to YARN.
Fig. 3 presents the proposed machineInfo component, a Linux child
process of NM. In each worker node, NM fetches actual computing
resource information from the machineInfo identifier component and
sends it to RM. The proposed machineInfo component is executed only
once during the NM service setup.

Since the physical resource specifications of each node are not
generally changed while the system is running, our proposed design
does not need to periodically transmit the machineInfo information to
the ResourceManager (RM). Thus, we did not adopt the piggybacking
mechanism using periodic heartbeat messages, which reduces addi-
tional communication overhead. Instead, using a protocol buffer API,
we implemented a novel transmission standard, including machineInfo.
This modified inter-process communication (IPC) protocol enables each
NM to transmit machineInfo to RM. While each NM’s information is
registered on RM, this machineInfo must be included. The RM manages
each NM’s information using ResourceManagerNode (RMNode) com-
ponent; hence, each RMNode is created in RM whenever each NM is
registered on RM. Thus, we added each NM’s machineInfo information
into the corresponding RMNode properties. Our precise experiment
(using jmap command with -histo option) demonstrated that this design
does not cause a Hadoop cluster scalability problem because each
RMNode’s overhead is negligible in terms of memory consumption
(i.e., just additional 8 bytes for each single RMNode instance).

Based on the information that each machineInfo identifier compo-
nent provides, the redesigned YARN framework dynamically switches
to the sequential processing or conventional parallel processing mode
accordingly.

3.2.2. Task scheduling: Master-driven vs. Slave-driven
We propose two task scheduling frameworks to manage MapReduce

tasks effectively depending on the node type: master-driven and slave-
driven frameworks. Both provide an automatic Hadoop configuration
mechanism based on machineInfo when the YARN service starts. The
master-driven framework is associated with the RM. In contrast, the
slave-driven framework adjusts the number of threads in the NM.

• Master-driven Framework: After accepting each NM’s registra-
tion request, the RM promptly calculates the number of avail-
able containers for each worker node based on container-related
properties in Hadoop YARN configurations (see Table 3). Unlike
the native Hadoop, which requires users’ experience and insight
to configure properties effectively, the proposed framework can
automatically configure the appropriate number of concurrent
containers for each worker node based on machineInfo. If SBC
worker nodes have powerful computational capabilities, such
as RPi 4B, the framework adopts the Hadoop default settings
(i.e., the parallel processing mode); otherwise, it allocates a single
756
MapReduce task at a time via RM’s ResourceScheduler (i.e., the
sequential processing mode).

• Slave-driven Framework: Each NM has a component that
launches the assigned containers in NM, called ContainersLauncher
(see Fig. 4). This component is initialized when the NM service
starts. It has a thread pool, called ContainerLauncher, to launch
each container. Each container is executed within a single thread.
In native Hadoop, this thread pool uses the newCachedThreadPool
component to create new threads as needed. Thus, the native
Hadoop creates more than two concurrent tasks even on the
memory-frugal SBC nodes, such as 3rd generation RPis, causing
a Hadoop job failure. Our redesigned ContainersLauncher compo-
nent intelligently manages the maximum number of concurrent
threads for each SBC node based on machineInfo. If an SBC worker
node is identified as a memory-frugal node, this slave-driven
framework sets the maximum thread count to one by imple-
menting the newFixedThreadPool component (i.e., the sequential
processing mode). This newly designed thread pool adopts Linked-
BlockingQueue for the wait queue and arranges elements in an
FIFO order. This means each ContainerLaunch thread for the
container execution request waits in this wait queue of the thread
pool sequentially. Thus, each thread in the wait queue does not
contend for computing resources and a starvation problem does
not happen. On the other hand, if the SBC node is identified as
a powerful node, this framework employs the Hadoop default
settings (i.e., the parallel processing mode).

Unlike the master-driven design, the slave-level framework executes
those task scheduling configurations inside NM (i.e., the slave node).
In addition, it does not override each worker node’s preset values of
container-related properties. Thus, the RM attempts to allocate multiple
concurrent containers even to memory-frugal SBC nodes. However,
the slave-driven design limits the available container count to one in
the weak SBC nodes, and the remaining containers remain pending in
the thread pool’s waiting queue. Therefore, the master-driven design
focuses more on a fast overall execution time because the RM globally
manages the MapReduce task assignment and (if possible) attempts
to assign more tasks to powerful nodes. In contrast, the slave-driven
scheduler locally determines each task execution on each worker node,
although the RM globally assigns tasks to worker nodes. Hence, the
proposed slave-driven design somewhat considers task load balancing
and total execution time. Our extensive experiments evaluate these two
designs in more detail (Section 4.2.5).

3.2.3. ApplicationMaster and reduce task distribution
Performance-frugal SBC-based Hadoop clusters exhibit a consider-

able performance variation for each job execution. This inconsistent
Hadoop application performance fundamentally results from perfor-
mance gap between heterogeneous SBC nodes. The native Hadoop
framework does not carefully consider this heterogeneity problem be-
cause it does not provide explicit data locality policies for both AM and
reduce tasks. This subsection presents our new data locality policies.

Unlike map tasks, no specific rules exist for assigning the AM and
the reduce tasks in cluster nodes. That is, the AM and reduce tasks
can be assigned to any node in the cluster. Thus, according to their
distributed locations, significant performance variations occur because
of node performance discrepancy. For instance, if the reduce tasks
are assigned to any SBC node with low computational capability, the
Hadoop MapReduce job takes noticeably longer to complete because
map tasks on these nodes cannot take full advantage of the data
locality.

Fig. 5-(a) presents native Hadoop task execution priorities for each
task request. Hadoop tasks have three levels of data locality, and
Hadoop prioritizes tasks for data processing optimization in the follow-
ing order: NODE_LOCAL (highest priority), RACK_LOCAL (intermediate
priority), and OFF_SWITCH (lowest priority). These locality preference



Future Generation Computer Systems 160 (2024) 752–766S. Lim and D. Park
Fig. 5. Our redesigned ContainerAllocator component in the ResourceManager. The proposed policy assigns the ApplicationMaster(AM) and reduce tasks to powerful SBC nodes,
not any SBC nodes in the heterogeneous SBC cluster.
specifications are sealed for each ResourceRequest. As in the figure,
unlike map tasks, the lowest priority (OFF_SWITCH (ANY)) is assigned
to both the AM and reduce tasks, which means they can be distributed
to any cluster node. This implicit Hadoop policy causes substantial
Hadoop performance variations on heterogeneous SBC Hadoop clusters.

To resolve this limitation, we designed a new data locality check
policy for the AM and reduce tasks in Hadoop YARN’s ContainerAl-
locator component by modifying the OFF_SWITCH policy (Fig. 5-(b)).
The new policy assigns the AM and reduce tasks to powerful (PWR)
SBC nodes, such as RPi 4B, not any SBC node. In other words, if a
ResourceRequest belongs to either the AM or reduce tasks based on its
priority, the ContainerAllocator component distributes them to powerful
SBC nodes.

Even though both the AM and reduce tasks are assigned to powerful
SBC nodes, their locations (e.g., same or separate nodes) also strongly
influence the overall Hadoop performance. The AM and reduce tasks
are bound to the cluster node that sent the earliest NODE_UPDATE
heartbeat event to the RM and has available container slots. However,
they may sometimes be assigned to an identical node due to a heartbeat
transmission delay. Therefore, various distribution combinations can
exist according to their locations on the cluster. For instance, all reduce
tasks may be executed on the same node (worst case). The AM and the
reduce task may be located on the same node. All the reduce tasks and
AM are evenly assigned to separate nodes (best case). In this case, a
node corresponds to a powerful (not weak) SBC node in the heteroge-
neous cluster. As the cluster size and the reduce task count increase,
the complexity of the distribution combination noticeably increases.
Thus, the native Hadoop inevitably show high performance variations
according to locations of both the AM and reduce tasks. That is, the
native Hadoop framework cannot guarantee the best performance for
each job execution because it has no specific policy for the AM and
reduce task assignments.

The AM and each reduce task should be evenly distributed to
powerful SBC nodes for the best performance. Thus, we implemented
a new operation in the RMNode component to manage the number of
assigned reduce tasks on its node. When a map phase reaches a pre-
defined overall progress (i.e., 5% by default), the redesigned RMNode
component changes the state of the reduce container from SCHEDULED
to RUNNING. This approach evenly distributes each reduce task to each
powerful SBC node (not overlapped). Hence, the proposed design best
employs cluster-level parallelism for the reduce task execution.

The RM requests an AM container based on the OFF_SWITCH level
of the locality preference, causing the AM to be assigned to any node
in the cluster. That is, the existing ApplicationMaster launcher supports
a policy, where the AM is assigned to the node sending the prompt
heartbeat for requesting the AM container execution. However, the
proposed AM distribution policy waits for the heartbeat from one of the
powerful nodes, and assigns the AM to the corresponding one. Without
such considerations, it may assign the AM to one of the resource-frugal
nodes which operate as a sequential processing mode. This causes a job
execution time delay. Interestingly, unlike the reduce task distribution,
we observed that the AM location has an almost negligible effect on
the overall Hadoop performance regarding execution time and resource
utilization. Thus, we do not provide any operation for the AM in the
RMNode component.
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3.3. Redesigned YARN architecture

This section consolidates all the proposed designs into the Hadoop
YARN architecture and describes the overall processes.

3.3.1. YARN service initialization
We proposed two frameworks for more effective task scheduling:

master-driven and slave-driven frameworks. This section describes the
overall processes of each design to set up the proposed MapReduce
processing modes (i.e., parallel processing vs. sequential processing)
during the Hadoop YARN service initialization. The proposed MapRe-
duce processing modes are determined by the computational capability
information that the machineInfo identifier for each SBC worker node
provides.

The machineInfo identifier component is executed after each NM
starts. It collects a local SBC node’s computing resource information,
such as the memory capacity and CPU specifications. Then, each frame-
work determines an appropriate processing mode (i.e., parallel or
sequential) as follows.

The master-driven design enables NodeStatusUpdater to communi-
cate with RM to update NM’s status via the heartbeat. Once the NM
successfully starts, it sends node’s machineInfo information to the RM.
Once the RM accepts the NM registration request, it overrides the
Hadoop configuration values by calculating the number of concurrently
executable containers based on machineInfo. Finally, the master-driven
framework chooses a parallel processing mode (for a powerful SBC
node) or a sequential one (for a weak SBC node) accordingly.

On the other hand, the slave-driven design does not involve the
RM in determining the processing mode. Instead, each SBC node in
the cluster autonomously calculates the appropriate number of con-
current containers based on the machineInfo in each node. Contain-
ersLauncher manages a thread pool for launching containers inside a
node. This thread pool configures the maximum number of available
threads. Based on this thread count, each SBC node selects an appro-
priate MapReduce processing mode (i.e., a local decision, not a global
decision).

3.3.2. After application submission
Creating the AM is the primary process for Hadoop YARN after sub-

mitting the Hadoop MapReduce application because MapReduce tasks
depend on the AM component. Thus, the AM must be created by the RM
before processing the MapReduce task. An AM execution mechanism is
identical to a MapReduce task execution mechanism. Fig. 6 exhibits
the redesigned overall YARN architecture. It also presents the overall
processes of Hadoop YARN to create the AM component. For every
application submitted to the RM, the ApplicationsManager initiates ne-
gotiations with the ResourceScheduler for AM container allocation. The
AM container is the first container allocated; therefore, it is assigned to
one of the powerful SBC nodes with available containers that sent the
earliest NODE_UPDATE event to the RM component. After this initial
setup, the AMLauncher component designates the corresponding node
to initiate the AM process (i.e., JVM) for each submitted application.
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Fig. 6. Redesigned YARN architecture. Here, the component, Cluster Resources, represents the aggregation of each RMNode. Blue squares mark the redesigned components.
Fig. 7. The overall YARN MapReduce task scheduling process for launching
each MapReduce container. Here, the Cluster Resources component represents the
aggregation of each RMNode.

Fig. 7 depicts the MapReduce task scheduling processes of Hadoop
YARN after creating the AM. The AM requests containers from the RM
using heartbeats. These periodic heartbeats contain a list of each con-
tainer’s locality information and task priority. On receiving this heart-
beat, the RM waits for a heartbeat from an NM according to the locality
preference. Once an NM is available for resource allocation, it reports
its status to the RM. The ResourceTracker sends a NODE_UPDATE event
to the ResourceScheduler component, enabling the ResourceScheduler
to ask the ContainerAllocator to allocate resources. For the map task
execution, the default ContainerAllocator assigns containers to map
tasks according to the locality preference. Conversely, the redesigned
ContainerAllocator is used for the reduce container assignment. It in-
telligently distributes each reduce task to a powerful SBC node that
does not execute a reduce task. In the meantime, the AM periodically
sends heartbeats to the RM to request resources. Once the AM receives
containers, each NM launches the assigned containers.
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Fig. 8. Our heterogeneous SBC Hadoop cluster architecture. The SBC cluster consists
of three types of Raspberry Pis, such as RPi 4B, 3B, and 3B+.

Table 2
SBC Hadoop cluster configurations.

Master node Worker nodes

Node RPi 4B (4 GB) RPi 4B (4 GB) RPi 3B+ RPi 3B
The number of nodes 1 4 1 3
OS Ubuntu 20.04.3 LTS (ARM 64-bit)
Storage media MicroSD 64 GB(Sandisk Extreme Pro)
Framework Apache Hadoop 3.2.3
Network switch Gigabit Ethernet switch

4. Evaluation

This section provides the comprehensive experimental results and
analyses.

4.1. Experimental setup

4.1.1. Cluster configurations
Fig. 8 exhibits our heterogeneous SBC Hadoop cluster architecture.

The Hadoop cluster comprises eight worker nodes (4×RPi 4B, 3×RPi 3B,
and 1×RPi 3B+) and one master node (RPi 4B). They all connect to a
gibabit Ethernet (GbE) network switch. Table 1 provides more detailed
specifications for each RPi node.

Table 2 lists the cluster configurations. The Ubuntu 20.04 Long
Term Support (LTS) 64-bit Operating System (OS) was installed instead
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Table 3
Hadoop YARN configurations [20]. Here, all memory-related properties are in
megabytes. The JVM heap memory size increases to 820 MB because the default value
always causes an out-of-heap-memory error.

mapred-site.xml Value (default)

yarn.app.mapreduce.am.resource.mb 1536
yarn.app.reduce.am.resource.cpu-vcores 1
mapreduce.map(or reduce).memory.mb 1024
mapreduce.map(or reduce).cpu.vcores 1
mapreduce.map(or reduce).java.opts -Xmx820m

yarn-site.xml Value (default)

yarn.nodemanager.resource.memory-mb 8192
yarn.nodemanager.resource.cpu-vcores 8
yarn.scheduler.minimum-allocation-mb 1024
yarn.scheduler.maximum-allocation-mb 4096
yarn.scheduler.minimum-allocation-vcores 1
yarn.scheduler.maximum-allocation-vcores 32
yarn.nodemanager.vmem-pmem-ratio 2.1

of the Raspberry Pi OS (previously called ‘Raspbian’) due to stability
and compatibility problems [8]. To secure the RPi computing resources,
we excluded a Graphic User Interface (GUI) installation, such as the
GNOME desktop from Ubuntu 20.04 LTS. Moreover, to address a CPU
thermal throttling problem of a powerful RPi 4B effectively [8], we
applied an active cooling system with a fan and a passive one with heat
sinks to all RPi nodes (including RPi 4B nodes). We employed default
values of the Hadoop YARN configuration properties in Table 3 except
the JVM heap memory size (mapreduce.map(or reduce).java.opts) be-
ause we found the default value always causes an out-of-heap-memory
rror. We also adopted default values of Hadoop configurations includ-
ng 128MB of data chunks, 3 of the replication factor, the capacity
cheduler for more objective evaluations.

There are no specific rules to appoint any node to a Namenode
i.e., master node) in the Hadoop cluster. However, since the Hadoop
aster node is responsible for heavy workloads including cluster re-

ource management, job scheduling and monitoring, etc., it is common
o manually assign a powerful node in the cluster to the Namenode
hen Hadoop clusters are configured. Therefore, we also designated
powerful SBC node (i.e., RPi 4B) for the separate Namenode in our

eterogeneous SBC Hadoop cluster.

.1.2. Baseline
We found that SBC cluster nodes with a small RAM amount (such

s third generation RPis with 1 GB of RAM) cannot run native Hadoop
apReduce applications with a large data set. That is, our hetero-

eneous RPi native Hadoop cluster cannot complete widely-known
adoop benchmarks because RPi nodes with 1 GB of RAM always cause
rrors (i.e., node failure) due to insufficient memory space. To solve
his limitation, we allocated an extra swap space (4 GB) to the third
eneration RPis. Thus, we adopted a native Hadoop framework with
n extra swap space allocation as the baseline system.

.1.3. Performance metrics
We primarily measured the total elapsed time of Hadoop MapRe-

uce applications. This total execution time consists of the Hadoop
nitial setup, map phase, reduce phase, and cleanup stage. This metric
epresents the actual Hadoop application performance. System resource
sage: CPU utilization (sys, iowait), I/O traffic, and I/O requests were
lso measured.

For a fair evaluation, we adopted identical datasets and Hadoop
onfigurations for the baseline framework and redesigned ones. Sync
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nd drop cache operations were also performed for every iteration.
Fig. 9. Total execution time of native Hadoop (baseline) and our redesigned Hadoop
(master-driven framework and slave-driven framework). Here, the best case perfor-
mance is selected for native Hadoop. Our proposed design guarantees the better
performance than the native Hadoop’s best case performance. Here, a data size is 4 GB
and a reduce task count is 4.

4.1.4. MapReduce application benchmarks
We adopted two representative Hadoop MapReduce applications:

Terasort as the I/O-intensive workload, Wordcount as the CPU-intensive
workload. The Terasort benchmark sorts random data generated from
the Teragen component. Terasort reads the input files, sorts them
during a map phase, and writes HDFS output files during the reduce
phase. Unlike Wordcount, which typically generates the final data of a
reduced size, Terasort does not change its data size. It simply rearranges
(i.e., sorts) the data sequence in ascending or descending order.

Wordcount benchmark counts the number of separate word occur-
rences from input data (i.e., text or a sequence file). A map function
splits input data into each word (regarding the key–value pair) and
generates intermediate data corresponding to a reduce function’s input
data. Finally, the reduce function aggregates each map’s intermediate
data to the final word count data.

The main goal of this work is not to run various Hadoop ap-
plications, but to verify our redesigned Hadoop frameworks on het-
erogeneous SBC clusters to explore their possibilities and challenges
as pioneering work. Both Wordcount and Terasort applications are
widely employed as representative Hadoop MapReduce benchmark
applications because they have different workload characteristics (I/O-
intensive vs. CPU-intensive workloads).

4.2. Experimental results

This section presents various experimental results and comparative
analyses.

4.2.1. Overall performance
Table 4 presents the overall performance (i.e., total execution time)

of the original Hadoop framework (baseline) and the redesigned frame-
works (master-driven and slave-driven). The AM and all reduce tasks
can be distributed to any SBC node in the entire cluster because
the original Hadoop framework has no specific rules for their assign-
ment to cluster nodes. Thus, we can observe various task assignment
combinations according to their distributions on each cluster node.
Intuitively, the baseline’s best performance (i.e., referred to as the best)
occurs when ApplicationMaster(AM) and all reduce tasks are evenly
distributed to powerful RPi 4B nodes. Similarly, the native Hadoop’s
worst performance (i.e., referred to as the worst) is observed when AM
and all reduce tasks are assigned to weak SBC nodes (i.e., RPi 3Bs).
As a result, for each execution of an identical MapReduce application,
the native Hadoop performance varies from worst to best in Table 4.
For experiments, we manually assigned both tasks to all weak nodes
for the worst-case baseline experiment. Similarly, both were manually

distributed to all powerful nodes for the best-case one.
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Table 4
Total execution time (seconds). Redesigned Hadoop frameworks (master-driven and slave-driven) outperform a native Hadoop framework (baseline). The data chunk size is
128 MB.

# of reduces Input Native Hadoop Master-driven Slave-driven

data size worst best

1

1 GB 500.7 209.1 158.6 196.8
2 GB 1167.5 403.7 252.9 354.7
4 GB 2745.0 718.4 692.5 629.8
8 GB 5254.5 1453.3 1340.0 1284.0

2

1 GB 461.3 143.3 142.7 143.6
2 GB 957.6 287.5 176.0 241.6
4 GB 1599.9 526.5 446.0 455.4
8 GB 2889.8 1004.1 637.3 736.1

4

1 GB 243.6 190.7 141.9 147.8
2 GB 475.9 280.1 152.5 216.2
4 GB 928.9 450.2 264.4 309.7
8 GB 1701.9 862.1 506.3 670.3

(a) Terasort

# of reduces Input Native Hadoop Master-driven Slave-driven

data size worst best

1

1 GB 2468.7 1413.9 1413.7 1431.8
2 GB 5486.7 3025.8 2823.8 2862.6
4 GB 14 922.8 6902.3 6830.2 6690.3
8 GB –

2

1 GB 1973.3 1330.6 1205.1 1337.5
2 GB 5772.2 2785.2 2493.6 2419.7
4 GB 12 419.4 5977.1 5798.7 5691.9
8 GB –

4

1 GB 2522.0 1173.1 1204.5 1213.9
2 GB 4627.4 2471.1 2100.4 2298.2
4 GB 10 268.0 4990.7 4740.8 4742.9
8 GB – – 10 492.7 9958.3

(b) Wordcount
Fig. 10. Total execution time breakdown of MapReduce tasks. Here, each framework adopts 4 GB data and 4 reduce tasks under Terasort. Here, the reduce phase represents the
combined time of both the shuffle phase and the reduce phase.
The proposed design performs better than the native Hadoop by an
average of 2.55× (master-driven) and 2.19× (slave-driven) under Tera-
sort, and 1.55× (master-driven) and 1.52× (slave-driven) under Word-
ount. More importantly, the proposed design guarantees better perfor-
ance than the best case performance of the native Hadoop framework.

ig. 9 exhibits the total execution time for both the baseline and
edesigned Hadoop frameworks (master-driven and slave-driven). For
very conservative evaluation, we compared the redesigned Hadoop

erformance with the best performance of the native Hadoop. As in
ig. 9, the redesigned Hadoop achieves higher performance than the
riginal Hadoop regarding Terasort and Wordcount due to the effective
ask scheduling policies of the redesigned Hadoop YARN.

For a deeper analysis, Fig. 10 breaks down the total execution time
f each framework into four Hadoop execution phases (setup, map,
educe, and cleanup). Here, the reduce phase represents the combined
ime of both the shuffle phase (the summation of the copy and sort
tage) and the reduce phase. It adopts 4 GB of data and four reduce
asks under Terasort (Fig. 9-(a)). For the setup phase, each Hadoop
ramework initializes the AM and prepares each requested container.
nlike the native Hadoop, the proposed design carefully assigns the
M to one of the powerful RPi nodes (i.e., RPi 4B) based on the
achineInfo information each worker node provides. Although these
rocesses require extra setup time, it is a negligible one-time process
about a few milliseconds). After the MapReduce job is completed, a
leanup task is executed. We did not change this cleanup logic; thus,
ach Hadoop framework has an identical cleanup time.

Unlike the setup and cleanup times, the map and reduce phases
ave significantly different execution times between the baseline and
roposed frameworks. For more effective map task processing, we pro-
osed master-driven and slave-driven frameworks. Moreover, new AM
nd reduce task distribution policies are proposed to more intelligently
ssign the reduce tasks (and AM) to heterogeneous SBC cluster nodes.
onsequently, both proposed designs exhibit an average of 2.53× and
.37× faster map task execution time than the map task execution time
best case) for the baseline. In addition, they also achieve 2.44× and
.75× faster reduce execution time than that of the baseline (best case).
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Table 5
MapReduce job performance of each Hadoop framework (baseline vs. the proposed
design) on a single RPi 3B worker node (seconds).

Benchmarks Chunk sizes # of chunks Baseline M-driven S-driven

Terasort

64 MB
2 166.4 172.2 173.1
4 359.7 269.7 280.3
8 911.4 462.6 494.9

128 MB
2 274.4 272.2 311.1
4 575.2 446.8 466.6
8 1267.9 854.4 905.8

Wordcount

64 MB
2 749.2 1157.3 1140.8
4 1372.5 2226.4 2218.1
8 4397.6 4515.3 4579.2

128 MB
2 1538.1 2490.5 2412.4
4 2466.3 4838.0 4857.6
8 6729.8 – –

Please note that processing more than 8 GB of data under Word-
count raises another challenging problem in our SBC cluster configura-
tions. This limitation results from insufficient storage space. Section 5.2
discusses this problem in more detail.

4.2.2. Design verification
Due to insufficient memory, the original Hadoop framework cannot

run MapReduce tasks with a large dataset on resource-frugal SBC
nodes (i.e., RPi 3B and 3B+ with 1 GB of RAM). It attempts to assign
excessive MapReduce tasks to them without carefully considering their
computing resources, which eventually causes node failures.

To resolve this, we added an extra swap space into the third gener-
ation RPi Hadoop nodes. However, we redesigned the Hadoop YARN
architecture to consider nodes’ heterogeneity judiciously in the SBC
Hadoop cluster. The proposed design effectively uses particularly such
SBC nodes with low computing resources. To verify the effectiveness of
the design, we built a single resource-frugal worker node (RPi 3B with
1 GB of RAM) cluster with a master node (RPi 4B with 4 GB of RAM).

Table 5 presents the overall performance for each Hadoop frame-
work (i.e., the baseline vs. our design) on a single RPi 3B worker
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Table 6
Native Hadoop performance for each combination of AM and two reduce task locations on a heterogeneous RPi Hadoop cluster (seconds). Each column title of the second row
corresponds to two reduce task locations. All (AM and two reduce tasks) tasks on RPi 3Bs [4Bs] correspond to the worst [best] performance case. Here, two reduce tasks are
assigned to each node.
Chunk size Input AM on RPi 3B AM on RPi 4B

data size 3Bs 3B&4B 4Bs 3Bs 3B&4B 4Bs

64 MB

1 GB 441 433 282 460 263 219
2 GB 998 717 410 739 478 379
4 GB 1857 1756 745 1497 1223 683
8 GB 3300 3206 1177 3019 2278 882

128 MB

1 GB 461 310 186 453 321 143
2 GB 958 686 255 827 618 287
4 GB 1600 1540 603 1242 1300 527
8 GB 2890 2846 1059 2685 2541 1004

(a) Terasort

Chunk size Input AM on RPi 3B AM on RPi 4B

data size 3Bs 3B&4B 4Bs 3Bs 3B&4B 4Bs

64 MB

1 GB 2891 1475 1300 2423 1267 1267
2 GB 5992 3039 2923 5386 2730 2709
4 GB 12 437 12 336 6503 11 592 11 991 6024
8 GB – –

128 MB

1 GB 1973 1543 1293 2033 1233 1331
2 GB 5772 3016 2812 5150 2807 2785
4 GB 12 419 6046 5980 12 094 6042 5977
8 GB – –

(b) Wordcount
Fig. 11. Native Hadoop performance for the best (all AM and reduce tasks on RPi
4B nodes) and worst (all AM and reduce tasks on RPi 3B nodes) cases. Each case is
classified into two additional cases (separate vs. overlapped) in terms of the reduce
task locations. Here, the dataset size is 4 GB and the reduce task count is two (Figure
(a)) or four. Figure (b) corresponds to the best performance case.

node. The two proposed designs (master-driven and slave-driven) dis-
play no noticeable performance difference because this experiment is
performed on a single worker node cluster. Their MapReduce task
schedulers should assign all tasks to the single worker node (RPi 3B
node). The proposed frameworks have linear scalability as the data
size increases because the proposed Hadoop frameworks sequentially
process all tasks particularly on the weak SBC node to prevent a node
failure. However, we observed a frequent system hang (i.e., freeze)
when they processed a large dataset (here, eight chunks). This study
found that this problem originates from an OS page cache amount when
the chunk count exceeds four. This excessive page cache eventually
leads to memory pressure. To avoid this limitation, we periodically
dropped the page cache.

On the other hand, the total execution time for the baseline signifi-
cantly (more than linearly) increases as the data chunk count increases
because the baseline’s swapping operations inevitably raise significant
extra I/O overhead as the dataset size increases. Thus, the baseline
tends to favor CPU-intensive workloads (Wordcount) over I/O-intensive
workloads (Terasort). However, our designs catch up with the orig-
inal Hadoop performance under Wordcount as the data chunk count
increases due to the linear scalability of the proposed design.

4.2.3. Reduce task distribution
A native Hadoop, unlike map task assignment, does not have spe-

cific policies for assigning the AM and reduce tasks to cluster nodes.
Therefore, noticeable performance variations occur according to their
locations on the cluster nodes. This section explores the correlation
between performance and task (reduce tasks and AM) locations on a
heterogeneous RPi Hadoop cluster.

Several combinations exist for AM and reduce task locations. For
instance, given two reduce tasks, AM can be assigned to an RPi 3B node,
and two reduce tasks can be executed on either a single RPi 3B node
together (‘overlapped’ reduce tasks) or two respective RPi 3B nodes
(‘separated’ reduce tasks). This performance is the worst case example.
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Fig. 12. Write I/O traffic over time during the reduce phase of each application with
a 4 GB dataset and two reduce tasks.

Similarly, AM can be located on a RPi 4B and two reduce tasks can
be assigned to either a single RPi 4B node (‘overlapped’ reduce tasks)
or two individual RPi 4B nodes (‘separated’ reduce tasks), which is the
best case. In addition to these cases, several more location combinations
are possible.

Table 6 presents the native Hadoop performance for each combi-
nation of the AM and two reduce task locations on the heterogeneous
RPi Hadoop cluster. This table assumes each reduce task is allocated to
individual node (not the same node) because this separate reduce task
execution performs better than an overlapped reduce task configuration
where each reduce task is executed on the same node (i.e., single
node). The experiments in Table 6 demonstrate that the reduce task
distribution is a more critical factor than the AM location concerning
Hadoop MapReduce performance. The AM location has a negligible
effect on the total execution time and resource utilization. Thus, this
section focuses more on the reduce task distribution.

As in Table 6-(b), the baseline fails to complete Wordcount with
the 8 GB dataset because of the out-of-heap-space error during the
reduce phase. Unlike Terasort, Wordcount consumes considerable OS
page cache space to store the intermediate data of map tasks tem-
porarily. Furthermore, the reduce tasks require an additional memory
space on top of the map phase, eventually causing the Wordcount job
failure. The Hadoop framework is based on JDK 1.8, which allows
the JVM heap memory to be created only in Dynamic Random Access
Memory (DRAM), not in any alternative devices, such as Solid State
Drives (SSDs) or Hard Disk Drives (HDDs). Thus, the native Hadoop
framework with an extra swap space fundamentally cannot resolve this
limitation.

Fig. 11-(a) exhibits the native Hadoop performance for the best and
worst performance cases. Each case is classified into additional two
cases, separate vs. overlapped, in terms of the locations of the two
reduce tasks. In the worst case (i.e., all AM and reduce tasks on RPi
3Bs), the separate reduce task assignment on each RPi 3B node has
1.88× better performance than the overlapped reduce task assignment
on a single RPi 3B node. Similarly, when all AM and reduce tasks run on
RPi 4Bs (i.e., the best case), the ‘separate’ approach has a 1.73× faster
execution time than the ‘overlapped’ approach. Wordcount also exhibits
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Fig. 13. Various resource utilization types on RPi 3B nodes. The proposed Hadoop frameworks consume less CPU resources and generate less I/O traffic.
a pattern similar to Terasort; therefore, we omitted it. The reduce task
count as well as the reduce task location also has a noticeable effect on
the overall Hadoop MapReduce performance. As in Fig. 11-(b), when it
increases from two to four, the baseline performance also increases by
an average of 1.23×.

Fig. 12 captures the write I/O traffic over time during the reduce
phase of each application. Reduce nodes fetch the output data of each
map task over the Hyper Text Transfer Protocol (HTTP) and write
them to their local disks [40,41]. Thus, overlapped reducers write each
fetched data to a single reduce node, generating higher write traffic in
the node. ‘Overlapped’ produces 1.06× and 2.49× more write traffic
in the reduce node under Terasort and Wordcount, respectively. This
different traffic results from different workload characteristics during
the reduce phase of each application, where Wordcount creates very
heavy intermediate data for map tasks.

These comprehensive experimental results inspired our redesigned
Hadoop YARN scheduler (i.e., AM and reduce task distribution poli-
cies).

4.2.4. Resource utilization
This section explores the performance of the redesigned Hadoop

framework concerning the swap-in/out operations. Admittedly, while
Terasort is a representative I/O-intensive application, Wordcount is a
CPU-intensive application [42]. The sorting process involves frequent
data transfers between the RAM and external storage. The native
Hadoop framework inevitably triggers frequent swapping operations
under I/O bound workloads, decreasing performance. To verify this,
we measured the baseline’s swap-in/out operation on the RPi 3B node
by using the Linux vmstat command while running both Terasort and
Wordcount.

In the worst case environment (i.e., all reduce tasks and AM on
RPi 3B nodes), Terasort generates an average of 2.2× and 1.3× more
swap-in and swap-out operations, respectively than in the best case
environment (i.e., all reduce tasks and AM on RPi 4B nodes). Excessive
swap operations unavoidably cause extra I/O overhead for running ap-
plications. However, Wordcount produces a few I/O operations, causing
a low number of swap-in/out operations. In the best case environment,
Wordcount creates an average of 2.61× and 4.37× fewer swap-in/out
operations, respectively than Terasort. These experiments imply that
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the proposed Hadoop framework benefits more from I/O-intensive ap-
plications due to the effectively redesigned Hadoop YARN architecture,
which does not trigger extra I/O traffic. Fig. 13 illustrates the various
resource utilization types on RPi 3B nodes for each framework (i.e., the
baseline and two proposed frameworks).

CPU utilization: Swap operations cause system-level interrupts
and context switches, directly affecting CPU utilization. Our proposed
frameworks consume an average of 3.28× and 3.5× less CPU than the
baseline Hadoop framework for Terasort and Wordcount, respectively.
We also investigated iowait, which indicates the percentage of time
when the CPU is idle and waiting for I/O operations to complete.
Frequent swap operations lead to a high iowait since the CPU spends
more time waiting for data to be read from or written to the swap
space. As in Fig. 13-(b), our frameworks exhibit a lower iowait than
the baseline by an average of 1.27× and 1.80× under Terasort and
Wordcount, respectively.

I/O traffic: Swapping involves reading data from memory and
writing them to disks (swap space). This method generates significant
I/O traffic, creating a performance bottleneck, especially on systems
with slow disks or heavy I/O loads. Fig. 13-(c) presents the write
I/O traffic for each Hadoop framework. Our frameworks generate an
average of 1.67× and 2.12× less write I/O traffic under Terasort and
Wordcount. For the read I/O, the proposed frameworks produce 1.26×
and 2.08× less traffic, respectively. We omitted this read I/O plot due
to its similarity to the write I/O patterns.

I/O requests: The I/O requests represent the number of merged
requests in the device queue per second. When I/O requests stay in
a device queue, they wait for their turn until the device executes
them. Thus, swapping has a significant influence on I/O requests. The
proposed frameworks outperform the native Hadoop by an average of
13.86× and 32.98× fewer write I/O requests and 73.24× and 39.28×
fewer read I/O requests under Terasort and Wordcount, respectively
(Fig. 13-(d)).

4.2.5. Master-driven vs. Slave-driven
This section discusses the proposed frameworks (master-driven and

slave-driven). Table 4 indicates that our redesigned Hadoop frame-
works always perform better than the best (not the average) perfor-
mance of the native Hadoop framework. For instance, the master-
driven design achieves an average performance of 1.41× and 1.24×
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Table 7
Average map task distribution rates for each Hadoop framework. It represents a ratio
of the successfully executed map task count on RPi 3B nodes to the total map task
count on the RPi Hadoop cluster.

Benchmark Input data size Native Hadoop Master-driven Slave-driven

worst best

Terasort
2 GB 0.60 0.52 0.25 0.56
4 GB 0.30 0.35 0.13 0.35
8 GB 0.09 0.11 0.20 0.40

Wordcount
2 GB 0.17 0.21 0.06 0.19
4 GB 0.09 0.19 0.13 0.19
8 GB – – 0.06 0.19

better than the best baseline performance under Terasort and Word-
count, respectively. More interestingly, the master-driven framework
exhibits slightly higher performance than the slave-driven framework:
on average, 1.16× and 1.018×, respectively for Terasort and Word-
ount. This outcome is because they provide different task distribu-
ion policies according to each node’s computing resource information
i.e., machineInfo).

Table 7 presents the average map task distribution rates for each
Hadoop framework. Specifically, it represents a ratio of a successfully
executed map task count on RPi 3B nodes (i.e., resource-frugal SBC
nodes) to the total map task count in the cluster. As the input data size
increases, this ratio of the native Hadoop decreases. Unlike the pro-
posed frameworks, the baseline concurrently processes multiple map
tasks on each RPi 3B node with the help of the extra 4 GB swap space.
More extensive input data inevitably trigger more frequent swapping
I/O operations on weak worker nodes, which reduces the chance of
subsequent map task assignment to the overburdened RPi 3B nodes.

The redesigned Hadoop frameworks present a different map task
distribution on RPi 3B nodes. Task scheduling policies of the master-
driven framework concentrate more on a faster total execution time
because the global RM effectively assigns each task to each worker node
based on the computing resources. Thus, the master-driven design tends
to distribute as many tasks as possible to the powerful worker nodes,
such as RPi 4B, resulting in relatively low map task distribution rates
on RPi 3B. Contrarily, the slave-driven design somewhat considers task
load balancing as well as the total execution time because each local
NM on the respective worker nodes determines their appropriate task
scheduling mode based on their computing resources. As in Table 7,
the slave-driven framework has higher map task distribution rates on
RPi 3B nodes than the master-driven framework.

This task distribution rate is closely associated with a task wave
that is the maximum number of concurrently executable containers in
the cluster. This task wave corresponds to a total summation of the
concurrent container count for each worker node in the cluster. The
number of the concurrent containers, 𝐶𝐶, is directly calculated from
the Hadoop YARN configurations for each worker node (Table 3) using
the following equation:

𝐶𝐶 =
𝑦𝑎𝑟𝑛.𝑛𝑜𝑑𝑒𝑚𝑎𝑛𝑎𝑔𝑒𝑟.𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒.𝑚𝑒𝑚𝑜𝑟𝑦 − 𝑚𝑏
𝑚𝑎𝑝𝑟𝑒𝑑𝑢𝑐𝑒.𝑚𝑎𝑝(𝑜𝑟 𝑟𝑒𝑑𝑢𝑐𝑒).𝑚𝑒𝑚𝑜𝑟𝑦.𝑚𝑏

(1)

Based on Eq. (1), the RM in our Hadoop cluster assigns eight
oncurrent containers for each RPi worker node; thus, the cluster’s
ask wave corresponds to 64 (i.e., 8 concurrent containers × 8 worker
odes). However, unlike the slave-driven design, the master-driven
ramework’s task wave in our cluster is 36 (not 64): 8 concurrent con-
ainers × 4 RPi 4B worker nodes and 1 container × 4 third generation
Pi worker nodes.

In the master-driven design, the RM (not the NM) controls the
oncurrent container count of each worker node and changes the count
rom eight to one for the resource-frugal RPi 3B (or 3B+) nodes based
n their computing resource information. For example, assuming the
nput data size is 8 GB and the chunk size is 128 MB, 64 total data
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hunks exist in the cluster. Although our slave-driven design has a S
ave factor of one, the master-driven design has a wave factor of
wo. The wave factor is calculated by dividing the total data chunk
ount by the cluster’s task wave. Therefore, our slave-driven framework
an process all map tasks in a single wave because its wave factor is
ne. However, the proposed master-driven design requires two waves
o process them. Thus, for each wave, the RM of the master-driven
ramework attempts to assign as many map tasks as possible to the
owerful SBC worker nodes (RPi 4B) while the weak RPi 3B or 3B+
odes are still processing their map tasks. This is the main reason
he master-driven framework somewhat favors the total execution time
eduction. Moreover, to assign a map task to a performance-frugal SBC
ode, the RM of the master-driven framework first creates a container
n a weak worker node and runs a map task in the container. Then,
t withdraws the container once the map task is completed on the
eak node. The master-driven design requires these three steps for each
ap task execution on the performance-frugal SBC node, causing extra

verhead.
Conversely, the proposed slave-driven framework utilizes a thread

ool to efficiently launch each container. Even though the NM of the
lave-driven design sets the maximum thread count to one to prevent
ode failure (i.e., for sequential map task processing like the master-
riven design), its scheduling overhead is lower than the master-driven
ramework. Thus, relatively more map tasks can be effectively executed
n the performance-frugal SBC nodes. Consequently, the slave-driven
esign exhibits higher average map task distribution rates on RPi 3B
odes than the master-driven design.

More interestingly, all three designs exhibit noticeably lower map
ask distribution rates on RPi 3B nodes under Wordcount than Terasort
ue to more frequent Hadoop speculative executions. While a single
ap task processing on the RPi 3B node takes an average of 56 s

or Terasort, it takes significantly longer, on average 906 s for Word-
ount. This long map phase on RPi 3B nodes under Wordcount more
requently triggers speculative execution on other nodes in the cluster,
ausing lower map task distribution rates on RPi 3B nodes.

. Discussion

This section discusses other interesting problems regarding our
eterogeneous SBC cluster study.

.1. Uberized jobs

Uber mode in Hadoop is a mode that allows MapReduce tasks to
un through the AM’s JVM without allocating a separate container for
ach task to save memory [43]. That is, multiple containers can be
aunched on the same JVM, enabling the execution of multiple tasks
imultaneously on a resource-frugal SBC worker node without creating
ndividual task JVMs (i.e., YarnChild). We observed that, unlike the
xperimental results in Fig. 2, two map tasks can concurrently process
28 MB data under this uber mode without causing the OOM problem.
he Hadoop uber mode reduces communication overhead within JVMs
s well as container initialization and termination overhead. As a result,
wo concurrent map tasks can be successfully executable on such a
esource-frugal RPi 3B node.

However, the uber mode in Hadoop has the following strict limita-
ions. It supports (1) map-only jobs with at most nine tasks, or (2) jobs
ith a single reducer, or (3) the input data size smaller than the HDFS

hunk size. Due to these three constraints, this mode is inappropriate
or typical Hadoop cluster environments.

.2. Temporary data

The volume of Hadoop temporary data significantly influences the

BC Hadoop cluster because SBCs generally adopt limited storage
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Table 8
All temporary data for processing the 8 GB dataset (i.e., 64 × 128 MB data chunks)

ith two reduce tasks on the cluster of eight RPi worker nodes, measured on a reduce
ode (RPi 4B) in the slave-driven framework. All map output data are assumed to be
etched evenly (i.e., eight map tasks for each worker node), and all map tasks are
ompleted successfully.
Temporary data Terasort (MB) Wordcount (MB)

(a) Spilled data in the map phase – –
(b) Intermediate output data after the map phase 134 × 8 653 × 8
(c) Fetched intermediate data – 327 × 64
(d) Merged data in the reduce phase 400 × 10 1500 × 10

devices, such as micro Secure Disks (microSDs) or embedded Multi-
Media Controller (eMMC) cards [44]. During MapReduce processing,
the Hadoop framework generates four kinds of temporary data: (1)
spilled data in the map phase, (2) intermediate output data after the
map phase, (3) fetched intermediate data, and (4) merged data in the
reduce phase.

Each map task has a circular memory buffer (100 MB by default).
The data are spilled to the disk once the buffer reaches a threshold
(80% by default). Given that the HDFS block size is 128 MB, while the
Hadoop framework generates the same spill data amount as the chunk
size under Terasort, Wordcount produces 20 spilled data files each of
which is 31 MB. After completing a map task, these spilled data are
immediately deleted. However, if a map task fails, the corresponding
spilled data remain until the job successfully ends.

Unlike the spilled data, map output data are not promptly removed
from the disk once any reducer fetches them in case of the reducer’s
failure. Therefore, they should stay on disk until the job succeeds. For
each map task, we observed both Terasort and Wordcount generated
134 MB (128 MB plus meta data) and 653 MB (31 MB × 20 plus meta
data) of intermediate map output data, respectively.

Each reduce task copies a corresponding partition of each map
output data from the cluster worker nodes over HTTP by using a buffer
(300 MB by default). Terasort does not write the fetched data onto
disk because they are small enough to be processed entirely in the
buffer. However, Wordcount spills considerable fetched data onto the
disk depending on the input data.

Finally, all partitions fetched from each map output data across
the cluster must be merged before reduce task processing. This merge
phase consists of multiple rounds, depending on map output counts
and a merge factor (10 by default) [20]. As in Table 8, Terasort and
Wordcount produced 400 MB and 1.5 GB of merged data for each
merge round.

Table 8 lists the total amount of all temporary data on a single RPi
4B node hosting one reduce task in the proposed slave-driven Hadoop
framework. Input data are 8 GB, and the reduce task count is two. As
all map tasks are completed, (a) the spilled data in the map phase do
not remain during MapReduce processing.

Whereas Terasort produces about 5 GB of all temporary data on a
single RPi node with the reduce task, Wordcount generates about 35 GB
of all temporary data. Although they do not exceed our storage limit
(64 GB) for each RPi node, their size is never negligible considering the
resource-frugal SBC cluster environment. Moreover, the native Hadoop
framework requires an extra swap space (4 GB). In practice, map output
partitions are not evenly generated, which may cause an out-of-storage-
space error on a worker node. Such a worker node is shut down
and eventually reaches an inactive state. Therefore, we observed that
particularly Wordcount, unlike Terasort, cannot complete with 8 GB of
input data (Table 4). When this Wordcount with 8 GB of input data is
executed on a single desktop PC, temporary data reach about 83 GB.

To secure the storage space in the resource-frugal SBC nodes, we
may consider reducing the HDFS replication factor to one or map
output data compression. However, the low replication factor may
achieve storage savings at the cost of the Hadoop fault tolerance.
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Map output compression significantly lengthens the total execution
time. Adopting external storage devices via USB 3.0 ports may be an
additional option. However, many earlier SBC generations still employ
low-speed I/O ports, such as USB 2.0 ports.

5.3. Different performance views

Lee et al. [8] demonstrated that a Hadoop cluster of five RPi 4B
worker nodes performed better than a single desktop PC in terms of
performance-per-watt and per-dollar. In addition, their study implied
that a cluster of seven RPi 4B nodes could provide an overall Hadoop
performance comparable to a single desktop PC.

This section discusses the possibilities of the proposed framework
(i.e., master-driven) on the heterogeneous Hadoop cluster (for configu-
rations, see Table 2). To validate this, we installed the proposed master-
driven Hadoop framework on a single desktop PC (i5-9600K@3.7 GHz
(six cores), 8 GB of RAM, 500 GB of SSD). We measured the total
execution time and power consumption under the Terasort benchmark
with 32 GB of input data. The single desktop PC exhibits a 2.73×
faster execution time than the heterogeneous RPi cluster. The PC costs
about $600 (USD), and the heterogeneous cluster costs about $635
(i.e., $35 for RPi 3B and 3B+, $55 for RPi 4B 4 GB RAM, $10 for
each storage media, and $130 for the network setup), implying that the
proposed Hadoop cluster still does not exhibit performance-per-dollar
comparable to the single PC. In addition, the PC consumes about 102 W
and the cluster requires approximately 55 W during the benchmarking.
Though the heterogeneous RPi cluster exhibits 1.85× lower power
consumption, it does not display performance comparable to the PC
per-dollar or per-watt, primarily because the previous generation RPi
nodes never matched the desktop PC for either metric. Their overall
performance is significantly lower than the latest generation RPi 4B
nodes even though their unit price is identical or similar to RPi 4B [8].
Therefore, we can expect that heterogeneous RPi clusters consisting of
the latest RPi 4B or future generation RPi nodes may exhibit promising
possibilities for big data processing in terms of the performance metrics.

5.4. Runtime overhead

Our redesigned YARN scheduler’s runtime overhead is negligible
compared to the original one. Most parts of the proposed scheduler
algorithms follow the original YARN’s procedures except the following
main parts;

First, during the YARN service initialization, the proposed design
determines a MapReduce processing mode (i.e., either a parallel pro-
cessing mode or a sequential processing mode) based on the com-
putational capabilities that the machineInfo identifier component for
each SBC worker node provides. This is just a one-time (not periodic)
communication process between the NM and the RM after each NM
starts. Thus, this runtime cost is negligible.

Second, we redesigned data locality check policies for both the AM
and the reduce tasks distribution in Hadoop YARN’s ContainerAllocator
component by modifying the OFF_SWITCH policy. If a ResourceRequest
belongs to either the AM or reduce tasks based on its priority, the
ContainerAllocator component distributes them to powerful SBC nodes.
To implement this policy, we simply added one nested if-statement in
the ContainerAllocator component to check container priority and to
assign the corresponding (AM or reduce) task to one of the powerful
SBC nodes (i.e., RPi 4B node). Unlike map task sending a frequent
ResourceRequest, they do not transmit it frequently. That is, they are
allocated to powerful cluster nodes only once for each application

submission. Therefore, this runtime cost is also very negligible.
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6. Conclusion

This paper presents the redesigned Hadoop YARN architecture to
improve Hadoop MapReduce application performance on heteroge-
neous SBC Hadoop clusters, proposing two Hadoop framework de-
signs: master-driven and slave-driven frameworks. Both provide differ-
ent MapReduce task scheduling mechanisms based on the computing
resource information from each heterogeneous SBC node in the cluster.
They distribute Hadoop MapReduce tasks more effectively to each
heterogeneous node and determine the Hadoop processing mode (the
parallel or sequential processing mode) depending on the computing
resources for each node.

A native Hadoop framework, unlike map task assignment, does
not provide specific policies for assigning the AM and reduce tasks to
cluster nodes, causing significant Hadoop performance variations. This
outcome significantly affects Hadoop performance, particularly on the
performance-frugal SBC clusters. To resolve this problem, this paper
also proposes new policies for effective AM and reduce task assignment
across SBC cluster nodes according to the computational capabilities of
each SBC node.

Consequently, by carefully considering the heterogeneity of SBC
Hadoop cluster nodes, the redesigned Hadoop framework notably
improves performance. To the best of our knowledge, the proposed
Hadoop design is the first Hadoop YARN framework to explore various
challenges on heterogeneous SBC Hadoop clusters for big data pro-
cessing. Our comprehensive experiments with representative Hadoop
benchmarks demonstrate that our redesigned framework achieves an
average of 2.55× and 1.55× performance improvement under I/O-
intensive Terasort workloads and CPU-intensive Wordcount workloads,
respectively.

Our future work covers developing optimal JVM memory configu-
rations for each container based on computing resources and workload
characteristics.
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