
BigOPERA: An OPportunistic and Elastic Resource Allocation for big
data frameworks

Pablo V. Caderno1 • Feras Awaysheh3 • José C. Cabaleiro1,2 • Tomás F. Pena1,2
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Abstract
Efficient asset management is essential for optimizing the performance and scalability of modern Big Data (BD) frame-

works. However, traditional resource allocation methods often suffer from static partitioning, inefficient resource uti-

lization, and high operational costs, limiting their ability to adapt to fluctuating workloads dynamically. This paper

introduces BigOPERA, an opportunistic and elastic resource allocation framework designed to enhance BD processing

environments by integrating dedicated and non-dedicated computing assets. Leveraging containerization and a two-tiered

scheduling mechanism, BigOPERA dynamically manages available resources to improve workload execution efficiency.

Experimental results demonstrate that BigOPERA achieves up to 35% performance improvement over native Apache

Spark configurations, significantly enhancing computational throughput while optimizing resource consumption. Our

findings highlight the potential of BigOPERA in scalable, cost-effective, and sustainable BD processing.

Keywords BD � Apache Spark � Opportunistic scheduling � Dynamic resource provisioning � Resource allocation �
Elastic computing � Green computing

1 Introduction

Big Data (BD) analytics, characterized by its volume,

velocity, variety, and veracity, has propelled data analytics

to the forefront of modern business strategies and scientific

research [1]. It employs advanced techniques, algorithms,

and technologies to extract meaningful insights from

massive datasets [2]. This multidisciplinary field integrates

data science, statistics, and computer science principles to

enhance decision-making, optimize processes, and drive

innovation across domains such as finance, healthcare,

marketing, and scientific research [3, 4]. Consequently, BD

plays a pivotal role in both industry and academia [5].

At its core, BD analytics relies on cluster computing to

enable large-scale data processing in local and cloud

environments [6]. However, traditional cluster computing

solutions often statically partition resources into applica-

tion-specific clusters, such as High-Performance Comput-

ing (HPC) and High-Throughput Computing (HTC). While

this approach provides predictable performance for specific

workloads, it also leads to infrastructure silos and ineffi-

cient resource utilization, preventing real-time reallocation

based on demand fluctuations. As a result, resources remain

idle during off-peak periods, while peak workloads expe-

rience bottlenecks, increasing operational costs and

degrading system performance.

Moreover, resource fragmentation within enterprises

further exacerbates inefficiencies. Many organizations
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maintain multiple isolated clusters for different workloads,

preventing resource sharing even when some clusters are

underutilized while others are overloaded. This rigid

structure increases infrastructure costs and reduces system

flexibility. Addressing these challenges requires dynamic

and adaptive resource management strategies to optimize

utilization and enhance the efficiency of BD analytics

environments.

The rise of containerization technologies, such as

Docker and Kubernetes, has introduced new possibilities

for resource management. However, these technologies

primarily focus on container orchestration and do not

provide a comprehensive solution for integrating dedicated

and non-dedicated resources in a unified manner. Although

Kubernetes excels at managing containerized applications

in cloud environments, it does not address the challenge of

dynamically scaling resources based on real-time demand

or integrating opportunistic resources into the resource

pool. Addressing these challenges requires a more dynamic

and efficient approach to resource management, leveraging

dedicated and opportunistic computing resources while

minimizing environmental impact [7].

In this paper, we introduce BigOPERA: An OPpor-

tunistic and Elastic Resource Allocation for BD, a novel

framework that enhances Apache Spark by integrating

opportunistic computing. Traditional static resource allo-

cation models often lead to inefficiencies, whereas BigO-

PERA leverages idle or underutilized resources to improve

scalability, cost efficiency, and performance. Our frame-

work dynamically integrates opportunistic resources with

Spark, ensuring seamless operation with minimal modifi-

cations. Through comprehensive performance evaluation,

we demonstrate its ability to handle fluctuating workloads,

optimize resource utilization, and reduce operational costs.

Additionally, BigOPERA contributes to sustainable com-

puting by minimizing energy consumption and infrastruc-

ture costs.

The key contributions of this paper include:

– A two-tiered, fine-grained scheduling mechanism.

BigOPERA introduces a dynamic resource allocation

strategy that optimally manages dedicated and oppor-

tunistic computing resources in real-time.

– Scalable and elastic containerization deployment

architecture. Leveraging Docker and Kubernetes con-

tainers, BigOPERA seamlessly integrates Apache

Spark and HTCondor, reducing resource fragmentation

and improving workload management.

– Performance improvements and cost efficiency.

BigOPERA achieves up to 35% performance gains

over native Spark by efficiently utilizing idle resources

and ensuring optimal computational power allocation.

– Fault tolerance and sustainable deployment envi-

ronment. The framework enhances Spark’s resilience

in dynamic environments, handling intermittent

resource availability while promoting green computing

practices through reduced energy consumption.

The paper is structured as follows: in Sect. 2, we discuss

the current state of resource management in BD environ-

ments, emphasizing significant advancements and existing

limitations. Section 3 describes the motivation behind

developing BigOPERA, identifying key issues being

addressed. Section 4 describes the design of the BigO-

PERA framework. Section 5 presents the experimental

setup used to evaluate the framework performance, and

Sect. 6 presents and discusses the results. Section 7 con-

cludes the study and introduces future research directions

to enhance and expand BigOPERA’s capabilities.

2 Background and related work

Resource management in BD environments has become a

complex and critical area of research, and researchers are

striving to balance the demands of computational work-

loads with available infrastructure. Situated within the

realm of scalable computing and data-intensive applica-

tions, this field has evolved through various approaches to

improve resource allocation strategies and optimize com-

putational throughput. This section concisely reviews cru-

cial foundational and recent contributions that inform the

development of our proposed BigOPERA framework.

2.1 BD challenges

BD has been a game-changer across many fields, letting us

analyze massive, complex datasets that were once too

much to handle. However, this wealth of information

comes with its own set of problems that organizations and

researchers need to tackle. These challenges include,

among others, data privacy and security concerns [8], data

quality and integrity, scalability and infrastructure costs,

technical complexity, and the need for specialized exper-

tise to manage and analyze large datasets effectively [9].

Implementing such systems often involves complex con-

figurations and fine-tuning to ensure they operate effi-

ciently and meet large-scale data operations’ demands.

As the volume of data grows exponentially, organiza-

tions face significant complications with scaling their

infrastructure to manage and process these vast datasets.

Ensuring that the infrastructure can handle increasing

amounts of data involves enhancing hardware capabilities,

such as storage and processing power, and utilizing dis-

tributed computing frameworks like Apache Hadoop [10]
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and Apache Spark [11]. However, this scalability comes

with substantial infrastructure costs. These costs range

from the initial capital investments in hardware to ongoing

expenses for system maintenance, energy consumption,

and cloud services. Balancing the need for scalability with

budget constraints is a critical consideration for organiza-

tions leveraging BD.

BigOPERA explicitly aims to alleviate the last two key

challenges by providing a seamless and straightforward

solution that integrates effortlessly with existing Spark

clusters. It does not require Spark architecture, applica-

tions, or cluster configuration modifications. Unlike other

solutions that demand additional libraries, dependencies, or

infrastructure changes [12, 13], BigOPERA functions as an

add-on that works with the existing Spark ecosystem. It

enables enterprises to scale their extensive data operations

efficiently without costly infrastructure upgrades.

2.2 Resource management

Cluster resource management encompasses two funda-

mental functions: resource allocation and task scheduling.

Resource allocation refers to the dynamic distribution of

computational resources among users or applications,

adhering to a predefined global policy that ensures

equitable access. This policy typically considers fairness

constraints or priority-based allocations to optimize

resource utilization. Conversely, task scheduling involves

mapping a scheduling unit such as a task, process, con-

tainer, or virtual machine, to an appropriate node within the

cluster, ensuring efficient execution with the allocated

resources.

Traditional approaches in data centers often partition

computational resources into static, application-specific

clusters. Zaharia et al. [14] highlight that while this method

may provide predictability, it leads to inefficient resource

utilization due to its rigid, preallocated structure. The

inherently dynamic and fluctuating nature of BD workloads

often conflicts with such static partitioning, resulting in

computational inefficiencies and resource underutilization.

The emergence of the MapReduce programming

model [15] and its open-source implementation, Hadoop,

has spurred significant research interest [16]. Among var-

ious research topics, task scheduling has gained substantial

attention, leading to the development of numerous

scheduling algorithms. These algorithms are generally

categorized into two broad groups [17]:

– Static (offline) scheduling this approach assigns jobs to

processors before execution begins, leveraging prior

knowledge of task execution times and available

computing resources. The allocation decisions are

made during compilation, enabling optimized but

inflexible scheduling strategies.

– Dynamic (online) scheduling: unlike static scheduling,

dynamic scheduling assigns jobs to processors during

execution, requiring minimal prior knowledge of job

resource requirements. This approach accommodates

uncertainty in the execution environment, enabling

greater adaptability to workload fluctuations.

Dynamic scheduling plays a crucial role in optimizing

performance and efficiency in BD processing environ-

ments [18]. Unlike static scheduling, which relies on pre-

determined resource assignments, dynamic scheduling

adjusts resource allocation in real time to meet fluctuating

workload demands. Advanced algorithms, including ML-

based techniques, have been employed to predict workload

patterns and adapt resource allocations accord-

ingly [19, 20]. By dynamically balancing loads across

nodes and mitigating bottlenecks, this approach ensures

that high-priority tasks receive the necessary resources

promptly.

Additionally, dynamic scheduling enhances resource

utilization by reallocating idle or underutilized resources,

thereby maximizing throughput and minimizing latency.

Due to its inherent flexibility and responsiveness, dynamic

scheduling is particularly well-suited for managing the

complexity and unpredictability of BD applications, lead-

ing to more efficient and resilient data processing systems.

A comparative analysis of various BD resource manage-

ment approaches, including the methodologies, perfor-

mance metrics, and findings of relevant studies, is provided

in Table 1.

The elasticity of resource allocation has also been

extensively explored in the context of cloud and distributed

computing environments. Verma and Kaushal [21]

emphasize the advantages of elastic resource allocation,

highlighting its ability to improve computational through-

put by dynamically adjusting resource availability in

response to workload fluctuations. However, a persistent

challenge in elastic resource allocation lies in ensuring that

resources are optimally distributed in alignment with

workload demands. Addressing these critical challenges,

This paper introduces a two-tiered, fine-grained scheduling

mechanism (BigOPERA) designed to enhance resource

efficiency and adaptability in BD environments.

2.3 Related work

The paradigm of dynamically creating disposable clusters,

as espoused by BigOPERA, finds echoes in the work of

Hindman et al. [22], wherein Mesos is introduced as a

platform for sharing commodity clusters between multiple

diverse cluster computing frameworks, ensuring optimal
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resource utilization by sharing resources in a fine-grained

manner among different applications. Similarly,

MOON [12] introduces a novel approach to leveraging

opportunistic computing environments for MapReduce

workloads. This approach extends the concept of dynamic

cluster creation by harnessing transient and opportunistic

resources and optimizing resource utilization for dis-

tributed data processing tasks. The work described in [12]

highlights the importance of adapting to changing resource

availability and aligns with the broader trends in dynamic

cluster management for efficient, cost-effective, and scal-

able distributed computing.

In the context of mobile edge computing (MEC), Chen

et al. [25] propose a Mobility-aware Service Migration

(MSM) scheme that leverages data-driven approaches to

optimize service migration in dynamic environments.

MSM focuses on reducing service delays by mining user

mobility patterns and employing deep reinforcement

learning (DRL) to make optimal migration decisions. This

approach is particularly relevant to BigOPERA’s goal of

dynamic resource allocation, as both frameworks aim to

optimize resource utilization in environments with fluctu-

ating workloads and resource availability. While MSM

targets service migration in MEC scenarios, BigOPERA

extends this concept to big data processing by integrating

opportunistic resources with Apache Spark, demonstrating

the broader applicability of dynamic resource management

strategies across different computing paradigms.

The increasing adoption of Apache Spark has brought

resource utilization to the forefront of research. Both

industry and academia have made significant efforts to

enhance Spark’s performance and efficiency, such as the

TR-Spark project [26]. Other studies, particularly those

focusing on cloud environments, have worked on improv-

ing Spark’s resilience by optimizing the use of spot

instances [27] and focusing on cost savings through better

resource utilization [28].

OpERA [13] represents a significant effort to enhance

resource utilization within BD frameworks by modifying

the Fair Scheduler of Hadoop YARN [29]. The study

proposes a strategy to increase resource utilization and

reduce job execution times by reallocating available

resources to pending tasks based on runtime utilization

knowledge. The central concept is to improve resource

sharing; the scheduler can then reallocate idle or

underutilized resources from one task to another waiting

task. This creates a more granular scheduling approach

aimed at optimizing resource use within the dedicated

resource pool. In contrast, BigOPERA extends this concept

by incorporating non-dedicated workers, thus expanding

resource utilization beyond the confines of the cluster’s

dedicated resources. Hence, many paradigms, such as data

stream processing [30], can utilize it.

Our work distinguishes itself by proposing a hybrid

model approach for Apache Spark, which, to our knowl-

edge, remains unexplored in current literature. Moreover,

our solution can be universally applied across cloud and

local cluster systems.

3 Problem formulation and motivation

This section defines the problem, outlines the motivation

behind our approach, presents our key contributions, and

formalizes the mathematical framework guiding our pro-

posed solution.

3.1 Problem statement

With the advent of the BD era, practitioners have started

building larger clusters using data lake/data hub architec-

tures to support data-intensive applications. These clusters

aim to accommodate a variety of dissimilar workloads for

the daily data analytics and operations of the organization.

Meanwhile, HTCondor is a leading and primarily used at

Table 1 Comparative analysis of different works in BD Resource Management

Paper Scalability Elasticity Resource Allocation Performance Cost-Effectiveness Usability Interoperability Adaptability

Mesos [22] 5 3 5 4 4 3 5 5

K8s [23] 3 5 5 5 4 4 5 5

Moon [12] 2 3 3 3 5 3 3 3

Sparrow [24] 4 2 4 4 4 3 3 3

BigOPERA 4 4 5 5 5 4 4 5

Table presents a comparative analysis of various BD Resource Management, with scores ranging from 1 to 5. Each score reflects how effectively

the respective paper addresses key issues such as Scalability, Elasticity, Resource Allocation Efficiency, Performance, Cost-Effectiveness,

Usability, Interoperability, and Adaptability. The values were calculated based on the degree to which each work provides solutions or strategies

for managing these critical aspects within BD environments
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High-Throughput Computing (HTC) facilities, such as

particle accelerator research centres [31], with efficient

resource-sharing across distributed nodes for the broader

HTC applications.

BigOPERA aims to enable the coexistence of Apache

Spark and HTCondor within the same physical confines of

an enterprise or data centre. This initiative strives to reduce

the fragmentation of data centre resources and eliminate

computational silos. Additionally, BigOPERA manages the

entire Spark lifecycle by leveraging containerization tech-

nology, specifically Docker containers.

Containerization technologies have revolutionized

application deployment and management, addressing

longstanding issues of resource inefficiency. With tools

like Docker, which offer lightweight and isolated envi-

ronments, applications have become significantly more

scalable and more accessible to manage [23]. These

advancements were pivotal in developing container

orchestration systems such as Borg and Kubernetes [32].

Containers have changed how we build and deploy

software. Bundling applications, configurations, libraries

and dependencies in a consistent format allows software

developers to create a new level of abstraction. These new

containerized applications shifted the focus in data centres

from hardware to the applications themselves, underscor-

ing its far-reaching impact.

By using containers, BigOPERA allows Spark to run as

an HTCondor framework. So, Spark applications (i.e., BD-

like) can run side-by-side with HTCondor (i.e., HTC-like)

and dynamically share cluster resources. BigOPERA

abstracts the cluster resources to achieve efficient task

scheduling and provides standard data-driven services in a

sandbox (using container technology) environment. More-

over, the project aims to answer urgent questions con-

cerning large-scale distributed clusters: utilization,

flexibility, scalability, and performance. Table 2 illustrates

the challenges and issues we are addressing with

BigOPERA.

3.2 Motivation and objectives

Although opportunistic computing has been explored in

various distributed systems, no existing work has combined

Apache Spark and HTCondor on a unified resource pool

with a common scheduling mechanism. Traditional BD

frameworks primarily focus on static cluster management

(e.g., Spark on YARN) or opportunistic job execution (e.g.,

HTCondor), but not both in a fully integrated system. Our

work bridges this gap by harmoniously integrating Spark

and HTCondor within the same computing infrastructure,

allowing dynamic workload scheduling, better resource

sharing, and improved execution efficiency.

This novel integration enhances the full utilization of

containerized computing environments, allowing Spark

workloads to leverage dedicated and non-dedicated

resources effectively. By eliminating resource silos, the

proposed framework unifies Spark’s in-memory processing

with HTCondor’s batch job scheduling, enabling elastic,

multi-framework computing where both interactive and

batch-processing workloads coexist on the same infras-

tructure. This hybrid approach maximizes workload effi-

ciency, minimizes idle resources, and offers new

possibilities for real-time federated learning, multi-cluster

resource sharing, and energy-efficient computing [33–35].

The primary objective of this study is to develop and

evaluate a hybrid resource management framework that

integrates opportunistic computing with Apache Spark

through HTCondor. The proposed framework introduces an

adaptive scheduling strategy that dynamically balances

dedicated and opportunistic resources to optimize execu-

tion efficiency. By leveraging container technology

(Docker/Kubernetes), the system ensures flexible, scalable,

Table 2 Defining BigOPERA’s knowledge domain

Numbers Problem description Type

1 Low utilization of most modern commodity computers and clusters Utilization

2 Resources static partitioning within a physical confine of an enterprise Flexibility

3 Statically sizing the cluster on peak utilization and installing new servers to enhance the throughput when demand Flexibility

4 Increasing gap between computation and I/O capacity on high-end workstations for scientific experiments Performance

5 Dependency on multi-tenant (e.g., cloud computing) raises many issues, such as security, data movement,

performance degeneration, etc.

Utilization

6 Wasting many computing cycles for testing middleware and applications that are not in production yet Utilization

7 The need to enhance the performance with minimal cost of deployment Performance

8 Running a new type of experiment on the same resources with minimal configuration and keeping it extensible to any

prior design

Flexibility

9 Reducing carbon footprint Optimization
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and fault-tolerant resource utilization, making it suit-

able for large-scale, distributed data analytics.

A critical aspect of this work is to validate the perfor-

mance improvements of this integration through compre-

hensive benchmarking, measuring workload execution

time, resource efficiency, and scalability under various

workload conditions. Furthermore, this research explores

how the unified framework can contribute to more efficient

modern computing workflows, cross-cluster resource allo-

cation, and reduced environmental impact through opti-

mized energy consumption. By addressing these

challenges, this study lays the foundation for fully utilized,

cost-effective, and scalable computing environments, ulti-

mately improving the efficiency of modern BD processing

frameworks.

3.3 Mathematical model for resource
management

In BD processing systems, resource management can be

formulated as an optimization problem to minimize costs

or maximize performance, subject to various constraints.

3.3.1 Objective function

The objective function is defined as follows:

min
x

XN

i¼1

CiðxiÞ; ð1Þ

where:

– xi: resources allocated to task i,

– CiðxiÞ: cost associated with allocating xi resources to

task i,

– N: total number of tasks.

3.3.2 Constraints

(1) Resource Capacity Constraint this constraint ensures

that the total allocated resources do not exceed the avail-

able capacity Rtotal:

XN

i¼1

xi �Rtotal: ð2Þ

(2) Task Requirement Constraint each task i must receive

at least its minimum required resources Rmin
i :

xi �Rmin
i ; 8i 2 f1; 2; . . .;Ng: ð3Þ

(3) Quality of Service (QoS) Constraint the performance

level of each task i, denoted as PiðxiÞ, must meet or exceed

the minimum acceptable performance level Qmin
i :

PiðxiÞ�Qmin
i ; 8i 2 f1; 2; . . .;Ng: ð4Þ

The objective function minimizes the total cost of resource

allocation across all tasks, while the constraints ensure:

– Resource usage remains within the system’s capacity.

– The minimum resource requirements of each task are

satisfied.

– The quality of service levels is maintained for all tasks.

4 BigOPERA framework: architecture
and design

The architecture of BigOPERA integrates a hybrid

computing environment combining HTCondor for oppor-

tunistic computing with Apache Spark for distributed data

processing and Kubernetes for managing dedicated

resources. This dual-faceted approach allows for dynamic

workload execution by seamlessly integrating both dedi-

cated and non-dedicated computing resources, optimizing

both cost and performance.

The architecture visually depicted in the figure (see

Fig. 1) is divided into two main sections: the Opportunistic

Pool and the Dedicated Pool, highlighted by green and

purple dashed lines.

The Opportunistic Pool, managed by HTCondor, con-

sists of non-dedicated nodes that execute Spark tasks

opportunistically whenever spare computational resources

become available. These nodes must support Docker con-

tainers and maintain connectivity to the dedicated network

directly or via VPN. As nodes become available, they

automatically register with the HTCondor Manager, sig-

nalling their readiness to run Spark jobs. This dynamic

registration enables the architecture to scale flexibly and

efficiently based on resource availability.

The HTCondor Manager, including components like the

Negotiator, Collector and Scheduler (Sched), oversees job

scheduling and resource allocation. Worker nodes in this

pool are equipped with Started and Starter daemons (shown

in green color), and they run Spark Worker Nodes capable

of executing tasks dynamically. These Spark workers (red

color) utilize Docker and control groups (cgroups) to run

multiple tasks concurrently, efficiently utilizing available

resources.

HTCondor daemons periodically report node status and

resources to the central manager, providing essential data

such as CPU, memory, disk usage, and network availabil-

ity. This information is crucial for making informed

scheduling decisions and ensuring efficient task execution.

Conversely, the Dedicated Pool operates under Kuber-

netes, ensuring stable computational capacity for Spark
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workloads. Here, the Spark Master orchestrates job exe-

cution through its Driver Program, Spark Context (red

color), and Cluster Manager, distributing tasks across

multiple Spark Worker Nodes (also shown in red). Each

worker node hosts Executors to run Spark tasks and Caches

to store frequently accessed data, thereby enhancing pro-

cessing efficiency.

YARN NodeManagers within this architecture report

resource availability to the YARN ResourceManager (not

depicted for simplification), which then allocates contain-

ers and schedules tasks accordingly. This interaction opti-

mizes resource usage and task execution across the cluster.

The combination of these two pools allows the archi-

tecture to balance cost and performance effectively.

HTCondor, with its capability to manage opportunistic

resources and Docker containerization, complements

YARN’s robust resource scheduling and container man-

agement. Together, they create a resilient, scalable, and

efficient environment for running large-scale data analytics

workflows with Apache Spark, dynamically leveraging

both dedicated and available non-dedicated resources.

This comprehensive architecture, by integrating both

opportunistic and dedicated computing resources, provides

a flexible and scalable solution for handling extensive data

processing tasks efficiently.

4.1 BigOPERA machine status

BigOPERA assigns machine statuses based on the avail-

ability of resources and their readiness to execute tasks.

The system operates through five primary states, each

representing a specific phase in a node’s lifecycle within

the BigOPERA framework. These states are designed to

ensure efficient resource utilization and task scheduling,

even in dynamic and heterogeneous environments. The

machine states, and their transitions are as follows:

– OWNER indicates that the owner is using the node (e.g.,

running local tasks or processes); hence, it is not

available to run a non-dedicated job.

– UNCLAIMED indicates that the node is idle and can run a

non-dedicated job, yet it currently does not run any.

– MATCHED indicates that the node can run a non-

dedicated job, and BigOPERA allocated it in the

resource pool and matched it with a Driver Pod. That

Driver Pod has not yet claimed this node by launching

an Executor Pod. In this state, the machine cannot

launch a job in the Executor Pod.

– CLAIMED indicates that the node can run a non-dedicated

job, and BigOPERA assigned it with an Executor Pod,

i.e., active to utilize this node.

Fig. 1 BigOPERA architecture

(Color figure online)
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– PREEMPTING: the node is in the process of being

reclaimed by its owner, and the current task is being

preempted.

– ERROR: the node has encountered an unrecoverable

issue (e.g., hardware failure, network disconnection, or

software crash) and cannot participate in task execution

until the issue is resolved.

Another state not mentioned in Fig. 2 is DRAINED, in which

the node does not respond to the owner or BigOPERA. The

ERROR state is also not depicted in the figure for simplicity,

but it plays a critical role in handling failures and ensuring

system robustness.

State transitions: A The node switches from OWNER to

UNCLAIMED whenever the START expression no longer

locally evaluates to FALSE. This indicates that the node

can run a BigOPERA job.

B The transition from UNCLAIMED to MATCHED happens

whenever the DriverPod matches this resource with a

BigOPERA job.

C The transition from UNCLAIMED directly to CLAIMED

also happens if the DriverPod matches this resource with a

BigOPERA job. In this case, the ExecutorPod receives the

match and initiates the claiming protocol with the node

before the DriverPod receives the match notification from

BigOPERA DriverPod.

D The node moves from MATCHED to OWNER if the

START expression locally evaluates to FALSE or the

MATCH_TIMEOUT timer expires. This timeout ensures

that if a node is matched with a given ExecutorPod but that

ExecutorPod does not contact the DriverPod to claim it, the

node will give up on the match and become available to be

matched again. In this case, since the START expression

does not locally evaluate to FALSE, the node will imme-

diately enter the Unclaimed state again (via transition A).

The node might also go from MATCHED to OWNER if the

ExecutorPod attempts to perform the claiming protocol but

encounters an error.

E The transition from MATCHED to CLAIMED occurs when

the ExecutorPod completes the claiming protocol with the

DriverPod.

F If the resource were matched to a job with a higher

priority, it would move from PREEMPTING back to CLAIMED.

G The resource would move from PREEMPTING to OWNER

if the PREEMPT expression had evaluated to TRUE or if

the START expression locally evaluated to FALSE when

the DriverPod had finished evicting whatever job it was

running when it entered the PREEMPTING state.

Fig. 2 BigOPERA environments machine states and activities
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Summary:

• Transitions are event-driven: each state transition is

triggered by specific events, such as task completion,

owner reclaim, or task assignment.

• Timeout Mechanism: if a task does not start within a

specified time after being matched, the node returns to

the UNCLAIMED state to avoid resource wastage.

• Preemption Handling: the PREEMPTING state ensures that

tasks can be gracefully interrupted if the owner reclaims

the node, allowing for efficient resource sharing without

disrupting ongoing operations.

4.2 BigOPERA algorithms

The BigOPERA framework relies on three core algorithms

to manage resource allocation, task execution, and fault

tolerance. These algorithms work together to efficiently

utilise both dedicated and non-dedicated (opportunistic)

resources while maintaining system reliability and perfor-

mance. This section discusses BigOPERA algorithms by

separating distinct processes: managing initialization and

periodic monitoring of the state of the node, including

transitions from OWNER to UNCLAIMED when idle and to

ERROR upon fault detection; handling task allocation and

execution, with state transitions between UNCLAIMED,

MATCHED, and CLAIMED based on resource availability and

task readiness; and focusing on reclaim management,

preemption, and error recovery to ensure resources are

appropriately freed and recovery attempts are made when

transitioning from ERROR to UNCLAIMED, making the system

easier to follow and maintain. Below, we break down each

algorithm in a clear and structured way.

Algorithm 1 is responsible for initialization and state

monitoring. In this initial part of the BigOPERA algorithm,

the system begins by setting the state of the node to OWNER.

The algorithm then periodically checks if the node

becomes idle. At this point, it transitions to the UNCLAIMED

state, making resources available for task allocation. It also

monitors for any errors in the local function. If an error is

detected, the node transitions to the ERROR state, where

recovery can later be attempted. This section lays the

groundwork for efficient resource management by contin-

uously assessing the availability and integrity of the node.

Algorithm 2 is responsible for task allocation and exe-

cution. The algorithm focuses on matching resources to

tasks and managing their execution. When the node is

UNCLAIMED, the scheduler checks if resources meet any

pending task requirements. If resources are sufficient, it

assigns a task, reserves resources, and transitions to the

MATCHED state. Once a task is ready to begin, the algorithm

transitions to the CLAIMED state, where it executes the task.

It also includes a timeout mechanism, releasing resources

and returning to UNCLAIMED if the task does not start on

time. This feature ensures that tasks are allocated and

managed efficiently, maximizing resource utilization.

Algorithm 1 BigOPERA: Initialization and State Monitoring
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Algorithm 2 BigOPERA: Task Allocation and Execution

Algorithm 3 BigOPERA: Reclaim Management and Error Handling

Algorithm 3 reclaims management and handles error. In

particular, it handles owner reclaim requests, task pre-

emption, and error recovery. If the node is in the CLAIMED

state and the owner requests the node back, the algorithm

transitions to PREEMPTING, stops accepting new tasks, and

interrupts or allows the current task to finish. It notifies the

Spark master of resource availability and saves task pro-

gress if necessary. In the ERROR state, the algorithm

attempts to recover and transition back to UNCLAIMED if

successful. This part ensures that resources are managed

responsibly in response to reclaim requests and errors,

enhancing system reliability.
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Following is a simplified flowchart of the state transi-

tions in BigOPERA:

– OWNER ! UNCLAIMED: node becomes idle and available

for BigOPERA tasks.

– UNCLAIMED ! MATCHED: resources are matched to a

task.

– MATCHED ! CLAIMED: task starts execution.

– CLAIMED ! PREEMPTING: owner reclaims the node, and

the task is preempted.

– PREEMPTING ! UNCLAIMED: resources are freed after

preemption.

– ERROR ! UNCLAIMED: node recovers from an error and

becomes available again.

5 Experiment setting

This section presents the performance evaluation of the

BigOPERA system executing Spark jobs (BigOPERA

Spark). First, we detail the cluster configurations used on

Google Cloud Platform (GCP). Next, we describe the

benchmarks selected for this evaluation, providing a

comprehensive list of the applications tested and the data

sizes used.

5.1 Environment

The evaluation of BigOPERA Spark was conducted by

comparing the performance of a dedicated cluster with a

hybrid cluster composed of dedicated and opportunistic

resources, both running on Google’s GCP. The dedicated

cluster consisted of four worker nodes type n1-standard-2,

with two vCPUs and 7.5 GB of memory plus an additional

node for the control plane running on Kubernetes. In

contrast, the hybrid setup leveraged a combination of that

dedicated cluster alongside four additional e2-medium with

2vCPU, 4 GB of memory nodes, and a e2-medium

HTCondor manager node (not running in Kubernetes), a

1:1 opportunistic to dedicated node ratio was created. We

set a 2 GB limit per executor for the memory difference

between instances. The experimental settings were pri-

marily based on the default configurations of Intel

HiBench. This ensures that the results are comparable to

other studies using the same benchmark. Additionally,

specific parameters were adjusted for our particular envi-

ronment, as recommended in the official documenta-

tion [36]. The number of YARN executors was set to four/

eight, and two cores, ensuring that each worker fully uti-

lized its two cores for efficient parallel execution. Memory

allocation was set to 2 GB, limiting executor memory to

accommodate differences in available memory across

instance types. Parallelism settings were configured to 8/16

for map and shuffle, as clusters require sufficiently high

parallelism levels to maximize utilization. According to

Spark documentation, setting these values to twice the

number of cores is recommended [37].

These configurations align with Apache guidelines,

strengthening the validity of the experimental setup.

5.2 Benchmark

Our workloads focused on several representative MapRe-

duce applications: Wordcount, Sort, Terasort and SparkPi.

To automate the configuration, execution and results

gathering, we used Intel’s HiBench Suite.1

HiBench [38] is an extensive benchmark suite for Big-

Data platforms such as Hadoop, Spark, Storm, etc. It

includes a total of 29 workloads divided into six categories:

Micro, machine learning, SQL, graph, web search, and

streaming. The applications used for this evaluation were:

– (1) Wordcount: this application counts how often each

word appears within the input data generated using

RandomTextWriter.

– (2) Sort: this application sorts its text input data,

generated using RandomTextWriter.

– (3) Terasort: this is a standard benchmark created by

Jim Gray. Hadoop TeraGen generates the input data.

– (4) SparkPi: computes an approximation to p by

throwing darts at a circle. It is not included on HiBench

but is available as an example on Spark.

Table 3 shows the input data sizes used for the HiBench

benchmarks. In the case of SparkPi, we began with 200,000

partitions and incrementally increased the number by

100,000, reaching up to 800,000 partitions.

We simulated ideal conditions for these tests, where no

opportunistic node was reclaimed during task execution. In

the following section, we deeply analyze the performance

impact of node failures.

6 Results and discussion

This section presents a comprehensive analysis of the

performance of the system, followed by an in-depth

examination of its fault tolerance capabilities. The perfor-

mance analysis focuses on execution times using the

benchmarks described in the previous section, providing

insights into the system’s efficiency and scalability. Fol-

lowing this, we investigate the fault tolerance of the

1 All the code necessary for running these benchmarks has been

ported to Python 3, and it is available at: https://github.com/kadern0/

HiBench.
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framework, evaluating its ability to maintain functionality

and recover from node losses.

6.1 Performance

In Fig. 3a, the difference in execution times for the

Wordcount benchmark is illustrated, with BigOPERA

Spark showing a significant improvement over Apache

Spark. On average, BigOPERA was approximately 35%

faster, consistently outperforming Apache Spark alone.

In the Sort benchmark (Fig. 3b), we observed varying

degrees of improvement with BigOPERA over Apache

Spark. For datasets smaller than 400 MB, BigOPERA was

slightly slower. However, for larger datasets, BigOPERA

exhibited execution times between 10 and 30% faster than

Apache Spark, with the performance advantage increasing

with dataset size.

Similarly, in the Terasort benchmark (Fig. 3c), BigO-

PERA Spark demonstrated notable performance gains over

Apache Spark. For datasets smaller than 300 MB, the

execution times were comparable. For larger datasets,

BigOPERA showed an improvement of 10% to 25%

compared to Apache Spark across multiple trials. However,

the degree of improvement diminished with increasing

dataset size.

In the SparkPi benchmark (Fig. 3d), BigOPERA show-

cased substantial improvement in execution time over

Apache Spark. On average, BigOPERA completed the

computation approximately 30% faster. Similar to the

Terasort benchmark, the performance gain decreased with

larger workloads.

The observed decrease in performance is attributable to

the usage of e2-medium instances, which are optimized for

cost and employ dynamic resource management for effi-

cient resource allocation. Unlike dedicated vCPUs, the

vCPUs in e2 instances are shared among multiple tenants,

leading to potential performance degradation under higher

utilization. This dynamic allocation allows Google Cloud

to maximize resource usage and cost efficiency, but it can

result in inconsistent performance, particularly when the

demand exceeds 25% CPU utilization. Therefore, while e2

instances are highly cost-effective and well-suited for

applications with lower and predictable CPU usage, such as

development and testing environments, they are less ideal

for production workloads that require consistent and robust

performance [39, 40].

The effectiveness of this integrated approach is

demonstrated in the various benchmarks completed during

this research (see Sect. 5.2), showcasing the ability of the

system to handle diverse and intensive data processing

tasks efficiently. The combination of dedicated and non-

dedicated nodes managed through sophisticated resource

allocation and scheduling mechanisms ensures that BigO-

PERA can meet the demands of large-scale data analytics

with high performance and reliability.

6.2 Fault tolerance

Given the transient nature of opportunistic resources,

where nodes can be reclaimed, shut down, or disconnected

from the network, it is crucial to assess the capacity of the

system to cope with node losses. Initial Apache Spark

revisions encountered significant challenges in dealing

with tasks requiring moderately transient resources. This

issue was particularly evident in scenarios where Spark

struggled to complete tasks, leading to application failures

that were difficult to diagnose and resolve.

The study by Bowen Yu et al. noted that the early

versions of Spark did not handle tasks efficiently when

resources were short-lived, highlighting a critical limitation

in its original design [41]. The works on [26, 27, 42]

improved Spark resiliency to node loss, focused mainly on

improving reliability and performance when using spot

instances in cloud environments. Nevertheless, these

improvements also made possible opportunistic computing

to run Spark jobs.

To evaluate the tolerance for BigOPERA node disrup-

tion, we measured the execution time of the SparkPi

application with 800,000 partitions using the same setup as

in Fig. 3d. In this case, we introduced node interruptions to

assess their impact on overall duration. We used the exe-

cution time of the benchmark on the dedicated cluster

(Fig. 3d) as the baseline measurement and subsequently

simulated node failures by randomly terminating the

opportunistic nodes, thus mimicking real-world conditions.

Assuming mutual independence of node outages, we exe-

cuted a script that randomly stopped and restarted the

HTCondor tasks.

Table 3 Input datasizes
Tiny Large Huge Gigantic Bigdata 2-Bigdata

Wordcount NU 388.4 MB 3.79 GB 37.9 GB 89.6 GB 379.3 GB

Sort NU 38.8 MB 388.4 MB 3.79 GB 35.5 GB 71.1 GB

Terasort 3.0 MB 305.18 MB 2.98 GB 29.8 GB 298.02 GB NU

NU = Not Used for the corresponding benchmark
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Figure 4 shows that the hybrid cluster was faster than

the dedicated cluster. Despite the expected variability in

execution times, the hybrid cluster was consistently

quicker, demonstrating that the opportunistic nodes,

despite being randomly stalled, could provide a perfor-

mance advantage. These findings suggest that the ability of

the opportunistic cluster to utilize idle resources effectively

outweighed the potential disruptions caused by the random

node loss. Overall, the experimental results indicate that

BigOPERA Spark offers significant performance

enhancements in various benchmark tasks compared to

Apache Spark. These findings highlight the potential of

BigOPERA Spark for improving the efficiency and scala-

bility of large-scale data analytics workflows.

Fig. 3 Difference in execution

times between Apache Spark

and BigOPERA Spark (the

higher, the better) for different

benchmarks

Fig. 4 SparkPi on random nodes
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7 Conclusions and future work

The BigOPERA framework represents a significant

advancement in resource management for BD processing

by integrating dedicated and non-dedicated computing

resources. By seamlessly combining Apache Spark and

HTCondor within a unified architecture, BigOPERA

enhances flexibility, scalability, and resource utilization,

enabling more efficient task scheduling across heteroge-

neous environments. This integration eliminates resource

silos, optimizes computational efficiency, and supports

dynamic workload execution with minimal infrastructure

modifications.

Experimental evaluations, including Wordcount, Sort,

Terasort, and SparkPi, demonstrate substantial perfor-

mance improvements of up to 35% over traditional Apache

Spark setups. These enhancements are particularly evident

in large-scale data processing tasks, where BigOPERA

consistently outperforms conventional configurations,

effectively managing complex and high-volume datasets.

Additionally, rigorous fault-tolerance testing confirms

BigOPERA’s resilience in handling intermittent resource

availability, ensuring stable and reliable execution even in

dynamic and unpredictable environments. Furthermore, by

leveraging otherwise idle resources, BigOPERA con-

tributes to sustainable computing practices, minimizing

energy consumption and reducing the carbon footprint of

data centres.

Future work will optimize the integration and schedul-

ing mechanisms to enhance the framework’s efficiency

across more diverse computing environments. One

promising direction is incorporating advanced machine

learning techniques for predictive resource management.

Integrating Actor–Critic Deep Reinforcement Learning

(A3C) [43] could enable BigOPERA to adjust resource

allocations based on anticipated workload variations rather

than reactively responding to demand fluctuations. Such an

approach would enhance adaptive and energy-efficient

resource provisioning, improving overall system perfor-

mance and cost-effectiveness. A hybrid approach com-

bining BigOPERA’s opportunistic resource management

with reinforcement learning-driven predictive optimization

could further refine task scheduling strategies.

Building on this, future research will also explore the

integration of advanced techniques like traffic-aware hier-

archical offloading, as demonstrated in THOAS (Chen

et al. 2024), and personalized federated learning, as pro-

posed in PFR-OA (Chen et al. [44, 45]). These methods

have the potential to significantly enhance BigOPERA’s

adaptability and efficiency in heterogeneous environments,

particularly in scenarios with fluctuating workloads and

diverse user demands. By incorporating these innovations,

BigOPERA could achieve even greater performance and

scalability, solidifying its position as a robust framework

for dynamic resource management.
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