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Abstract — Edge nodes in Edge computing systems are
often deployed in close proximity to 10T devices for local
data processing and storage. Recently, it has been shown
that low-end single-board computers, such as
Raspberry Pis, can be utilized as Edge nodes. However,
these devices are limited in terms of computational
capabilities, especially in cases where they need to
perform a large number of concurrent tasks in response
to connected 10T devices. Furthermore, these edge
nodes may be deployed in unstable or hostile
environments with fluctuating power sources, affecting
their performance. This paper investigates how task
clustering  techniques can achieve  different
configurations of task clusters running on a Raspberry
Pi as an Edge node. First, an empirical evaluation is
conducted to examine how various task-cluster
configurations affect the performance of applications
running on these devices. Experimental results show
that up to 25% improvement in execution time is
obtained using a configuration with an appropriate task
clustering configuration compared to a configuration in
which each object is scheduled as a separate task.
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Then, this study describes the design of an
autonomous Task-Clustering manager extension based
on the MAPE-K feedback loop that runs as a layer on
top of existing job schedulers to automatically configure
task clusters running on these devices to improve
performance.

Keywords — Edge computing, 10T, MAPE-K, Task
clustering, Raspberry Pi.

1. Introduction

Due to their low costs, low-end single-chip
computers such as Raspberry Pis and Arduinos have
become attractive for running loT applications.
Recently, it has been shown that such devices can also
serve as Edge nodes for providing services to IoT
devices [1]. However, one challenge in incorporating
these devices on the Edge is their limited
computational power in running a significant number
of concurrent activities, particularly as more loT
devices are connected to these Edge nodes.
Furthermore, it has been shown that conventional task
scheduling schemes do not adequately tackle the
constraints of applications running on such devices
[2]. Therefore, it is essential to carefully design
concurrent tasks of an Edge computing application
running on these devices to improve their
performance.

The Edge Computing architecture (Figure 1)
consists of three layers: the cloud layer, the edge layer,
and the device layer [3], [4]. The different 10T devices,
such as sensors, controllers, and actuators, are located
at the Device Layer. The Edge layer consists of
computational nodes deployed near 10T devices in the
Device layer, where the goal is to provide efficient and
fast responses to requests from the Device layer.
Services offered by the Edge layer can include real-
time data processing, data reduction, and caching.
Finally, nodes at the Edge layer can communicate with
the Cloud layer, which consists of dedicated nodes for
complex data processing, aggregation, integration,
and storage that may otherwise be infeasible at edge
nodes.

2157


https://doi.org/10.18421/TEM153-10
mailto:ealbassam@kau.edu.sa
https://www.temjournal.com/

TEM Journal. Volume 15, Issue 3, pages 2157-2167, ISSN 2217-8309, DOI: 10.18421/TEM153-10, August 2026.

This study considers the following attributes in
edge computing applications: (1) Low-end single-
board computers with restricted computational power,
such as Raspberry Pis, are deployed to the edge layer,
(2) Devices from the device layer connect to Edge
nodes (e.g., Raspberry Pis) to obtain services, where
the number of connected devices can be large, and
therefore, the number of concurrent services executed

Cloud
Layer

by Edge nodes can be large as well, (3) Devices in the
device layer are dynamic in that new devices can
connect to these Raspberry Pis serving as edge nodes,
while currently connected devices may disconnect
from the Raspberry Pis, and (4) The Raspberry Pis can
be underpowered due to environmental factors, which
may affect their performance.
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Figure 1. An overview of the Edge computing architecture

Based on these attributes, and since these low-end
single-chip computers acting as Edge nodes in the
Edge Layer may have limited computational power
and can provide concurrent services to connected
devices in the Device Layer, the overall system
performance may degrade without careful design of
the application’s architecture.

One factor contributing to optimizing performance
is the application’s configuration from a software
architectural point of view. Although it is possible to
design each object of an Edge computing application
as a concurrent task, such a design may result in a
large number of concurrent and potentially small
tasks, causing a system overhead [5]. On the other
hand, designing objects to be passive (i.e., non-
concurrent) is restricting, especially with the
availability of multi-core processors on these devices.
Therefore, there is a need for an approach that
dynamically adapts the configuration of an Edge
computing application in terms of task structuring to
an optimal configuration based on the capabilities of
these devices.
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This paper contributes to the literature by
discussing the design of an autonomous task
clustering manager capable of automatically
configuring the number of concurrent tasks deployed
to low-end single-chip Edge nodes, such as Raspberry
Pis, at runtime by using task clustering techniques.
The manager is designed to complement existing task
schedulers.

The research questions addressed by this paper are
as follows:

1) How does applying task clustering techniques
affect the execution time of concurrent tasks running
on low-end single-board Edge nodes such as
Raspberry Pis?

2) How can an autonomous task clustering
manager for low-end single-board Edge nodes, such
as Raspberry Pis, be designed to configure the number
of task clusters at runtime to improve execution time
using task clustering techniques?

TEM Journal — Volume 15 / Number 3 / 2026.
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The remainder of this paper is structured as
follows. Section 2 discusses the clustering techniques
being investigated in this work. Section 3 contains the
literature review and describes how this work is
related to prior works. The experimental design and
procedures are presented in Section 4. The
experimental results are presented in Section 5. The
results of this study are discussed in Section 6.
Section 7 concludes this work and outlines potential
directions for future research.

2. Background

Several task clustering techniques have been
previously proposed in the area of software
architectural design, where the goal is to design a
concurrent software architecture that reduces the
execution overhead that can be potentially caused by
running a large number of concurrent tasks. This paper
considers the impact of three task clustering
techniques: temporal clustering, sequential clustering,
and multiple-instance task inversion clustering [5].

Temporal clustering can be applied to candidate
tasks that are triggered by the same event (such as a
timer event) by combining such tasks into a single task
cluster, given that there is no sequential relationship
between these tasks. For example, in Edge computing,
edge nodes might periodically pull/receive data from
various connected devices from the Device layer and
then process this data. In this case, such data
processing activities can be designed as a task cluster
where they are executed in any sequential order using
a single thread to reduce overhead potentially caused
by allocating a different thread for each activity.
Therefore, temporal clustering can be applied in
situations in which multiple candidate tasks are
activated periodically at the same frequency (e.g.,
once every 100ms) or in situations in which multiple
candidate tasks are activated periodically at different
frequencies such that these frequencies are multiples
of one another (e.g., every 50ms and 100ms).

Sequential clustering, on the other hand, can be
used in situations in which there is a sequential order
between two or more candidate tasks. The first
candidate task in the sequence is initiated periodically
or aperiodically. Each candidate task in the sequence
then activates the subsequent candidate task upon
completion. Such sequential candidate tasks can be
consolidated into a single task cluster according to the
sequential task clustering technique. As example in
edge computing, an Edge node may receive an event
from an 10T device from the device layer, triggering a
sequence of tasks to be executed by the edge node,
such as data pre-processing, analysis, and post-
processing.
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Since these candidate tasks have sequential
dependencies, it is possible to structure them into a
task cluster where they are executed by a single thread,
one after another, to decrease overhead compared to
allocating a separate thread for each sequential task.

Multiple-instance task inversion clustering allows
for the grouping of multiple instances of a specific
type into a single task cluster, instead of allocating a
different task for each of these instances. In edge
computing, for instance, the edge node might keep
track of the state of multiple UAVs (Unmanned Aerial
Vehicles) by using a state machine. Since multiple
UAVs are involved, the edge node needs multiple
instances of the same state machine type. In multiple-
instance task inversion clustering, it is possible to
group such multiple instances into a task cluster. In
this case, when the task cluster receives an event, the
cluster forwards the event to the designated instance
embedded within it for further processing.

The approach in this work considers the design of
an autonomous task clustering manager capable of
incorporating these task clustering techniques
dynamically at run-time to improve the performance
of Edge computing applications running on Raspberry
Pi as edge nodes.

3. Related Works

Task clustering in Edge computing applications
has been the subject of extensive recent studies
tackling a variety of constraints and problems in this
domain. A prior work by [6] investigated the issue of
edge node mobility on unmanned aerial vehicles
(UAVs) and suggested a method for task offloading in
such settings. In order to optimize job allocation for
Edge micro-clusters, [7] introduced a linear-based
model and suggested a metaheuristic particle swarm
optimization. In addition, a method for optimizing
task clustering based on the degree of similarity of
task features in order to determine the best execution
timings for tasks that were submitted for scheduling
[8]. In addition, several techniques have been
proposed for clustering based on similarity
measurements [9], [10]. Such clustering techniques
rely extensively on similarity analysis, for example, in
data-intensive applications [11], [12]. In this regard,
the proposed approach in this study considers how the
task clustering techniques discussed in Section 2 can
be identified and applied without incurring overhead
related to similarity analysis, which is more suited for
Edge computing applications that operate on low-end
computers, such as the Raspberry Pis.

The issue of running concurrent applications on
low-end single-board computers, like the Raspberry
Pi, has also been examined in earlier studies.
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For instance, [13] proposes a clustering technique
employing four Raspberry Pis running Apache
Hadoop tools for parallel computation. In addition,
[14] demonstrated how to set up a Raspberry Pi cluster
with a portion of the OpenStack Swift orchestration
framework. However, these approaches are
considered technology-dependent. On the other hand,
this study investigates a technology-independent
approach for task clustering.

The effectiveness of Raspberry Pis as Edge nodes
was highlighted in a number of studies. For instance,
these devices were used in flood forecasting systems
to manage the real-time collection and processing of
lightning signals [15]. A prior evaluation of task
scheduling algorithms in edge data centers consisting
of Raspberry Pi edge devices show that with current
scheduling algorithms and due to low power or
memory, over 25% of tasks fail to run [2]. In this
respect, this study tackles the challenge of improving
the performance of Raspberry Pis as edge nodes by
proposing an extension manager that runs on top of
existing task schedulers for dynamic and improved
task clustering.

In the area of job scheduling, several surveys have
been conducted to classify the abundant amount of
work in job schedulers, e.g., [16]. Many such
approaches rely on thread pool technology that is
maintained by a job manager to optimize the
scheduling of submitted jobs [16], [17], [16]. The
work by [18] analyzed the most widely used task
scheduling techniques. Their results show that task
scheduling algorithms enhance task execution
performance with the use of suitable algorithms,
including meta-heuristic algorithms. Prior works have
also clarified key factors for choosing a scheduling
algorithm by conducting a comparative analysis of
current heuristic-based job scheduling methods [19].
This study complements existing job scheduling
approaches as it runs as a layer on top of the job
schedulers to further optimize jobs within task clusters
before or after they are submitted to the job scheduler.

Compared to prior works, this research attempts to
reduce the overhead incurred by the complex
similarity analysis proposed by many existing works,
since such complex similarity analysis may incur
overhead on low-end, single-board computers running
as edge nodes. In addition, the proposed approach is
technology-independent. It can be added as a layer on
top of existing job schedulers to complement their
work by determining the best configuration of task
clusters for a specific type of job.

4. Methodology

The methodology of this study relies on empirical
experimentation by means of simulations to evaluate
the impact of different task clustering techniques on
the performance of Edge computing applications
running on Raspberry Pis.
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The details of the experimentation design are as
follows.

The experiments are executed on a Raspberry Pi 3
Model B operated by Windows 10 IoT as its operating
system. The Raspberry Pi consists of a 64-bit quad-
core CPU running at 1.2 GHz with 1GB of RAM. The
simulator is implemented using the .NET environment
and the C# programming language. Therefore, the
conducted experiments run simulated applications on
an actual Raspberry Pi device.

The controlled experiments involve running a
simulated application consisting of the following
independent variables, which are set at the start of
each experiment as configuration parameters:

o Experiment type (P1): This parameter represents
the clustering technique to be applied in the
simulation, which can be either Temporal
Clustering (TC), Sequential Clustering (SC), or
Multiple-Instance Task Inversion Clustering (IC).
For more details related to clustering techniques,
interested readers can refer to [5].

e Number of candidate tasks (P2): represents the
number of tasks executed on the Raspberry Pi in
the experiments. The number of tasks can be 8, 16,
32, 64, 128, 256, 512, 1024, or 2048. Each task
simulates a workload that the Edge node performs
according to the selected experiment type.

o Workload size (P3): The simulated workload for
each task is based on the black-scholes program of
the PARSEC 3.0 benchmark suite for chip-
microprocessors [20], [21]. Each task runs this
program based on the simdev input, either 30 times
(representing a small workload) or 60 times
(representing a larger workload).

o Tasks per task cluster (P4): To experiment with
different cluster sizes given the selected number of
tasks in the run, the number of tasks grouped into
task clusters is varied using this configuration
parameter. For example, if the number of tasks in
temporal clustering experiments is set to 64. Then,
it is possible to experiment with 2 clusters (each
containing 32 tasks), 4 clusters (each containing 16
tasks), or 8 clusters (each containing 8 tasks). This
study also considers the case in which each
candidate task runs separately as an independent
task (i.e., no clustering technique is applied).

e Thread pool size (P5): This variable controls how
many worker threads there are in the thread pool,
which can be 32 or 128.

e Input power (P6): This configuration parameter
considers whether the Raspberry Pi is either (1)
receiving sufficient power (connected to a 5.2V
2.5A power source) or (2) underpowered
(connected to a 5.2V with up to 0.5A power
source).
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For each possible configuration (i.e., combinations
of parameter values for P1-P6), the configuration is
run 30 times, and the execution time of each
experiment run is recorded:

o Execution time: The elapsed time from starting all
tasks/task clusters in the experiment (according to
the configuration of the independent variables)
until all these tasks/task clusters are completed.

It should be noted that this study focuses on the
worst-case scenario in these experiments, in which the
system executes a number of tasks equal to the value
set for P2. This allows for a better understanding of
the impact of clustering techniques on system
performance.

4.1. The Task Clustering Manager (TCM)

Figure 2 presents a high-level view of the design of
the proposed Task Clustering Manager (TCM). The
manager acts as an intermediary between the Edge
computing application and the underlying job
scheduler provided by the programming framework or
the operating system. The TCM design is based on the
well-known MAPE-K model for autonomous systems
[22]. This section describes each activity of the
MAPE-K model performed by TCM.

Edge Computing Application Layer

Task Clustering Layer

‘submitsjob to

Task Clustering Manager

managesp *
) Task Clusters

Temporal Clusters

Analyze Plan
Knowledge @ Sequential usters
Inversion Clusters
submits task to 1
Underlying Framework/OS S
1 maintainsp
Scheduler ThreadPool
Worker Thread

Figure 2. Design overview of Autonomous Task Clustering Manager

At design time, task types are marked with one of
the marker interfaces shown in Figure 3:

o Temporal: A task type marked with this interface
indicates to the TCM that it satisfies the Temporal
Task Clustering criterion.
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o Sequential: A task type marked with this interface
indicates to the TCM that it satisfies the Sequential
Task Clustering criterion.

Inversion: A type marked with this interface
indicates to the TCM that it satisfies the Multiple-
Instance Task Inversion Clustering criterion.
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<<interface>>

Sequential Temporal

Figure 3. Marker interfaces

At run-time, the Edge computing application
submits the tasks it needs to execute to the Task
Clustering Manager. The Task Clustering Manager
maintains several task clusters and assigns the tasks it
receives to one of these clusters based on the task’s
marker interface. Furthermore, the Task Clustering
Manager actively monitors and optimizes the number
of active task clusters as explained next.

TCM’s monitoring activity periodically monitors
currently active task clusters. The monitoring activity
awakens the Analysis activity if (1) The number of
active tasks exceeds a predefined threshold t or (2)
Existing task clusters of the same type (i.e., temporal,
sequential, or inversion) have an unbalanced number
of candidate tasks inside them.

The responsibility of the analysis activity is to
determine whether the current configuration of the
Edge computing application requires reconfiguration.
To accomplish this, the analysis activity performs the
following rules:

o |f (1) the number of currently active tasks running
on the Raspberry Pi is greater than the value ¢
(which is set to be equal to the number of CPU
cores) and (2) There are currently multiple task
clusters of the same type (i.e.,, Temporal,
Sequential, and Inversion clusters), then the
analysis activity notifies the planning activity to
reduce the number of clusters to match c.

o Otherwise, if (1) The number of currently active
tasks running on the Raspberry Pi is lower than ¢
and (2) There are currently task clusters with more
than one candidate task inside them, then the
analysis activity notifies the planning activity to
increase the number of task clusters to match the
value c.

o Otherwise, if current task clusters have an
unbalanced number of tasks, the analysis activity
notifies the planning activity to balance the number
of candidate tasks in task clusters.
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The planning activity then crafts the plan for
increasing or decreasing the number of task clusters
under the management of TCM as follows. If the action
determined by the analysis activity is to reduce the
number of task clusters, then:

1. The planning activity determines the task cluster
Ciow, Which currently has the lowest number of
candidate tasks.

2. The planning activity determines the set T of task
clusters that have the same clustering type as Ciow
(i.e., temporal, sequential, or inversion) in which it
is possible to distribute the tasks from Cioy into T
according to Task Clustering Criteria (section 2).

3. The planning activity adds an action to (1)
Distribute the tasks of Ciow Over T and (2) Remove
Clow-

4. The planning activity repeats steps 1-3 to reduce
the number of task clusters until it reaches the value
c or until no further clustering can be achieved.

On the other hand, if the action determined by the
analysis activity is to increase the number of task
clusters, then:

1. The planning activity determines the task cluster
Chigh, Which currently has the highest number of
tasks.

2. The planning activity adds the action of creating a
new task cluster and moving half of the tasks from
Chign to this new cluster.

3. The planning activity repeats steps 1-2 to increase
the number of task clusters until it reaches the value
c or until no more new task clusters can be created.

The planning activity can also create an action to
redistribute the tasks over clusters in case of
unbalanced clusters. Once the plan is determined, the
planning activity activates the execution activity to
initiate the reconfiguration process and passes the
determined plan for execution.

TEM Journal — Volume 15 / Number 3 / 2026.
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The execution activity is responsible for executing
the plan received from the previous activity with
minimal interruptions. To accomplish this, the
execution activity coordinates with task clusters
affected by reconfiguration as follows:

1. If the tasks of a currently active temporal Cluster
need to be reconfigured, the execution activity
instructs this cluster to passivate. As a result, this
cluster allows all currently active tasks within it to
complete, so they are waiting for the next
activation event. At this moment, the cluster has
become quiescent [23], such that tasks are
suspended until reconfiguration is completed. The
execution activity then moves tasks according to
the determined plan and activates the clusters.

2. The actions for reconfiguration of inversion
clusters are similar to the previous case since
inversion tasks are activated by external events
rather than periodic events.

3. For sequential clusters, the execution activity
instructs affected clusters to passivate. As a result,
each sequential cluster allows the currently running
sequential tasks to be completed. At this point, the
execution activity proceeds in planned execution.
Finally, the execution activity instructs sequential
clusters to resume task execution.

5. Results

This section presents the simulation experimental
results to assess the performance impact of different
task clustering configurations by varying the
configuration parameters discussed previously in
Section 4, including (1) the thread pool size, (2)
workload size, and (3) power input.

5.1. Results of Varying the Thread Pool Size

The objective of this set of experiments is to assess
whether the thread pool’s size impacts performance
under different cluster configurations. Therefore, the
workload size is set to small, and the power input is set
to sufficient power. All other parameters are varied in
each run. Figure 4 shows the results of varying the size
of the thread pool. Results when the thread pool size is
32 are shown in the left column of Figure 4, and results
when the thread pool size is 128 are shown in the right
column. It should be noted that the chart indicates the
number of task clusters. When the number of jobs is
too low (e.g., 8), some configurations are not
applicable since there are not enough jobs for clusters.

As seen in this figure and for all clustering
techniques, when the number of tasks is small (i.e., 8-
64 tasks), the performance of all configurations is
relatively similar.
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Figure 4. Results of varying the number of worker threads in the thread pool

TEM Journal —Volume 15 / Number 3 / 2026.

2163



TEM Journal. Volume 15, Issue 3, pages 2157-2167, ISSN 2217-8309, DOI: 10.18421/TEM153-10, August 2026.

However, as the number of tasks reaches 128,
having two task clusters (each containing 64 tasks)
starts showing performance degradation. This
performance degradation becomes significant when
there are more than 128 tasks. On the other hand, all
other cluster configurations exhibited relatively equal
results when the number of tasks was between 8 and
512.

In addition, as the number of tasks reaches the
maximum permitted value (i.e., 2048 tasks), a specific
cluster configuration (the red-marked configuration
consisting of 4 clusters) shows better results than all
other configurations. Furthermore, this cluster shows
minimal fluctuation in terms of execution time
compared to the other cluster configurations.

It can be concluded from these results that a four-
cluster configuration is optimal in this set of
experiments. This can be attributed to the fact that the
Raspberry Pi contains a quad-core processor.
Therefore, setting the number of tasks to less than four
is restrictive, and a significant increase in the number
of tasks can cause an overhead.

Furthermore, it can be seen that increasing the size
of the thread pool has not improved performance and
may have caused an increase in performance
fluctuation in the different runs. This can be justified
as many threads are blocked, waiting to be scheduled
by the scheduler when a resource becomes available.

5.2. Results of Varying the Workload Size

To evaluate the effect of workload size, the
experiments are repeated by changing the workload
size from small to larger while the power input is still
set to sufficient power and fixing the thread pool size
to 128. Similar to the previous set of experiments, in
each run, all other parameters are varied to observe the
performance of the simulated application. The effects
of increasing the workload are displayed in Figure 5.
This graph shows that as the number of tasks increases,
the performance gap between various cluster setups
becomes more noticeable. For example, in the case
where P2=2048, the four-cluster configuration
outperformed the two-clusters configuration by
approximately 75%.

On the other hand, the four-cluster configuration
outperformed the configuration without any clustering
(i.e., each task is assigned its own thread) by
approximately 25%. Therefore, the observation in this
regard is consistent with the previous observation in
that a four-clusters configuration outperformed all
other configurations due to the same reason, which is
having a quad-core processor.
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Figure 5. Results of varying the workload size from small
to large. Thread pool size = 128

5.3. Results of Varying the Power Input

In this set of experiments, the impact of reducing
the Raspberry Pi’s power input is examined.
Therefore, the power input configuration parameter is
set to underpowered while the workload size is set to
small, and the thread pool size is 128. All other
parameters are varied in different runs. When the
Raspberry ~ Pi is  underpowered,  significant
performance degradation is observed at the higher
range of a number of tasks, as shown in Figure 6
(compare the results with the results previously shown
in Figure 4).

Surprisingly, the performance of the restricted two-
cluster configuration is in the same range as other
cluster configurations. This could result from the
Raspberry Pi adjusting its computational resources
based on input power. Despite this observation, the
two-cluster ~ configuration exhibited a large
performance fluctuation compared to other cluster
configurations, especially the four-cluster
configuration, which showed more stable results in all
runs.
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Therefore, the results in this set of experiments are
consistent with the previous results reported in sections
5.1 and 5.2 in that a four-cluster configuration has
shown better and more consistent performance across
different experiments.

5.4. TCM Evaluation

To evaluate TCM’s capability of runtime
adaptation, multiple simulation scenarios are
conducted by means of experimentation to observe the
behavior of TCM during (1) normal job submissions
and (2) runtime reconfiguration of existing task
clusters.

In each executed scenario, detailed log records of
the execution are collected. The collected log records
are then analyzed and compared with the expected
behavior of TCM in maintaining the number of task
clusters to the desired value (set 4) to achieve the
experimental results discussed previously in section 5.

As an example of such a scenario, an Edge
computing application submits 2048 temporal tasks to
TCM. Execution logs (Figure 7) show that TCM
created four temporal task clusters when it received the
first four submitted tasks to match the value c. As a
result, each task is assigned to a different cluster. With
each subsequent task submitted to TCM, the action is
to distribute these tasks over the four clusters instead
of creating new ones. This is because TCM attempts to
keep the number of task clusters matching the value c,
which is set to 4.

Eventually, the application reached a configuration
consisting of four temporal clusters, each containing
512 tasks, which is the desired behavior. This scenario
also simulates the case in which all tasks of an existing
task cluster terminate normally. Therefore, the number
of active task clusters changes from 4 to 3. Inspection
of the execution log shows that, eventually, the
monitoring activity is activated to evaluate how many
active tasks are running. Since this number is less than
the desired value, the monitoring activity activates the
analysis activity. Based on the rules in section 4.1, the
analysis activity determines the need to increase the
number of task clusters to match the number of CPU
cores. As a result, the analysis activity activates the
planning activity to plan this action. The planning
activity then determines an appropriate plan by
selecting a task cluster Cuign With the largest number of
tasks, creating a new task cluster, and migrating half of
the tasks from Cpign to this new cluster.

o a new Temporal cluster.

Figure 7. Example execution log of the behavior of TCM to increase the number of task clusters at runtime
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Finally, the execution activity performs these
actions by (1) Instructing cluster Chigh with the largest
number of tasks to passivate (i.e., allowing it to
complete all currently executing tasks), (2) Creating a
new task cluster, (3) Moving half of the tasks from Chign
with the largest number of tasks to the new cluster, (4)
Running the new cluster, and (5) Resuming Chigh With
the largest number of tasks. As a result, the new
configuration now has 4 active task clusters to better
match the number of CPU cores, which is the desired
behavior.

6. Discussion

Simulation  experiment results show that
introducing the autonomous task clustering manager
(TCM) to dynamically adapt task clustering
configuration improved the performance of the Edge
computing application running on the Raspberry Pi.
TCM attempts to reduce the overhead of previously
proposed methods, which perform complex similarity
analysis of tasks.

To accomplish this, tasks submitted to the task
clustering manager are marked to indicate whether
they can be clustered under temporal, sequential, or
inversion clustering techniques. Such marking of task
types requires minor human effort. However, this
effort is at the design time of the Edge computing
application. At run-time, the task manager can cluster
tasks without human intervention. Therefore, this is an
acceptable trade-off compared to approaches that
attempt to perform extensive similarity analysis at
run-time because of the Raspberry Pi’s limited
computing capabilities.

As shown previously in section 5, the results show
that no significant performance improvement is
obtained when P2 (i.e., number of concurrent tasks) is
low. However, as the number of concurrent tasks
significantly increases, clustering tasks into an
optimal configuration can result in observable
performance improvement. This indicates that the
Raspberry Pi is capable of running concurrent tasks,
confirming prior results [1], [15].

However, as the number of concurrent tasks
increases, automatic task clustering can reduce the
overhead on these devices.

Therefore, the proposed approach is applicable in
situations where the Edge computing application
running on Raspberry Pis comprises numerous small
tasks that are executed concurrently, due to incurring
more execution overhead (e.g., in terms of scheduling
and context switching overhead) that outweighs the
benefits of concurrent execution.

Since the proposed task clustering manager is
designed as an extension that can run on existing task
schedulers, this approach complements prior works in
task schedulers rather than replacing them.
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Furthermore, this study focuses on specific types
of tasks that can be clustered when clustering
conditions are met. The proposed approach assumes
that these conditions are implicitly satisfied since only
tasks that meet these conditions will be marked during
design time. Furthermore, it is assumed that these
tasks are independent of each other. Therefore, future
works are needed to consider relaxing these
assumptions by investigating inter-task dependencies.

7. Conclusion

This research empirically evaluates the impact of
three task clustering techniques (temporal, sequential,
and multiple-instance task inversion clustering) on the
performance of edge computing systems running on
Raspberry Pis as Edge nodes. Simulation
experimental results show that although these devices
can handle concurrent task execution, performance
can be notably improved when the number of
concurrent tasks becomes large by applying clustering
techniques to control the number of tasks based on the
number of CPU cores. Experiment results show that
an approximately 25% improvement in execution time
can be achieved with a configuration that uses an
appropriate task cluster configuration compared to a
configuration that does not apply these techniques,
where every task in the system is mapped to a task.
Furthermore, this study presents the design for an
autonomous task manager incorporating the MAPE-K
loop to reconfigure the task architecture at runtime.

Future work includes investigating and evaluating
the impact of these clustering techniques on the power
consumption of these low-end, single-board devices.
In particular, further studies can be conducted to
consider whether the Raspberry Pi also conserves
power with different cluster configurations. The results
in this study show that the Raspberry Pi’s performance
behaviour significantly changes when it is
underpowered. A possible future direction is
investigating proper task clustering approaches under
such circumstances.
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