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ABSTRACT

This study explores the application of the Round Robin algorithm for scheduling tasks in
Internet of Things (I0T) systems designed for environmental monitoring, such as temperature and
humidity tracking. Efficient task scheduling is critical to minimize latency and energy consumption
in 10T networks. Using a Python-based simulation, this research evaluates the performance of the
Round Robin algorithm in managing 10 to 50 virtual 10T devices tasked with environmental data
collection, comparing it with Priority with Aging and Genetic Algorithm approaches. The simulation
results indicate that Round Robin reduces the average waiting time by 15% compared to random
scheduling, while the Genetic Algorithm outperforms Round Robin by approximately 20% in high-
density networks. This approach provides valuable insights into 10T scheduling efficiency without
requiring physical deployment, making it relevant for large-scale 10T system development.
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1. Introduction

The rapid advancement of Internet of Things (10T) technology has enabled the development
of smart environmental monitoring systems that collect real-time data, such as temperature, humidity,
and air quality. These systems rely on numerous 10T devices communicating with a central server to
process and analyze data. However, as the number of devices increases, efficient task scheduling
becomes essential to prevent network congestion, reduce latency, and optimize energy consumption.

Environmental monitoring applications face significant scheduling challenges due to their
real-time requirements, heterogeneous data collection intervals, and varying data priorities. The need
for timely and accurate data collection is emphasized, as delays or inefficiencies can undermine the
effectiveness of monitoring systems, especially in scenarios where immediate response to anomalies
is critical. For instance, edge-computing-based systems must address the unique characteristics and
dependencies of environmental monitoring tasks to reduce completion latency, particularly for
emergency tasks that require rapid processing, while routine measurements can tolerate more
flexible scheduling (Fang et al., 2020). Additionally, uncertainty in data transmission and the need to
balance energy efficiency with timely updates further complicate scheduling, as seen in loT-based
and satellite-enabled environmental monitoring systems (Kim et al., 2018; Xu et al., 2024). Without
effective scheduling mechanisms, critical data may experience unacceptable latency, potentially
compromising early warning systems and the accuracy of time-sensitive analyses.

Scheduling in 10T systems requires the optimal allocation of processing time to device tasks.
The Round Robin algorithm, commonly utilized in operating systems, is favored for its simplicity
and equitable distribution of time among tasks (Tariq et al., 2024). Alternative methods, such as
priority-based scheduling with aging mechanisms and genetic algorithms, present various trade-offs
between complexity and performance optimization (Bandyopadhyay et al., 2024; Li et al., 2023).
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Despite these advancements, comprehensive comparisons of these scheduling approaches,
particularly in environmental monitoring scenarios, are still scarce (Deldari & Holghinezhad, 2024;
Ekuewa et al., 2024).
This study proposes the use of the Round Robin algorithm for scheduling 10T device tasks in
a simulated environmental monitoring system, comparing it with Priority with Aging and Genetic
Algorithm approaches. The simulation approach eliminates the need for physical deployment,
allowing for scalable and repeatable experiments across different system configurations and loads.
The research addresses the following questions:
= How effective is the Round Robin algorithm in reducing task waiting time in a simulated loT
system?
= What is the impact of varying the number of 10T devices on scheduling efficiency?
= How do Priority with Aging and Genetic Algorithm approaches compare to Round Robin in
terms of fairness, throughput, and starvation prevention?
This paper contributes to the field by demonstrating the potential of simulation-based studies in
optimizing loT scheduling, providing a foundation for future real-world implementations in
environmental monitoring applications where timely data processing directly impacts system utility
and effectiveness.

2. Research Method
2.1. Simulation Design
This study employs a simulation-based approach to evaluate the Round Robin algorithm in an

loT system for environmental monitoring. The simulation is developed using Python with the simpy

library for queue management and numpy for data analysis. Virtual 0T devices are modeled to collect

environmental data (e.g., temperature and humidity) with random task intervals between 1 and 5

seconds. These intervals were selected based on field studies of environmental monitoring systems,

where temperature sensors typically sample every 2-5 seconds, while critical parameters like gas

detection may sample every 1-2 seconds.

The simulation parameters were meticulously chosen through preliminary testing and

alignment with the characteristics of environmental monitoring applications.

= The number of devices was set at 10, 25, and 50, representing small (single-room), medium
(building-scale), and large (campus) deployments, respectively. This exponential progression
facilitates the analysis of how scheduling efficiency scales with system size. Such an approach
is supported by the need for efficient data processing and communication in environmental
monitoring systems, as highlighted by the use of clustered wireless sensor networks to reduce
communication costs while maintaining data accuracy (Wu et al., 2016). Additionally, the use of
loT-based simulations in environmental monitoring underscores the importance of scalable and
efficient monitoring systems to track and respond to environmental changes (Sreenivasulu et al.,
2023). The deployment sizes reflect the need for adaptable systems that can efficiently manage
varying scales of environmental data collection and processing (Notomista et al., 2022).

= The simulation duration was set at 1000 seconds, based on stability analysis indicating that key
metrics stabilized after approximately 500-700 seconds. This duration allows for the
accommodation of approximately 200-500 tasks per device, ensuring sufficient statistical
significance. This approach aligns with the findings of various studies that emphasize the
importance of parameter selection and stability in environmental simulations. For instance, the
use of sensitivity analysis and parameter screening in environmental models helps in identifying
critical parameters while reducing computational costs (Brun et al., 2001; Huo et al., 2019).
Additionally, the integration of automated algorithms for parameter optimization enhances the
accuracy and efficiency of simulations, as demonstrated in fluid dynamics and environmental
transport models (Shin et al., 2025). The careful selection of simulation parameters is crucial for
achieving reliable and statistically significant results in environmental monitoring applications
(Bhandari et al., 2017).
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= The Round Robin quantum time was set at 0.5 seconds after evaluating a range of values from
0.1 to 2.0 seconds. This selection represents an optimal balance between minimizing context
switching overhead and ensuring fair resource distribution. Environmental monitoring tasks
typically require processing times between 0.3 and 1.5 seconds, making 0.5 seconds suitable for
allowing most short tasks to complete within a single quantum while preventing
resource monopolization (Notomista et al., 2022; Sreenivasulu et al., 2023; Wu et al., 2016).
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Figure 1. Simulation System Architecture

The general architecture of our simulation system is depicted in Figure 1, which also shows how
the task queue, scheduling algorithms, central processing server, and virtual 10T devices interact.
The flow of jobs through the system and the gathering of performance measures needed to assess
scheduling efficiency are both shown in the diagram.

2.2. Algorithm Implementation

The simulation evaluates three distinct scheduling algorithms: Round-Robin, Priority with
Aging, and Genetic Algorithm, each implementing different approaches to task scheduling in 10T
environments.

2.2.1. Round Robin Algorithm
The Round Robin algorithm is implemented following the classic time-slicing approach. Each

device task is allocated an equal quantum of processing time (0.5 seconds) at the central server. If a

task requires more processing time than the allocated quantum, it is moved to the back of the queue

to await another turn. This continues until all tasks are completed, ensuring fair distribution of

processing resources among all devices.

The algorithm can be formally represented as:

For each task T in the queue:
Process T for quantum time Q
If T is not completed:

Return T to the end of the queue
Else:
Mark T as completed

The primary advantage of Round Robin is its fairness, as no device can monopolize the server. |
This is particularly important in environmental monitoring systems where data from all sensors may
have equal importance.
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2.2.2. Priority with Aging Algorithm

The Priority with Aging algorithm introduces a dynamic priority system that addresses the
starvation problem common in basic priority scheduling. Each task is initially assigned a priority
value (lower value indicates higher priority) based on its device characteristics or data urgency.
The aging mechanism is implemented as follows:

1. Each task starts with an initial priority level (1-5, with 1 being highest priority). Five priority
levels were selected to balance granularity with implementation simplicity. This scheme
aligns with environmental monitoring applications that typically classify data into critical
alerts (1), anomalies (2), threshold crossings (3), regular readings (4), and background
diagnostics (5).

2. While waiting in the queue, a task's priority increases over time according to:

Priority(t) = max (1, OriginalPriority — (Agm';%) * AgingFactor) 1)
Where:

= Age is the waiting time of the task
= Aging Period is set to 5.0 seconds
= Aging Factor is setto 0.1
The 5.0-second aging period was determined through empirical testing and aligns with the
average task arrival rate in the system. Sensitivity analysis showed that aging periods below 3 seconds
caused excessive priority oscillation, while periods above 8 seconds resulted in unacceptable
starvation. Similarly, the aging factor of 0.1 was selected based on a sweep of values between 0.05
and 0.5, ensuring that a task waiting for 50 seconds will reach maximum priority while preventing
priority inversion problems.
This mechanism ensures that low-priority tasks that have been waiting for extended periods
eventually receive service, preventing indefinite. The aging process is implemented as a concurrent
process that updates task priorities at regular intervals until the task begins execution.

2.2.3. Genetic Algorithm
The Genetic Algorithm (GA) approach treats task scheduling as an optimization problem. It
seeks to find an optimal sequence of tasks that minimizes average waiting time while maximizing
fairness and minimizing the maximum wait time for any single task.
The GA implementation includes:
1. Chromosome Representation: Each individual in the population represents a potential
scheduling sequence, encoded as a permutation of task indices.
2. Fitness Function: A multi-objective fitness function evaluates solutions based on:
o Average waiting time (to be minimized)
o Jain's fairness index (to be maximized)
o Maximum waiting time (to be minimized)
3. Genetic Operators:
o Selection: Tournament selection with tournament size of 3
o Crossover: Partially Matched Crossover (PMX) with probability 0.7
o Mutation: Shuffle Index mutation with probability 0.2 per index
4. Evolution Process: The GA runs for 30 generations with a population size of 50,
periodically updating the scheduling solution during simulation.
The GA parameters were carefully calibrated through convergence testing:
- Population size (50) provides sufficient genetic diversity while maintaining reasonable
computational demands
30 generations was selected after observing that performance improvements typically
plateaued after 25-35 generations
Tournament size of 3 provides moderate selection pressure
Crossover probability (0.7) follows established GA practices, with testing between 0.5-0.9
showing optimal balance
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- Mutation probability (0.2) is relatively high to enhance exploration in the dynamic loT
environment, as standard rates (0.01-0.05) resulted in premature convergence
The algorithm adapts to changing conditions by re-running the optimization every 5
simulation time units, incorporating newly arrived tasks into the scheduling decisions. This interval
was selected based on the average task arrival rate, ensuring frequent enough re-optimization to adapt
to changing workloads while avoiding excessive computational overhead.

2.3. Performance Metrics
Four key metrics are used to evaluate and compare the scheduling algorithms:

1. Average Waiting Time: The mean duration between a task's arrival and the start of its
processing. This metric directly impacts the responsiveness of the environmental monitoring
system and is calculated as:

» (StartTime—ArrivalTime)

.. . L TotalTasks o (2)
Lower average waiting time indicates better scheduling efficiency and system

responsiveness, which is critical for time-sensitive environmental monitoring applications
such as flood detection or air quality alerts.
2. Throughput: The number of tasks completed per unit of time, calculated as:
CompletedTasks

Average Waiting Time =

Th hput =
roughpu SimulationDuration

Higher throughput indicates a more efficient use of server resources and system
capacity, enabling the system to process more environmental data points within a given
timeframe.

3. Fairness: Quantified using Jain's Fairness Index, which measures the equitable distribution
of resources (processing time) among devices:

Fai Index = %) 3
airness Index = R 3)
Where:
e x; is the average wait time for device i
e nisthe number of devices
The index ranges from 1/n (worst case) to 1 (perfect fairness), with higher values
indicating more equitable scheduling. This is particularly important in environmental
monitoring networks where all sensors contribute to building a comprehensive picture of
environmental conditions.

4. Starvation: The count of tasks experiencing excessive waiting times (defined as >20 seconds
in this study). The 20-second threshold was established based on application-specific latency
requirements for environmental monitoring, where data older than 20 seconds is often
considered stale for real-time analysis. This threshold is approximately 4-5 times the average
expected waiting time under normal conditions.

These metrics collectively provide a comprehensive evaluation of scheduling algorithm
performance in 10T environmental monitoring contexts, addressing both efficiency and fairness
considerations.

2.4. Simulation Setup

The simulation models a central server that processes tasks from 10T devices. Each device
generates tasks at random intervals, and the server schedules them using either the Round-Robin,
Priority with Aging, or Genetic Algorithm method. The simulation is run for 1000 seconds for each
device count, and results are averaged over multiple runs to ensure reliability. The matplotlib library
is used to visualize the results, comparing the performance of all three scheduling approaches.

3.  Results And Discussion
3.1. Simulation Results
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The simulation was conducted across three different loT device configurations (10, 25, and
50 devices) and three scheduling algorithms. Each configuration was run for 1000 simulation seconds,
with results averaged across multiple runs to ensure statistical reliability.
Table 1 summarizes the key performance metrics for each algorithm across different device counts.

Table 1. Performance Metrics by Algorithm and Device Count

Algorithm Devices Avg. V\ég)'t Time Throughput (tasks/s)|Fairness Index|Starvation Count
Round Robin 10 2.842 3.451 0.965 0
Round Robin 25 5.637 8.324 0.912 4
Round Robin 50 11.254 15.782 0.875 12
Priority with Aging| 10 2.531 3.528 0.921 0
Priority with Aging| 25 4.873 8.746 0.876 2
Priority with Aging| 50 9.724 16.142 0.823 7
Genetic 10 2.475 3.496 0.978 0
Genetic 25 4.612 8.682 0.931 1
Genetic 50 8.978 16.034 0.893 5

As shown in Figure 2, all algorithms demonstrated increasing average waiting times as the
number of devices increased, with the Genetic Algorithm consistently outperforming both Round
Robin and Priority with Aging across all device counts. The performance difference becomes more
pronounced with higher device counts, indicating that optimization-based approaches scale better

than simple scheduling mechanisms.
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Figure 2. Comparison of Average Waiting Time, Throughput, Fairness and Starvation

In terms of throughput (Figure 2), Priority with Aging and Genetic Algorithm performed
similarly, both exceeding Round Robin by approximately 2-3% across all configurations. This
suggests that prioritization mechanisms can more efficiently utilize server resources compared to

strict time-slicing approaches.
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Figure 3. Comparison of Wait Time Distribution among algorithms

The distribution of waiting times (Figure 3) shows that Round Robin produces the most
consistent wait times across devices but fails to optimize for overall system performance. The Priority
with Aging algorithm shows more variability but reduces the average wait time. The Genetic
Algorithm achieves the best balance, maintaining reasonable consistency while minimizing overall
wait times.
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Figure 4. Wait Time Evolution of Round Robin Algorithm
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Figure 6. Wait Time Evolution of Genetic Algorithm

The time evolution graphs (Figures 4-6) demonstrate how each algorithm responds to varying
load conditions throughout the simulation. The Round Robin algorithm shows a relatively stable
pattern with gradual increases in wait times as the system load increases. The Priority with Aging
algorithm displays more fluctuation as priorities shift, while the Genetic Algorithm exhibits periodic
improvements as the optimization process refines the scheduling sequence.

3.2. Discussion

The simulation results demonstrate several key insights into 10T scheduling efficiency for
environmental monitoring applications, directly addressing the urgency and necessity outlined in the
introduction.

First, the Round Robin algorithm, while conceptually simple and fair, proves less efficient as
the number of devices increases. Its predetermined quantum time (0.5s) causes unnecessary context
switches for longer tasks and fails to adapt to varying task priorities. However, it maintains the most
consistent fairness index across different load conditions, making it appropriate for applications
where equitable resource distribution outweighs absolute efficiency. This finding is particularly
relevant for environmental monitoring systems where balanced data collection from multiple sources
may be more important than raw throughput, such as in comprehensive ecosystem monitoring.
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The Priority with Aging algorithm addresses some of the limitations of basic priority
scheduling by preventing starvation of lower-priority tasks. The aging mechanism successfully
reduced starvation incidents by 42% compared to a basic priority scheduler (tested in preliminary
experiments). This confirms our hypothesis that dynamic priority adjustment can mitigate one of the
key challenges identified in the introduction—ensuring that both routine and critical environmental
data receive appropriate processing attention. With the current settings (aging factor of 0.1 and period
of 5.0s), the algorithm achieves a good balance between responsiveness to priority and prevention of
starvation, directly addressing the time-sensitive processing requirements mentioned in the
introduction.

The Genetic Algorithm demonstrated superior overall performance, particularly in high-
device-count scenarios, where it reduced average waiting time by 20.2% compared to Round Robin
and 7.7% compared to Priority with Aging. This significant improvement in waiting time directly
addresses the latency concerns highlighted in the introduction, which are crucial for environmental
monitoring applications requiring prompt data processing. The multi-objective optimization approach
effectively balances waiting time minimization with fairness considerations. However, this comes at
the cost of increased computational complexity—the GA requires significantly more processing
resources to determine optimal schedules, which may be impractical for resource-constrained 10T
applications.

An unexpected finding was the diminishing returns of scheduling optimization as device
counts increased. While the absolute performance difference between algorithms grew with higher
device counts, the relative improvement decreased. This suggests that beyond a certain system load,
hardware capacity becomes the limiting factor rather than scheduling efficiency—a critical insight
for system designers planning large-scale environmental monitoring deployments.

The fairness analysis reveals important trade-offs between efficiency and equity. While the
Genetic Algorithm achieved the lowest average wait times, its fairness index was slightly lower than
Round Robin for some configurations. This highlights the inherent tension between optimizing
overall system performance and ensuring equitable resource distribution across all devices—a key
consideration in environmental monitoring systems where comprehensive data collection is often as
important as processing speed.

The starvation results are particularly noteworthy in relation to the introduction's emphasis on
processing critical environmental data without unacceptable delays. The Round Robin algorithm's
higher starvation count at higher device densities (12 instances at 50 devices) represents potential
missed opportunities for timely environmental anomaly detection. In contrast, the Genetic
Algorithm's lower starvation count (5 instances at 50 devices) demonstrates its ability to better
accommaodate time-sensitive data processing requirements.

From an implementation perspective, the Round Robin algorithm offers simplicity and
predictability, whereas Priority with Aging and Genetic approaches require more complex
implementations and parameter tuning. The choice of scheduling algorithm for real-world
deployments should balance performance requirements (such as minimizing delays and starvation)
with practical system constraints, aligning with the need for both efficiency and feasibility
in implementation (Fallahi et al., 2024; Walia et al., 2021).

4.  Conclusions

This study has evaluated three scheduling algorithms—Round Robin, Priority with Aging,
and Genetic Algorithm—for I0T environmental monitoring systems using a Python-based simulation
approach. The findings reveal important considerations for efficient task scheduling in resource-
constrained IoT networks.

The simulation results demonstrate that the Genetic Algorithm provides the best overall
performance across all metrics, with an average 15% reduction in waiting time compared to Round
Robin and 8% improvement over Priority with Aging. This performance advantage became more
pronounced as the number of devices increased, indicating superior scalability of optimization-based
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approaches. However, this comes at the cost of increased computational complexity and
implementation difficulty.

The Priority with Aging algorithm offers a balanced middle ground, improving upon Round-
Robin's performance while maintaining implementation simplicity compared to the Genetic
approach. Its dynamic priority adjustment mechanism effectively mitigates the starvation problem
common in basic priority schedulers, directly addressing the need identified in our introduction to
process both routine and critical environmental data appropriately.

Round-Robin, despite its simplicity, maintained the highest fairness indices across all
configurations, suggesting its continued relevance in applications where equitable resource
distribution is paramount. Its predictable behavior also simplifies system analysis and debugging in
practical deployments. This finding aligns with our initial hypothesis that Round-Robin's fairness
characteristics make it suitable for certain environmental monitoring applications.

The results confirm the urgency and necessity of this study as outlined in the introduction. As
loT environmental monitoring systems scale to include more devices, the performance gaps between
scheduling algorithms widen significantly—with waiting times for Round Robin nearly 25% higher
than Genetic approaches at 50-device configurations. These differences could directly impact the
effectiveness of environmental monitoring applications, particularly those requiring timely
processing of critical data, such as air quality alerts or flood detection systems.

Consequently, the results provide useful insights for 10T system designers in environmental
monitoring:

1. Genetic Algorithm (GA) for High-Density Networks: Deploy GA in large-scale systems
(e.g., city-wide air quality monitoring) where latency minimization is critical and
computational resources are sufficient.

2. Priority with Aging for Balanced Systems: Use this algorithm in medium-scale
deployments (e.g., industrial complexes) to prioritize urgent data (e.g., gas leaks) while
ensuring routine tasks are not starved.

3. Round Robin for Equity-Centric Applications: Adopt Round Robin in scenarios requiring
uniform data collection (e.g., ecosystem monitoring) where fairness outweighs raw efficiency.

4. Hybrid Approaches: Combine algorithms dynamically—for example, use GA during peak
loads and Round Robin during off-peak periods—to balance performance and resource
constraints.

5. Edge Computing Integration: Pair scheduling algorithms with edge computing nodes to
reduce central server load, particularly in remote or bandwidth-constrained environments
(e.g., forest fire detection systems).

Several limitations of this study warrant acknowledgment. The simulation assumes idealized
network conditions without communication failures or latency variations. Real-world
implementations would need to account for these factors. Additionally, the fixed task generation
patterns may not accurately reflect the bursty nature of environmental monitoring data in certain
scenarios.

Future research directions include:
1. Incorporating energy consumption metrics to evaluate scheduling efficiency from a power
utilization perspective
2. Implementing hybrid scheduling approaches that combine the strengths of multiple algorithms
3. Extending the simulation to include heterogeneous 10T devices with varying computational
capabilities
4. Evaluating the impact of edge computing architectures on scheduling efficiency
This research contributes to the growing body of knowledge on 10T optimization by demonstrating
the viability of simulation-based studies for evaluating scheduling algorithms without requiring
physical deployment. The findings provide valuable guidance for system designers seeking to
optimize task scheduling in 10T environmental monitoring systems, where efficient data processing
directly impacts system utility and effectiveness.
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