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Preface

Time management and scheduling have long been recognized as critical factors

in achieving industry efficiency and productivity. The ability to allocate limited
resources—whether human, material, or computational—against competing
demands optimally is a fundamental challenge organizations and individuals face.
Scheduling problems, in their many forms, are deeply intertwined with opera-
tional research, artificial intelligence, and decision science, making them a topic
of continuous study and innovation.

This volume, Mastering Time — Innovative Solutions to Complex Scheduling Problems,
presents a comprehensive exploration of modern scheduling challenges and the
methodologies employed to address them. It aims to bridge the gap between theoreti-
cal advancements and practical applications, offering a multidisciplinary perspective
on how scheduling can be optimized in an era of rapid technological change. By
bringing together concepts from mathematics, computer science, engineering, and
business analytics, this book provides a holistic view of how scheduling solutions can
be designed, implemented, and refined to meet the demands of complex systems.

Scope and objectives

The primary objective of this book is to present state-of-the-art strategies and meth-
odologies for solving scheduling problems across various domains. From industrial
operations to healthcare systems, from workforce management to supply chain logistics,
scheduling is an essential function that impacts efficiency, cost-effectiveness, and overall
system performance. By exploring algorithmic approaches, machine learning techniques,
and heuristic optimization strategies, this volume offers readers a structured under-
standing of both foundational theories and cutting-edge developments in scheduling.

In particular, the book focuses on:
* Theoretical frameworks that underpin scheduling and time management.

* Optimization techniques, including linear programming, integer programming,
and constraint-based scheduling.

* The role of artificial intelligence and machine learning in predictive scheduling
and automation.

* Case studies from industries such as mining, manufacturing, healthcare, trans-
portation, and technology illustrate real-world scheduling model applications.

* Challenges and solutions in dynamic scheduling, including uncertainty manage-
ment, real-time decision-making, and adaptive scheduling frameworks.

* The intersection of scheduling with data governance, digital twins, and cloud-based
computing environments.



The book is structured to provide both conceptual depth and practical relevance,
making it accessible to researchers, practitioners, and decision-makers. The content
is designed to assist professionals in improving scheduling efficiency while equipping
scholars with an academic foundation for further research in this field.

Target audience

This book is intended for a diverse audience, including researchers, graduate students,
industry professionals, and policymakers involved in operations management, artificial
intelligence, and decision sciences. Engineers and data scientists working on real-world
scheduling problems will find valuable insights into advanced methodologies, while
business leaders and executives will gain a strategic understanding of how scheduling
optimization can drive operational excellence.

For academics, this volume serves as a resource for understanding the mathematical
and algorithmic scheduling principles, offering insights into the latest advancements
in computational approaches. For industry practitioners, the book provides practical
strategies that can be applied to improve scheduling efficiency and adaptability within
complex operational environments.
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Asindustries and societies evolve in an increasingly data-driven and technology-enabled
world, scheduling will remain paramount in optimizing efficiency and decision-making.
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mastering scheduling techniques. I hope that Mastering Time — Innovative Solutions to
Complex Scheduling Problems will serve as both a scholarly reference and a practical guide
for those seeking to tackle the complexities of scheduling with innovation and precision.
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Chapter1

Introductory Chapter: Mastering
Time - Innovative Solutions to
Complex Scheduling Problems

Ali Soofastaei

1. Introduction

Time is both an infinite and a finite resource. While it continues its relentless
march forward, our ability to utilize it efficiently is limited by our understanding,
tools, and approaches. In the modern world, where industries and individuals con-
stantly strive for optimization, mastering time has become a critical factor in achiev-
ing success. From large-scale industrial operations to personal time management, the
challenge of scheduling—the process of organizing tasks, events, or resources within
given constraints—remains one of the most complex yet essential aspects of modern
life [1].

At the heart of scheduling lies a fundamental question: How can we best allocate
our most valuable resource, time, in a world of competing demands? The answer is
far from straightforward. Scheduling involves coordinating multiple tasks and events,
often with conflicting priorities, limited resources, and unpredictable changes.
Whether it is a manufacturing plant operating 24/7, a healthcare system managing
patient appointments, or an individual juggling work, family, and personal commit-
ments, effective scheduling is central to achieving objectives with minimal waste and
maximum efficiency [2].

Despite its critical importance, scheduling is often overlooked or oversimplified in
many contexts. People and organizations tend to rely on intuition or outdated meth-
ods, unaware of the complexities and inefficiencies that may be creeping into their
processes. However, modern scheduling problems require sophisticated solutions,
ones that not only optimize the use of time but also manage resources, minimize
costs, and adapt to changing conditions. This book is a roadmap for navigating those
complexities and unlocking the full potential of time and resource management.

2. The complexity of scheduling problems

Scheduling problems are, by nature, multi-dimensional and complex. They are
not just about placing tasks on a timeline but involve managing constraints such as
resource availability, task dependencies, and time windows. In more technical terms,
scheduling is a combinatorial optimization problem—one where finding the best
solution often requires considering a multitude of possible scenarios.

1 IntechOpen



Mastering Time — Innovative Solutions to Complex Scheduling Problems

For instance, take the case of a large-scale construction project where multiple
teams must coordinate their efforts. Delays in one area can cascade into others,
causing costly overruns. Or consider a hospital managing the schedules of doc-
tors, nurses, and patients. Missteps in scheduling can result in both inefficiencies
and, more critically, risks to patient care. In such situations, the stakes are high,
and the complexity of scheduling increases exponentially as more variables are
introduced [3].

The complexity of scheduling arises from several factors:

1. Multiple resources: In most scheduling problems, there are multiple resources
that need to be coordinated, such as personnel, equipment, or materials. Each
resource may have different availability and capacity constraints. For example,
in manufacturing, machines may have different processing speeds and main-
tenance requirements, while in health care, doctors and nurses have varying
expertise and work shifts.

2. Dependencies and precedence: Many tasks cannot be completed in isolation. They
are dependent on the completion of other tasks, often in a specific order. For
instance, in construction, foundations must be laid before walls can be built. In
project management, certain milestones must be achieved before subsequent
tasks can begin. These dependencies create a network of interrelated tasks that
must be carefully coordinated.

3. Time-sensitive constraints: Some tasks must be completed within specific time
windows or deadlines. Missing these windows can lead to penalties, missed op-
portunities, or even project failure. In industries like transportation and logis-
tics, where schedules are tightly linked to delivery times, delays can have far-
reaching consequences.

4. Dynamic and uncertain environments: Scheduling is often complicated by the
fact that real-world environments are dynamic and unpredictable. Unforeseen
disruptions, such as equipment breakdowns, resource shortages, or changing
customer demands, can force schedules to be re-adjusted on the fly. This adds
another layer of complexity, as the scheduling system must be flexible enough to
adapt in real time.

5. Multiple objectives: Most scheduling problems are multi-objective. In addition
to minimizing time, decision-makers may need to optimize other factors, such
as costs, resource utilization, quality, or customer satisfaction. Balancing these
objectives requires careful trade-offs and strategic prioritization.

3. Traditional vs. modern scheduling approaches

Traditional methods of managing schedules, while effective in some contexts,
are increasingly ill-suited to the demands of modern industries and personal lives.
For many years, tools like spreadsheets and basic project management software
were sufficient for handling schedules, particularly in smaller operations with fewer
constraints. However, as the complexity of operations has grown, these methods have
shown their limitations [4].
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In industries like manufacturing, health care, and logistics, where multiple tasks,
resources, and time-sensitive constraints intersect, traditional tools are often too rigid
and simplistic. They lack the ability to dynamically adjust to changing circumstances,
leading to inefficiencies, delays, and missed opportunities. Moreover, manual sched-
uling is not only time-consuming but also prone to human error, especially when
dealing with complex systems [5].

This is where modern approaches to scheduling come into play. In recent years,
there has been a surge of interest in using advanced technologies such as artificial
intelligence (AI), machine learning, and optimization algorithms to solve scheduling
problems more effectively. These tools are designed to handle complexity at a level
that was previously impossible, allowing organizations to optimize their schedules in
real time, even in the face of uncertainty and change.

4. The promise of artificial intelligence and machine learning

Al and machine learning have brought transformative capabilities to the field of
scheduling. Unlike traditional rule-based systems, Al-powered scheduling solutions
can learn from data, recognize patterns, and make predictions. This allows them to
automatically adjust schedules based on real-time information, such as changes in
demand, resource availability, or external conditions.

For example, in the transportation industry, Al algorithms can be used to optimize
delivery routes and schedules by analyzing traffic patterns, weather forecasts, and
vehicle availability. In health care, machine learning can help hospitals optimize staff
schedules by predicting patient volumes and resource needs. These Al systems can
continuously improve over time as they are exposed to more data, becoming increas-
ingly accurate and efficient [6].

Another advantage of Al-based scheduling systems is their ability to handle uncer-
tainty. Real-world environments are often unpredictable, and traditional scheduling
tools struggle to adapt to unexpected changes. Al systems, however, can incorporate
uncertainty into their models, allowing them to make more robust decisions and
adapt quickly when disruptions occur.

5. Optimization algorithms: The backbone of complex scheduling

Optimization algorithms are another key component of modern scheduling
systems. These algorithms work by searching for the best possible solution to a
scheduling problem within a set of constraints. They can evaluate millions of poten-
tial scheduling combinations in a fraction of the time it would take a human to do the
same, making them ideal for handling large-scale, complex problems [7].

One of the most commonly used optimization techniques in scheduling is the
genetic algorithm, which is inspired by the process of natural selection. This algorithm
generates multiple potential solutions (or “schedules”) and then selects the best ones
based on predefined criteria, such as minimizing time or maximizing resource uti-
lization. Over successive iterations, the algorithm refines these solutions, ultimately
arriving at an optimal or near-optimal schedule.

Other popular optimization techniques include linear programming, dynamic
programming, and constraint satisfaction algorithms. Each of these methods has its
own strengths and weaknesses, depending on the specific nature of the scheduling
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problem at hand. Throughout this book, we will explore these techniques in detail,
offering guidance on when and how to apply them in different contexts.

6. Bringing it all together

The objective of Mastering Time is to demystify the complexities of scheduling and
provide readers with the knowledge and tools to apply innovative scheduling tech-
niques in both professional and personal settings. Whether you are managing a large
industrial project or simply trying to make the most of your day, the principles and
solutions outlined in this book can help you achieve your goals with greater efficiency
and less stress [8].

This book is divided into several sections, each focusing on different aspects of
scheduling and time management. In the early chapters, we explore the nature of
scheduling problems and examine why they are so challenging to solve. This includes
an in-depth look at the various constraints and factors that influence scheduling deci-
sions, such as resource availability, task dependencies, and time-sensitive priorities.

Later chapters introduce cutting-edge scheduling techniques, from Al-powered
tools to advanced optimization algorithms. We will delve into how these innovations
are being used across a range of industries—manufacturing, health care, logistics,
and more—to revolutionize the way organizations approach time management and
resource allocation. Practical case studies are included throughout to illustrate these
concepts in action, showing how companies and individuals have successfully imple-
mented innovative scheduling solutions.

The final section of the book is dedicated to personal scheduling and time
management. While much of the focus is on large-scale industrial applications, the
principles of effective scheduling apply equally to individual lives. We will explore
how the same tools and techniques can help people better manage their time, reduce
stress, and achieve a healthier work-life balance [9].

7. A path forward

Time management and scheduling will always be challenging, but with the right
tools and knowledge, they can also become sources of tremendous opportunity.
Mastering Time is about more than just solving scheduling problems—it is about
changing the way we think about time, efficiency, and resource management in a
world where every second counts [10].

As you work through the book, you will discover not only practical solutions to
your scheduling challenges but also a new perspective on time itself. With the right
mindset and techniques, even the most complex scheduling problems can be trans-
formed into manageable, solvable puzzles—allowing you to reclaim control over your
time and achieve your objectives more effectively than ever before.

Let us dive in and explore the future of scheduling together.
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Chapter?2

Intelligent Scheduling: How Al
and Advanced Analytics Are
Revolutionizing Time Optimization

Ali Soofastaei

Abstract

Scheduling is critical in optimizing time and resources across industries, yet
traditional scheduling methods struggle to manage the complexity and dynamic
nature of modern operational environments. This chapter explores how artificial
intelligence (AI) and advanced analytics transform scheduling by providing innova-
tive solutions to age-old challenges. Through machine learning, predictive analytics,
and optimization algorithms, Al-driven systems are enabling real-time decision-
making and demonstrating adaptability by adjusting schedules to evolving condi-
tions, thereby delivering higher efficiency. The chapter delves into key Al techniques
such as genetic algorithms, dynamic scheduling, and multi-objective optimization,
showcasing how these tools are applied in manufacturing and logistics industries.
Real-world examples illustrate the tangible benefits AI offers, from reducing pro-
duction downtime to improving patient care and optimizing delivery routes. This
emphasis on practical value is intended to convince the audience of Als significant
impact on scheduling. Looking forward, the chapter explores emerging trends
such as autonomous scheduling, the integration of Al with the Internet of Things
(IoT), and the potential of quantum computing to revolutionize scheduling further.
Ultimately, this chapter demonstrates that Al and advanced analytics are solving
today’s complex scheduling problems and reshaping the future of time optimization
across industries.

Keywords: artificial intelligence (AI), advanced analytics, predictive scheduling,
optimization algorithms, machine learning, genetic algorithms, dynamic scheduling,
multi-objective optimization, autonomous scheduling, Internet of Things (IoT)

1. Introduction

Time optimization has long been critical for businesses, industries, and individuals.
In an era where efficiency, cost control, and timely delivery are paramount, scheduling
lies at the heart of nearly every operation. Whether we are looking at production lines
in manufacturing, logistics and transportation, healthcare systems, or even personal
time management, the complexity of scheduling has become a significant bottleneck in
achieving peak performance [1].
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At its core, scheduling refers to assigning resources to activities over time while
adhering to various constraints. These constraints may involve deadlines, resource
limitations, task dependencies, or time windows. The complexity of scheduling
increases with the number of variables and constraints, and manually managing
schedules is impractical for many [2].

Traditional approaches to scheduling—those based on heuristic methods,
spreadsheets, or basic project management tools—are no longer adequate for
today’s dynamic environments. In contrast, artificial intelligence (AI) and advanced
analytics have introduced a paradigm shift in addressing scheduling challenges. Al
systems can learn from data, make real-time adjustments, and deliver more efficient,
flexible schedules through predictive analytics, machine learning, and optimization
algorithms [3].

This chapter will explore how Al and advanced analytics revolutionize scheduling,
enabling organizations to optimize time and resources effectively. By leveraging the
power of Al, businesses and individuals alike are making better decisions, achieving
higher levels of productivity, and transforming how they manage time. The chapter
will dive into specific AI techniques, real-world applications, and the potential impact
of these technologies on the future of scheduling [4].

2. The role of Al in scheduling
2.1 Al and machine learning: An overview

Artificial intelligence, mainly through machine learning, has brought tremendous
advancements in decision-making processes. At its core, Al refers to the ability of
machines to simulate human intelligence—learning from data, recognizing patterns,
and making decisions. When applied to scheduling, Al systems can do much more
than automate repetitive tasks; they can intelligently adapt to changing conditions,
forecast potential disruptions, and recommend optimal solutions [5].

Machine learning, a subset of Al, allows systems to learn from past data and
improve over time. Machine learning algorithms analyze historical performance data in
scheduling to uncover trends and patterns humans might overlook. These patterns are
then used to predict future scheduling needs and prevent conflicts before they arise.

For instance, Al can analyze how long a specific task typically takes, identify
recurring delays, and suggest adjustments to future schedules based on this knowl-
edge. Al-driven systems are also capable of factoring in multiple variables, such as
resource availability, time constraints, and even external factors like weather condi-
tions, of producing optimal schedules in real time [6].

2.2 Predictive analytics in scheduling

Predictive analytics plays a vital role in scheduling by leveraging historical data to
forecast future outcomes. Al systems with predictive models can anticipate potential
bottlenecks, predict resource shortages, or identify tasks likely to overrun their time
estimates. This capability allows organizations to be proactive rather than reactive,
enabling them to make informed scheduling decisions well in advance [7].

For example, in the supply chain and logistics industry, predictive analytics is
used to forecast delivery times based on factors such as traffic patterns, weather
conditions, and historical data on delivery delays. Al systems analyze this data and
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predict when a delivery might be delayed, allowing logistics companies to adjust their
schedules or notify customers in advance. These predictive models can significantly
enhance efficiency by reducing idle times, minimizing resource wastage, and improv-
ing overall reliability.

Moreover, predictive scheduling models are invaluable in industries like health-
care, where patient volumes fluctuate daily. Al systems can predict peak times for
patient inflow based on historical data, weather changes, and local events, allowing
hospitals to adjust staff schedules to meet demand, thereby optimizing patient care
and minimizing wait times [8].

2.3 Al-powered decision-making

One of the most significant contributions of Al to scheduling is its ability to
support decision-making processes. Unlike traditional methods, where scheduling
decisions are typically made based on fixed rules or manual adjustments, Al-driven
systems use data-driven insights to recommend the most efficient scheduling options.
Al algorithms can simulate thousands of potential scheduling scenarios and evaluate
them based on key performance metrics such as time, cost, and resource utilization.

For example, Al-powered scheduling systems in the manufacturing industry
analyze production data to automatically adjust machine operating times, shift work
schedules, and optimize maintenance periods. By using real-time data from machines
and production lines, these systems can make dynamic scheduling decisions to avoid
bottlenecks, reduce downtime, and ensure smooth production flows [9].

In the healthcare industry, Al-powered scheduling tools help hospitals optimize
staff and patient scheduling by analyzing a variety of factors, such as staff availabil-
ity, patient urgency, and resource constraints. Al systems can automatically allocate
staff to departments with the highest demand, ensuring that patient care is not
compromised while maximizing resource utilization [10].

The key advantage of Al-powered decision-making is its ability to respond to
changes in real time. In dynamic environments, such as transportation or project man-
agement, schedules are often disrupted by unforeseen events like equipment failure,
employee absences, or delays in supply chains. Al systems can react to these disrup-
tions immediately by re-optimizing schedules, reallocating resources, or recommend-
ing alternative solutions—minimizing downtime and ensuring smooth operations.

3. Advanced analytics for enhanced scheduling
3.1Introduction to advanced analytics

Advanced analytics involves the use of sophisticated data analysis techniques to
draw insights from large datasets. In scheduling, advanced analytics goes beyond
simply generating schedules—it analyzes the underlying data to identify trends,
uncover inefficiencies, and provide actionable recommendations for improvement.
By combining statistical modeling, predictive analytics, and data mining, advanced
analytics equips organizations with the tools they need to optimize schedules and
enhance performance [11].

Advanced analytics can be broken down into several key types: descriptive analyt-
ics, predictive analytics, and prescriptive analytics. Each plays a vital role in address-
ing different aspects of scheduling challenges.

9
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3.2 Descriptive analytics

Descriptive analytics involves analyzing historical data to understand what
has happened in the past. In the context of scheduling, descriptive analytics
allows organizations to gain insights into how their resources were used, where
bottlenecks occurred, and which tasks or processes took longer than expected. By
studying these patterns, decision-makers can identify inefficiencies and areas for
improvement.

For example, a manufacturing plant might use descriptive analytics to analyze
the average time taken by different machines to complete specific tasks. If certain
machines consistently experience delays, it may indicate a need for maintenance,
additional resources, or process adjustments. By uncovering these insights, managers
can make informed decisions to improve future schedules [12].

Descriptive analytics also allows organizations to benchmark their performance.
By comparing current scheduling outcomes with the past performance, decision-
makers can assess whether their scheduling strategies are improving over time or if
new inefficiencies have emerged.

3.3 Prescriptive analytics

Prescriptive analytics is the next step in advanced analytics, providing recom-
mendations on the best course of action. While predictive analytics tells you what is
likely to happen, prescriptive analytics goes further by suggesting what you should do
in response. In scheduling, prescriptive analytics helps organizations make informed
decisions by analyzing multiple possible scenarios and recommending the optimal
schedule [13].

In project management, for example, prescriptive analytics can help managers
determine the best way to allocate resources across tasks, ensuring that deadlines are
met while minimizing costs. By simulating different resource allocation strategies, the
Al-driven system can recommend the schedule that achieves the best balance between
resource utilization, cost, and project timelines.

Similarly, in airline scheduling, prescriptive analytics can optimize crew
schedules by considering multiple factors such as crew availability, flight dura-
tions, and time zone changes. By automatically generating optimized schedules,
airlines can reduce crew fatigue, avoid scheduling conflicts, and improve opera-
tional efficiency [14].

3.4 The role of big data

In recent years, big data has become a cornerstone of advanced analytics, provid-
ing organizations with the ability to process and analyze massive datasets. Big data
enables Al-driven scheduling systems to take into account a wide array of variables,
including external factors such as weather conditions, traffic patterns, or economic
trends, alongside internal operational data.

For instance, in supply chain and logistics, big data analytics allows companies
to gather and analyze data from sensors, GPS devices, and historical delivery
records to optimize routing schedules in real time. By incorporating real-time data
from thousands of sources, big data analytics ensures that scheduling systems can
react to changing conditions instantly, minimizing delays and optimizing resource
allocation [15].
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4. Optimization algorithms in scheduling
4.1 Introduction to optimization

At the heart of many advanced Al-driven scheduling systems lies the field of opti-
mization. Optimization algorithms are designed to find the most efficient solution to a
problem within a set of constraints. When it comes to scheduling, these algorithms evalu-
ate various possible schedules and select the one that best satisfies a defined objective,
whether it is minimizing time, reducing costs, or maximizing resource utilization [16].

Optimization algorithms have evolved significantly over time, and their applica-
tion to scheduling has provided substantial benefits across industries. In complex
environments—such as manufacturing plants, transportation networks, and even
healthcare systems—optimization is essential to balancing competing priorities and
resolving conflicts in scheduling.

4.2 Genetic algorithms

One of the most widely used optimization techniques in scheduling is the genetic
algorithm (GA). Inspired by the process of natural selection, genetic algorithms are
powerful tools for solving complex scheduling problems. They work by generating
a pool of potential solutions (or schedules), evaluating their fitness based on pre-
defined criteria (such as time, cost, or resource usage), and then iteratively refining
them to produce better solutions [16].

In scheduling, genetic algorithms can be especially effective when dealing with
multiple constraints, such as task dependencies, limited resources, and variable dura-
tions. By simulating the process of natural evolution—through selection, crossover,
and mutation—these algorithms evolve toward the optimal schedule over time.

For example, in a manufacturing environment, a genetic algorithm can optimize
machine schedules by evaluating millions of potential sequences of tasks, taking into
account machine availability, task durations, and maintenance requirements. The
algorithm iterates over generations, refining the schedule to minimize downtime and
maximize throughput [17].

Genetic algorithms are particularly useful in scheduling scenarios where there is
no single “correct” solution but rather a set of competing objectives. For instance, bal-
ancing cost reduction with timely task completion often requires trade-offs. Genetic
algorithms excel at identifying these trade-offs and finding schedules that strike the
right balance between competing goals.

4.3 Dynamic scheduling algorithms

Traditional scheduling methods often assume a static environment, where all
variables are known in advance. However, real-world scheduling problems are far
more dynamic. Unforeseen events such as machine breakdowns, changes in demand,
or staff unavailability can render static schedules obsolete. This is where dynamic
scheduling algorithms come into play.

Dynamic scheduling algorithms are designed to adapt schedules in real time
as new information becomes available. They continuously monitor the system,
detect changes, and adjust the schedule accordingly to minimize disruptions. These
algorithms are invaluable in industries where schedules are frequently disrupted by
unexpected events [18].

11



Mastering Time — Innovative Solutions to Complex Scheduling Problems

For example, in the logistics industry, dynamic scheduling algorithms can re-opti-
mize delivery routes in response to real-time traffic data or sudden changes in delivery
orders. If a driver encounters heavy traffic or road closures, the dynamic scheduling
system can quickly reroute the driver and adjust delivery times to ensure minimal delay.

Similarly, in manufacturing, if a machine unexpectedly goes offline for mainte-
nance, dynamic scheduling algorithms can adjust the production schedule by real-
locating tasks to other machines or rescheduling tasks in the most efficient order. This
ability to respond to real-time changes enables businesses to maintain high levels of
productivity, even in unpredictable environments.

4.4 Multi-objective optimization

Many scheduling problems are characterized by the need to balance multiple,
often conflicting, objectives. For example, a hospital may need to optimize its staff
schedules to minimize both labor costs and patient wait times while also ensuring that
staffs do not exceed their working hours. Multi-objective optimization algorithms are
designed to handle these types of challenges, where multiple goals need to be achieved
simultaneously [19].

In multi-objective optimization, the goal is not to find a single “best” solution
but rather to identify a set of solutions that offer different trade-offs between objec-
tives. This set of solutions is often referred to as the Pareto front, where each solution
represents a different balance between competing objectives. Decision-makers can
then choose the solution that best aligns with their priorities.

For example, in the aviation industry, airline scheduling involves balancing factors
such as crew availability, flight schedules, maintenance windows, and fuel efficiency.
A multi-objective optimization algorithm can evaluate these competing goals and
generate a set of possible schedules, each representing a different balance between
minimizing costs and maximizing efficiency. Airline managers can then select the
schedule that best meets their operational and financial requirements.

5. Al and analytics in action: Real-world applications

Al and advanced analytics have been successfully deployed across various indus-
tries, transforming the way scheduling challenges are addressed. In this section, we
will explore several real-world applications that showcase the power of Al-driven
scheduling solutions [20].

5.1 Manufacturing industry

In the manufacturing sector, Al-powered scheduling systems are revolutionizing
the way production lines are managed. These systems optimize machine utilization,
minimize downtime, and ensure that production schedules are aligned with demand.

One prominent example is the use of Al in smart factories, where machines are
equipped with sensors that provide real-time data on their status. Al systems con-
tinuously monitor this data, adjusting production schedules to account for machine
downtime, maintenance needs, and changes in production demand. By dynamically
optimizing the production schedule, Al reduces inefficiencies and increases output [21].

Case study: A major automotive manufacturer implemented an Al-driven schedul-
ing system to optimize its production line. The system used machine learning to analyze
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historical production data and predict when machines would require maintenance. By
integrating predictive maintenance data into the production schedule, the manufac-
turer was able to reduce downtime by 20% and increase overall production efficiency.

5.2 Healthcare sector

In the healthcare sector, efficient scheduling is crucial for optimizing patient care
and resource utilization. Al-driven scheduling systems are helping hospitals manage
the complex tasks of allocating staff, scheduling surgeries, and managing patient
appointments.

Al systems in healthcare use predictive analytics to forecast patient inflow and
adjust staff schedules accordingly. For example, during flu season, Al systems can
predict an increase in patient volume and recommend adjustments to staffing levels to
ensure that hospitals are adequately prepared. These systems also optimize operating
room schedules, minimizing downtime between surgeries and ensuring that resources
such as surgical teams and equipment are used efficiently [22].

Case study: A hospital in the United States implemented an Al-based scheduling
system to optimize its operating room schedules. The system analyzed historical
surgery data, patient arrival patterns, and staff availability to recommend the most
efficient surgery schedules. As a result, the hospital reduced patient wait times by
15% and increased the number of surgeries performed by 10%.

5.3 Supply chain and logistics

Supply chain and logistics are industries where scheduling plays a critical role in
ensuring timely deliveries and minimizing operational costs. Al and advanced analyt-
ics are transforming how logistics companies optimize routes, manage fleets, and
adjust schedules in real time.

In logistics, Al-powered systems use real-time data from GPS devices, traffic sen-
sors, and weather forecasts to adjust delivery schedules and routes. These systems can
dynamically re-optimize routes if traffic conditions change or if new delivery orders
are added. This flexibility allows logistics companies to minimize delivery times,
reduce fuel consumption, and improve overall customer satisfaction [23].

Case study: A global logistics company implemented an Al-driven scheduling
system to optimize its delivery routes. The system used real-time traffic data and
historical delivery performance to predict delays and recommend alternative routes.
By dynamically adjusting delivery schedules, the company reduced delivery times by
12% and lowered fuel costs by 8%.

5.4 Project management

Project management involves coordinating multiple tasks and resources to
meet deadlines and stay within budget. AI and advanced analytics are helping
project managers optimize task sequencing, resource allocation, and risk management.
Al systems in project management use predictive analytics to identify potential
delays and recommend adjustments to the project schedule. For example, if a critical
task is falling behind, the Al system can recommend reallocating resources or adjust-
ing task dependencies to keep the project on track. Al can also analyze historical
project data to identify patterns of delay and suggest proactive measures to avoid
similar issues in future projects [24].

13



Mastering Time — Innovative Solutions to Complex Scheduling Problems

Example: A construction company implemented an Al-based project management
system to optimize its task schedules. The system used machine learning algorithms to
predict potential delays in construction tasks based on weather data, equipment avail-
ability, and crew performance. By providing real-time recommendations, the system
helped the company reduce project delays by 18%.

6. Challenges and limitations of Al and advanced analytics in scheduling

While AT and advanced analytics offer immense potential for improving schedul-
ing efficiency, there are several challenges and limitations that organizations must
consider when implementing these systems.

6.1 Data quality and availability

Al-driven scheduling systems rely heavily on data to make accurate predictions and
recommendations. However, the effectiveness of these systems is directly linked to the
quality and availability of the data they analyze. Inaccurate, incomplete, or outdated
data can lead to suboptimal scheduling decisions, resulting in inefficiencies and delays.

Organizations must ensure that their data is accurate, up-to-date, and compre-
hensive. This often involves integrating data from multiple sources, such as sensors,
historical records, and real-time systems. Without a solid foundation of reliable data,
even the most sophisticated Al systems will struggle to deliver meaningful improve-
ments in scheduling.

6.2 Ethical considerations

As Al systems become more integrated into scheduling, ethical considerations
must be addressed. One of the most significant concerns is the potential for AI to
inadvertently perpetuate bias in scheduling decisions. For instance, Al systems
trained on historical data might replicate biases present in that data, such as unfair
labor practices or resource allocation patterns that favor certain groups over others.

In industries like healthcare or education, biased scheduling could lead to unequal
access to critical services. Al systems must be carefully designed and monitored to
ensure fairness in scheduling decisions, especially in sectors where resource alloca-
tion affects people’s well-being. Additionally, transparency in Al decision-making
is essential, as stakeholders need to understand how and why certain scheduling
recommendations are made.

Organizations should also consider the ethical implications of replacing human
decision-making with Al in scheduling. While AI can optimize efficiency, it may also
remove the human judgment needed to account for unique circumstances or indi-
vidual needs. Striking a balance between Al-driven efficiency and human oversight is
crucial for ethical scheduling practices.

6.3 System complexity

The integration of Al and advanced analytics into scheduling systems intro-
duces a level of complexity that can be challenging for organizations to manage.
Implementing Al-powered scheduling requires significant infrastructure, including
data collection systems, machine learning models, and computational resources. For
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businesses with limited technical expertise, deploying and maintaining these systems
may be a steep learning curve.

Furthermore, Al-driven scheduling solutions must be designed to integrate with
existing business processes and legacy systems. Without proper integration, schedul-
ing systems may face technical issues, such as data silos or compatibility problems
with other business tools, leading to disruptions instead of improvements.

Scalability is another challenge. Al systems that work well in small-scale operations
may struggle when applied to large, complex environments, particularly in industries
where scheduling decisions span multiple regions, time zones, or departments. Ensuring
that Al solutions are flexible and scalable is a key to maximizing their potential.

6.4 Dependence on human intervention

Despite the advanced capabilities of Al in scheduling, human intervention remains
necessary. Al systems excel at processing vast amounts of data and optimizing
scheduling decisions, but they cannot account for every possible nuance. There are
instances where human judgment is required to adapt schedules to unforeseen circum-
stances, unique customer needs, or ethical concerns that an Al system may overlook.

For example, in a hospital setting, an Al system might recommend an optimal sur-
gery schedule based on data, but a surgeon may need to adjust the schedule based on a
patient’s unique medical history or urgency of care. Similarly, in project management,
a manager might choose to prioritize one task over another based on human intuition
or stakeholder priorities, even if the Al system suggests a different sequence.

Therefore, while Al-driven systems can drastically reduce manual scheduling
efforts and improve overall efficiency, a hybrid approach that combines AI with
human oversight ensures that decisions are both data-driven and contextually sound.

7. Future trends in Al-driven scheduling

As Al and advanced analytics continue to evolve, the future of scheduling will
be shaped by new technologies and innovations. This section explores the emerging
trends that will define the next generation of Al-driven scheduling systems.

7.1 Al-enabled autonomous scheduling systems

One of the most exciting developments in the field of scheduling is the rise of fully
autonomous scheduling systems. These systems aim to eliminate the need for manual
intervention entirely by leveraging Al to create, adjust, and optimize schedules in real
time without human input.

Autonomous scheduling systems are being explored in industries such as manu-
facturing, where production lines are increasingly automated. In these environments,
machines communicate with each other and with Al systems to determine the most
efficient production schedules based on real-time data. These systems are also being
used in logistics, where autonomous fleets of vehicles and drones can be scheduled
and routed by Al systems to optimize delivery times and reduce costs.

While fully autonomous scheduling is still in its early stages, the potential for these
systems to revolutionize time optimization across industries is immense. In the future,
we may see entire supply chains, production lines, and service industries operating
with minimal human intervention driven by autonomous Al scheduling system:s.
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7.2 Aland IoT (Internet of Things)

The Internet of Things (IoT) refers to a network of interconnected devices that
collect and exchange data. When combined with Al, IoT provides an unprecedented
level of real-time data that can be used to optimize scheduling decisions. IoT devices,
such as sensors, GPS trackers, and smart machines, collect data on everything from
machine performance to environmental conditions, feeding this data into Al-driven
scheduling systems.

For example, in smart factories, IoT devices can monitor machine health and pro-
duction output in real time. If a machine shows signs of wear, an IoT sensor alerts the
Al system, which then adjusts the production schedule to account for maintenance or
reallocate tasks to other machines. Similarly, in the logistics industry, IoT sensors in
delivery trucks provide real-time location data, enabling Al systems to dynamically
adjust delivery schedules and routes based on traffic or road conditions.

As IoT technology becomes more widespread, its integration with Al will lead to
more accurate, responsive, and efficient scheduling systems, particularly in industries
that rely on real-time data to manage operations.

7.3 The role of generative Al in scheduling

Generative Al, which refers to Al systems capable of creating new content or solu-
tions based on input data, is another emerging technology with significant implica-
tions for scheduling. Unlike traditional AI systems that rely on predefined rules or
historical data, generative Al can create entirely new schedules based on a range of
inputs and constraints.

For example, in the entertainment industry, generative Al can create personalized
production schedules for film shoots, considering factors such as actor availability,
weather conditions, and location logistics. Similarly, in healthcare, generative Al
can be used to create custom treatment schedules for patients based on their medical
history and current health status.

The flexibility of generative Al allows it to explore creative solutions to schedul-
ing problems that may not have been considered by traditional methods. As this
technology advances, we may see more organizations adopting generative Al to tackle
complex, multi-variable scheduling challenges in innovative ways.

7.4 Al and quantum computing

Quantum computing, still in its infancy, holds enormous potential for transform-
ing Al-driven scheduling. Traditional computing systems process information in
binary (0s and 1s), but quantum computers operate using quantum bits (qubits),
which can represent multiple states simultaneously. This capability allows quan-
tum computers to process vast amounts of data exponentially faster than classical
computers.

For scheduling, quantum computing could revolutionize optimization algorithms
by enabling the rapid evaluation of millions of possible scheduling scenarios in real
time. Industries that require extremely complex scheduling, such as pharmaceuticals,
aerospace, or large-scale infrastructure projects, stand to benefit significantly from
quantum computing’s ability to solve optimization problems that are currently too
complex for even the most advanced Al systems.
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Although quantum computing is not yet widely available, research is ongoing, and
early applications in scheduling are expected to emerge within the next decade. When
quantum computing becomes more accessible, it will likely redefine the boundaries of
what is possible in Al-driven scheduling systems.

8. Enhanced methodologies, case studies, and comparative analysis
8.1 Methodologies in intelligent scheduling

Al-driven scheduling methodologies are built on a foundation of advanced
algorithms and analytics. This section elaborates on the core methodologies, comple-
mented by visual schematics for clarity.

1. Genetic algorithms: These simulate evolutionary processes to optimize schedules.
The algorithm iteratively improves upon a pool of candidate solutions.

2. Dynamic scheduling: This technology adapts schedules in real time to changing
conditions, leveraging sensor inputs and IoT data streams.

3. Multi-objective optimization: Balances conflicting objectives using Pareto
optimality, such as cost minimization and efficiency maximization
(Figure1).
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Figure 1.
Flowchart of genetic algorithm for scheduling.
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8.2 Supplementary materials

To support readers in applying these methodologies, supplementary resources are

provided:

o Sample datasets: Historical scheduling data for manufacturing, logistics, and

healthcare industries.

* Software tools: Links to open-source platforms like Python libraries (Scikit-learn,
TensorFlow) and visualization tools (Tableau, Matplotlib).

* Demonstrative code snippets: Python code implementing a basic genetic algorithm

for scheduling (Table1).

Metric Traditional scheduling Al-driven scheduling

Efficiency Manual, time-consuming Automated, real time

Adaptability Limited High, react to disruptions

Resource utilization Suboptimal Optimized using algorithms

Predictive insights None Advanced predictive models
Table 1.

Comparative analysis: Al-driven vs. traditional scheduling.

9. Case studies
9.1 Manufacturing sector

Scenario: Implementation of a dynamic scheduling system in a smart factory.
Numerical impact: Downtime was reduced by 20%, and production efficiency
increased by 25% (Figure 2).
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Figure 2.
Line graph illustrating production efficiency over 6 months pre- and post-Al implementation.
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9.2 Healthcare sector

Scenario: Optimizing staff and patient scheduling in a metropolitan hospital.
Numerical impact: Patient wait times decreased by 15%, and staff utilization
improved by 30% (Table 2).

Metric Before Al After Al

Downtime (%) 15 8

Production efficiency (%) 75 90

Operational cost reduction (%) 5 20
Table 2.

Breakdown of operational metrics before and after Al adoption.

9.3 Logistics and supply chain

Scenario: Route optimization using predictive analytics for a delivery company.
Numerical impact: Delivery times were reduced by 12%, and fuel consumption was
lowered by 8% (Figure 3).
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Figure 3.
Heatmap showing traffic patterns and optimized delivery routes.
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10. Conclusion

Integrating Al and advanced analytics into scheduling transforms industries and
revolutionizes how organizations manage their time and resources. From predictive
analytics that anticipate scheduling conflicts to optimization algorithms that stream-
line resource allocation, Al-driven systems provide businesses with powerful tools to
overcome the complexities of modern scheduling.

Throughout this chapter, we have explored the multifaceted role of Al in sched-
uling, from machine learning models that enhance decision-making to advanced
optimization algorithms that tackle multi-variable scheduling challenges. We have
also seen real-world examples of how Al and analytics improve efficiency in sectors as
diverse as manufacturing, healthcare, logistics, and project management.

While challenges remain—such as data quality, system complexity, and ethical
considerations—the potential benefits of Al-driven scheduling are undeniable. As
technology advances, we expect to see even more sophisticated scheduling systems
combining Al with emerging innovations like IoT, generative Al, and quantum
computing.

The future of scheduling lies in intelligent systems that optimize time and adapt to
dynamic environments, making real-time decisions with minimal human interven-
tion. In this new era of Al-driven scheduling, organizations will be empowered to
unlock unprecedented productivity, efficiency, and innovation levels.

Ultimately, mastering time through intelligent scheduling is not just about
improving business processes—it is about rethinking how we approach time. With the
right tools and technologies, scheduling can evolve from a complex challenge into a
streamlined, automated process that drives industry success.
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Chapter 3

[IoT Based Automatic Intravenous
Bag Data Logging Monitoring
and Alert System

S. Sriram, G. Rajeshkumar, K. Savanya, E. Savanya, R. Kavitha
and A. Madhumitha

Abstract

Saline, one of the most widely used intravenous (IV) medications, is essential in
the treatment of critically ill patients. Monitoring the fluid level in the saline bottle
is crucial because blood flows return to the bottle when the fluid level is empty as
still needle is present in the patient’s vein. The proper timing of withdrawing the
needle from the patient’s vein is usually ignored due to carelessness and any unusual
circumstances result in danger. In addition, health services can be focused on the issue
through remote monitoring. To avoid the accident due to caregiver ignorance, we
designed a cost-effective intelligent saline level for supervision in health monitoring
system that combines sensor and Internet of Things (IOT) technology. This system
was created using load cell with a cheap, very low power microcontroller. The load of
the bottle is converted to the selected voltage through the load sensor. The ESP8266
microcontroller generates and publishes a specific message based on voltage received
from the sensor and forwards them to health professionals. The proposed monitoring
system delivers message to subscribers in a reliable manner, which is crucial for the
healthcare industry. Then, with the help of a human, the valve of the saline bottle is
closed.

Keywords: saline, Internet of Things, contactless liquid level sensor, microcontroller,
medicine box

1. Introduction

Internet of things (IOT) is a network of physical objects made up of all gadgets,
cars, buildings and other things that include electronics, software and sensors that
allow them to interact with each other [1]. Due to the convergence of many technolo-
gies such as real-time analytics, machine learning, cheap sensors and embedded
systems, IOT has advanced facilities in terms of communication. Whenever a patient is
given saline, the patient is closely watched by a nurse or other family members. Mostly
due to carelessness, lack of focus, busy schedule and increasing number of patients,
nurses forget to replace the saline bottle fluid level at the ending stage. Due to the
pressure difference between the empty saline bottle and the blood, the blood returns
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to the saline bottle immediately after the saline is exhausted. This allows the patient’s
veins to reverse blood flow to the saline vessel. This causes the patient’s hemoglobin
levels to drop, and can also cause a shortage of red blood cells (RBCs) in the patient’s
blood, leading them to feel tired. Therefore, a salt-level monitoring system must be
created to somewhat reduce the patient’s dependence on nurses or other caregivers.
This system uses an automatic warning and signaling device based on arduino. When
the intravenous fluid level falls below a specified threshold, the load cell’s output
voltage level changes. The nurse is notified by an alarm that the patient’s saline supply
has been exhausted as soon as the saline drops to a certain low level. The difference in
weight is used to identify the amount of salt in the bottle and send an SMS alert. If the
nurse does not approach the patient immediately, a motor is arranged that flattens and
compresses the saline tube to stop functioning.

2. Related work

An electronic valve module usually includes closed solenoid valves and relays. For
measurement purpose, the module uses an impeller hole flow sensor, which connects
to the counter of the control module to collect and process the pulse signal of load
cells for continuous monitoring The bottle weight of saline will be displayed on the
LCD display. When critical level is reached, automatic message will be sent to the
Android application of Hospital Staff [2, 3]. The load sensor is fixed on the saline
hanger and a bottle is hung on it. This sensor calculates the bottle weight changes at
different voltages. The output voltage is given from the load sensor ESP32 WIFI chip.
Pressure of Drip IV solution is detected by a pressure sensor, connected to the motor
control of dripping solutions is enhanced when connected to motor. Wireless trans-
fers are made from the patient’s room to nurse station effectively using the nRF24L01
module. High-performance electro-hydraulic proportional valve controller is
designed and developed using embedded computers. The technology of this control-
ler provides the simplest culture, high quality and economical and flexible operation.
The flow pulse signal is collected from the valve impeller hole flow sensor through
load sensor. This will sense the weight load sensor Glucose and display edit and Sends
data to hospital staff’s Android app.

The specially fabricated RF tag can be attached to any kind of IV liquid pack-
age available in the market. Zhang et al. developed a novel RFID-based intravenous
infusion monitoring based on fork-type light barrier as a sensor using Zigbee pro-
tocol, which helps in monitoring the velocity of IV system with high accuracy and
reliability. Bhavsar et al. developed intravenous fluid monitoring system where load
cell checks the level of the fluid by weighing the IV bag. A drip infusion of IOT-based
intravenous infusion system is suggested where it consists of various infusion moni-
toring devices that help in detecting the infusion rate and the collected data is send to
the central monitor placed at the nurse station so that required action can be taken.
Yananeta developed a health information alarm system using Bluetooth and GPRS
technologies in which the system monitors, collects data and sends information to
analyze counter using artificial intelligence that developed a drip monitoring system
based on electrical impedance [4, 5].

The electrodes used are in non-contact with the system that determines param-
eters of each fluid drop. A Smart and Pervasive ICU system is developed based on
Automatic Detection of Risk situation and Alert Method that consists of multi-
camera system and collaborative sensor network that helps in real-time monitoring
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on the patients especially facing danger and chronic conditions. Rachman developed
a monitoring system regarding patient infusion where laser photodiode is used. This
sensor kit collects, process and further sends data to Zigbee transmission device to
display them in the form of GUI. Yadav and Jain developed real-time E-saline moni-
toring system where IR sensor is used to detect drop rate and infusion capacity and
servo meter is used to control drip rate mechanism [5, 6]. From the above literature
survey, technologies such as RFID, Zigbee, GPRS are used for IV infusion monitoring.
Further, IoT-based IV infusion monitoring and alerting system is very rarely seen

in the literature. Keeping this in view point, IoT-based IV infusion monitoring and
alerting system is designed [7].

3. Methodology

The project aims to create a smart medicine box for patients who require long-
term medication and have difficulty remembering to take their pills on time. After
observing these issues in hospitals and among people with these conditions, we
decided to develop a smart medicine box that could address these problems. Our
system utilizes push buttons to set a timetable for prescribed medications, which is
stored in an RTC module. The notification times are then saved in EEPROM. When
the time arrives to take medicine, the system generates a notification sound and
illuminates the corresponding pill box with a bright light. This allows the patient
to easily locate the correct box and take up the medicine at the prescribed time. All
pill boxes are pre-loaded into the system that is able to sense whether the patient has
taken their medication or not. One advantage of our system is its ability to detect
whether the patient is attempting to postpone taking their medication by quickly
opening and closing the pill boxes to stop the notification sound. In contrast to other
devices on the market that only generate a notification sound once and then stop, our
system provides ongoing reminders until the medication is taken. Overall, our system
provides a fast and effective way to improve patient health by ensuring that medica-
tion is taken on time.

4. Experimental work
As per Figure 1 block diagram of esp8266 microcontroller list below
* Pic Micro Controller
* LCD
* Limit Switch
* Contactless Liquid-Level Sensor
* Keypad
* Voice Playback Module

¢ LED Indicator
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Figure 1.
Block diagram of ESP8266 microcontroller.

* GSM

Esp8266

¢ Wi-Fi Module

RTC Module
4.1 Microcontroller

A microcontroller is a small and self-contained computer that is integrated into
a single chip. It is designed to handle a specific task in an embedded system and is
often a low-cost solution for various applications. In simple terms, it is a program-
mable silicon chip that is clock-based, register-based, and capable of accepting
input and providing output after processing it according to the instructions stored
in its memory [8, 9].

The concept of a microcontroller involves integrating various components of
a microprocessor system onto a single chip. It typically includes a CPU core, both
ROM and RAM memory, and some parallel digital input/output (1/0). Additionally,
microcontrollers may have the components like a timer module to do tasks for specific
time periods, a serial I/O port to allow data transfer between the controller and other
devices, and an ADC to process analog input data.

Compared to traditional computers, microcontrollers are smaller in size, consume
less power, and are relatively inexpensive. They can perform functions on their own
hardware as I/O ports and external memory [10, 11]. The CPU core is the heart of the
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microcontroller, and in the past, it was typically based on an 8-bit microprocessor
unit such as the Motorola 6800 core found in their 6805/6808 microcontroller devices.
Nowadays, microcontrollers are often designed around specifically tailored CPU
cores, such as the Microchip PIC range of microcontrollers [12].

4.2 Special features of ESP8266 microcontroller

This microcontroller has a powerful RISC CPU with 35 one-word instructions, which
can be executed in 1 cycle for program branches that take 2 cycles. It can operate ata
clock input speed of up to 20 MHz. Other features of this microcontroller include an
eight-level deep hardware stack, multiple addressing modes, power-on reset, power-up
timer, oscillator start-up timer, and watchdog timer. It also has programmable code
protection, a power-saving sleep mode, and low power consumption. In-circuit serial
programming and debugging are available via two pins, and there is read/write access
to processor program memory. The microcontroller can handle high source current
at 25 Ma and be designed for use in commercial and industrial temperature ranges

(Figure 2).
4.3 Peripheral features

The peripheral features of microcontroller interval between the times of the event
are given in Table 1.

Automatic IV Bag Monitoring and Alert System monitors the IV bag data system
and also monitoring the patient medicine data. The data will be automatically logged

Figure 2.
Automatic IV Bag Monitoring and Alert system.
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Timer 0 8-bit counter with 8-bit prescaler
Timerl 16-bit counter with prescaler, increment able during sleep by clock
Timer2 8-bit counter with 8-bit period register, prescaler and post scaler
Capture 16-bit and maximum resolution upto 12.5 ns.
Comparison 16-bit and maximum resolution upto 200 ns.
The resolution 10-bit multi-channel analog-to-digital convert

Table 1.

Peripheral features of microcontroller intervals.

as well as stored in IOT Online Transmission. It is easy to operate and convenient for
all patients, doctors and nurses. Functioning process is easier for a single individual to
manage multiple patients.

5. Results and discussion

This IOT Intravenous Fluid Monitoring uses a contactless liquid-level sensor
to detect as the fluid level in the IV Infusion bottle goes down and transmits the
data over IOT. Once the system detects that the bottle has gone empty, it sends an
alert over IOT. This chapter addresses the consequences of negligence of IV flow
monitoring. Using the suggested monitoring, one can monitor the saline level from
the bottle. Remote mode will help create smart health care system. An affordable,
accurate and efficient system works simply. Electronic valve with a quantitative
control system, to realize flow control in drops, represents small, compact and
advanced technology in the medical field. A steady flow here the medicine reaches

X MEDICINEBOXTRIP. % =

Trips Bunning

10

10

Figure 3.
Medicine and trips in IOT.
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TRIPS COMPLETED

TRIPS COMPLETED
TRIPS COMPLETED

TRIPS COMPLETED

TRIPS COMPLETED

B4

MEDICINE_1 NOT TAKE

MEDICINE_3 NOT TAKE

MEDICINE_4 NOT TAKE

TRIPS COMPLETED

Figure 4.
SMS for not taking medicine.

the patient automatically through drops Controlled for three different flow rates 25,
50, 75% IV cannula pipe. This can be done by measuring. The level and mass of the
drug through the drops is compared when it reaches the medicine point and flow
stops after the desired critical point. Here, IOT replaces manual switches. Through
software like user-friendly mobile apps, doctors can control the flow rate while sit-
ting on the spot. IOT Concept Models can be implemented for remote places like vil-
lages. Doctors can sit in different cities, abuilding, or in their home and the patient
may be anywhere; monitoring and flow rate control are possible. Using similar IOT
concepts allows one doctor to monitor multiple patient reports on mobile app or
computer screen so that a doctor can supervise many patients. Medicine and trips in
IOT are shown in Figure 3.

SMS for not taking medicine and trips-completed message notification areis
indicated in screenshot mentioned in Figure 4.

6. Conclusion

This study proposes an IOT-based monitoring and control platform for IV
setup inspiration. Suggested work reduces the amount of time and effort. Essential
for monitoring infusion setups allows for wireless monitoring. This system can
be quickly installed on the stand where the drip bottle is hung, which makes a
bottle replacement easier. It helps to ensure that there is zero margin of error
for improper administration. Drops can lead to many problems. It also improves
clinical efficacy, safety and the patient experience in hospitals and home care is
possible for many patients and we additionally add medicine reminder that helps
the patients.
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Chapter 4

An Insertion Procedure to Solve
Hybrid Multiobjective Permutation
Flowshop Scheduling Problems

Hafed Motair

Abstract

This paper presents an insertion procedure (IP) that can be used to improve the
performance of multiobjective scheduling problems (MOSPs) algorithms. The pro-
posed procedure uses variable neighborhood search (VNS) combined with an inser-
tion method, which can be adapted to any MOSP, whether heuristic or metaheuristic.
The aim is to solve 2-machine permutation flowshop scheduling problem (PFSP) and
minimize two objective functions simultaneously: Maximum completion time
(makespan) and total completion times (Z]C]) (TCT) in order to find the efficient

(non dominated) solutions. The proposed IP is combined with two algorithms from
the literature, the non dominated sorting genetic algorithm (NSGA-2) and the
multiobjective partial enumeration algorithm (MOPE), the objective is to explore
more non dominating solution by the use of insertion concept of jobs through all
possible positions of the considered sequence. To evaluate the algorithms, a large set
of test instances involving up to 80 jobs was used for our investigation. We found that
using the IP procedure is very useful in improving the performance of multiobjective
algorithms and that the proposal was very useful in producing good solutions com-
pared to the original algorithms, as it used to improve the performance of both MOPE
and MOGA.

Keywords: multiobjective scheduling, hybrid algorithms, VNS, permutation
flowshop, genetic algorithm

1. Introduction

The main objective of job shop problems is to find a schedule of n jobs {s1,52, ... ,$n}
that can be processed on m machines {W;, W», ..., Wp,} to optimize (minimize) a
particular criterion. If the jobs pass between machines in the same order, then the
resulting problem is a flowshop scheduling problem (FSP), hence the number of possi-
ble schedules are “(n!)™ . If we restricted the permutation of jobs for all machines is the
same, then the result is a permutation flowshop scheduling problem (PFSP), and the
number of possible schedules is (n!) [1].

In this work we study the 2-machine PFSP to minimize two objective functions
simultaneously: makespan and total completion times, the aim is to find efficient
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solutions that minimize these two objective functions simultaneously, the problem

denoted: F5| | (Cmux, ZC}) .
j

In general, a MOSPs can be described as follows: Given k objective functions
U1 (), Uy (%), oo s i (x) , W is a set of feasible solutions and x is a solution, then a
solution x € W is dominate a solution y € W if and only if these two conditions hold:

Lo () <p;(v), Vi, 1<i<k

2.3),1<j <k, pj(x) <p;(y). A solution x € W is an efficient solution if there is no
solution y € W dominate it.

The problem considered in this work belongs to the class of NP-hard problems in
strong since [2], therefore, it may be reasonable to construct an acceptable algorithm
with reasonable computational times to solve these problems even if it does not
guarantee an optimal solution.

The method of finding non-dominated solutions is often expensive in terms of
algorithm time and solution quality. Either the algorithm is given enough time to work
and thus find acceptable solutions, in which case it will take practically unacceptable
time to produce these solutions, or the time is reduced at the expense of the quality of
the solutions. Therefore, we started with the idea of using the insertion method with
hybridization to produce good solutions in a practical reasonable time. This method of
work is not new, but we tried to add the idea to the proposal and found that it is a good
addition in this field.

In this work, we improve two multi-objective PFSPs, the first one is non dominat-
ing sorting genetic algorithm (NSGA III) [3], and the second is a partial enumeration
heuristic [4]. We propose the IP to improve the performance of the considered
algorithms. The proposed procedure uses the VNS combined with the insertion algo-
rithm to extend the search space of the considered algorithms to more reasonable
efficient solution. Hence the proposed algorithms can be viewed as hybrid algorithms.
These algorithms can be seen as complementary tools that can be imparted together to
achieve an optimization goal [5].

2. Literature review

Various hybrid approaches have been proposed in the literature, these approaches
are based on evolutionary algorithms, heuristics, VNS, etc. Ref. [6] combined branch
and bound with genetic algorithm to minimize the two objective functions: makespan
and mean flow time in the 2-machine flowshop problem. Ref. [7] used the concept of
Pareto optimal solutions and proposed a multiobjective genetic algorithm to minimize
the two objectives (makespan and total tardiness) and three objectives (makespan,
total flow time, and total tardiness). Ref. [7] combined a local search with a genetic
algorithm, the proposed a multiobjective algorithm called a hybrid genetic algorithm.
Ref. [8] proposed a neighborhood search (local search) for every generation of the
genetic algorithm, he used two different utility functions: a weighted linear function
and a weighted Chebyshev function.to solve bi-objective functions or three objectives
for multiobjective FSP. Ref. [9] proposed two hybrid multiobjective m machine no
wait FSPs: hybrid simulated annealing algorithm and hybrid genetic algorithm, the
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objective is to minimize the weighted sum of makespan and maximum lateness
criteria. Ref. [10] proposed A hybrid multiobjective genetic algorithm to solve simul-
taneously three objectives: makespan, mean flow time and mean tardiness times. Ref.
[11] proposed a hybrid multiobjective algorithm. Various test problems are examined
and metrics are evaluated in simulation, the objective is to explore Pareto optimal
solutions for the given problem. Ref. [12] presents a hybrid multiobjective particle
swarm optimization for multiobjective PFSPs, several adaptive local search methods
were utilized to perform the test of efficiency. Ref. [13] proposed a hybrid
multiobjective FSP using a local search method, the objective is to find the Pareto
optimal solutions of four objective problems. Ref. [13] proposes a framework of hybrid
evolutionary multiobjective optimization. For implementation of this framework,
they consider the following multiobjective algorithms: NSGAII, MOEA/D, and MOEA/
D. A local search is implemented and a result for simulation shows the efficiency of the
proposed algorithm. Ref. [14] proposed a hybrid multiobjective genetic algorithm for
FSP and a local searcher (simulated annealing is used to improve the proposed algo-
rithm performance. An upper bound and lower bound were obtained to solve two
separate single problems to validate the Pareto fronts. Ref. [15] developed a Group
Decision Support System to evaluate eight flexible manufacturing systems (FMSs).
Also developed an integrated approach for the decision-making problem which com-
bines the Fuzzy Analytical Hierarchy Process (FAHP) and the Preference Ranking
Organization Method for Enrichment Evaluation (PROMETHEE) method, the FAHP
is used to finds weights for each criterion and the PROMETHEE used to get the final
ranking. Both FAHP and PROMETHEE are in conjunction with the Geometrical Anal-
ysis for Interactive Assistance (GAIA) method to take the DMs through a series of
intuitive and analytical methods. Ref. [16] proposed a hybrid artificial bee colony with
adaptive neighborhood search to obtain initial processing sequence also non dominat-
ing sorting procedure was used. Finally, a simulation study was used to evaluate the
proposed algorithm and the comparison made with traditional multiobjective algo-
rithms. Ref. [17] proposed a hybrid artificial bee colony algorithm (LABC) for solving
the multiobjective (flexible task) scheduling problem to optimize three objectives:
makespan, maximum workload, and total workload simultaneously. A set of well-
known benchmark instances was used to test the performance of the proposed algo-
rithm, and the results showed the efficiency of the proposed algorithm. Ref. [18]
addressed hybrid an energy-aware multiobjective FSP to minimize simultaneously
makespan and the energy consumptions to obtain efficient solutions. They proposed
two efficient crossovers: single-point Pareto crossover and two-point Pareto crossover.
Ref. [19] proposed an improved SPEA2 algorithm to solve the multiobjective decision-
making of investment. They used an external archive set for local search for every
generation also a new crossover operator was proposed. The experimental results
showed the efficiency of the improved method which can converge to the Pareto
optimal solutions and improve the convergence speed. Ref. [20] proposed a
multiobjective hybrid FSP, the objective is to find efficient solutions that minimize the
makespan, the weighted sum of the tardiness, and the weighted sum of the earliness.
Multi-objective general VNS proposed. In the simulation study, the proposed algo-
rithm compared with four other algorithms: NSGA-II, VNS, and another MO-GVNS.
The results showed the efficiency of the proposed algorithm. Ref. [21] studied the
permutation flow shop scheduling problem to minimize simultaneously two objective
functions, total flow time and total energy consumption. They developed a bi-
objective mixed-integer programming model formulation by using a speed-scaling
framework; to find the non dominated solutions of the problem, they proposed two
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multi-objective iterated greedy algorithms and a multiobjective variable block inser-
tion heuristic as well as a novel construction heuristic to generate an initial solution.
Experimental results showed the effectiveness of the proposed algorithms. Ref. [22]
proposed a modified version of the multiobjective evolutionary algorithm based on
decomposition (MOEA/D), the objective is to minimize simultaneously four cost
functions; the average sojourn time, the energy consumption in the last stage, the
earliness and the tardiness values. Mutation and crossover heuristics and others are
developed. Computational comparisons and statistical analysis showed the effective
performance of the proposed algorithms.

3. Problem constrains and formulation

The general description of the PFSP is given as follows: let {s1,57, ...,5,} be a set of
n jobs and {W1, Wy, ..., Wy, } be a set of m machines. In PFSP the jobs are processed
through m machines such that the order of processing these jobs is the same on all
machines. We can summarize the constraints of the problem as follows:

1. The sequence of processing all jobs on each of the machines is same.

2.The job can be processed on one machine at the same time, also each machine
can process one job at a time.

3.Jobs have no priority and there is no breakdown of any machine during the jobs
process.

4.The processing times are known for all jobs and for every machine.
5.The jobs are independent of each other, and the preparative time of each job is zero.
6.Machines are continuously available over the processing.

7.The processing cannot be interrupted Once the operation starts nil the job has
been released by the machine.

8.The setup time is included in the processing time.
9.Jobs are ready to state at time zero.

The notations of the problem are as follows:

n: the number of jobs.

m: the number of machines.

r: the number of objective functions.

t1j: The processing time of the job j in the first machine.
t2j: The processing time of the job j in the second machine.
Cij: The completion time of the job I in the machine j.

We formulate our model as follows:

Ci1 =111 1
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Ci,l = Cifl,l + i1, 2<i<n (2)
C1,j = Cl,j_1—|-l'1,j,2SjSWl (3)
Ci,j = max [Ci_l,]-,Ci,j_l} +ij» (4)
2<i<n,2<j<m (5)

In this work, we restrict the study on the 2-machine (m = 2) PFSP and the objec-
tive is to find the efficient solutions of the problem.
Let f, = max ;(C;;) (i.e., makespan) and f, = > Cj,, then according to the
i

three-field representation, the problem can be written as follows: F;|perm|(f,f5, ).

4. Proposed algorithms
4.1 Standard algorithms

We combined two multiobjective algorithms with the proposed IP, the first one is a
heuristic proposed by Ref. [23] (MOPE) a partial enumeration heuristic and the
second is non dominated sorting genetic algorithm (NSGAII) proposed by [24].

4.1.1 MOPE algorithm

The MOPE heuristic is a multiobjective algorithm based on job insertion and using
the Pareto dominance concept to choose the partial and complete solutions. The
algorithm is described as follows:

MOPE algorithm.

For h = 1tor do.

Using the dispatching rules to order the jobs to obtain the sequence ¥ = (], ...,J.)

Sets? = (J;), St = {s"} set of partial sequences with one job.

For M = 2-ton do

For all s}‘ est, , do

Insert the MTh job sjf in the position I and generating a sequence s]l- with M jobs

£4) = GE)AE) )

Find the set S, of efficient partial sequences from the M.| Sk, ,| generated partial
sequences.

Evaluate:

End phase M. The set S contains efficient complete sequences.

Construct the union U/_,S, and calculate the set of efficient solutions as an
approximate set of efficient solutions.

4.1.2 MOGA (NSGAII) algorithm

One of the most popular multiobjective genetic algorithms is the NSGAII Algo-
rithm and many engineering applications have been applied to this algorithm [25].
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The main feature of NSGAII is the elitism non dominated sorting procedure. Also
crowding distance procedure was applied to rank the sorting non dominated solutions.
The algorithm is described as follows:

Let Py is parent population generated randomly and sorted based on non-
domination. Binary tournament selection, crossover, and mutation procedures are
used to obtain a child population Q of size N. The generation is continued as follows:

* Ry =Q,UP;

* F = fast nondominating sort = (¥4, F», ..., F2) non dominated fronts of R

Untll |Pt+1| < N
* Calculate crowding distance in front Fj,
* Py = Peyg + Fi, Fi is the kth non dominated front in the pop

* Sort Pyy4 in descending order using crowding distance procedure values

Choose the first N elements of P,

* Q.4 obtained from Py;; using mutation, crossover, and selection on Py, to
obtain Q4

et=t+1

The order of two solutions I and j with respect to the crowding distance and the
rank by using the following operator:

i<j if (iranke<J, gz ) OF

(imnk :jmnk and idm >jdi5t)

5. Proposed IP

The proposed IP is based on the multiobjective variable neighborhood scheduling
and the concept of insertion of jobs through the sequence. This procedure can be
combined (with some implementation) to any MOSP (single machine problem or
PFSP) to improve the approximation set of efficient solutions. We describe the IP in
the following steps:

1. Generate a set (Q) of initial solutions either using dispatching rules for heuristic
algorithms or randomly (or both methods) for population-based algorithms.

2.Loop the following steps until the stopping criterion is reached.

a. Choose randomly a solution s from Q, reset Q if empty.

b. Apply randomly (from a set of neighborhoods) a neighborhood N; to s, the
resulting is a solution § (i.e N;(s) = 8.
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c. Apply the function INS_FUN(S) to generate a set of efficient solutions.
d. Add the efficient solutions obtained by step c to the set M.
e. Back to step a.
f. Obtain efficient solutions from all solutions in ES.
3.Back to step 2 until the stopping criterion is reached.

4.If the stopping criterion reached, then stop with the approximate set of efficient
solutions.

INS_FUN(s) function:
1.Choose k jobs randomly from 8, the remaining partial sequence has n-k jobs.

2.Insert the first job of the chosen jobs on each position of the remaining
partial sequence, the resulting is n-k + 1 partial sequences each one has
n-k + 1 jobs, and then construct the efficient solutions from these partial
sequences.

3.Insert the second job of the chosen jobs on each position of the obtained efficient
partial sequence, the resulting is partial sequences each one has n-k + 2 jobs, and
so on until the set of complete efficient solutions.

We note that the number of efficient partial sequences increases when the size
of the sequence is big and we need to save the computation times of the algorithm,
so practically we choose the best p efficient partial sequences, this is done by sorting
the sums of objective functions values of each partial sequence in increasing order,
then choose the p efficient partial sequences for the next step. The value of p is set to
500 according to experimental results (i.e., If the number of efficient partial
sequences exceeds 500, then, we choose only 500 efficient partial sequences for the
next step).

We use three kinds of neighborhoods: swap neighborhood, insertion neighbor-
hood, and reversion neighborhood. In the first kind, two jobs are chosen randomly
and swapped between these two jobs. In the second kind choose one job randomly and
insert it randomly in another position. In the third kind two jobs are chosen randomly
then reverse the partial sequence from the first one to the second. The stopping
criterion is the maximum CPU time.

6. Proposed algorithms

One of the most accepted results is that a local search is very effective in improving
the performance of metaheuristics [26, 27]. In this paper we applied this idea by
combining the IS as a local search to the MOPE algorithm, the result is MOPE-IP, and
with MOGA, the result is MOGA-IP.
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6.1 MOPE-IP algorithm
We summarize the MOPE-IP algorithm as follows:
1.Run the MOPE heuristic and generate the set of efficient solutions ES1.
2.Use the initial set of efficient solutions to run the IP.
3.The result is the approximate set of efficient solutions ES2.

The final approximate set of efficient solutions is the efficient solutions on the
union: ES1 U ES2

6.2 MOGA-IP algorithm
1.Set Hy = @, generate initial populations Py of size N as follows:
a. Use the IP to generate a set of efficient solutions of size k.
b. If k < N, then generate the remaining solutions randomly.
c. If k > N, then choose the N best solution of the generated solutions.

d. If k = N, then use the generated set as the initial population.

2.Py is sorted based on non-domination. Binary tournament selection, crossover,
and mutation procedures are used to obtain a child population Q of size N.

The generation is continuously as follows:

3. Rt - QtUPtUHt

4.F = fast nondominating sort = (F1, F>, ..., F2) non dominated fronts of R;

5.Use the binary tournament selection procedure to choose two solutions from the
front F; then use these solutions to apply the IP to generate the approximate set

of efficient solution H,
6.Until |Peq| <N
7.Calculate the crowding distance in F;
8.Piy1 = Peya + Fj, Fj is the jet non dominated front in the pop
9.Sort P.1 in descending order using crowding distance procedure values
10.Choose the first N elements of Py, to obtain Q, 4

11.Q,.4 obtained from P;,; using selection, crossover, and mutation on P4

12.t=t+ 1.
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7. Performance of the proposed algorithms
7.1 Test problems

The proposed algorithms are tested in 140 2-machine FSPs at different levels, the
size of problems ranges from 4 to 10 jobs for small-size problems and 20 to 80 jobs for
large-size problems. The processing times for the FSPs were generated randomly and
distributed uniformly in the interval [0,100]. The machine is LENOVO, and the
algorithms are coded using MATLAB R.2015 and executed on an Intel (R) Core TM
(i7) CPU, (2.5) GHz, and (8.00) GB of RAM.

7.2 Parameter setting

The number of iterations (Max Iteration) for the MOGA algorithm is set as follows:
For 4-10 job problems Max Iteration = 150

* For 20-50 jobs problems Max Iteration = 250

* For 60-80 jobs problems Max Iteration = 500

The size of the population (N) setting is as follows:

* For 4-10 jobs problems N = 50

* For 20-50 jobs problems N = 100

* For 60-80 jobs problems N = 100 (Figures 1 and 2)

The probability of crossover and the probability of mutation setting is equal to 0.5.

The time for termination condition for IP is set to 5 seconds. We use dispatching
rules to generate initial solutions for IP which are: SPT shortest processing time) [28],
LPT (longest processing time) [29].

7.3 Performance metric

We use the complete enumeration method (CEM) to calculate the optimal set of
efficient solutions. To obtain the approximate set of efficient solutions we use the
concept of reference set (RE). It is defined as the efficient solutions on the union of
the efficient solutions obtained by the considered algorithms. To compare the algo-
rithms, we use a cardinal measure (Cr) [4], where Cr = C (RE, A) which is the number
of efficient solutions in the intersection set RE N A, where A is the algorithm that is
needed to measure its performance.

7.4 Comparative results

In this paper, the comparison between the proposed algorithms’ performance is as
follows: firstly, we compare between MOPE and proposed MOPE_IP secondly
between MOGA and proposed MOGA_IP, and finally between the proposed algo-
rithms (MOPE-IP and MOGA-IP). We use the cardinal measure (Cr) as a
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Figure 1.
Graphical representation of MOGA-IP algorithm.

Initial Solutions generated by

dispatching rules

ESI a set of efficient solutions
generated by MOPE heuristic

ES2 a set of efficient solutions

generated by IS

ESI U ES2 a set of efficient solutions
of this union is the final
set of efficient solutions

Figure 2.
Graphical representation of MOPE-IP algorithm.

performance metric which calculates the number of efficient solutions obtained by the
considered algorithm that belong to the RF set. The RF set collects the efficient
solutions for each considered algorithm, and then finds the efficient solutions of the
collected solutions, this set can be regarded as an approximate set of efficient solu-
tions. Table 1 contains the mean values of the Cr measure of the two algorithms
MOPE and MOPE-IP, it can be seen that the two algorithms can obtain good results
for the given PFSP, also the two algorithms obtain the optimal efficient solutions for
small-size problems (i.e., from n = 4 to n = 10 jobs). For the large size problems (i.e.,
from n = 20 to 80 jobs) (see Figure 3), we use the RF set as an approximation set of
efficient solutions, it can be seen that the MOPE-IP obtain a better solution than
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N opt Cr(opt, MOPE) Cr(opt, MOPE — IP) Time 1 Time 2
4 2.7 2.7 2.7 0.006 5.01
5 2.8 2.8 2.8 0.017 5.024
6 22 22 2.2 0.109 5.113
7 23 2.3 23 0.536 5.541
8 22 2.2 22 1.011 6.015
9 3 3 3 1.568 6.569
10 2.4 2.4 2.4 2.16 7.165
N RF Cr(Ref, MOPE) Cr(RF, MOPE - IP) Time 1 Time 2
20 3 2.2 2.7 11.191 21.22
30 4.1 0.6 13 26.376 36.386
40 3.5 1 19 47.351 57.356
50 2.8 0.6 1.4 76.153 86.163
60 2.7 1.2 1.7 123.979 134.014
70 4.2 15 22 168.730 178.745
80 4 12 21 233.757 243.775
Table 1.

The values of optimal efficient solutions (opt), Cr measure of MOPE, MOPE-IP, and the execution times of the
two algorithms (Time 1, Time 2).

10 F2||(Cmax, TCt) Problem
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Figure 3.
Efficient solutions for problem F2. (Makspan, TCT) produced by the algorithms MOPE and MOPE-IP for instant
of size n = 30.
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n opt Cr(opt, MOGA) Cr(opt, MOGA — IP) Time 1 Time 2
4 2.7 2.7 2.7 25.940 276.649
5 2.8 2.8 2.8 26.369 216.730
6 22 22 2.2 26.875 124.480
7 23 21 2.3 26.687 83.311

8 22 2 22 26.562 61.158

9 3 2.9 3 26.497 55.465

10 2.4 1.7 2.4 27.117 54.773

n RF Cr(RF,MOGA) Cr(RF,MOGA - IP) Time 1 Time 2
20 3 0.9 23 252.349 298.708
30 41 0.6 25 254.426 303.963
40 3.5 0.4 12 263.3 307.46
50 2.8 0.3 11 269.902 316.958
60 27 0.3 0.7 295.006 340.23
70 4.2 0 2 277.65 329.781
80 4 0 1.9 283.813 332.473

Table 2.

The values of optimal efficient solutions (opt), Cr measure of MOGA, MOGA-IP, and the execution times of the
two algorithms (Time 1, Time 2).

MOPE and most solutions obtained by MOPE dominated by the others obtained by
MOPE-IP. Table 2 contains the mean values of the Cr measure of the two algorithms
MOGA and MOGA-IP, it can be seen that the two algorithms can obtain good results-
with preference to MOGA-IP- for the given PFSP, also the MOGA-IP algorithm
obtains the optimal efficient solutions for small size problems (i.e., from n = 4 to

n = 10 jobs). For the large size problems (i.e., from n = 20 to 80 jobs), (see Figure 4),
it can be seen that the performance of MOGA-IP is better than MOGA. From

Tables 1-3, it can be seen that most solutions obtained by MOGA-IP dominate the
solutions of MOGA. According to the results in Tables 1 and 3, it can be seen that the
execution time is affected by IP for the two algorithms MOPE-IP and MOGA-IP.

8. Conclusions and future work

There are several methods appear in the literature to develop and improve the
performance of metaheuristics algorithms to solve MOSP algorithms by using local
search methods, some of them based on the aggregation functions and others based on
the Pareto optimal concept to obtain efficient solutions. In this paper we develop a
multiobjective procedure based on the VNS and insertion concept of jobs through the
sequence proposed by Nawaz et al. [27] to solve a single objective m machine FSP and
developed by Ref. [30] for multiobjective problems. Our proposed IP adapted the idea
of insertion to MOPE algorithms and MOGA algorithms to solve 2-machine PFSP
including two objective functions: makespan and total completion times. For the
MOPE-IP algorithm, the MOPE run at first and the algorithm use the obtained
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Figure 4.
Efficient solutions for problem F2. (Makspan, TCT) produced by the algorithms MOGA and MOGA-IP for
instant of size n = 30.

Number of efficient solutions

Total MOPE MOPE —IP MOGA MOGA - 1P
Opt 709 709 709 686 709
RF 546 210 315 74 282

Table 3.
The total number of efficient solutions obtained by the four algorithms MOPE, MOPE-IP, MOGA, and MOGA-IP.

efficient solutions as initial set of efficient solutions for IP, this insures the improve-
ments of the final set of efficient solutions. For MOGA-IP algorithm, the IP adapted
such that it uses the obtained efficient solutions at each iteration as initial efficient
solutions, this insures the increasing of the diversity of the population search. To save
the computational times, the IP runs only three or four times through the algorithm.

Experimental data confirm that the hybrid algorithms give reasonable results
compared with the original algorithm, also the proposed IP can improve the perfor-
mance of the original algorithms. But we note some things:

1.Because of the increasing of computational times of the algorithm, we cannot
take all efficient partial sequences in INS_FUN procedure, we reduce them to
(p = 500) if the number exceeds 500 efficient partial sequences as mentioned
above. So, we may lose some complete efficient solutions through this process.

2. Also because of computational times, we cannot examine all neighborhood solutions
of the considered (current solution) in the local search steps of the proposed hybrid
algorithms, so to ensure the diversity, we choose the neighborhood randomly and
we use three kinds of neighborhoods for the current solution.

3. According to the two above points, we need to further improving the IP
procedure for choosing reasonable best efficient partial sequences.
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4.Further work can be done by applying the proposed IP procedure on other multi-
objective algorithms, especially those algorithms that use populations ensemble
where it is difficult to produce good solutions and performance can be improved
in a relatively short time and with simple implementation so that the insertion
work is effective.
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Chapter 5

Agile Circularity: Reactive
Scheduling Approaches

Krisztidn Attila Bakon

Abstract

Reactive scheduling is essential for optimizing resource flows in the circular
economy. This chapter explores agile scheduling strategies that enable real-time
adaptation to disruptions and changes, ensuring efficient utilization of materials
and minimizing waste. By leveraging dynamic resource allocation and closed-loop
systems, organizations can build resilient supply chains capable of responding to
evolving market demands and sustainability requirements. Key topics include supply
chain agility, sustainable operations management, and material flow optimization
techniques tailored for circular business models. The chapter provides practical
insights and case studies demonstrating the benefits of reactive scheduling in driving
the transition toward a more sustainable, circular future.

Keywords: agile circularity, reactive scheduling, supply chain agility, circular economy,
sustainability

1. Introduction

The integration of Agile Circularity and Reactive Scheduling principles has
become increasingly relevant in the context of modern production systems due to the
growing need for sustainable, flexible, and responsive manufacturing processes. Agile
Circularity combines agile methodologies with circular economy principles to estab-
lish a production environment that minimizes waste, optimizes resource utilization,
and enhances adaptability [1, 2]. Reactive Scheduling, on the other hand, is a strategy
that addresses the unpredictability of production environments by real-time adjust-
ment of schedules in response to disruptions [3].

Modern production systems face a high degree of uncertainty driven by factors such
as volatile market demands, technological advancements, and evolving environmental
regulations. Rapidly changing consumer preferences, global supply chain disruptions,
and economic fluctuations can make it challenging to accurately predict and plan for
future demand [4, 5]. The pace of technological change, from automation to digitaliza-
tion, can disrupt traditional production processes and require continuous adaptation
[6, 7]. Additionally, evolving environmental policies and sustainability requirements
can necessitate changes in production methods and resource utilization [8, 9].

In addition to uncertainty, modern production systems also face various types of
disruptions, including equipment failures, supply chain issues, and external shocks
such as natural disasters and pandemics. Unexpected breakdowns or malfunctions in
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production equipment can cause delays and disrupt the flow of operations [10, 11].
Disruptions in the supply of raw materials, components, or logistics can lead to
production bottlenecks and supply shortages [12]. Events such as natural disasters,
pandemics, or other external shocks can severely impact production capabilities and
supply networks [13, 14].

Reactive scheduling involves adjusting production schedules in response to unfore-
seen changes and disruptions. Unlike proactive scheduling, which plans for potential
disruptions in advance, reactive scheduling addresses issues as they arise, making it
well-suited for dynamic and uncertain environments [10]. Reactive scheduling, which
involves making real-time adjustments to production and operations based on current
conditions, plays a crucial role in the circular economy. It ensures that resources are
used optimally and that production processes are flexible and adaptive to changes in
supply and demand. By adjusting schedules based on actual demand and resource
availability, companies can minimize overproduction and reduce waste. Reactive
scheduling allows for better coordination of repair, reuse, and recycling processes,
ensuring that materials and products are kept in use longer. Companies can quickly
adapt to disruptions in supply chains, such as shortages of raw materials, by reallocat-
ing resources and adjusting production plans.

The integration of Agile Circularity and Reactive Scheduling principles provides
a comprehensive approach to addressing the challenges posed by uncertainty and
disruptions in modern production systems. By adopting agile methodologies and cir-
cular economy principles, organizations can enhance their flexibility, responsiveness,
and sustainability [15, 16]. Agile Circularity leverages the iterative and incremental
nature of agile methodologies, applying them to the production lifecycle to promote
continuous improvement and rapid adaptation [17]. This concept aligns with the
circular economy’s focus on resource efficiency, waste minimization, and product
lifecycle extension.

Simultaneously, the adoption of Reactive Scheduling strategies enables real-time
adjustments to production schedules, ensuring operational continuity and resilience in
the face of unpredictable events [18, 19]. By combining agile principles with reactive
strategies, organizations can create a production environment that is not only environ-
mentally responsible but also highly adaptable to changes and disruptions [20].

This holistic approach empowers organizations to navigate the complex and
dynamic production landscape, mitigating the impact of uncertainty and disrup-
tions while fostering a more sustainable and adaptable manufacturing ecosystem.

The integration of Agile Circularity and Reactive Scheduling principles offers a
comprehensive framework for improving both the sustainability and responsiveness
of manufacturing systems, enabling organizations to thrive in the face of modern
production challenges.

2. Foundations of circular economy

The circular economy is a model of production and consumption that involves
reusing, repairing, refurbishing, and recycling existing materials and products for as
long as possible. This approach contrasts sharply with the traditional linear economy,
which follows a ‘make, use, dispose’ pattern. The circular economy aims to reduce
waste and environmental impact while enhancing resource efficiency [21, 22]; there-
fore, it aims to keep products, materials, and resources in use for as long as possible,
extracting maximum value from them while in use, then recovering and regenerating
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products and materials at the end of each service life [23]. Key principles of the
circular economy, among others, are:

* Design for longevity: products are designed to last longer, with an emphasis on
durability, reparability, and upgradability.

* Maintaining value: keeping products and materials at their highest utility and
value at all times through reuse, repair, refurbishing, and recycling.

* Waste elimination: reducing waste to a minimum by closing the loops in indus-
trial ecosystems.

* System effectiveness: improving overall system efficiency by considering the
entire lifecycle of products and materials, and the system-wide impacts, such as
environmental and social consequences.

Several benefits of adopting the circular economy model can be stated. By
reusing and recycling materials, the demand for new raw materials is reduced,
preserving natural resources. Manufacturing new products from recycled materi-
als generally consumes less energy compared to producing from virgin resources.
Repair, refurbishing, and recycling activities are labor-intensive, leading to the
creation of local jobs and skills development. Significant reductions in greenhouse
gas emissions and pollution are achieved by minimizing waste and promoting sus-
tainable practices. Circular economy practices can make economies more resilient by
reducing dependency on imported raw materials and mitigating the risks associated
with resource scarcity.

It goes without saying that implementing a circular economy is not without chal-
lenges. Society needs to shift its perception from ownership to stewardship, valuing
long-term use over newness. Traditional economic metrics like GDP do not align
well with circular economy practices. New metrics that value resource efficiency
and waste reduction are needed. Governments need to create policies that incentiv-
ize circular practices, such as tax incentives for recycling and penalties for wasteful
practices. Continued research and development are essential to create new methods
for material recovery, such as de-polymerizing and de-alloying, which can recycle
materials at the atomic level.

Several studies have explored reactive scheduling within the context of the
circular economy. For instance, literature has highlighted the importance of flexibility
and real-time decision-making in achieving sustainable operations [24, 25]. Research
has also focused on the integration of reactive scheduling with advanced technologies
such as IoT and big data analytics to enhance decision-making capabilities [26].

3. Synergizing agility, sustainability, and efficiency in supply chains

This section delves into critical concepts and practices essential for modern
supply chain and operations management. It highlights the importance of agility,
sustainability, and material flow optimization in creating efficient and resilient
systems. The interconnectedness of these elements is pivotal in advancing toward
circular economy goals, where resource efficiency and environmental sustainability
are paramount.
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3.1 Supply chain agility

Supply chain agility refers to the ability of a supply chain to quickly respond to
changes in the market and environment. This agility is crucial for maintaining the
circularity of supply chains, where materials and products must be efficiently cycled
back into the production process. Supply chain agility is defined as the capability of
a supply chain to rapidly respond to market changes and environmental shifts. This
agility involves the ability to swiftly adjust operations, supply chain processes, and
logistics to meet new demands and challenges [27]. Agility in supply chains is crucial
for maintaining competitiveness and customer satisfaction. It allows companies to
respond to unexpected disruptions, demand fluctuations, and technological advance-
ments. Circular supply chains aim to minimize waste and make the most of resources
by cycling materials back into the production process. This approach supports sustain-
ability and reduces environmental impact [2]. Agility is essential for circular supply
chains as it enables the efficient return and reuse of materials. Companies can better
handle the complexities of recycling, remanufacturing, and waste management with
agile practices [28]. Several frameworks and strategies can enhance supply chain agility,
including technology integration, flexible logistics, and collaboration with partners.
Embracing digital tools and real-time data analytics is critical for agile operations [29].

3.2 Sustainable operations management

Sustainable operations management focuses on designing and managing opera-
tional processes to minimize environmental impact and optimize resource use. This
approach integrates principles of sustainability into the core operational strategies and
practices [30]. Key principles of sustainable operations management include reduc-
ing waste, enhancing energy efficiency, and optimizing the use of natural resources.
Strategies such as lean manufacturing, green supply chain management, and life cycle
assessment are often employed [31]. Reactive scheduling involves adjusting schedules
in real time in response to disruptions and unforeseen changes in the production
process. It is critical for maintaining efficiency and minimizing downtime in dynamic
environments [10]. Integrating sustainability with reactive scheduling involves
creating flexible systems that can adapt to changes while minimizing environmental
impact. This includes using renewable energy sources, reducing waste during resched-
uling, and optimizing resource allocation [32]. Sustainable operation management
supports the goals of the circular economy by promoting the reuse, remanufacturing,
and recycling of products and materials. Reactive scheduling can facilitate these
processes by efficiently managing the return and reintegration of resources into
production cycles [33]. Advancements in technology, such as the Internet of Things
(IoT), artificial intelligence (AI), and big data analytics, play a significant role in
enhancing sustainable operations and reactive scheduling. These technologies enable
better monitoring, decision-making, and optimization of processes [34].

3.3 Material flow optimization

Material flow optimization involves improving the efficiency of the movement
of materials within a production system. This optimization is critical in closed-loop
systems where materials are recycled and reused, supporting sustainability and
reducing waste [35, 36]. Lean manufacturing focuses on minimizing waste and
improving efficiency by streamlining production processes. Techniques such as value
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stream mapping, kaizen, and 5S are used to identify and eliminate non-value-adding
activities [37]. Just-in-time production is a strategy that aims to increase efficiency
and decrease waste by receiving goods only as they are needed in the production
process. This approach reduces inventory costs and improves material flow [38].
Reverse logistics involves the process of moving goods from their typical final des-
tination for the purpose of capturing value or proper disposal. It is a key component
of closed-loop supply chains and contributes to sustainability [33]. The integration
of lean manufacturing, just-in-time production, and reverse logistics is essential for
optimizing material flow in closed-loop systems. These techniques play crucial roles
in achieving this optimization. The integration of these techniques, supported by
technological advancements, ensures that materials are efficiently used, recycled, and
re-entered into the production cycle [39].

4. Methodologies and techniques

In the ever-evolving landscape of production and service environments, the ability
to dynamically allocate resources and adjust schedules in real time is paramount. This
section briefly explores some potential components of reactive scheduling, including
dynamic resource allocation, mathematical models and algorithms, and techno-
logical tools. By understanding and integrating these elements, organizations can
significantly enhance their operational efficiency, responsiveness, and adaptability to
changing conditions.

4.1 Dynamic resource allocation

Dynamic resource allocation in reactive scheduling refers to the real-time adjust-
ment of resources to meet current operational demands and conditions. This approach
is essential for dealing with uncertainties and disruptions in production and service
environments, ensuring efficiency and responsiveness [40, 41]. Heuristic approaches
provide practical solutions to complex scheduling problems through rules and guide-
lines derived from experience. These methods are often simpler and faster, making
them suitable for real-time applications [42]. Metaheuristic approaches, including
genetic algorithms and ant colony optimization, are advanced strategies designed to
find near-optimal solutions for complex scheduling problems. These methods mimic
natural processes to explore and exploit the solution space effectively [43]. Genetic
algorithms (GAs) are inspired by the process of natural selection and genetics. They
are used to solve optimization problems by evolving a population of solutions over
iterations, and applying operations such as selection, crossover, and mutation [44].
Ant colony optimization (ACO) is inspired by the foraging behavior of ants. This tech-
nique uses a colony of artificial ants to explore solutions, relying on pheromone trails
to guide the search toward optimal or near-optimal solutions [45]. Dynamic resource
allocation in reactive scheduling is crucial for adapting to real-time changes and
uncertainties. Heuristic and metaheuristic approaches, such as genetic algorithms and
ant colony optimization, provide powerful tools for solving these complex problems.

4.2 Mathematical models and algorithms

Mathematical models and algorithms play a critical role in reactive schedul-
ing. Models such as mixed-integer programming (MIP) and constraint satisfaction
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problems (CSP) are frequently used to represent and solve scheduling issues. Clear and
concise mathematical notations should be used to explain these models [40]. Mixed-
integer programming is a powerful mathematical modeling technique used to repre-
sent scheduling problems. MIP models include both continuous and integer variables,
allowing for the precise formulation of complex constraints and objectives [46].

Constraint satisfaction problems involve finding values for variables within speci-
fied constraints. CSP models are widely used in scheduling due to their flexibility in
handling various types of constraints and objectives [47].

Several algorithms are used to solve MIP and CSP models effectively. These
include branch-and-bound, branch-and-cut, and various heuristic and metaheuristic
methods [48]. Heuristic and metaheuristic algorithms, such as genetic algorithms,
simulated annealing, and ant colony optimization, are often employed to find near-
optimal solutions to large and complex scheduling problems [49]. Ongoing research
focuses on improving the scalability, robustness, and adaptability of mathematical
models and algorithms in reactive scheduling. Advances in computational power
and algorithmic techniques continue to enhance their practical applicability [50].
Mathematical models and algorithms are fundamental in reactive scheduling,
enabling precise and efficient solutions to complex scheduling problems. Mixed-
integer programming and constraint satisfaction problems are prominent models,
while various algorithms provide effective tools for solving these models.

4.3 Technological tools

Technological advancements, particularly the Internet of Things (IoT) and
cloud-based solutions, have revolutionized reactive scheduling by enabling real-time
data collection, analysis, and decision-making. These technologies support efficient
resource management and quick adaptation to changes [26, 51]. IoT refers to the
network of interconnected devices that collect and exchange data. In reactive sched-
uling, IoT devices provide real-time monitoring of resources, production processes,
and environmental conditions, facilitating timely adjustments to schedules [52].
Cloud-based solutions offer scalable and flexible computing resources that support
data storage, processing, and analysis. These solutions enable real-time collaboration
and data sharing across different locations, enhancing the responsiveness of schedul-
ing systems [53]. The integration of IoT and cloud computing creates a powerful
framework for reactive scheduling. IoT devices collect real-time data, which is then
processed and analyzed using cloud-based platforms to support decision-making and
resource optimization [54]. Real-time data collection and analysis are critical for reac-
tive scheduling. IoT sensors and cloud-based analytics provide continuous monitor-
ing and instant feedback, allowing for rapid adjustments to schedules and resource
allocations [55]. Technological advancements enable quick decision-making by
providing real-time insights into production processes and resource availability. This
efficiency is crucial for managing disruptions and ensuring optimal use of resources
[56]. Future research is likely to focus on enhancing the integration and interoper-
ability of IoT and cloud-based solutions in reactive scheduling. Emerging trends such
as edge computing and artificial intelligence will further enhance these systems [57].
Technological advancements such as IoT and cloud-based solutions significantly sup-
port reactive scheduling by enabling real-time data collection, analysis, and
decision-making. The integration of these technologies enhances the efficiency
and responsiveness of scheduling systems, ensuring optimal resource manage-
ment and quick adaptation to changes.
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5. Challenges and solutions

The influence of stochastic variations in consumer demand on the optimization
of disaster relief logistics operations underscores the necessity for the implementa-
tion of adaptive resource allocation algorithms capable of dynamically adjusting to
unpredictable shifts in demand patterns. Disaster operations management requires
the development of flexible scheduling systems that can rapidly respond to unfore-
seen changes in the volume and distribution of relief supply requests from affected
populations in order to efficiently allocate limited resources and minimize response
times. Incorporating stochastic programming techniques into the design of decision
support tools for disaster managers can enhance the resilience of relief supply chains
to demand shocks, enabling more effective and equitable distribution of critical sup-
plies in the aftermath of large-scale emergencies and natural disasters [58].

Similarly, the inherent vulnerabilities in complex supply chain networks, such
as the risk of disruptions and their cascading effects on production scheduling
and distribution, necessitate the development and implementation of proactive
risk management strategies to mitigate the potential for operational and financial
losses. Disruptions in the supply of raw materials, components, or logistics services
can propagate through interconnected supply chains, leading to production delays,
inventory shortages, and unfulfilled customer demand. Effective supply chain risk
management requires a multifaceted approach that combines risk identification,
assessment, mitigation, and contingency planning. This includes strategies such as
supplier diversification, inventory optimization, transportation mode flexibility, and
the use of advanced analytics to predict and respond to potential disruptions [5]. By
adopting a holistic view of supply chain risk and implementing appropriate mitiga-
tion measures, organizations can enhance the resilience and responsiveness of their
supply chains, ensuring continuity of operations and customer satisfaction in the face
of unexpected disruptions.

The operational practices employed in the context of sustainable green supply
chain management, including the procurement, processing, and reuse of recyclable
materials, face significant challenges related to the limited availability and incon-
sistent quality of post-consumer waste streams. The transition toward a circular
economy model requires the development of effective reverse logistics systems to
collect, sort, and reprocess end-of-life products and packaging. However, the lack
of standardized collection methods, varying consumer participation rates, and the
presence of contaminants in recyclable materials can lead to supply shortages and
quality issues for manufacturers seeking to incorporate recycled content into their
products. Addressing these challenges necessitates a collaborative approach among
stakeholders, including policymakers, waste management authorities, producers,
and consumers, to establish a robust collection infrastructure, improve recycling
education and participation, and incentivize the use of recycled materials in manu-
facturing processes. Technological advancements in sorting, cleaning, and reprocess-
ing technologies can also help to increase the availability and quality of recyclable
materials, enabling more efficient and cost-effective green supply chain operations.
By overcoming the barriers related to recyclable material supply, organizations can
enhance the sustainability of their supply chains, reduce waste, and contribute to the
transition toward a more circular and resource-efficient economy [59].

The dynamic allocation of resources in real time to optimize operational efficiency
is a complex task that necessitates the implementation of advanced optimization
algorithms and the integration of real-time data streams from various sources. Resource
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allocation problems in dynamic environments involve making decisions under uncer-
tainty, where the availability and demand for resources can change rapidly based on
evolving conditions. Addressing these challenges requires the development of intel-
ligent decision support systems that can process large volumes of data, model complex
interdependencies, and generate optimal resource allocation plans in near real time.
These systems typically employ techniques such as stochastic programming, robust
optimization, and machine learning to handle uncertainty, capture nonlinearities, and
adapt to changing circumstances. The integration of real-time data from sensors, enter-
prise systems, and external sources enables these algorithms to make informed deci-
sions based on the current state of the system and anticipate future needs. By leveraging
computational power and advanced analytics, organizations can achieve more efficient
and responsive resource allocation, leading to improved operational performance,
reduced costs, and enhanced customer satisfaction in dynamic environments [60].

The persistent problem of data silos, characterized by the segregation of data
within isolated information systems and organizational units, can impede effective
communication, decision-making, and business-IT alignment, leading to challenges
in efficient scheduling and resource allocation. Data silos arise due to various fac-
tors, such as the use of disparate legacy systems, lack of data governance policies,
and organizational culture that prioritizes functional autonomy over enterprise-
wide collaboration. The lack of data integration and interoperability across these
silos can result in inconsistent, incomplete, or outdated information being used for
decision-making, leading to suboptimal outcomes. In the context of scheduling,
the absence of a unified view of resource availability, demand, and constraints can
lead to scheduling conflicts, inefficient resource utilization, and missed deadlines.
Addressing the data silo problem requires a multifaceted approach that combines
technological solutions, such as enterprise application integration, data warehousing,
and master data management, with organizational changes, such as the establishment
of data governance frameworks, cross-functional collaboration, and the promotion
of a data-driven culture. By breaking down data silos and fostering a culture of data
sharing and integration, organizations can enhance business-IT alignment, improve
decision-making, and optimize scheduling processes, ultimately leading to increased
operational efficiency and competitive advantage [61].

The multifaceted factors influencing the adoption and diffusion of new sched-
uling technologies across different countries and industries can provide valuable
insights into the barriers faced by firms in implementing innovative solutions to opti-
mize resource allocation and improve operational efficiency. Technology adoption is a
complex process that is influenced by a combination of technological, organizational,
and environmental factors. Technological factors include the perceived complexity,
compatibility, and relative advantage of the new technology compared to existing
practices. Organizational factors encompass the firm’s size, structure, culture, and
the support of top management. Environmental factors pertain to the competitive
pressure, regulatory environment, and the availability of technological infrastruc-
ture and skilled labor. Resistance to adopting new scheduling technologies can stem
from a variety of these factors, such as the perceived high costs of implementation
and maintenance, the complexity of integrating new systems with existing legacy
platforms, and the inertia of organizational routines and practices. Cross-country
comparisons can reveal how these factors vary based on the level of economic devel-
opment, cultural norms, and institutional frameworks. Understanding these factors
can help policymakers and industry leaders develop targeted strategies to promote
technology adoption, such as providing financial incentives, improving technological
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infrastructure, and fostering a culture of innovation and continuous improvement.
By overcoming the barriers to technology adoption, firms can enhance their com-
petitive advantage and contribute to the overall productivity and resilience of their
respective industries and economies [62].

The ability to seamlessly scale computing resources to accommodate increasing
and diverse demands is a critical performance attribute of cloud-based services and
a significant technological challenge in the design of robust and efficient scheduling
systems. As the volume and complexity of workloads grow, cloud platforms must
dynamically provision and allocate resources, such as virtual machines, storage, and
network bandwidth, to ensure that service level agreements are met without over-
provisioning or under-provisioning resources. This requires the implementation
of intelligent resource management algorithms that can accurately predict future
demand, optimize resource utilization, and rapidly scale resources up or down
based on changing conditions. Failure to achieve scalability can lead to performance
degradation, service interruptions, and customer dissatisfaction. Similarly, in
the context of scheduling systems, the ability to handle a large number of tasks,
resources, and constraints while maintaining low latency and high throughput is
essential for meeting the demands of modern business environments. Scheduling
algorithms must be designed with scalability in mind, leveraging techniques such as
parallel processing, distributed computing, and efficient data structures to handle
increasing workloads. The adoption of cloud-native architectures and container-
ization can further enhance the scalability of scheduling systems by enabling the
deployment of microservices and the dynamic scaling of individual components
based on demand. By prioritizing scalability in the design and implementation of
cloud services and scheduling systems, organizations can ensure that their comput-
ing infrastructure and decision support tools remain resilient and responsive to the
ever-changing needs of their stakeholders [63].

6. Emerging trends and future directions

Reactive scheduling and agile circularity have emerged as critical strategies for
enhancing the efficiency and resilience of modern supply chain management. In the
face of increasing complexity, volatility, and disruptions, organizations must adapt
their scheduling practices to be more responsive, flexible, and data-driven. This sec-
tion explores the key advancements and technologies that are enabling the transfor-
mation toward reactive scheduling and agile circularity in supply chain management.

6.1 Integration of the Internet of Things

The integration of Internet of Things (IoT) devices has shown significant
potential in enhancing the efficiency and responsiveness of scheduling systems. IoT
devices enable real-time data collection and monitoring of production processes,
resource tracking, and predictive maintenance, thereby improving the accuracy and
optimization of scheduling algorithms. The application of IoT in smart cities has
demonstrated how real-time data acquisition and monitoring can enhance various
operational processes, including scheduling optimization [64]. The implementation
of IoT technologies has shown promising results in promoting the circular economy
by optimizing resource utilization and monitoring material flows. IoT-based applica-
tions in the circular economy include monitoring resource flows, optimizing material
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usage, and ensuring sustainability by tracking the lifecycle of products and materials.
These applications leverage the capabilities of IoT devices to collect and analyze data,
enabling informed decision-making and the implementation of sustainable practices
in the circular economy [65].

The article [66] presents a case study of a large paint manufacturing company in
the Pearl River Delta region of China that integrated IoT and cloud manufacturing
technologies to manage its production logistics. The study highlights the significant
benefits of adopting a data-driven approach to reactive scheduling in a circular econ-
omy context. Key outcomes of the integration include improved warehouse space and
forklift utilization rates, reduced logistics waiting costs and overtime working hours
by 50%, and an enhanced delivery rate of finished products by up to 50%. The case
study emphasizes the importance of real-time monitoring and dynamic adjustments
to the logistics process enabled by IoT devices and cloud platforms. Additionally, the
optimization of external resource integration, such as public warehouses and rented
forklifts, based on real-time demand led to cost savings. The system’s ability to adapt
to real-time execution dynamics resulted in overall efficiency gains in the logistics
process. This comprehensive integration of big data analytics, IoT, and cloud manu-
facturing demonstrates the significant benefits of a data-driven approach to reactive
scheduling in a circular economy context, ensuring more efficient and resilient
logistics operations that support sustainable business practices.

6.2 Cloud-based scheduling solutions

Cloud-based scheduling platforms leverage the scalability, flexibility, and
cost-effectiveness of cloud computing to optimize resource allocation and task
management [53]. By harnessing the power of distributed computing resources,
these platforms can adapt to fluctuating demands and provide ubiquitous access to
scheduling data and functionalities. However, the adoption of cloud-based scheduling
solutions requires careful consideration of data security measures, seamless integra-
tion with existing IT infrastructure, and the implementation of robust performance
monitoring mechanisms to ensure reliable and consistent service delivery [67].

The article [68] provides a comprehensive analysis of cloud computing, eluci-
dating its definition, advantages, obstacles, and opportunities. The authors define
cloud computing as applications delivered as services over the Internet, facilitated by
hardware and software in data centers, characterized by the appearance of infinite
computing resources on demand, elimination of up-front commitment, and pay-
as-you-go pricing. The advantages of cloud computing, such as elasticity to quickly
scale resources up or down based on demand, the ability to avoid over- or under-
provisioning resources, economies of scale from very large data centers, and higher
utilization by multiplexing workloads from different organizations, could potentially
translate to benefits for scheduling applications. However, the paper also identifies
obstacles, including availability, data lock-in, performance unpredictability, and
scalable storage, while suggesting opportunities to overcome these challenges, such as
using multiple cloud providers, standardizing application programming interfaces,
improving virtual machine support, and inventing scalable storage. The elasticity and
scalability of cloud computing could be advantageous for agile development method-
ologies and reactive scheduling approaches that require rapid adaptation to changing
requirements and real-time events. The pay-as-you-go pricing model aligns well with
agile practices that deliver software incrementally and enables experimenting with
new ideas without large capital outlays, which could also benefit reactive scheduling
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by only paying for the compute power required to handle current workloads.
Additionally, the ability to multiplex workloads from different organizations could
provide a more cost-effective infrastructure for running agile development pipelines
and reactive scheduling systems compared to dedicated on-premises resources.

6.3 Impact of Big Data analytics

The application of Big Data analytics to scheduling processes can significantly
enhance accuracy and efficiency by leveraging the extraction of insights from large
and complex datasets. The transformative potential of Big Data analytics across
various industries has been well-documented, particularly in its ability to optimize
decision-making processes and uncover hidden patterns that inform scheduling prac-
tices [69]. Data-driven decision-making is a fundamental aspect of effective schedul-
ing, enabling organizations to respond swiftly to changes in demand and optimize
the allocation of resources based on data-driven insights. The synergistic relationship
between data science and big data analytics underscores the importance of embracing
data-driven approaches to scheduling in order to achieve optimal performance and
adaptability in dynamic business environments [70].

The article [71] highlights the significant transformation of supply chain manage-
ment (SCM) through the integration of Big Data analytics (BDA). Companies that
utilize data-driven decision-making outperform their competitors in terms of pro-
ductivity and profitability. BDA enables the handling of extensive datasets, leading
to more precise and insightful decisions in SCM. The combination of data science,
predictive analytics, and Big Data can optimize supply chain dynamics, enhancing
operational efficiency and competitiveness. Big Data plays a crucial role in scheduling
by providing real-time insights and predictive capabilities. In logistics, Big Data can
optimize routing by considering various factors such as weather, traffic, and driver
characteristics. Predictive analytics helps in anticipating transportation requirements,
leading to better scheduling and resource allocation. By integrating consumer senti-
ment data, businesses can respond promptly to market demands reactively, ensuring
timely and efficient scheduling. Data-driven decision-making is central to leveraging
Big Data in SCM. It involves using quantitative and qualitative data to make informed
decisions that enhance supply chain performance. This approach reduces internal
transaction costs, adjusts to supply chain environmental changes, and manages day-
to-day operations more effectively. The ability to predict outcomes and understand
complex relationships within the supply chain fosters agile circularity, allowing
organizations to quickly adapt to changes and improve their reactive scheduling
capabilities. The integration of Big Data analytics contributes significantly to reac-
tive scheduling and agile circularity in supply chain management. Big Data enables
reactive scheduling by providing real-time data and predictive insights, allowing
companies to swiftly adjust their schedules in response to unexpected changes. Agile
circularity is enhanced through the integration of Big Data, enabling continuous
feedback loops and iterative improvements. This flexibility ensures that supply chains
can adapt to market dynamics and consumer demands efficiently.

6.4 Advancements in artificial intelligence and machine learning

The integration of artificial intelligence (AI) and machine learning (ML) algo-
rithms into scheduling systems has the potential to significantly enhance overall
efficiency and responsiveness by enabling dynamic optimization and proactive
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disruption prediction. The application of Al and ML techniques in the context of
maintenance has demonstrated their effectiveness in facilitating proactive decision-
making and reactive scheduling, thereby minimizing downtime and optimizing
resource allocation [56]. Furthermore, the implementation of AI/ML-driven
applications in scheduling for sustainable operations encompasses a wide range of
functionalities, such as predictive maintenance, demand forecasting, and resource
optimization. These practical applications of Al and ML in manufacturing settings
have been shown to play a crucial role in enhancing scheduling and operational
efficiency, ultimately leading to improved productivity and cost savings [72].

The article [73] explores advancements in Al and ML, highlighting their applica-
tion in business contexts, which can be particularly useful in reactive scheduling and
agile circularity. The authors emphasize that Al, through cognitive technologies, can
significantly enhance business processes by automating tasks, generating cognitive
insights, and engaging with customers and employees. Al and ML contribute to
reactive scheduling by automating complex decision-making processes and providing
real-time insights. For instance, Al systems can optimize logistics and supply chain
operations by predicting demand, adjusting schedules in response to real-time data,
and managing resources more effectively. This capability ensures that businesses can
swiftly adapt to changes and unexpected disruptions, thereby maintaining operational
efficiency. Moreover, the integration of Al in business processes supports agile circu-
larity. Cognitive technologies enable continuous improvement and adaptation through
iterative feedback loops. By leveraging Al for tasks such as predictive maintenance,
inventory management, and customer engagement, companies can enhance their
responsiveness and flexibility, leading to more sustainable and efficient operations.

6.5 Collaborative platforms and blockchain technology

Collaborative platforms have emerged as a key enabler in enhancing communica-
tion and coordination across supply chain networks, leading to more effective and
efficient scheduling practices. The transition from cloud computing to cloud manu-
facturing has highlighted the critical role of collaborative platforms in facilitating
real-time data sharing, decision-making, and optimization of scheduling processes
[74]. Furthermore, the integration of blockchain technology into scheduling systems
has the potential to provide unprecedented levels of transparency and traceability,
reducing inefficiencies and ensuring accountability throughout the resource alloca-
tion process. The application of blockchain in sustainable supply chain management
has been recognized for its ability to enhance transparency, traceability, and trust,
which are essential attributes for effective scheduling and resource optimization in
dynamic and complex supply chain environments [75].

The article [76] examines how integrating digital supply chains (DSC) with
blockchain technology enhances collaborative platforms and ensures transparency.
Blockchain offers a decentralized, secure, and transparent system for recording trans-
actions, which significantly improves supply chain interoperability and efficiency.
By enabling real-time visibility and traceability of goods and services, blockchain
fosters enhanced collaboration among stakeholders. Its public ledger system ensures
that all participants have access to the same information, reducing discrepancies and
building trust. In collaborative scheduling platforms, blockchain technology facilitates
automation and secure sharing of scheduling information through smart contracts,
which automatically execute agreements when predefined conditions are met. This
streamlines scheduling processes, ensuring adherence to timelines without manual
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intervention and maintaining data integrity. Furthermore, blockchain enhances
supply chain transparency by providing a tamper-proof record of transactions, where
each transaction is linked to previous ones, forming an immutable chain. This vis-
ibility prevents fraud and unauthorized alterations, with public key infrastructure
encrypting and decrypting transaction data for added security. Blockchain’s integra-
tion in DSC supports reactive scheduling and agile circularity by enabling real-time
data sharing and transparency, allowing organizations to quickly adjust schedules in
response to disruptions or changes in demand. This adaptability is vital for maintain-
ing supply chain resilience and efficiency. Additionally, blockchain promotes agile cir-
cularity by enabling continuous feedback loops and iterative improvements, ensuring
documented and traceable changes for better decision-making and adaptive strategies.

6.6 Predictive maintenance integration

The integration of predictive maintenance techniques with scheduling systems can
significantly enhance operational efficiency and prevent disruptions by anticipating
equipment failures and proactively scheduling maintenance activities accordingly.
The application of intelligent prognostics and e-maintenance tools has been instru-
mental in enabling predictive maintenance strategies, which leverage advanced data
analytics and machine learning algorithms to forecast equipment health and remain-
ing useful life. By seamlessly integrating these predictive maintenance capabilities
with scheduling systems, organizations can optimize resource allocation, minimize
downtime, and ensure the reliability of critical assets, ultimately leading to improved
overall equipment effectiveness and cost savings [77].

The article [78] focuses on the application of Al-based predictive maintenance
(PdM) techniques for water injection pumps (WIPs) in the oil and gas industry. PAM
leverages data-driven insights to optimize maintenance activities, enabling proac-
tive interventions to anticipate and address potential issues before they escalate into
significant failures. The review examines the advancements in Al-based PAM models
for WIPs, as well as the challenges associated with their implementation. Key PAM
techniques discussed include ongoing condition monitoring, failure mode analysis,
and statistical analysis to detect abnormalities and identify trends. The increasing
availability of data from digitalization and IoT technologies has facilitated the applica-
tion of advanced analytics, ML and Al in PdM for WIPs. The insights gained from
Al-based PAM models for WIPs could potentially contribute to the areas in the context
of maintenance scheduling and optimization. By accurately predicting equipment
failures and estimating remaining useful life, Al-based PAM models can enable more
efficient and responsive maintenance scheduling, aligning with the principles of reac-
tive scheduling. Additionally, the continuous monitoring and optimization of main-
tenance activities facilitated by Al-based PAM models could contribute to the agile
circularity of maintenance processes, allowing for rapid adaptation to changing condi-
tions and continuous improvement. However, further research is needed to establish a
more direct connection between Al-based PdM for WIPs and its specific applications
in reactive scheduling and agile circularity within the oil and gas industry.

7. Conclusions

In this chapter, we have delved into the intricacies of agile circularity and the
imperative role of reactive scheduling in optimizing resource flows within the circular
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economy. The detailed analysis and discussions presented underscore the necessity of
real-time adaptability in scheduling to cope with disruptions and fluctuating market
demands. This adaptability ensures the efficient utilization of materials and signifi-
cantly reduces waste, aligning with the broader goals of sustainability.

Agile circularity is characterized by the ability to swiftly adapt to changes, ensur-
ing that resource flows are continuously optimized. The integration of dynamic
resource allocation and closed-loop systems emerges as a cornerstone for developing
resilient supply chains. These systems enable organizations to respond promptly and
effectively to unexpected changes, thereby maintaining operational efficiency and
sustainability. The case studies and practical insights shared in this chapter illustrate
the tangible benefits of these strategies, providing a roadmap for businesses aiming to
transition toward sustainable, circular business models.

We have touched upon key themes such as supply chain agility, sustainable
operations management, and material flow optimization. The findings highlight that
reactive scheduling, as a crucial component of agile circularity, not only supports
environmental objectives but also enhances economic viability by reducing costs
associated with resource inefficiencies and wastage.

Furthermore, the research emphasizes the need for continuous innovation in
scheduling methodologies to address emerging challenges in the circular economy. The
potential for advancements in technology and data analytics to further refine these
methodologies presents exciting opportunities for future research and application.

In conclusion, the shift toward a circular economy is fundamentally linked to the
ability to manage resources dynamically and efficiently. Agile circularity, enabled by
reactive scheduling, serves as a critical enabler in this transition, fostering sustain-
ability while ensuring that businesses remain competitive and resilient. As industries
increasingly embrace circular principles, the insights and strategies discussed in this
chapter will be invaluable in guiding their journey toward a more sustainable future.
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Chapter 6

Task Scheduling for Phased Array
Multi-Function Radar

Zhen Ding, Petar Przulj, Zhen Qu and Peter Moo

Abstract

Phased array multi-function radar resource management (RRM) is responsible for
task scheduling. Finding an optimal solution for task scheduling is an NP-hard prob-
lem, so sub-optimal solutions are typically used in real radar systems. In this chapter,
we present two existing sub-optimal algorithms: Earliest Start First (EST) and Earliest
Deadline (ED). To improve the performance of EST and ED in underloading situa-
tions, we propose the Modified EST (MEST) and Modified ED (MED) algorithms.
Both EST and ED do not consider task priorities, leading to significant performance
degradation. We introduce the Minimum Cost First (MCF) algorithm that replaces
the start time first in EST or deadline first in ED. Additionally, we propose an
enhanced MCF (EMCF) algorithm to further improve scheduling performance. Sim-
ulation results and comparisons demonstrate that MEST and MED perform much
better than their unmodified counterparts for loading rates of 80% and below. The
MCF algorithm provides a solution that is three times better than EST, while the
EMCEF algorithm offers a solution that is 6.2 times better than EST. These new algo-
rithms have been evaluated and found to be effective solutions for radar scheduling.
The practical implications of these results are significant for real-world radar opera-
tions. By incorporating task priorities and improving scheduling efficiency, the pro-
posed algorithms can enhance the overall performance and cost-effectiveness of radar
systems. This can lead to more reliable and responsive radar operations, which are
crucial for applications such as defense, air traffic control, and weather monitoring.

Keywords: multi-function radar, radar resource management, task scheduling,
machine learning, supervised and reinforcement learning, performance evaluation

1. Introduction

Historically, radar systems were designed to perform specific functions using
individual mechanical radars. Today, Multi-Function Radars (MFRs) leverage phased
arrays to electronically steer the radar beam, enabling rapid execution of multiple
functions such as tracking, surveillance, and fire control. To achieve these functions,
the start times of individual transmit and receive tasks must be carefully scheduled.
Each task is defined by start time Z,,,, duration #,,.;;, and priority p. A single function
may consist of multiple tasks, each with unique ¢4, tze, and p. Efficiently manag-
ing these tasks to optimize radar performance is the essence of Radar Resource
Management (RRM) [1].
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RRM involves selecting, prioritizing, and scheduling tasks. This chapter focuses on
the scheduling aspect of RRM. When tasks are initially set for execution, overlaps can
occur since radars typically cannot perform tasks simultaneously. Therefore, tasks
must be scheduled sequentially. The scheduler’s goal is to arrange tasks to avoid over-
laps and maximize task completion within specific time intervals, known as execution
time windows. Tasks scheduled to start at £,,,, within an execution window are
assigned new scheduled times .., to minimize a predefined cost function. If a task
cannot be scheduled within the available time, it is dropped. The scheduler must
decide which tasks to drop, usually prioritizing lower-priority tasks to minimize
overall cost.

Resource management (RRM) is a critical issue when radar performs multiple
functions, each comprising numerous tasks. These tasks request radar resources and
have different priorities, often overlapping in time. The radar’ ability to assign
appropriate resources to all functions and tasks ultimately determines its perfor-
mance. Scheduling algorithms are designed to sequence tasks to achieve optimal or
sub-optimal performance.

Figure 1 illustrates a Navy ship-borne multi-function radar performing volume
search, horizon search, target tracking, and missile guidance. Here, RRM is the brain
of the radar. It is an essential component; without it, the radar cannot operate.
Moreover, an improved RRM scheduler enhances the radar’s effectiveness and
efficiency.

Optimal task scheduling can theoretically be achieved through brute-force search
or branch-and-bound methods, but these approaches are impractical for real-time
radar systems due to the NP-hard nature of the scheduling problem [2]. As a result,
sub-optimal scheduling algorithms have been developed to approximate the global
optimum with greater computational efficiency. Key scheduling algorithms include
Earliest Start Time (EST), Earliest Deadline (ED) [3], heuristic-based approaches [4],
Random Shifted Start Time (RSST) [5], Gaussian RSST (GRSST) [6], Dual-Side-
Scheduling (DSS) [7], task selection (TS) [8], greedy algorithms [9], a thorough
literature review of Al-based RRM techniques [10], and a few AI/ML-based methods
[11-14].

High angle Fire control (muitiple channel) Multiple target
search/track track

Terminal
Midcourse homing
guidance

Missile
', faunch -y —:::]})}))) C
S
Target classification o Targets
N

Rapid confirmation
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High speed N\
horizon search Surface
B il picture
Figure 1.

Navy multi-function radar.
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Among these algorithms, RSST and GRSST use random search, which typically
find a better solution from more random searches [5, 6]. The DSS algorithm intro-
duces two smaller scheduling windows by a separator [7]. The TS algorithm handles
overloading tasks, which will drop less important tasks, resulting in fewer tasks for
scheduling [8]. Supervised machine learning and reinforcement learning (RL) are
used to improve the efficiency of the Monte Carlo Tree Search (MCTS) [12], which
were further enhanced by deep RL (DRL), transfer learning (TL) [13], and a modified
MuZero approach [14]. Compared with traditional approaches [2-9], AI/ML methods
[11-14] still need better efficiency for real-world applications. Typically, the schedul-
ing time window is around 200 ms. Computation of a practical radar scheduler shall
not take too much time from this time window, less than 5%, that is, 10 ms.

We will focus on the traditional scheduling approaches. Among those algorithms,
the Earliest Start Time (EST) and Earliest Deadline (ED) algorithms are the simplest
and most time efficient. Both algorithms follow a first-come-first-served principle,
scheduling tasks based on their start time in EST and their deadline in ED, respec-
tively. This approach involves relocating tasks through a head-to-tail scenario. How-
ever, this strategy can result in tasks being scheduled much earlier than necessary,
leading to ineffectiveness.

To improve EST’s and ED’s performance, we propose two new enhancements.
First, a modified EST (MEST) is developed, which removes the head-to-tail restric-
tion, resulting in much better performance for underloading situations [15]. We
introduced the same modification to ED (MED), achieving similar improvement [16].
Secondly, we noticed that both EST and ED use start time or deadline time for
scheduling, but the task priorities have not been used at all. We proposed a priority-
based Minimum Cost First (MCF) algorithm and enhanced MCF (EMCF) [17]. Simu-
lation studies show that these two new algorithms perform significantly better than
other traditional approaches.

This chapter is organized as follows:

Section 1: Provides a high-level introduction to radar task scheduling, summarizing
both traditional and AI/ML approaches.

Section 2: Presents the problem formulation and introduces the cost function.

Section 3: Discusses two baseline algorithms, EST and ED.

Section 4: Describes MEST and MED, along with the simulation results. These
modified algorithms address the ineffectiveness of EST and ED in underloading
situations.

Section 5: Details both MCF and EMCF, with comparison to the baseline
approaches. These new algorithms incorporate priority into the assignment process,
significantly reducing costs.

Section 6: Concludes the chapter.

2. Problem formulation

In this section, we formulated radar task scheduling as a cost function optimization
problem. Consider a radar system designed to handle N tasks within an execution time
window of size L. Each task has six parameters: e, Liweils P> Ldeadline = bstart + Lawells
Learliest» Liatest- 1N this problem, tasks cannot be executed in parallel, so the ideal value for
tawey Would be L/N, ensuring that the sum of all tasks’ r 4, equals the entire window
size L. These variables are used for all tasks. For a specific task #, we will add “(n)”
after the variable. For example, ., (1) is the start time for task 1.
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The execution window size is normalized such that L = 1, with t,,, ranging from 0
to 1 and 24, ranging from O to 2/N. In real simulations, the number of tasks in an
execution window might be larger or smaller than the designed N tasks. This actual
number of tasks is denoted as N, and the ratio between N, and N is called the
loading rate, ¥ = Nu/N. If y <100%, the radar is under-loaded; if y > 100%, the
radar is over-loaded.

For a particular loading rate, the z4,,; of all tasks are normalized so that their sum
exactly equals the loading rate y. This process, called t,,,; normalization, ensures that
loading rates less than or equal to 100% remain underloaded and all tasks fit within
the task sequence. Without #,,,; normalization, the random distribution of ¢, could
cause their sum to exceed 1, necessitating the dropping of a task. This can significantly
skew cost results when scheduling for a specific loading rate.

A 5-task sequence with and without #,,,; normalization can be seen below:

In Figure 2, an unscheduled task sequence is shown where each rounded rectangle
represents a task. The left edge of the task indicates its start time, the width corre-
sponds to the dwell time, and the more red and thicker the border, the higher the
task’s priority. When generating the ¢, for each task, all z,,.; values are below
average. This results in a task sequence that is supposed to be 100% loaded but only
occupies about one-third to one-half of the entire execution window. Conversely, if all
tawey Values are above average, the sequence could take much more than 100% of the
window. This issue is addressed using ?;,.; normalization.

Real radar systems have different scheduling time windows, which require a nor-
malized window length for algorithm development, so that performance evaluation
can be done fairly. We use time-length “1” as the normalized time window. The
normalization process is as follows. Step 1: sum up the dwell times of all tasks. Let’s
assume the summation time is 0.9 second in total. Step 2: Calculate radar time for the
aimed loading rate. For example, 50% loading rate is 0.5 second. Step 3: Recalculate
the dwell time for each task, divided by 0.9 and then multiplied by 0.5. The three steps
will generate tasks of 50% loading rate, that is, 0.5 seconds of total dwell time.

Tasks to be Scheduled

T T T T T T

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Tasks to be Scheduled, Normalized

1 1 | 1 ] 1 | 1 | 1 1

0 01 0.2 0.3 0.4 0.5 06 0.7 0.8 0.9 1
Task Execution Time

Figure 2.
An unscheduled 100% loaded 5 task sequences without and with tawen normalization.
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A scheduling algorithm must arrange the tasks across the execution window such
that as many tasks as possible are executed and scheduled as close to their z,, as
possible. The resulting scheduled time from the algorithm is called £, Each task will
have an associated cost, C(n), which increases when t,,.; is far from t,,,;. The total
cost, J, of the scheduled times is the sum of the individual costs of the tasks. Relevant
cost equations are shown below.

Loched () = Scheduling_Algorithm{ty,.(n)} (1)
C(n) = [p(n) * (tichea(n) — taar(n))]’ (2)

1 Nm:tuul
] - Nactuul ; C(n) (3)

Each task has a unique identifier number, and each parameter is indexed by this
ID. For example, task #2’s start time can be written as #;,,:(2) . The cost of the task
depends on the difference between t,,.4(%) and ty, (7). The farther the scheduled
time is from its original start time, the greater the cost accrued. This difference is
multiplied by a priority, p(#), implying that the higher the task’s priority, the higher
the cost of the task. For our purposes, p(n) will be a random number between 0.1 and
0.9 in intervals of 0.1. The difference in time ranges from 0 to 1, and when multiplied
by the priority, it will always result in a product lower than 1.

In this report, only underloaded task sequences are evaluated, and we consider the
case where all tasks can be scheduled anywhere in the execution window, that is,
tearliess = 0 and ty,. = 1. Because of this, no tasks need to be dropped, and thus no drop
cost is outlined.

3. Two baseline algorithms: The EST and ED

The Earliest Start Time (EST) and Earliest Deadline (ED) algorithms are two
baseline scheduling algorithms that are simple to implement and very fast, making
them suitable for processing large amounts of tasks in real-world radar systems.
However, their performance compared to more advanced methods like machine-
learning-based approaches, the branch and bound algorithm, or RSST leaves much to
be desired. EST and ED do not consider priority when scheduling; instead, they only
consider a task’s Zyat OF Lieadline, respectively.

The EST algorithm schedules tasks in order of increasing start times gy,
meaning the task with an earlier start time gets scheduled first. The ED algorithm
schedules tasks in order of increasing deadlines #.441ine, meaning the task with an
earlier deadline gets scheduled first. Both algorithms use a head-to-tail connection
for scheduling, where the end of one task coincides with the scheduled time of the
next task.

One area where EST and ED struggle is in underloaded situations. Due to the head-
to-tail restriction, tasks with later start times will be scheduled much earlier. An
example of scheduling with both EST and ED for a simple 100% loaded 10-task
sequence is shown below in Figure 3.

Even though EST and ED schedule tasks quickly, they have two fundamental
drawbacks: ineffectiveness in underloading situations and the lack of consideration
for task priority in the assignment process.
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Unscheduled Task Sequence

1 Il Il 1 1 1 L 1 L

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Scheduled by EST

"

] 1 1 1 1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.8 1
Scheduled by ED

\

A
- | , S— S

| 1 i I 1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Task Execution Time

Figure 3.
100% loaded 10 task sequences scheduled with EST and ED.

4. MEST and MED algorithms for underloading situations

In underloading situations, EST and ED tend to arrange tasks toward the left side
of the time window, which increases the overall cost. To overcome this drawback, we
proposed the Modified Earliest Start Time (MEST) and Modified Earliest Deadline
(MED) algorithms. These enhanced versions of the baseline EST and ED algorithms
maintain similar speed and the ability to handle large amounts of tasks. Like their
unmodified counterparts, the modified algorithms schedule tasks in the same order.
However, the restriction of scheduling tasks head-to-tail is relaxed.

For the next task with the earliest £y, Or £4.541ine among the unscheduled tasks, the
modified algorithm schedules the task at its ¢, provided that the sum of the
remaining tasks’ ¢,.; does not exceed the remaining time in the window. Otherwise,
MEST/MED schedules it right after the previous task (head-to-tail connection). MEST
and MED aim to improve the performance of EST and ED in underloaded cases by
scheduling tasks right at their t,,, whenever possible.

In overloaded situations, the modified algorithms will perform similar to EST and
ED since the modified versions would only perform head-to-tail connections (with no
remaining time). Because of this, the MEST and MED algorithms are almost always
better than the EST and ED algorithms across all loading rates. An example of an
underloaded task sequence scheduled using ED and MED is shown below.

As seen in Figure 4, later tasks such as the one starting at around 0.9 need to be
scheduled much earlier when using a head-to-tail connection as seen when scheduling
by ED. MED resolves this by scheduling it instead at its original z,;.
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Unscheduled Task Sequence

[EUED

0 i g ; 0.4 0.5 0.7 0.8 0.9 1
Scheduled by ED

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Scheduled by MED

[DU

1 1 | L 1 I

0 ; : k 0.6 0.7 0.8 0.9 1
Task Execul[on Time

Figure 4.
50% loaded 25 task sequences scheduled by ED and MED.

The MEST and MED algorithms improve the baseline algorithms in underloaded
cases by removing the head-to-tail restriction inherent in both. By eliminating this
restriction, the modified algorithms perform much better than their unmodified
counterparts for loading rates of 80% and below. For all other underloaded loading
rates, the modified algorithms accrue costs very similar to their respective unmodified
algorithms. The time efficiency of MEST and MED is comparable to EST and ED,
making them very feasible for real-world radar systems. This “modified” approach
could be applied to other scheduling algorithms to increase their efficacy in
underloaded circumstances if a similar head-to-tail restriction exists.

The algorithms are compared by running 10,000 simulations with randomly gen-
erated tasks for 13 different loading rates. The simulated multi-function radar is
designed to handle 50 tasks within the execution window (N = 50). The average cost
for both algorithms is calculated using egs. (1) through (3). The average computation
time used for each algorithm and loading rate is recorded from MATLAB. Since
modified versions would have the same performance as the unmodified algorithms for
overloaded cases, only loading rates under 100% were considered. The following
loading rates were used: 10, 20, 30, 40, 50, 60, 70, 80, 90, 92, 94, 96, 98%. The
differences between EST and MEST are largely the same as the differences between
ED and MED. To simplify the report results, ED will be used to represent the
unmodified algorithms and MED will be used to represent the modified algorithms.

Each task has a ty,,; generated using a uniform distribution between 0 and 1 — 2,0
such that all tasks cannot extend past the end of the execution window. The £, is
generated using a uniform distribution between 0 and % with an average of % and thus
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- 50 Tasks Cost over EST
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Figure 5.
Cost ratio of 50 task long task sequences scheduled by EST, MEST, and MED over EST over different loading rates.
Note that EST and ED have similar cost ratio.

on average sum to 1. The #,4i.¢ and the t;,, are set to 0 and 1 respectively meaning all
tasks can be scheduled anywhere within the window. The p of each task is generated
uniformly between 0.1 and 0.9 in increments of 0.1. For each loading rate, y, the
number of tasks to be scheduled, N1, is given by Ny, =y N.

Figure 5 illustrates the performance improvement, showing that a lower loading
rate results in better improvement. Figure 6 demonstrates that the computation time
is less than 0.1 ms, making it highly efficient for practical applications.

507 Computation Time of ED and MED

0.065
0.06 F +F ek
0.085 .
0.05

0.045 e

-)G+

0.04

0.035

Average Time Elapsed (ms)

0.03 F o 4 MED

0.025 £

0.02 . . . . . . . L
10 20 30 40 50 60 70 80 90

Loading Rate

Figure 6.
Average times of 50 task sequences scheduled by ED and MED over different loading rates.
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5. MCF and EMCEF algorithms with priority-embedded

These four algorithms (EST, ED, MEST, and MED) missed a critical factor: task
prioritization. Higher priority tasks should be treated differently in scheduling algo-
rithms, as they directly affect the cost to be optimized. We propose the Minimum Cost
First (MCF) algorithm, which incorporates priority when assigning tasks. Further-
more, an enhanced version of MCF is also proposed.

5.1 MCF algorithm

The MCF algorithm aims to minimize the total scheduled task sequence cost
through a greedy approach. The algorithm calculates the cost of each task when
hypothetically scheduling it and then schedules the task with the lowest cost. Instead
of only scheduling on one side of the execution window, tasks are scheduled by
alternating from the start and the end of the window. This reduces the chance of tasks
being left behind, as tasks not scheduled near their start time will incur higher costs as
more tasks get scheduled.

Alternating the tasks also lowers the cost if tasks are left behind, as these tasks will
be scheduled near the middle of the window where they would usually be scheduled at
the end if not alternated. The pseudo-code of the MCF algorithm is shown in Table 1.
The MCF algorithm is put through numerical simulations to find its average cost and
time. Figures 7 and 8 show the average costs and cost ratio over EST using the classic
cost function. Figures 9 and 10 show the same but using the tauless cost function. The
computation time of MCF is shown in Figure 11. In these figures, blue, red, and
yellow represent EST, RSST, and MCF, respectively.

~

Initialize variables: wind_start = 0, wind_end = 1, bool_start = true

2 Fori=1N
3 If bool_start // Schedule at start of sequence
4 costs_start < calculate cost of all tasks using Eq. 2-5 if scheduled at wind_start
5 min_cost, min_idx «— find minimum cost from costs_start
6 bsched (Min_idx) = wind_start, bool_start = false
7 wind_start = wind_start + t e (min_idx)
8 Else // Scheduling at end of sequence
9 costs_end — calculate cost of all tasks using if scheduled at wind_end - t 4,
10 min_cost, min_idx «— find minimum cost from costs_end
11 wind_end = wind_end - t 4,0 (min_idx)
2 toched (Min_idx) = wind_end, bool_start = true
13 End
13 costs(min_idx) = min_cost
14 p(min_idx) = Inf // Already scheduled tasks produce an infinite cost
15 End
Table 1.

MCF scheduling algorithm.
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Cost Comparison, Classic Cost Function
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Figure 7.
Average cost of MCF (yellow) compared with other algorithms using the classic cost function.
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Figure 8.
Cost ratio of MCF/EST compared with ratios of other algorithms using the classic cost function.

As seen in Figures 7 and 8, when using the classic cost function, MCF has much
lower costs than both EST and RSST. Its average cost goes as low as 0.3 times that of
EST and averages around 0.42 times over all tasks. RSST still outperforms MCF with
five tasks, as RSST almost always gets the optimal solution with small numbers of
tasks and a large enough K iterations.

Figures 9 and 10 illustrate how the change in cost function can drastically affect
the cost of MCF. When using the tauless cost function, MCF’s cost is significantly
higher than EST, reaching up to 5 times larger than EST and averaging 3.3 times larger
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Cost Comparison, Tauless Cost Function

0.014 T T T ; r
o EST
i@ RSST
0.012 4 MCF | 1
001} %
g
S 0.008
@ %
o
] %
S 0.006
= i G.. ™
6‘
0.004 [ g
g,
@
0.002 [ -
® ® &

5 10 15 20 25 30 35 40 45 50
Radar Tasks
Figure 9.

Average cost of MCF compared with other algorithms using the tauless cost function.
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Figure 10.
Cost ratio of MCF/EST compaved with vatios of other algorithms using the tauless cost function.

over all tasks. This sudden change in cost between cost functions occurs due to how
MCF schedules tasks and how the classic cost function operates when scheduling at
the ends of the execution window.

When scheduling at the start or end of the execution window, the classic cost
function only depends on the priority of the task, regardless of its position in the
window. For subsequent tasks, the distance between t,,, and ;s becomes more
significant as tasks are scheduled further from the ends of the window. This results in
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Computation Time

15 T T T T T T :
o ©
o

) v e EST
E 0 © - RSST
T MCF
2 o
= o)
u'l ~
® O
El o
Z
€ 5 -
[
>
<

WE. = e % . ) * % '

5 10 15 20 25 30 35 40 45 50

Radar Tasks

Figure 11.
Computation time of MCF compared with other algorithms.
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Figure 12.
Example task sequence to be scheduled using MCF.

an unintuitive optimal scheduling pattern and those algorithms like EST generally do
not perform well in, but MCF matches very well.

When using the tauless cost function, scheduling becomes more intuitive. Sched-
uling the task with the minimum cost first often results in low-priority tasks being
scheduled first, which might cause high-priority tasks to be scheduled later, thus
significantly increasing the cost. Missing one high-priority task to be scheduled before
a lower-priority task can cause the high-priority task to accrue massive costs until it is
the last task and needs to be scheduled.

Figure 11 shows the average computation time of MCF. MCF averages 0.47 ms
over all tasks and is very comparable to the runtime of EST. MCF improves on the cost
of EST and RSST, when using the classic cost function, while also being close to the
computation time of EST. A drawback of MCF is that even with alternating, tasks are
still left behind and are scheduled much later than they should be. An example of this
phenomenon can be seen in Figures 12 and 13.
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Tasks to be Scheduled
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Figure 13.
MCF scheduling algorithm near completion.

In Figure 10, tasks that are between 0.9 and 1 in the execution window are left
behind and will only get scheduled after every other task is scheduled. An enhanced
version of the algorithm addresses this issue and decreases the cost by scheduling
based on the overall cost instead of just the per-task cost.

5.2 EMCF algorithm

The Enhanced Minimum Cost First EMCF algorithm improves the cost perfor-
mance of MCF at the expense of time efficiency. EMCF schedules tasks based on the
total scheduled task sequence cost Eq. (1) instead of the per-task cost Eq. (2). Like
MCF, tasks are scheduled by alternating between the start and end of the execution
window. To choose which task to schedule, three tasks are selected: one with the
earliest start time EST, one with the earliest deadline ED, and one with the minimum
cost MCF. When scheduling at the end, the latest start time or deadline is chosen
instead of the earliest.

Only three tasks are chosen to reduce computation time while maintaining a lower
cost. For each task, the remaining sequence is completed using a simple scheduling
algorithm like EST. The task that gets scheduled is the one that results in the lowest
overall cost of the three. The pseudo-code of the EMCF algorithm is shown in Table 2.

When running the EST algorithm in lines 5-9 and 12-16, ; is used to alter the
starting times such that some tasks always start first and others start last while keeping
tsare the same for cost calculation purposes. By making #, equal to times that are
before and after the execution window, tasks can be forced to get scheduled at the
start or end without interfering with the rest of the scheduling. Numerical simulations
are performed, the cost graphs are seen in Figures 14-18 shows the time graph.
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1 Initialize variables: wind_start = 0, wind_end = 1, bool_start = true, tgeadiine=tstart+tdwell> Lshift =tstart

2 Fori=1N

3 If bool_start

4 (idxgst, idxgp, idxpcr) < find indices of unscheduled tasks with earliest tygy, tieadiine and minimum
cost at wind_start.

5 costsgst « conduct EST Scheduling Algorithm using tos.

6 prev_tos = toife

7 costsgp «— conduct EST Scheduling Algorithm using tjhiﬁ(ideD) =-N+i-1

8 Lohife = Prev_toif

9 costsycr < conduct EST Scheduling Algorithm using tg,s; (idxmcr) = -N + i-1.

10 Else

11 (idxgsr, idxgp, idxmcr) — find indices of unscheduled tasks with latest tsare, taeadline and minimum
cost at wind_end.

12 costsgst «— conduct EST Scheduling Algorithm using tos.

13 prev_tas = Lonife

14 costsgp + conduct EST Scheduling Algorithm using to,q (idxgp) = N-i + 1

15 Lonift = Prev_toife

16 costycr — conduct EST Scheduling Algorithm using to,s (idxmcr )= N-i + 1.

17 End

18 Lopify = Prev_toife

19 COSESyin — find minimum of: sum of costsgst, sum of costsgp and sum of costspcr.

20 idx — pick the task that corresponds to costsyiy.

21 costs (idx) = costs,, (idx)

22 If bool_start: ty,s (idx) = -N + i-1

23 If not bool_start: tg,p (idx) = N-i + 1

24 bool_start = not bool_start

25 update wind_start and wind_end using task idx.

26 End

Table 2.

EMCEF scheduling algorithm.

With the classic cost function, EMCF improves upon MCF in terms of cost for all
numbers of tasks. From Figures 14 and 15, the EMCF algorithm produces a cost that

goes as low as 0.11x of EST and averages around 0.19x of EST over all tasks. EMCF is

strictly better than MCF in terms of cost for every number of tasks. EMCF has a
slightly higher cost than RSST at five tasks as RSST usually gets the optimal solution

with enough iterations at low numbers of tasks. Note that the absolute cost values are

indicators how the algorithms perform, but the cost ratios provide a better compari-

son to the baseline algorithm. Here, the EST algorithm is chosen as the baseline for the

cost ratio calculation.
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Cost Comparison, Classic Cost Function

0.18 T -
| B =:1)
0.16 |- @+ RSST
y MCF
% @ EMCF
0.14 | ° EMCF] |
012 % 1
® E
o
QO 01F X -
©
g
§ 0,08[: x R
<
0.06 I o .
o & Wores, g
%D o el G,
0.04 - o] i
-4 —. .
D".
0.02 Bt gy
) o S S
b 10 15 20 25 30 35 40 45 50
Radar Tasks

Figure 14.
Average cost of EMCF (purple) compared with other algorithms using the classic cost function.
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Figure 15.
Cost ratio of EMCF/EST compared with ratios of other algorithms using the classic cost function.

In the figures below, blue, red, yellow, and pink represent EST, RSST, MCF, and
EMCEF, respectively.

Using the tauless cost function, EMCF drastically improves upon the MCF algo-
rithm. By checking how scheduling a task affects the entire sequence, the algorithm
can make sure that scheduling a task does not push back higher priority tasks later.
Because of this, EMCF is suitable to schedule using the tauless cost function and
produces less costs than EST and RSST. EMCF accrues costs around 0.5x of EST.
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Cost Comparison, Tauless Cost Function
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Figure 16.
Average cost of EMCF compared with other algorithms using the tauless cost function.
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Figure 17.
Cost ratio of EMCF/EST compared with vatios of other algorithms using the tauless cost function.

The EMCF algorithm performs better than all other algorithms in terms of cost
using both classic and tauless cost functions. However, the time it takes to run is larger
than EST and MCF but is still less than RSST. EMCF takes around 4.7 ms on average
over all number of tasks. If the radar system allows for the increased computation
time, it is recommended to use EMCF over MCF.

The number of times that each sub-algorithm in EMCF leads to the scheduled task
is analyzed. The EMCF algorithm and which task is selected to get scheduled is
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Computation time of EMCF compared with MCF and other algorithms.
Algorithms Number of tasks
5 10 15 20 25 30 35 40 45 50
EST 3 3 3 4 4 5 4 5 5 5
ED 3 3 4 4 4 4 5 4 4 5
MCF 25 25 25 25 24 24 24 24 24 23
EST & ED 10 14 17 18 20 22 23 24 25 26
EST & MCF 5 5 5 5 5 4 4 4 4 4
ED & MCF 5 5 4 4 4 4 4 4 3 3
EST & ED & MCF 49 45 42 40 39 37 36 35 35 34

Table 3.
Percentages of combined best tasks.

somewhat independent of which cost function you use. Because of this, only the
results from using the classic cost function are used. Table 3 shows the percentages of
how often each algorithm or group of algorithms provide the best task with the lowest

total cost. Table 4 shows the percentages of how often the individual algorithms

provide the best task.

The computation time of EMCF is well below 5% of the time widow 200 ms when
there are 45 or less tasks. Note that the number of tasks in a real radar system is 20-30.
The EMCF algorithm maximizes the performance and keeps the computation

practical.

For most cases, choosing a task with EST, ED, or MCF provides the same solution
and is thus used as the “best” solution. From Table 1, MCF provides the most unique
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Algorithms Number of tasks
5 10 15 20 25 30 35 40 45 50
EST 31 31 32 32 33 33 33 34 34 34
ED 31 31 32 32 32 33 33 33 33 34
MCF 39 37 36 36 35 34 33 33 33 32
Table 4.

Percentages of single best task.

best solutions out of the three algorithms as EST and ED are likely to be the same task.
Table 2 shows us that for smaller numbers of tasks, MCF provides the best task while
with larger numbers of tasks, EST, ED, and MCF all provide the best task out of the
three at the same rate.

6. Conclusion

Two modified approaches to baseline radar task scheduling algorithms were pro-
posed: Modified Earliest Start Time (MEST) and Modified Earliest Deadline (MED).
These algorithms improve upon the unmodified versions in underloaded cases by
removing the head-to-tail restriction inherent in both. By eliminating this restriction,
the modified algorithms perform much better than their unmodified counterparts for
loading rates of 80% and below. Additionally, two algorithms were proposed using the
cost function as a scheduling tool. The first algorithm, Minimum Cost First (MCF),
schedules tasks based on the lowest individual task cost. The second algorithm,
Enhanced Minimum Cost First (EMCF), schedules tasks based on overall task cost.
The MCF algorithm provides a solution that is three times better than EST, while the
EMCEF algorithm offers a solution that is 6.2 times better than EST. The proposed
scheduling algorithms are suitable for real-world radar systems due to their low
computation time and low costs.

For future work, efficiency improvements are needed for current AI/ML
approaches. Combining AI/ML with traditional methods may offer new solutions for
radar scheduling. Efficiency could be directly enhanced through parallel and/or quan-
tum computing.
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Chapter 7

Task Allocation Techniques for
Real-Time Mixed Criticality
Multicore Systems: A Survey

Cristina-Sovina Stdngaciu

Abstract

With the development of the Internet of Things and distributed systems, both the
applications and the hardware support increased their complexity. This evolution
resulted in an inevitable move toward multicore platforms at the edge of the Internet
of Things in real-time and safety-critical systems. This shift to multicore architectures
reflects also in the transformation and evolution of the mixed-criticality real-time task
scheduling techniques, which still face several challenges due to their restricted
resources and safety-critical aspects that include determinism, predictability, task
isolation, resource management and low power consumption. The goal of this chapter
is to present a survey on the state of the art multicore scheduling techniques, with a
focus on task-allocation algorithms for mixed-criticality real-time systems, while
identifying the research gaps and future trends.

Keywords: real-time, mixed-criticality systems, task scheduling, multicore
processors, partitioning

1. Introduction

In the context of the continuous development of the Internet of Things (IoT)
together with other types of distributed systems, the applications running on these
systems become more and more complex in order to satisfy the increasing demands of
communication, connectivity, varied functionalities and fast responsiveness. These
demands regarding functionality and performance, coming from the applications
side, are pushing forward the evolution of the hardware architectures that support
them [1, 2].

The complexity of the applications running at the edge of 10T or in other distrib-
uted embedded systems having a direct interaction with the environment, such as
cyber-physical systems, often imply both real-time and non-real time, critical and
non-critical interactions between these systems and the environment in which they
run [3]. This complex interaction led to conflicting requirements related to the com-
plexity of the applications, on one hand, and related to resource constraints imposed
by the end devices at the edge of IoT or by other embedded systems, on the other
hand. In order to deal with safety assurance and real-time functionalities, while
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reconciling these conflicting requirements in the context of real-time and safety-
criticality systems, a new type of system was defined, named the mixed-criticality
systems (MCS). This concept defines systems with two or more criticality-level com-
ponents running on the same hardware. Their goal is to reconcile the need of
partitioning for safety assurance while still efficiently sharing resources [4].

MCS were initially developed in the context of automotive, [5] being the first
paper to formalize them. Since then, they were adopted in different fields, such as
cyber-physical systems [3], Industry 4.0 [6], avionics [7], and the Industrial Internet
of Things [8].

2. Organization

This chapter continues with the following sections: Section 3 presents the back-
ground and theoretical aspects regarding real-time systems in general, while Section 4
focuses on mixed-criticality systems, task modeling, execution behavior and schedul-
ing in multicore systems with a focus on task allocation. A methodology for mixed-
criticality task scheduling is proposed in Section 5 and the open issues are presented in
Section 6. This chapter ends by presenting the main conclusions in Section 7.

3. Background

The need to guarantee real-time services in critical environment led to the initial
proposal and formalization of the real-time systems (RTS) paradigm by Liu and
Layland in 1973 [9]. Real-time systems are defined as those systems for which not only
the correctness of the provided results is important, but also the time at which these
results are generated. Thus, special efforts have been made toward the development of
mathematical models, and scheduling methods in order to guarantee that all the time
constraints are respected.

According to the strictness of their time constraints (i.e., deadlines), the real-time
systems are classified into [10, 11]:

1.Hard RTS - in this class of systems, missing a deadline leads to a total system
failure (e.g., airbag system).

2.Firm RTS - infrequent deadline misses are tolerable, but the usefulness of the
result is zero after its deadline (e.g., traffic management).

3.Soft RTS — the usefulness of a result degrades after its deadline, leading to a
quality of service degradation (e.g., audio/video streaming).

A similar classification into hard, firm and soft extends to the software running on
these systems and includes the so-called tasks, which represent basic units of execu-
tion for each application running in a real-time system.

The classical real-time task models contain specifications about the time con-
straints of the tasks. Based on their arrival pattern, tasks can be periodic, sporadic or
aperiodic.

Periodic tasks are activated and executed within regular time intervals called
period. They are characterized by their execution time C in the form of Worst Case
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Execution Time (WCET), period T and relative deadline D, which can be equal to the
period if we consider implicit deadlines [9]. Each task must execute once and only
once in the interval between its activation time and its deadline. According to Liu and
Layland’s model proposed in Ref. [9], for a task 7;, we have the following specifica-
tions:

7; = {C;; Ti; Di} 1)

where C; represents the computation time, T; the period and D; the deadline for the
task ;.

If the activation of a certain task is done with an offset, relative to the system’s
activation time, a new parameter called phase (¢) is added [10-12]:

7 = {¢;; Ci; Ti; D; } (2)

For task with no offset and implicit deadlines, the model could be simplified to the
following equation [9-12]:

7 = {C;; Ti} 3)

From these parameters, others can be determined, such as the processor utilization
factor [9-12]:

Ui =GCi/T; (4)

Eq. (4), in fact, represents the definition of the processor utilization of a task.

Sporadic tasks are activated at arbitrary points in time, but with defined inter-
arrival times between two consecutive invocations. They are characterized by their
execution time C in the form of Worst Case Execution Time (WCET), minimum
inter-arrival time T and relative deadline D [13]. For a task z;, we have, the same
parameters as in Egs. (1), (2) or (3), but with a different meaning for T.

Aperiodic tasks are activated at any point in time but only once. They are charac-
terized by their execution time C in the form of Worst Case Execution Time (WCET),
arrival time A and relative deadline D. For a task z;, we have:

7; = {C;; Ai; Di} (5)

Each instance of a task is called job. In classical real-time systems, usually a job
inherits the parameters of the task it represents, but it can also be represented using
specific parameters, like in eq. (6) for a jobj of task i:

7y = {Cy3 Ayjs dj} (6)

where d;; represents the absolute deadline, equal to A;; + D;. For a periodic task, with
no offset for its activation, A; = (j — 1) * T}.

An example of a task set execution on a single processor, simulated in SimSo [14],
can be seen in Figure 1. The task set consists of four tasks: T'1 and T2 periodic, T3
sporadic, with an offset of 10, and T4 aperiodic, with the parameters represented in
eq. (7), according to Eq. (1) for T1-T2, Eq. (2) for T3, and Eq. (5) for T4:

T1={3;10;10}; T2 = {4;15;15}; T3 = {10; 3;20;20}; T4 = {2;13;25}; @
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Figure 1.
Example of uniprocessor real-time task set execution.

In this figure, the up arrows represent the activation times and the down arrows
the deadlines.

Since their first introduction into the literature, real-time systems, together with
their programming and scheduling models, have become increasingly prevalent in
critical fields such as chemical factories, nuclear facilities, space exploration or mili-
tary applications [1], and in the relatively recent years these systems’ integration
extended to fields like IoT, automated driving or healthcare [15].

4. Mixed-criticality real-time systems

Mixed-criticality systems are basically a type of real-time system where tasks are
valued by their criticality by classifying them into distinct levels of assurance against
failure, such as mission-critical and safety-critical [1, 4].

4.1 Task models and execution behavior

The classical real-time task model only specifies the temporal behavior of a job and
does not express its criticality, so new parameters were introduced. The first mixed-
criticality task model is considered the one proposed in 2007 by Vestal [5]. It repre-
sents a generalization of the sporadic task model introduces by Mok in 1983 [13].
Vestal’s model is characterized by four parameters: criticality level L; which range
from A to E (A being associated with catastrophic and E with no effect), period Tj,
deadline D; and computation time C; represented as a vector of WCETs, one for each
criticality level, usually ranging from the most optimistic value for the lowest critical-
ity level to the most pessimistic value for the highest one. Thus, the model from
Eq. (1), according to Vestal’s model [5], becomes:
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73 = {Li; C; = {Ci1; Cip ... Cin' }; T3 Dy} (8)

where L; is the criticality level of task 7;, and C; is a vector of N values, where N is
equal to the order of the criticality level L,. Thus, a task of the lowest criticality level
will have only a value in the C; vector, corresponding to its own criticality, a task of a
second criticality level (considered from low to high), will have two values and so on.

After Vestal’s task model, other generic models were proposed in the literature,
where other parameters are also vectors of values depending on criticality level.
Following the model proposed by Vestal, new models were developed. In MCS, the
software execution is also modeled at job level. Some of the most popular proposed
models and their characteristics are presented briefly in Table 1 from Appendix A,
where the criticality level, execution time, period and deadline are the same with the
ones expressed by Eq. (8), even if the notations are sometimes different as we can see
in the case of the criticality level expressed by L, I, y, { or k in the period expressed by
Torp.

The majority of mixed-criticality models were created in an incremental manner
based on the structure proposed by Vestal as a generic model [5]. The models started
from the main four parameters: L—criticality level, T—period, D—deadline, C—
computation time and then were extended by adding parameters or by changing some
of the existing ones [15]. For example, some models include the activation time or
release time with the same meaning as the one expressed in Egs. (5) and (6). Other
models add new parameters such as memory access time [16] or tolerable deadline
misses [17] while others consider parameters for task allocation in multi-core systems,
such as “designated core” [18] or “affinity score” [15], or other application or system-
specific parameters. Regarding criticality levels, some models reduce them to two
values: low (Lo)—that is, not critical and high (Hi)—that is, critical, while others
extend them to # levels of criticality.

Changes were introduced also regarding the way in which computation time is
determined for each level and regarding the running modes of the tasks.
Computation times are usually determined from the most optimistic value for the
lowest criticality mode to the most pessimistic value, which guarantees the highest
criticality level of assurance. In MCS task executes in the lowest mode, considering the
computation time specific to that mode (optimistic value), if a task having a higher
criticality level than the current running mode, exceeds its computation time, and the
system switches to a higher running mode, in which lower criticality tasks are either
dropped, either scheduled in the remaining processor time, usually in a best-effort
manner.

In Figure 2, there is an example of a task set, consisting of three mixed-criticality
tasks, each having a different criticality level (T1 has a low criticality, T2 medium and
T3 high). The system starts in low criticality mode and runs in this mode until time
stamp 50, thus considering all the tasks for execution. The systems switches to
medium criticality mode at time stamp 50 and runs in this mode until 70, dropping
the low criticality task, and then switches in high criticality mode at 70, dropping all
other tasks except the high criticality one.

4.2 Scheduling in MCS

Task scheduling refers to the process of determining the order in which various
tasks are to be taken up for execution by a system. While traditional scheduling
algorithms are focused on throughput and fairness, real-time scheduling algorithms
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Example of uniprocessor mixed-criticality task set execution, containing thvee tasks, each having a different
criticality level.

are focused on feasibility (i.e., whether or not it is possible to meet the requirements
of all the tasks) and predictability (i.e., the possibility to demonstrate that require-
ments are met subject to any assumption made) [11].

In multicore systems, the scheduling problem divides into two main sub-problems:

1.Task allocation—each task instance (i.e., job) must be allocated to a core

2.Task scheduling—each task (or job) set allocated to a certain core must be
feasible (i.e., schedulable)

In MCS, one must also take into consideration the spacial and time isolation
between tasks having different criticality levels. Time isolation is required to ensure
that a low criticality task cannot cause a higher criticality task to function incorrectly
by taking too much of processor time or by blocking a shared resource, while spacial
isolation is required in order to ensure that data used by a task is not altered by other
tasks and no tasks will adversely interfere with each other’s execution from this point
of view [2].

4.2.1 Task allocation

Task allocation in multicore environments is a relatively difficult problem and
most of the algorithms used in practice are heuristic [11, 19]. The task-allocation
algorithms can be classified into:

* Static—usually done at task level, all tasks are partitioned into subsets, each
subset is assigned to a core.

* Dynamic—usually done at job level, each task instance ready for execution is
placed in one common priority queue and dispatched to a core for execution,
when it becomes available.

Using multicore architectures in MCS brings several advantages regarding the
criticality levels temporal isolation issue. Thus, one popular static task-allocation
scheme is the one which considers the criticality level of tasks. The first one being
proposed by Andreson et al. in Ref. [20]. This schematic divides the task set into
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subsets of different criticality classes, which are then scheduled to different cores
using separate containers for each class, each container having its own local schedul-
ing algorithm.

Other approaches take into consideration, besides the classical utilization factor as
defined in Eq. (4), the load balancing [21], resource sharing [22], hardware heteroge-
neity [15], memory and cache management [23] or energy efficiency [24] or just the
schedulability conditions for the task subsets [25].

In MCS task-allocation algorithms, usually make use of classical real-time heuristic
methods such as first-fit, next-fit, best-fit or worst-fit [26, 27]:

* First-fit allocates each task to the first core it fits, considering the processor
utilization threshold.

* Next-fit allocates each task to the next core it fits, considering the previous task
allocation and the processor utilization threshold.

* Best-fit allocates each task to the core that maximizes the utilization factor, using
less cores.

* Worst-fit allocates each task to the core that minimizes the utilization factor,
giving a better load balance for the cores, compared to the other two approaches.

In the classical heuristics, the cores are selected in ascending order, or descending
order of their utilization, based on the heuristics mentioned earlier.

In mixed-criticality systems, these heuristics are adapted in order to take into
consideration, besides the utilization factor, one or more of the MC task parameters
presented in Table 1 from Appendix A. For example, Han et al. [28] proposed task-
allocation methods based on the task criticality level in conjunction with the worst-fit
heuristic and Stdngaciu et al. [15] proposed a method based on task affinity in con-
junction with the best-fit heuristic. Other papers such as Ortiz et al. [26] proposed
their own partitioning methods based on the mixed integer linear programming algo-
rithm. Ren et al. [29] proposed a harmonic partitioning in conjunction with slack time
and compared it to all the other classical heuristics mentioned before, while Zhang and
Chen [30] proposed a partitioning method called energy-efficient allocating algorithm
(EEAA), which is based on the genetic algorithm.

On the other hand, the global scheduling approach makes decisions regarding job
assignment to different cores based on feasibility tests by checking sufficient
schedulability conditions at runtime [31].

Differences regarding the static and dynamic approaches can be seen in Figure 3,
where the same task set is allocated to different cores in a multicore system, using (a)
a static algorithm and (b) a dynamic one.

The task set consists of five periodic real-time tasks with the following parameters,
specified according to Eq. (1):

T1={3;10;10}; T2 = {4;15;15}; T3 = {7;10;10}; T4 = {8;25;25}; T5 = {9;10;10};
9)

In Figure 3(a), the tasks are allocated considering the maximization of the total
utilization factor. At the beginning, the total utilization on each core is 0; thus, task T'1
can be assigned to any of the cores, but it is assigned to the last one, namely CPU 3.
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Figure 3.
Examples of multicove task allocation.

Task T2 is assigned to the core with the largest utilization factor that can accept task

T2 without exceeding a total utilization factor of 1 (i.e., 100%), which is CPU 3. Task
T3 cannot run on the same core, as the total utilization of tasks T'1, T2 and T'3 would
be greater than 1:
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3
Ui = _Ci/Ti =03+02(6)+0.7>1 (10)
i=1

Thus, task T3 is assigned to CPU 2. Because task T4 fits to CPU 3 (the core with the
highest utilization factor), it is assigned to this core, while the last task is assigned to
the only core it fits, namely CPU 1. In this example, this partitioning method provided
a total utilization of less than 1, on each core.

In Figure 3(b), there is an example of dynamic task allocation for the same task set
as in (a), in which each job is assigned to the core that is able to execute it before its
deadline. Thus, unlike the previous example, in this figure, we have tasks that have
some jobs executed on a core and other jobs executed on other cores, meaning that this
approach supports task migration.

4.2.2 Task scheduling

In a hierarchical multicore architecture, after the task-allocation procedure, a
scheduler is responsible for dispatching each task instance according to a predefined
algorithm.
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Figure 4.
Examples of EDF-based MC task scheduling.
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The task scheduling is usually done at the core level using classical uniprocessor real-
time scheduling algorithms, such as cyclic executives, earliest deadline first (EDF), or
fixed priority (FP), specific MCS scheduling methods such as EDF-VD (EDF with
virtual deadlines) or CBEDF (criticality based EDF) [4] or hybrid [32]. A comparison
between two different approaches at the core level can be seen in Figure 4.

Other approaches imply hierarchical scheduling algorithms that contain fixed or
dynamic priority servers or containers, each one running a set of tasks or jobs. This
approach uses an algorithm for scheduling the containers, while each container can
implement its own scheduling algorithm for its allocated tasks [20].

Each real-time scheduling algorithm must provide a schedulability test or a meth-
odology for testing if a task set is schedulable by the algorithm. In the absence of a
dedicated schedulability test, one classical method is the response time analysis [33].

5. Methodology for MC task scheduling

In order to implement and schedule an MC application on a multicore system, one
can follow the steps depicted in Figure 5.
The procedure consists of the following main steps:

1.Develop the applications respecting the real-time programming paradigms,
which will result in the task set and its time specifications.

2. Assign a criticality level for each task and determine the MC task parameters
according to a selected model (e.g., Vestal’s model).

3.Choose a scheduling algorithm and analyze the schedulability of the task set with
the selected scheduling algorithm using a schedulability test or the response time
analysis approach.
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Figure 5.

Example of uniprocessor mixed-criticality task set execution.
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4.Optional: schedule the task set, using an implementation of the selected
scheduling algorithm on a simulator.

5.Implement the scheduling algorithm (if not already implemented) on your target
system.

6.Schedule the application using the scheduling algorithm implementation on your
target system.

7.Optional: use a tracing tool or a logic analyzer and compare the task set
simulation with the actual application execution.

Different tools developed for RTS, such as aiT from AbsInt, which uses static
analysis for task WCET determination and formal verification [34], are still of great
use in MCS, especially for high criticality tasks. If we speak about low criticality tasks,
tracing and profiling tools such as Percepio Tracelayzer [35] could suffice.

Regarding the development of MC task schedulers, most of the work has been
done at the theoretical level. Even if there are numerous MC scheduling methods
proposed in the literature [33], there are very few implementations integrated into
operating systems. Some of the first to propose a multicore scheduling support imple-
mentation for MC tasks were Anderson et al. in Ref. [20]. This approach used an
extension of Linux called LITMUS RT [36]. Other proposed implementations for
multicore MC tasks using the same LITMUS RT extension followed [37, 38].

Before investing time and effort in implementing a specific scheduling algorithm,
running several simulations of that algorithm could be useful. Unfortunately for MCS
such simulator are currently missing. Ahmad et al. presented in 2018 [39] the top ten
most popular available real-time scheduling simulators with their advantages and
disadvantages. One remarkable fact is that none of the existing scheduling simulators
has support for mixed-criticality task scheduling. Still, some of them are designed to
be customized and extended. Such a simulator is SimSo [14].

Due to the lack of already implemented MC task schedulers in the current operating
systems, after analyzing and simulating the algorithms, one must implement them into
the running target system. Fortunately, Linux offers since 2024, a new kernel feature
called sched-ext [40], which enables the implementation of customized schedulers.

6. Open issues in MC multicore systems

On one hand, most of the development of the MCS has been done from the
theoretical point of view regarding execution and scheduling models, schedulability
and formal analysis. On the other hand, some progress was made regarding the
unification with the practical aspects of real-time systems, with the development of
customized scheduling support in Linux. Still, there are some open issues and imped-
iments regarding the large-scale practical implementation of MC systems and its
extension to more application fields, especially if we have in mind the complexity of
multicore systems:

* lack of simulators—the lack of support for MCS models and scheduling
algorithms simulation makes the development of practical applications difficult
and slow.
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* lack of custom schedulers support in current real-time operating systems—the
lack of support for any MC scheduling algorithm in the current operating systems
could be at least bypassed by the possibility to develop customizable scheduling
algorithms in decent time frame with a medium effort.

* lack of benchmarks for evaluation of MCS—the comparison of different MCS
models and scheduling approaches is done mostly at the theoretical level, and the
lack of a dedicated set of benchmarks contributes to the slow development of
these types of systems.

* lack of tools for real-time monitoring and control—tools for real-time monitoring
of the runtime behavior and comparison with the static analysis could also
accelerate the development of these systems.

7. Conclusions

Based on its extensions and applicability, the domain of mixed-criticality real-time
systems has become very important nowadays. As systems increase more and more in
complexity, it is imperative to have the possibility to have tasks with different levels
of criticality in the same hardware platform, while protecting the higher criticality
tasks from interferences from the lower levels.

The development of deterministic and power-efficient multicore platforms brings
advantages in terms of physical and temporal isolation for such systems, but also
increases the complexity of the scheduling methods, resulting in further development
of this field. As new mixed-criticality task models and schedulers are implemented,
the need for better support tools such as simulators and custom scheduling support
becomes more stringent.
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CBEDF criticality based earliest deadline first

EEAA energy-efficient allocating algorithm

EDF earliest deadline first

EDF-VD earliest deadline first with virtual deadline
FP fixed priority

IoT internet of things

RT real time

RTS real-time systems

MC mixed criticality
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A. Appendix

Reference Authors Year Task/Job Parameters Crit.
levels
[5] Vestal 2007 C - computation time (vector) 4
T - period (scalar)
D — deadline (scalar)
L - criticality level (scalar)
[41] Baruah, Li and Stougie 2010 A - release time (scalar) 2
D — deadline (scalar)
x — criticality level (scalar)
C - computation time (vector)
[42] Park and Kim 2011 A - release time (scalar) 2
D - deadline (scalar)
x — criticality level (scalar)
C - computation time (vector)
ES — empty slack (scalar)
[43] Su and Zhu 2013 C - computation time (vector) 2
p - period (scalar)
D - deadline (scalar)
L - criticality level (scalar)
p™* — maximum period (scalar)
P - early release points (vector)
[44] Huang et al. 2013 C - computation time (vector) n
T — minimum inter-arrival (scalar)
D — deadline (scalar)
L - criticality level (scalar)
[45] Ekberg and Yi 2016 job: 4
e — worst-case execution time (scalar)
d — deadline (scalar)
u —mode of the corresponding job type (scalar)
[46] Zhou et al. 2017 T - period (scalar) 2
D — deadline (scalar)
N — number of transient faults (scalar)
L — criticality level (scalar)
C — computation time (vector)
[17] Lee and Shin 2017 C - computation time (vector) n
T - period (scalar)
D — deadline (scalar)
L - criticality level (scalar)
m — tolerable deadline misses (vector)
[16] Liand He 2017 C - computation time (vector) 2

T - period (scalar)
D — deadline (scalar)
x — criticality level (scalar)

E — execution time including memory access (vector)

M — memory access time (vector)
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Reference Authors

Year Task/Job Parameters

Crit.
levels

[47]

Bletsas et al.

2018 C - computation time (vector)

2

T - period (scalar)

D — deadline (scalar)

k — criticality level (scalar)
A - importance level (scalar)

(48]

Wang et al.

2021

task: 2
C - computation time (vector)
T — period (scalar)

D — deadline (scalar)

¢ - criticality level (scalar)

V - value of task (vector)

job:

a — release time (scalar)

e — estimated execution (scalar)
d — absolute deadline (scalar)

f — finish time (scalar)

[15]

Stangaciu et al.

2022

C - computation time (vector) n
T - period (scalar)

D — deadline (scalar)

L — criticality level (scalar)

A - affinity score (scalar)

[49]

Zhao et al.

2022

L - criticality level(scalar) 2
T - period (scalar)

D — deadline (scalar)

C_LO — WCET in LO-crit mode (scalar)

C_HI - WCET in HI-crit mode (scalar)

st — worst-case stack usage (scalar)

p — priority (scalar)

y — preemption threshold (scalar)

(18]

Chen et al.

2022

T - period (scalar) n
D — deadline (scalar)

Pri — priority (scalar)

m — designated core (scalar)

| — criticality level (scalar)

C - set of WCETs (vector)

Lesage et al.

2023

T - period (scalar) 2
C - execution time (vector)

L - criticality level (scalar)

P - priority (scalar)

CRP - cache recency profile (scalar)

Table 1.

Mixed-criticality task models.
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