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Abstract: The aerospace and defense industry is facing an end-of-life production issue with legacy
embedded uniprocessor systems. Most, if not all, embedded processor manufacturers have already
moved towards system-on-a-chip multicore architectures. Current scheduling arrangements do not
consider schedules related to safety and security. The methods are also inefficient because they
arbitrarily assign larger-than-necessary windows of execution. This research creates a hierarchical
scheduling framework as a model for real-time multicore systems to integrate the scheduling for
safe and secure systems. This provides a more efficient approach which automates the migration of
embedded systems’ real-time software tasks to multicore architectures. A novel genetic algorithm with
a unique objective function and encoding scheme was created and compared to classical bin-packing
algorithms. The simulation results show the genetic algorithm had 1.8–2.5 times less error (a 56–71%
difference), outperforming its counterparts in uniformity in utilization. This research provides an
efficient, automated method for commercial, private and defense industries to use a genetic algorithm
to create a feasible two-level hierarchical schedule for real-time embedded multicore systems that
address safety and security constraints.
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1. Introduction

Next-generation aerospace and defense (A&D) applications will have to contend with both
stringent safety and security requirements; hence, software written over the last 30 years for
the Department of Defense programs faces a challenging migration problem. In addition, migrating
legacy software from older single-core processing environments must be rearchitected to target modern
multicore processing architectures.

A compounding issue that must be addressed when moving to modern architecture frameworks
are safety and security requirements [1]. Parkinson defines, in [2], safety as where the system must
not harm the world and security as where the world must not harm the system. These requirements
constrict the program’s ability to select any commercial operating system. Historically, programs with
safety of flight requirements used what is called a partitioned operating system [3,4]. A partitioned
operating system separates (or partitions) task execution in both time and space. The operating system
uses a static partition schedule to guarantee task execution separation in time. For separation in space,
the partitioned operating system separates the task execution in memory. The partitioned operating
system enforces separation so that if one task crashes, it does not affect the rest of the system. Programs
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that have information assurance requirements use certified operating systems known as separation
kernels. Fundamentally, partitioned operating systems and separation kernels provide the same time
and space separation.

To address the issues stated above, separation kernel vendors are leveraging the multilevel
instruction mechanisms (hypervisor, supervisor, and guest) enabled by multicore hardware and are
now offering virtualization support. The implication of virtualization is that the legacy uniprocessor
operating system can be placed within the separation kernel’s operating system as a guest
operating system. Gaska, in [5], highlight the benefits of virtualization that allow for interoperability,
legacy software migration, and board consolidation. Placing guest operating systems within separation
kernels on multicore systems creates a more effective use for multicore architectures, which is echoed
by Kotha and Nasser in [6] and Main in [7]. Another consideration for multicore architectures is
the mode in which the processor will operate: asymmetric multiprocessing (AMP) versus symmetric
multiprocessing (SMP). AMP mode, from a task and real-time operating system (RTOS) perspective,
arranges the cores into separate processing modules where SMP provides a monolithic “one-processor”
view. Given the nature of aerospace and defense legacy uniprocessor designs, AMP is the mode better
suited to satisfy the safety and security requirements discussed in [2], because legacy software
is not written to take advantage of the parallel nature of SMP. Using AMP gives rise to yet
another issue highlighted by Leroux and Craig [8], that management of shared resources such
as memory, Input/Output devices, and interrupt handling falls to the engineer, not the operating
system. Kleidermacher, of Green Hills Software, Inc., a real-time embedded operating systems vendor,
points out in [9] the need to migrate to multicore processing and offers the approach using virtualization.
This approach is inadequate because it neglects the up-front work associated with migration, as well as
the sustainment and refinement phases that follow.

Current research on hierarchal scheduling has neglected legacy scheduling architectural
arrangements. For example, rate monotonic scheduling, which is prevalent in legacy scheduling
systems, is rarely considered. This research is unique because it combines the two most prevalent
scheduling algorithms within A&D safety and security systems: rate monotonic scheduling and static
cyclic scheduling algorithms. The purpose of the genetic algorithm is to provide an automated means to
find a feasible two-level hierarchical schedule. The use of an evolutionary optimization method provides
enhanced determinism through uniformity in utilization. This paper highlights the value of this research
over traditional bin-packing methods by providing greater determinism. This type of determinism
is better because it evenly distributes tasks among resources (cores). Bin-packing algorithms tend to
overload frontend resources and underload backend resources, leading to considerable variation in
core utilization. This research is unique because the genetic algorithm (GA) and its objective function
provide more even distribution/utilization across the cores, resulting in better determinism, which is
more efficient than current bin-packing methods.

This research defines the architectural framework and creates an evolutionary optimization
method for embedded real-time multicore two-level hierarchical scheduling that provides enhanced
determinism through uniformity in utilization. The goal of this research is to enable legacy real-time
embedded systems to be effectively managed during the migration and analysis of their real-time
software tasks to multicore system-on-a-chip architectures. This research provides a method
of optimization that naturally finds a feasible two-level hierarchical schedule with a uniform
utilization configuration. First, literature relevant to hierarchical scheduling approaches for embedded
real-time software tasks that include safety and security requirements is examined and evaluated.
Techniques used to analyze two-level hierarchical scheduling are investigated, which include
the evaluation of crucial timing parameters for the specific combination of schedules at each level.
The scheduling algorithms, techniques, and critical timing parameters are then used to construct
the task model necessary for analysis. Secondly, an evolutionary approach for scheduling software
tasks, specifically a GA, is created, which involves the creation of a novel chromosomal encoding
method and the construction of an objective function that aids in measuring the fitness of potential
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candidate solutions. Finally, this research leverages and builds upon traditional bin-packing heuristics
used to schedule tasks and integrates these algorithms into a validation framework. A task schedule
modelling and simulation methodology is built to facilitate the validation of the newly created two-level
hierarchical schedule. The next section of the paper provides a review of the relevant literature that
builds the foundation of this research.

2. Related Works

2.1. Hierarchical Scheduling

For real-time systems, there are two types of scheduling approaches: static or fixed priority
and dynamic priority schedulers [10]. Static schedulers are more desirable for embedded airborne
applications because they provide enhanced determinism. In hard real-time systems, schedulability is
analyzed in terms of response times and verified to ensure determinism. Schedulers are evaluated
based on their ability to meet task deadlines. Evaluation implies that a valid (optimal) schedule is one
where all task deadlines are met. Brandenburg, in [11], clarifies the term optimality in the context of
schedulability: a scheduler is said to be optimal if it is able to find a valid schedule for a given set task
if one exists. Finding a valid schedule is an important distinction when considering fixed or static
scheduling policies as the designer must create an optimal scheduler a priori.

The two schedulers considered in this research are a Fixed-Priority Preemptive Scheduler and a
Static Partitioned Scheduler. From their seminal work on schedulability analysis, Liu and Layland [12]
set the groundwork that spawned rate monotonic analysis (RMA) and rate monotonic scheduling
(RMS) for hard real-time priority preemptive scheduling systems. Dhall and Liu [13] first researched
partition scheduling for real-time multiprocessor systems. They developed a simplified heuristic-based
approach for task-to-processor allocation that statically partitioned the tasks among the available
processors. The issues surrounding the problem, first introduced by [13], of scheduling task sets to
processing resources is a classic bin-packing problem. Bin-packing is a method of allocating items to
resources (bins). For scheduling, it is synonymous to assigning tasks to a resource (a core). Bin-packing
is known to be NP-Hard. Garey and Johnson, in [14], proved that it is not feasible to find an optimal
schedule due to the large amount of computational overhead. The concept of NP-Hard is crucial
because genetic algorithms are known to perform well in finding solutions to NP-Hard problems [15].
Since the introduction of multicore, there has been a scramble to comprehend the added complexity
of scheduling.

Lipari [16] writes that hierarchical scheduling is the formation of a number of schedulers into a tree
structure. Also, the scheduling hierarchy can have an arbitrary number of levels, nodes, and children,
where the nodes can be a task or another scheduler. Hierarchical scheduling approaches as a method of
analysis of schedulability have been applied to non-real-time and real-time systems in the past [17,18].
Different methodologies for designing hierarchical two-level schedules have been proposed in [19].

Recent advancements in embedded real-time multicore system-on-a-chip designs that allow for
multiple levels of scheduling have inspired renewed attention to the field. The first known application
and proposal of the hierarchical scheduling framework (HSF) using a real-time operating system
is in [20]. Asberg applied a hierarchical scheduling framework to the real-time operating system
VxWorks. The HSF was created to exert greater control over the tasks and the resources they share.
Later, Asberg et al. published their initial results, in [21,22], and minor updates to the HSF with a goal
of a future research to extend HSF to multicore architectures, found in [23].

Cullmann et al., in [24], discussed how embedded system timing analysis can become infeasible
when moving to multicore architectures. The authors recognized the issues surrounding multicore
and shared resources (memory hierarchy, etc.). Finally, they provided some design principles for
moving single-core embedded systems to multicore ones that improved predictability. The goal of
the design principles is to architect the system in such a way to allow better bounding of the worst-case
scenario for improved analysis. These design principles are difficult to apply to legacy systems given
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the author’s use of abstraction. A means of modeling the complexities of existing systems is still
needed for the required level of determinism for the A&D industry. There is no tolerance for the error
an abstraction may produce. For example, a streaming service may experience glitching without
consequence; however, if a missile does not fire when the trigger is pulled, lives are at stake.

Hilbrich and Goltz [25] provided a model-based approach to simplify multicore scheduling
complexities. Their approach is to model the software’s resource utilization on a multicore system
and schedule it accordingly. They developed a tool, named “PRECISION PRO”, that accepts a task set
and their parameters as input to generate a static partition schedule that maps the tasks to partitions
and then cores. The authors claim enhanced resource utilization, flexibility, and automated verification.
Their approach only considered a first-level scheduler and primarily dealt with new developments
targeting multicore systems, but can be extended to evaluate legacy migrations.

vSlicer is a scheduling approach for virtual machines that Xu et al. described in [26] for the IT
server-level market. The purpose is to address the issue of I/O-bound latency-sensitive virtual machines.
Their approach is used to reduce other latency, jitter, and performance issues. Although this scheduling
algorithm is meant to address these issues in the IT server market, it has applicability to the real-time
embedded market given that it has to contend with virtual operating systems.

Presented in [27] with successive improvements in [28,29], Nemati et al. actually implemented an
approach to solve the partition and intrapartition scheduling issue with resource sharing considerations.
Their approach is the most detailed and practical implementation written to date. One drawback is that
it did not account for a guest operating system, but the framework provided is scalable and extendable.

Kwon et al. [30] presented a method for a hypervisor to schedule virtual machines more efficiently
on asymmetric multicore systems. Their method allowed for increased portability to multicore systems
by obscuring the machine-dependent asymmetry of the hardware. This method assumes that the same
hypervisor manages all the cores within the multicore architecture. Though not an ideal solution,
Kwon et al. illustrated yet another potential solution to the hierarchical scheduling problem.

Masrur et al. [31] recognized the apparent two-level scheduling issues that arise from using
virtual machines and guest operating systems in embedded multicore systems. They studied the effect
of virtual machines used in embedded systems with a hierarchical two-level schedule. They also
pointed out that traditional hierarchical schedulability conditions do not apply to this embedded
virtual machine scenario. The proposed methods by Masrur et al. have merit and will be considered
further for this research.

2.2. Scheduling with Genetic Algorithms

Genetic algorithms come from the field of study called evolutionary computation and are
biomimetically inspired by evolution [32]. Genetic algorithms are a class of evolutionary optimization
methods [33–35]. Primarily used as an optimization technique, genetic algorithms offer effective
methods to search stochastically, in parallel, the solution space. Jensen and Chryssolouris [36,37] note
that creating schedules is an NP-Hard optimization problem and determine that genetic algorithms are
far superior at finding efficient schedules. Wall [38] points out that genetic algorithms are well suited
for the complex combinatorial nature that most scheduling problems exhibit. Genetic algorithms are
used in a variety of different scheduling systems; for example, job shop scheduling systems [36–41],
real-time systems [42–45], distributed and grid computing systems [15,46,47], and multiprocessor
systems [48–51].

Wall [38] also points out when tackling a complex problem, designing the right heuristic is
difficult. Two of the most important aspects for the development of an effective GA are the objective
function and the parameterization [32]. The objective function should be applicable to all the schedules
developed by the algorithm. The parameterization, on the other hand, identifies the unique set of
parameters that need to be updated for each specific case.

Montana et al. [52] note that genetic algorithms are well suited for the complexity that scheduling
presents due to their ability to search large spaces. They developed a scheduling approach using
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genetic algorithms for field service engineers for the military land move problem (a common convoy
scheduling problem for moving from fort to seaport). More specifically, they provide an analysis of
how to create a chromosomal representation for different types of scheduling problems. This analysis
has broad applications and is applicable to this research’s aim of creating a chromosome.

Oh et al. [44] used a genetic algorithm to allocate real-time tasks to a multiprocessor system with
the goal of minimizing the number of processors used. Using a multiobjective genetic algorithm,
the authors showed that their approach outperformed other algorithms on 178 randomly generated task
graphs used in their experiments. The authors also developed a method for determining the optimal
scheduling of real-time tasks to a homogeneous multiprocessor system.

Kaur et al. [51] illustrated the complexities of multiprocessor task scheduling in high-performance
computing environments. The authors used a genetic algorithm for static nonpreemptive scheduling
problems in an online fashion. They compared the results to a uniprocessor control and two other
multiprocessor scheduling algorithms. Their approach produced a better scheduling solution for
online or active scheduling of tasks to processors and outperformed the other algorithms in both time
to schedule and efficiency. This approach illustrates promising results for this proposed research.

3. Hierarchical Scheduling Framework

Preliminary attempts have modelled systems and their complexities, but the inclusion of guest
operating systems via virtual machines on multicore processors are an order of magnitude more
complex than current methods can handle. Figure 1 illustrates just how complex these types of systems
have become. Each core contains multiple partitions and multiple guest operating systems with tasks.
The management of such an organization of elements is a complex combinatorial problem.
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Figure 1. Example multicore asymmetric multiprocessing (AMP) mode with guest operating system
(OS) virtualization.

Figure 1 is a relatively simple four-core implementation, but eight, twelve, and sixty-four core
architectures exist, increasing system complexity exponentially. Predictability of the scheduling effects
of virtualization utilizing guest operating systems (two-level scheduling) becomes more difficult to
model, manage, and analyze. The motivation of this research is to assemble the pieces of the various
disciplines to provide a unified methodology for automatically generating a two-level hierarchical
multicore schedule.

System Model Definition

Typical applications measure performance in a variety of different ways utilizing many different
scheduling algorithms. For legacy real-time systems, one of the most common real-time operating
systems (RTOS) is VxWorks. Other, less well-known, RTOSs used in safety-critical applications are



Computers 2020, 9, 71 6 of 19

partitioned operating systems (POS). To combine these two operating systems, a system model
is constructed.

A task, τi, is defined as the basic unit of execution and is characterized by the worst-case execution
time (WCET), defined as Ci; a relative deadline Di; and a period of Ti. A sporadic task will produce a
series of jobs with interarrival times separated by Ti time units. The cost of each job is Ci and the relative
deadline is Di, which occurs after the job’s arrival time. The tasks are sporadic with implicit deadlines
where Di = Ti for all τi (also known as Liu and Layland [12] task systems).

The parameters for schedulability are specific to the task/partition system at each level. At the first
level is the static cyclic schedule (SCS), and at the second level is the rate monotonic schedule (RMS).
From the task’s perspective, the RMS is at the first level and then the SCS is at the second level.
The hierarchical system model is composed of two levels. The first level consists of the partition model,
and the second level consists of the task model. Tasks are the basic unit of execution of the overall
system model. For this research, each task is considered independent and static with no other resource
requirements. Tasks have a cost, period, and deadline (note: for rate monotonic scheduling, D = T is
assumed). Partitions are also composed of cost and period in a similar manner as the task. The total
partition cost is calculated by the summation of all task costs within a partition. The period is simply
the smallest task period that occurs within a partition.

Definition 1. For n number of tasks, the tasks τi are organized into task sets Γ = {τi, τi+1, . . . , τi+n} that are
then assigned to the specific partition πi.

Definition 2. Partitions are gathered into partition sets, Π = {πi, πi+1, . . . , πi+n}, that are in the end assigned
to the required number of cores, mi.

A given task set is scheduled using the second-level rate monotonic scheduling algorithm.
Rate monotonic scheduling is calculated using an exact result method called the worst-case response
time (WCRT). WCRT is the task delay between the release time and the end time. WCRT analysis is
computed with the following expression [11]:

ri = Ci +
∑

j

⌈
ri
Ti

⌉
C j (1)

where j is the remaining tasks that have a higher period (T) than task i. To determine taskset schedule
feasibility, we use WCRT and iteratively compute [11]:

wn+1
i = Ci +

∑
j

⌈wn
i

Ti

⌉
C j (2)

The pseudocode for the RMA schedule feasibility is given in Algorithm 1.

Algorithm 1 Pseudocode of RMA Schedule Feasibility

1. Sort taskset Γ in priority order (lowest period is highest priority)
2. Start with w0

i = Ci
3. Loop over each task and test for convergence using Equation (2) (ergo w1

i , w2
i , w3

i , . . . wk
i )

4. If wk
i > Ti, no task response time can be computed for task i. Tasks will not converge Schedule is unfeasible.

Break and quit
5. Else, if wk

i = wk−1
i , wk

i is the response time for task i. Tasks will converge. Schedule is feasible. Break
and continue for all tasks in taskset

A partition set is scheduled using the first-level static cyclic scheduling algorithm. For a given
partition set Π, with Ti as its period and Ci as its WCET, we apply a multiconstraint-based algorithm
from [53]. The pseudocode for the SCS schedule feasibility is given in Algorithm 2. For SCS, the major
frame is computed first. The minor frame requires the satisfaction of a couple of constraints. First, we find
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the largest Ci to use it as the lower bounds of all possible minor frames. Secondly, we find the smallest
Ti to use it as the upper bounds of all possible minor frames. This will minimize the number of possible
context switches. Next, we minimize the overall table size (number of entries) by finding all possible
minor frame values using the modulus of the major frame by the minor frame. Finally, for all partitions,
we test every minor frame for feasibility and return a pass/fail based on success or failure.

Algorithm 2 Pseudocode of SCS Schedule Feasibility

1. Sort partition set Π in priority order (lowest period is highest priority)
2. Compute the major frame M using lowest common multiple (l cm) of partition periods
3. M = l cm(Ti) ∀ πi in Π
4. Find the upper and lower bounds of all partitions such that:
5. ∀ πi in Π compute (i = Min(Ti); i < max(Ci); i++)
6. if (M % i == 0) Fi ← i
7. ∀ Fi in F find πi
8. ∀ partition’s Ti in Π compute
9. if (2*Fi − gcd(Fi, Ti) <= Ti)
10. return pass
11. else return fail

The scheduling arrangement seeks to allocate tasks to partitions and partitions to cores in an
efficient manner while distributing the total utilization across all cores, as illustrated in Figure 2.
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Figure 2. Schematic of the allocation of tasks to partitions to cores.

The tasks are assigned to partitions which have guest operating systems that employ a fixed-priority
preemptive rate monotonic scheduler. The partitions are assigned to cores that employ a static cyclic
scheduler (also known as the partition scheduler).

Finally, consider a similar illustration with the combined schedules. Figure 3 illustrates a virtualized
guest operating system running within each partition schedule. Figure 3 illustrates an example of
the complexity of migrating to a multicore system. From the system model in Figure 2, the reader
can see how the partitions π2, π3, and π4 combine their minor frames to construct the major frame in
Figure 3. The major frame is repeated over and over with each corresponding minor frame within.
It is important to note that each partition contains an internal taskset that must be scheduled to execute
within a guest operating system.
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Figure 3. A logically combined two-level schedule.

Figures 2 and 3 show the hierarchical relationship of the scheduling problem we solve. A benefit
highlighted above is that two different legacy uniprocessor tasksets are migrated and consolidated
onto a single core, but combining both schedulers in a hierarchical fashion presents a complex problem.
Special analysis must be performed to determine task schedulability to address this problem. One major
issue is that the guest operating system has a fixed-priority preemptive scheduler that orders the tasks
based on their frequency of execution, where the static partition scheduler blindly moves through
its major/minor frame schedule. If the fixed-priority preemptive scheduler’s frequency of execution
is incongruent with the static partition schedule of the major frame, then deadlines and response
times will be missed. A final factor to contemplate is that only one core has been considered so far.
Multicore architectures come in a variety of arrangements that can vary from 4, 8, 12, to 24 cores.
As the number of cores increase, an exponential expansion is created that drives up the scheduling
complexity: imagine the complexity illustrated in Figure 3 multiplied by 24 or even 64 times in a
cascading fashion. The creation and management of 64 different two-level hierarchical schedules
becomes a daunting task. Therefore, to facilitate migration to a multicore system, the translating model
has to comprehend the two-level hierarchical scheduling relationships.

A hierarchical scheduling framework (HSF) is constructed for the integration of the two types
of schedules identified in this research. At the first level is a static major and minor frame partition
scheduler, and at the second level is a task-based fixed-priority preemptive scheduler. Both scheduling
algorithms are well-researched, well-understood, and are most commonly used in the aerospace
and defense industry. The purpose of this framework is to provide a method of determining the essential
schedulability thresholds for a two-level hierarchical schedule. The fixed-priority preemptive scheduler
is relatively easy to analyze using rate monotonic analysis (RMA). The partition scheduler is made more
complicated to analyze due to the addition of the concept of the guest operating system and its internal
scheduler. The HSF and its schedulers are used to construct the task model necessary for analysis.

4. Genetic Algorithm Scheduling Approach

The application of a genetic algorithm (GA) to the newly constructed two-level hierarchical
scheduling framework involves the adaptation of two essential GA functions: an encoding/decoding
method and the creation of an objective function. The encoding/decoding method crafts a chromosomal
makeup of the essential parameters that determine schedulability in real-time embedded operating
systems used in legacy systems. Particular attention is given to encoding approaches for scheduling
that include the consideration of multicore architectures to aid the identification of the critical attributes
and parameters that are applicable to this research. Another important aspect of the application
of GAs is the construction of an objective function that measures the fitness of potential candidate
solutions. The objective function needs to accurately and consistently capture the properties of
the multiple objectives integral to the two-level hierarchical scheduling problem presented in this
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research. The purpose is to create a scoring method that considers the appropriate fitness for the problem
at hand.

This research focuses on how previous genetic algorithm encoding schemes are generated for
other real-time and non-real-time scheduling applications. Particular attention is given to encoding
approaches for scheduling that include the consideration to real-time applications. The investigation
identifies the essential parameters that are used to determine schedulability. Using these parameters for
schedulability, the genetic algorithm’s chromosome that formulates a task’s schedulability is created.

Once the parameterization portion of the genetic algorithm construction is complete, the formation
of an objective function that measures the fitness of potential candidate solutions is generated.
The objective function needs to capture the properties of the multiple objectives integral to the two-level
hierarchical scheduling problem. To aid in this construction, the information on two-level hierarchical
schedulability is used to evaluate the schedule for acceptance (i.e., feasibility).

The method must take into account fitness and schedule utilization for the problem at hand with
the objective of enhancing the selection method with an expanded solution space. The purpose is to
create a selection process that strikes the right balance between the search for fitter candidate solutions
(exploitation) and at the same time promoting beneficial diversity in the population (exploration).
To balance exploitation with exploration, the ranking mechanism within the GA is modified to take
into account the aforementioned considerations.

4.1. Chromosomal Encoding Method

The genetic algorithm requires an encoding method that allows for both a task-to-partition
assignment as well as a partition-to-core assignment at the same time. The possible encoding methods
include 1D, 2D, and 3D chromosomal representations. As with many solutions, dimensionality adds
complexity. 2D and 3D chromosomal representations can facilitate an adequate mapping for core,
partition, and task assignments; however, they would separate the individual alleles from each
other. This separation will cause multiple evolving independent chromosomes that would have to
be consolidated into a single solution. Our solution requires an integrated chromosomal encoding
method because the schedulability of tasks and partitions must be tested at each epoch. Hence, a 2 × 1D
method is chosen because it lessens the dimensionality burden while allowing the solution space for
cores, partitions, and tasks to be searched simultaneously. Kaur and Singh [51] provide an encoding
example that is adapted to our research. We leverage the idea of chromosomal encoding that provides
a processor-to-task assignment and expand it to account for task-to-partition-to-core assignment.

Figure 4 provides a visual representation of the 2 × 1D encoding method used to represent our
hierarchical scheduling framework’s task-to-partition-to-core assignments. From left to right and top
to bottom, the initial chromosome is randomly generated and evolves into the final chromosomal
encoding representation that is uniformly schedulable.
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4.2. The Objective Function

For this research, the GA needs to select the best task arrangement that provides the target
processor utilization while satisfying the two-level schedule’s feasibility tests. The best candidate
must have the highest score. Genetic algorithms use an objective function to score potential candidate
solutions. This research leverages the objective function, a critical element with the GA framework,
to satisfy our desired scheduling approach. By normalizing the core utilization as the objective, the GA
creates a uniform schedule.

A multicriterion scoring model is used to satisfy both levels of schedulability as well as to test
for total processor utilization. The goals of the scoring model are to measure all criteria on a similar
scale and assign weights to each criterion based on its importance. This scoring methodology is used
as part of the genetic algorithm’s objective function that provides feedback on each chromosome’s
population rank.

Each chromosome is tested for schedulability at both levels, and a total core utilization factor is
calculated. From [38], we consider a simple piecewise chromosome score that considers two constraints
and one objective for the entire genetic algorithm objective function score. Each schedule’s feasibility,
ƒc, given in Equation (3) is a constraint to the consideration of the core utilization objective score, Uobj,
given in Equation (4).

The rate monotonic, RMS, and static cyclic, SCS, schedule feasibility scores are counted on a per
core basis. The partition and task schedule feasibility constraint methodology counts the number of
nonfeasible schedules for a particular chromosome. The equation used provides a method by which a
larger number generates a lower overall score. As the individual RMS and SCS constraint scores tend
to zero, the combined score approaches 1. The final constraint score is calculated by:

fc =
RMs + SCs

2
(3)

If the constraint score is less than 1, the chromosome score equals the constraint score.
Also, if the constraint score is ever greater than 1, then the core utilization (the objective score)
is added to the overall chromosome score.

Core utilization objective, Uobj, is only counted if it is less than or equal to 100%. If so, it is summed
into a total chromosomal core utilization value. This value is then divided by the number of cores
allocated for this chromosome to obtain an average core utilization value. The core utilization value is
normalized and used as the objective score for the chromosome. The objective score is then added to
the constraint score and divided by 2 to provide the final chromosome score that is returned back to
the genetic algorithm for consideration for the next generation. The core utilization is calculated by:

Uobj =
∑n

i=1U(m i), i f U(m i) ≤ 1.0 (4)

The overall combined objective function score, Sobj, given in Equation (5), for a chromosome is
calculated using the following expression:

Sobj =
Uobj + f c

2
(5)

The reason for the uniform utilization across cores is due to the constraint score satisfaction
required before core utilization becomes part of the objective. This means that only ‘feasibly’ scheduled
chromosomes will be considered for their core utilization, thereby training the GA to spread the tasks
and partitions amongst the available cores.

5. Evaluation Methodology

In order to validate the two-level hierarchical schedules, a standard comparison methodology
proposed in [54] was adopted. The validation effort used software tools and frameworks used for



Computers 2020, 9, 71 11 of 19

modelling and simulating schedules for real-time embedded systems with the purpose of developing
a method to model, simulate, analyze, and validate the generated two-level hierarchical schedule.
The first subtask investigates and builds upon an existing genetic algorithm software library to create
the feasible two-level hierarchical schedule. The next subtask synthesizes the results of the genetic
algorithm into a form that can be used as an input to the selected modelling and simulation environment.
The identified attributes and parameters were used for encoding a two-level hierarchical schedule.
A modelling framework was created to accommodate the multicore two-level scheduling environment
discussed earlier. Finally, the framework was used to test and validate the newly formed two-level
hierarchical schedules.

Figure 5 shows the experimental platform and detailed configuration information used in
our simulations.
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From left to right, taskset generation creates tasksets and is generated using Matlab, the scheduling
algorithms and hierarchical scheduling framework are run using C/C++, and finally, data processing
calculates performance using Matlab. The programs were run on a PC with an Intel 3.2 GHz 8-Core
Intel Xeon W processor and 32 GB 2666 MHz DDR4 running on the MacOS platform. More detailed
information on relevant methods are provided in the following subsections.

5.1. Data Generation

The experiments are performed on randomly generated task sets. Several techniques for creating
task data sets for analysis have been proposed in the literature [55,56]. The tasks are generated using
methods based on the UUnifast-Discard task set generation algorithm in [56] and the radixfixedsum
task set generation algorithm which is similar to that found in [57]. Each algorithm creates a set of tasks
with an associated period and cost. Task data is generated into groupings by core (2, 4, 6, 8 or cores).
A core consists of a number of tasks where total utilization is equal to a fixed value starting at 80%
and incrementally increasing by 5% up to 100%. Task numbers per core are stepped in increments of
5 to 20. The tasks’ periods are varied from 10 to 100, 10 to 200, 10 to 500, and 10 to 1000. Each core,
task, and utilization range are created for the various period ranges. A task’s periods have a greater
effect on schedulability than cost. Therefore, task periods are randomly selected within these ranges.
For example, a data run of 5 × 2 at 0.85 is a core number of 2 with each containing 5 tasks with utilization
of 85%. In total, the number of tasks created is 20,000.
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5.2. Heuristic Comparision

Bin-packing is a well-studied field for efficient item allocation that provides an industry benchmark
of schedule performance [54,58–60]. The heuristics are first fit, next fit, worst fit, best fit, and increasing
or decreasing sorted versions. Each heuristic is defined as follows:

• First fit (FF): Of the available bins, allocate the item into the bin it fits into first. If no available bin
exits, create a new one.

• Next fit (NF): Allocate the item into the current bin. If it does not fit, open a new bin. Never cycle
through already opened bins.

• Worst fit (WF): Search the available bins and allocate the next item into the emptiest bin. If two
bins tie, select the first available emptiest bin. If the item does not fit into any available bin, open a
new bin.

• Best fit (BF): Of the available bins, search through and place the next item into that bin which will
leave the least room left over after the item is placed in the bin. If the item does not fit in any bin,
open a new bin.

For the variations of increasing and decreasing item sizes, each heuristic is employed on the sorted
list of items. FF, BF, and their sorted counterparts first fit decreasing (FFD) and best fit decreasing
(BFD) provide the near optimal and optimal solutions for sorting [58] and are used for comparison to
the genetic algorithm.

5.3. Performance Measures

Two measures of performance (MOP) are used to provide quantitative measures:

• Mean squared error (MSE): the average squared loss
• Total core count (TCC): total number of cores consumed

MSE is widely used in machine learning to quantify the difference between the forecasted
and actual core utilization. MSE is also known as the average squared loss per example over the entire
dataset. To calculate MSE, we sum up all of the squared losses for each of the scheduling attempts
and then divide by the total number of attempts. Total core count is used to provide quantitative
comparison amongst the scheduling algorithms.

6. Results and Discussion

6.1. Experimental Arrangement

The experiments were composed of the development of several computer programs that aid
the creation of sample data that is fed into the hierarchical scheduling framework. Some key assumptions
and preconditions were made to simplify the simulation itself. The details of the current implementation
are included below.

Here are some basic assumptions related to the simulation program for this research:

• Tasks are considered periodic and independent;
• Task periods and execution cost are known a priori;
• The guest operating systems use fixed-priority preemptive rate monotonic scheduling;
• The partitions scheduler uses static cyclic scheduling.

The method of evaluation used to determine performance of the hierarchical scheduling framework
and genetic algorithm creates a comparative heuristic-based simulation on top of the same hierarchical
scheduling framework.
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6.2. Simulation Results

Twenty runs of a thousand tasks required normalization of the results presented. The results
presented were organized by the period range examined. Within each period range, the measures
of performance were graphed, including the number of cores consumed for task schedulability
and the average error from each algorithm. After analyzing the data, several relevant patterns emerged.
The genetic algorithm achieved a similar number of cores to the bin-packing algorithms; however,
the GA outperformed the bin-packing algorithms in average loss.

Illustrated in Figure 6, the average number of cores used was six for all algorithms, where the average
loss varied by algorithm. Generally speaking, the ordered bin-packing algorithms tended to outperform
their unsorted counterpart. For the period range 10–100, the sorted bin-packing algorithms (BFD and FFD)
had a larger error rate when compared to their unsorted counterparts (FF and BF). The GA had 3.6%
to 4.3% less error (a 65–69% difference) when compared to the bin-packing algorithms, which means
that the GA outperformed the bin-packing heuristics in its ability to match the expected scheduling
uniformity across the same number of cores.
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In Figure 7, the average number of cores consumed was six for all algorithms, where the average
loss varied by algorithm. Generally speaking, the ordered bin-packing algorithms tended to outperform
their unsorted counterparts (BF and FF). For the period range 10–200, the sorted bin-packing algorithms
(BFD and FFD) had a similar error rate when compared to their unsorted counterparts. The GA had 3.5%
to 4.0% less error (a 56–60% difference) when compared to the bin-packing algorithms, which means
that the GA outperformed the bin-packing heuristics in its ability to more closely match the expected
scheduling uniformity across the same number of cores.
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As illustrated in Figure 8, the average number of cores used was six, with rounding, for all
algorithms, where the average loss varied by algorithm. Generally speaking, the ordered bin-packing
algorithms tended to outperform their unsorted counterparts (BF and FF). For the period range 10–500,
the sorted bin-packing algorithms (BFD and FFD) had larger error rates when compared to their
unsorted counterparts. The GA had 4.0% to 5.4% less error (a 60–67.5% difference) when compared to
the bin-packing algorithms, which means that the GA outperformed the bin-packing heuristics in its
ability to more closely match the expected scheduling uniformity across the same number of cores.
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Finally, in Figure 9, the average number of cores used was six, with rounding, for all algorithms,
where the average loss, again, varied by algorithm. Generally speaking, the ordered bin-packing
algorithms tended to outperform their unsorted counterparts (BF and FF). For the period range 10–1000,
the sorted bin-packing algorithms (BFD and FFD) had a smaller error rate when compared to their
unsorted counterparts. The GA had 5.1% to 6.9% less error (a 65–71% difference) when compared to
the bin-packing algorithms, which means that the GA outperformed the bin-packing heuristics in its
ability to more closely match the expected scheduling uniformity across the same number of cores.
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6.3. Results Summary

In summary, Table 1 provides an assembly of the measures of performance (MSE and cores) for
each period range tested. The average cores used was consistently six because of the manner of the data
created. Starting with an 80% utilization and moving up to 100, each algorithm was able to schedule,
on average, the tasks within the core count of 2, 4, 6, and 8 cores.

Table 1. Summary of results.

10–100 10–200 10–500 10–1000

MSE Cores MSE Cores MSE Cores MSE Cores

GA 1.9 6 2.7 6 2.6 6 2.8 6
BFD 6.3 6 6.2 6 7.3 6 7.9 6
FFD 6.2 6 6.5 6 8.0 6 7.9 6
FF 5.9 6 6.8 6 7.4 6 9.6 6
BF 5.6 6 6.5 6 6.6 6 8.2 6

The GA consistently provided a lower MSE with each period range as compared to the other
scheduling heuristics. The bin-packing scheduling heuristics (BFD, FFD, BF, FF), however, increasingly
performed worse with each period range. Each bin-packing heuristic, when compared to each other
one, varied per period range tested. This data reveals that the GA is superior to the comparison
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algorithms because each bin-packing algorithm does not consider the entire task-to-partition-to-core
schedule as a whole. The GA’s objective function does consider the entire task-to-partition-to-core
schedule through each generation of evolution, making it more uniform. The bin-packing heuristics
can only test if the current task fits within the current allocation or not. The GA, on the other hand,
can test the entire allocation scheme and evolves to the most optimal form.

7. Conclusions and Future Research

The aerospace and defense industries are facing an end-of-life production issue with legacy
embedded uniprocessor systems. Current research does not address an automated way to move these
legacy systems to a modern multicore architecture. These systems must also adhere to current safety
and security requirements that create a complex problem which has been ignored. Safety and security
requirements mandate a certain level of reserve or spare utilization spread uniformly across all
cores. Bin-packing algorithms overload the front or back end of the cores, resulting in inefficient
utilization. The aim of this research is to create a method to automate and optimize the migration
of these uniprocessor systems to multicore systems. This method incorporates safety and security
requirements which dictate uniformity across the cores. Important contributions of this research include
the formation of a novel genetic algorithm, creation of a unique objective function, and a method to
simulate and compare results. The simulation demonstrates the genetic algorithm is superior because
it can be taught to create uniformity in utilization across the cores. The genetic algorithm has 1.8 to
2.5 times less error when compared to the bin-packing algorithms. Therefore, the genetic algorithm
creates more uniform core utilization as compared to traditional bin-packing algorithms, which is
essential when adding safety and security requirements. The result of this research provides a method
for commercial, private, and defense industries to use a genetic algorithm designed to create a feasible
two-level hierarchical schedule for real-time embedded multicore systems. The automated creation
with inline analysis is demonstrated and will save money in terms of both cost and schedule for large
legacy programs moving to multicore architectures.

This research created a hierarchical scheduling framework integrated with a genetic algorithm
and demonstrated the efficacy of the approach. To provide benefit to the aerospace and defense
industry, we must answer the question: how can this research be effectively applied to facilitate
the migration of legacy embedded systems’ real-time software tasks to multicore architectures? It offers
a unified way to model, manage, and analyze the scheduling effects of virtualization in large complex
systems of multicore architectures. Model-based systems engineering (MBSE) has garnered much
attention in recent years. For legacy systems, MBSE integration is a gap. The genetic algorithm which
creates the hierarchical scheduling arrangement can be modified to output into a universal modelling
language. Then, it can be incorporated into a large system of systems model for integration into a real
airborne platform. Future research endeavors will investigate and address MBSE integration.
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