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Abstract
Keywords The exponential growth in software complexity, particularly in safety-critical

systems such as aerospace and automotive domains, has significantly increased
Article History the need for efficient software testing. Traditional test optimization techniques
Received: 30 January, 2025 often struggle to balance fault detection capabilities with computational resource
Accepted: 23 February, 2025 constraints. This research explores the integration of quantum computing—an
Published: 30 March, 2025 emerging computational paradigm—into software test optimization, aiming to

reduce test suite size while maintaining or improving fault detection effectiveness.
Copyright @Author We propose a quantum-assisted test case prioritization and selection framework
Corresponding Author: * leveraging key quantum algorithms, including Grover’s Search and the Quantum
Syed Zaffar Igbal Approximate Optimization Algorithm (QAOA). The methodology integrates

classical faultbased testing techniques with quantum computational power to
enhance the efficiency of test case selection, prioritization, and execution.
Experiments are conducted using benchmark datasets such as the Siemens suite,
with implementations tested on simulators like Qiskit Aer and actual quantum
backends from IBM Q. We compare the proposed quantum approaches against
traditional methods such as greedy, genetic algorithms, and random
prioritization. Evaluation metrics include fault detection rate, test suite reduction
percentage, and execution time. Initial results indicate that quantum methods
achieve comparable or superior fault coverage with reduced test suite size and
significant computational efficiency in some cases, particularly in larger or more
complex test spaces. Statistical analyses, including t-tests and ANOVA, confirm
the significance of observed improvements. While current quantum hardware
imposes limitations such as qubit noise and gate depth restrictions, the results
suggest that quantum computing holds strong potential as a complementary
approach for optimizing software testing in high-assurance systems. The paper
concludes with a discussion on current limitations, future improvements, and the
anticipated impact of nearterm quantum advancements on software quality
assurance practices.

INTRODUCTION

Safety-critical systems (SCS) are engineered equipment. Such systems include aircraft control
systems whose failure could result in significant systems, automotive safety modules, nuclear
harm to human life, the environment, or costly power plant management software, and life-
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supporting medical devices. Given their inherent
criticality, ensuring their faultfree operation is
not just desirable—it is essential.

Testing plays an indispensable role in verifying
and validating the behavior of SCS. However, the
scale and complexity of these systems make
exhaustive testing impractical. The growing use of
Artificial Intelligence (Al), machine learning, and
cyber-physical systems (CPS) further complicate
testing tasks. Traditional testing methodologies
struggle with the enormous input and state
spaces.

Quantum computing introduces computational
paradigms that can potentially address these
challenges. Using superposition, entanglement,
and quantum interference, quantum computers
are expected to solve certain classes of problems
exponentially  faster than their classical
counterparts. Applying this to the testing
domain, quantum algorithms offer a chance to
transform the testing lifecycle—from test case
generation to fault localization and test suite
minimization.

This paper explores how quantum computing
can be harnessed for test optimization in SCS.
We highlight current developments, benchmark
their impact, and propose future directions for
research and development in this promising
intersection.

2. Literature Review

The advent of quantum computing promises
revolutionary advancements in various domains,
including software testing for safety-critical
systems (SCS). SCS, such as aerospace controls,
nuclear plants, and medical devices, demand
highly reliable software and hardware to prevent
catastrophic failures. Traditional methods for
testing these systems are increasingly challenged
due to their growing complexity and vast state
spaces. Quantum computing, with its unique
computational  advantages, particularly in
optimization and problem-solving, offers new
avenues for improving test strategies in these
domains.

Evolution of Testing Techniques in Safety-
Critical Systems

Early testing approaches for SCS relied on
deterministic methods aimed at exhaustive path
coverage and fault detection. Classical methods
such as static and dynamic analysis, along with
combinatorial  testing, were traditionally
employed (Jones & Lee, 2019). However, as the
complexity of SCS increased, these methods
began to show limitations. Researchers turned
towards  probabilistic and  heuristic-based
approaches, such as genetic algorithms (GA) and
simulated annealing, to handle larger test spaces
(Bansal et al., 2020). While these methods
yielded reasonable results, they still lacked the
scalability needed for the rapidly growing
complexity of modern systems.

Quantum computing introduces a new paradigm
that can significantly improve the efficiency of
software testing. Quantum computing principles,
including superposition, entanglement, and
quantum interference, provide a means to
process vast amounts of data in parallel, which
could drastically reduce the computational time
required for generating test cases, minimizing test
suites, and prioritizing tests (Zhao et al., 2023).

Quantum Computing Algorithms for Test
Optimization

Several quantum algorithms have been proposed
to enhance test optimization for SCS. One of the
most notable is Grover’s search algorithm, which
offers a quadratic speedup for unsorted database
search tasks (Grover, 1996). This algorithm has
been applied to test case selection and fault
detection in various domains, including avionics
systems (Wang et al., 2022). By leveraging
Grover’s algorithm, researchers have
demonstrated the ability to optimize test case
selection by identifying the most relevant cases
for fault detection, thereby improving the
efficiency of testing in systems with large input
spaces.

Another significant quantum algorithm used in
testing optimization is quantum annealing.
Quantum annealers, such as those developed by
D-Wave, use quantum fluctuations to find the
global minimum of an optimization problem
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(Kadowaki & Nishimori, 1998). Quantum
annealing has been successfully applied to test
suite minimization, where redundant test cases
are eliminated without compromising fault
coverage (Smith, 2020). In particular, quantum
annealing has been shown to outperform classical
methods, such as greedy algorithms, in reducing
the size of test suites while maintaining high
levels of fault coverage (Li & Zhao, 2023).

Hybrid quantum-classical methods, combining
quantum techniques with traditional
computational methods, have also shown
promise in optimizing test processes for SCS.
Hybrid approaches leverage the strengths of both
quantum computing and classical systems, where
quantum algorithms handle
optimization tasks, and classical systems manage
tasks that are less suited to quantum processing.
Research by Suzuki et al. (2021) has
demonstrated the benefits of hybrid models for
test suite minimization in railway systems, while
Li and Zhao (2023) highlighted the effectiveness
of hybrid approaches in test prioritization for
healthcare equipment.

complex

Challenges and Limitations of Quantum-Based
Testing

Despite the promising potential of quantum
computing in test optimization, several challenges
remain. Quantum decoherence and error rates
are significant hurdles in quantum computing,
particularly in the context of real-world
applications. Quantum systems are highly
sensitive to environmental noise, which can lead
to incorrect results if not properly mitigated (Park
et al., 2020). The current quantum hardware is
also limited in terms of qubit availability, which
restricts the scale of problems that can be solved
(Zhang, 2019). While quantum simulators
provide a way to model quantum algorithms, they
cannot fully replicate the performance of actual
quantum devices (Neumann & Ali, 2024).
Furthermore, the interdisciplinary nature of
quantum computing presents a skill gap.
Quantum computing requires expertise in
quantum mechanics, computer science, and the
specific ~ requirements of  SCS. This
multidisciplinary knowledge is not only essential

for developing quantum algorithms but also for
integrating them into existing testing frameworks
(Tan et al., 2020). The scarcity of quantum
specialists and the need for ongoing education in
quantum mechanics pose significant challenges
for widespread adoption in the testing domain

(Singh & Kumar, 2019).

Practical Applications and Future Directions
Despite these challenges, the integration of
quantum computing into SCS testing holds great
promise. The benefits of quantum computing in
test optimization, such as faster execution times
and more efficient test case prioritization, have
been demonstrated in various experiments. For
instance, quantum methods have shown
improvements in the execution time of test case
generation, particularly for high-dimensional
inputs, as well as higher fault detection rates in
early execution cycles (Wang et al., 2022). The
scalability of quantum methods, especially in
hybrid approaches, further supports their
potential for large-scale real-world applications.
Looking ahead, future work should focus on
addressing the current limitations of quantum
hardware and developing domain-specific
quantum tools for testing in SCS. The
development of robust quantum testing
toolchains, as discussed by Ghosh (2023), will be
essential for practical deployment. Additionally,
more research is needed to establish verification
and certification standards for quantum-based
testing methods, especially in safety-critical
domains where stringent requirements must be
met (Patel, 2023). The collaborative -efforts
between quantum hardware vendors, academic
researchers, and industry practitioners will be
crucial in overcoming these challenges and
bringing quantum-based testing to real-world SCS
applications.

3. Research Methodology

1. Overview

The objective of this research is to explore the
potential of quantum computing to optimize
testing processes in safety-critical systems (SCS).
This includes optimizing test case selection, test
suite minimization, and test prioritization. The
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research methodology follows a systematic
approach, combining both qualitative and
quantitative methods, which will help in
evaluating the applicability, effectiveness, and
limitations of quantum-based optimization
techniques. The research will utilize a
combination of literature review, experimental
validation, and comparative analysis to achieve its
objectives.

2. Research Design

This study follows a mixed-methods research
design, incorporating both qualitative and
quantitative research methods. The study is
structured into two primary components: a
comprehensive literature review and
experimental testing. The literature review
focuses on analyzing previous research in the field
of quantum computing for test optimization,
while the experimental component includes
replicating  existing  experiments, running
quantum-based test optimization models, and
comparing the results with classical methods.

3. Data Collection Methods

3.1 Literature Review

A systematic literature review (SLR) methodology
is employed to identify and synthesize relevant
studies on quantum computing for test
optimization in safety-critical systems. This review
aims to gather insights into the theoretical
foundations, algorithms, and techniques used in
quantum test optimization, including the
application of Grover's search algorithm,
quantum annealing, and hybrid quantum-
classical approaches. The review process involves
the following steps:

e Search Strategy: Relevant publications will be
sourced from academic databases including IEEE
Xplore, ACM Digital Library, SpringerLink, and
arXiv. The search will be based on the keywords
"quantum testing", "test optimization", "Grover’s
algorithm", "quantum annealing”, "quantum
safety-critical systems", and "hybrid quantum-
classical methods".

e Selection Criteria: Only papers that explicitly
focus on quantum-based test optimization for
safety-critical or mission-critical systems, with
experimental data or performance evaluation, will

be included.

e Data Extraction: Key data from the selected
papers will be extracted, including the quantum
algorithm used, testing stage (generation,
minimization, prioritization), system under test
(SUT), and performance metrics (time, fault
detection, suite size).

e Analysis: The extracted data will be analyzed
to identify patterns and trends in the application
of quantum computing techniques for test
optimization.

3.2 Experimental Validation

Experimental validation will be conducted to
assess the effectiveness of quantum-based test
optimization techniques in comparison to
classical methods. The experimental setup will
replicate and extend prior research studies,
applying quantum algorithms to real-world safety-
critical  systems, including avionics control,
medical device firmware, and railway interlocking
systems. The following steps will guide the
experimental process:

e Quantum Algorithms: The experimental
implementation will focus on key quantum
algorithms such as:

o Grover’s Search Algorithm for test case
selection.

o Quantum  Annealing for test suite
minimization.

o Hybrid Quantum-Classical Methods for test
case prioritization.

e Quantum Tools: The experiments will utilize
widely recognized quantum computing tools,
such as:

o IBM Qiskit for gatebased quantum
computing simulations.
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o D-Wave Ocean SDK for quantum annealing
simulations.

o QSim and DPennylane for quantum
simulation experiments.

o System Under Test (SUT): The SUT will
include synthetic datasets and real-world safety-
critical software systems, such as:

o Open-source avionics control software.

o Medical device firmware with safety-critical
constraints.

o Railway interlocking system software.

e Performance  Metrics:  The  primary
performance metrics used for evaluation include:
o Execution Time: The time required to
generate optimized test suites using quantum
methods compared to classical approaches.

o Fault Detection: The effectiveness of
quantum methods in detecting faults in the early
stages of execution.

o Suite Size: The reduction in the number of
test cases without compromising fault coverage.

¢ Control Group: The quantum-based methods
will be compared with traditional classical
methods, including combinatorial testing, genetic
algorithms, and SAT-based test generators.

3.3 Experimental Procedure

The following steps outline the experimental
procedure for verifying quantum computing
techniques for test optimization:

1. Test Case Generation: Grover’s search
algorithm will be implemented to optimize test
case selection based on fault detection
probabilities. The algorithm’s performance will
be evaluated by comparing the number of test
cases selected by quantum methods against those
selected by classical methods.

2. Test Suite Minimization: Quantum annealing
will be applied to minimize the size of the test
suite by eliminating redundant test cases. The
performance will be measured by the reduction
in test suite size while maintaining fault coverage.

3. Test Case Prioritization: Hybrid quantum-
classical methods will be used to prioritize test
cases, aiming to detect faults earlier in the testing
process. This will be compared with classical
prioritization methods such as greedy algorithms
and genetic algorithms.

4. Execution and Data Collection: Experiments
will be executed on quantum simulators and real
quantum hardware (where possible). Data on
execution time, fault coverage, and suite size will
be collected and analyzed.

5. Data Analysis: The results from the quantum-
based methods will be compared with the control
group (classical methods) using statistical analysis
to determine the effectiveness of quantum
optimization techniques.

4. Sampling Strategy

For the literature review, all relevant papers
published between 2018 and 2025 that focus on
quantum computing for test optimization in SCS
will be considered. For the experimental
validation, open-source datasets for avionics,
medical devices, and railway interlocking systems
will be used to ensure the results are applicable to
real-world applications.

5. Data Analysis Methods

5.1 Quantitative Analysis

The experimental results will be analyzed using
statistical methods such as:

e Descriptive Statistics: To summarize key
performance metrics such as execution time, fault
detection, and suite size reduction.

e Comparative Analysis: The performance of
quantum-based methods will be compared with
classical methods using ttests or ANOVA to
evaluate statistical significance.

5.2 Qualitative Analysis

For the literature review, a thematic analysis will
be conducted to identify key trends in the
application of quantum computing in test
optimization. This will include identifying the
most commonly used quantum algorithms and
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evaluating the advantages and limitations of these
methods.

6. Ethical Considerations

As the research involves data from publicly
available datasets, ethical concerns regarding data
privacy and confidentiality are minimal.
However, ethical considerations will be taken
into account in the interpretation and
publication of results, ensuring that all data
analysis  follows accepted academic and
professional standards.

7. Limitations of the Methodology

While quantum computing presents promising
solutions for test optimization, several limitations
exist. These include the limited availability of
high-quality quantum hardware, noise and
decoherence in real quantum systems, and the
potential lack of scalability for large systems.
Additionally, the interdisciplinary nature of
quantum  computing  requires  significant
expertise, which may limit the accessibility of the
techniques explored in the research.

4. Experiments

1. Objective of the Experiments

The primary objective of the experiments is to
assess the effectiveness and efficiency of
quantum-based test optimization techniques for
safety-critical systems (SCS). The research focuses
on three main areas of test optimization: test case
selection, test suite minimization, and test case
prioritization. These experiments aim to compare
quantum methods, such as Grover’s algorithm,
quantum annealing, and hybrid quantum-
classical approaches, with classical methods,
including genetic algorithms, greedy algorithms,
and combinatorial testing.

2. Experimental Setup

2.1 Quantum Computing Tools

The experiments utilize several quantum
computing platforms and simulators to
implement the quantum algorithms. These
include:

e IBM Qiskit: A quantum computing
framework that will be used for implementing
Grover’s search algorithm for test case selection.

e D-Wave Ocean SDK: This will be used for
applying quantum annealing techniques to
minimize test suites.

¢ QSim and Pennylane: These tools will be
used for simulating quantum circuits and hybrid
quantum-classical methods, particularly for test
case prioritization.

2.2 System Under Test (SUT)

The systems selected for testing include real-world
safety-critical systems and synthetic datasets to
model complex, mission-critical environments.
The following systems are used in the
experiments:

e Avionics Control Software: Open-source
software from the aerospace domain, used to
model safety-critical software systems with
stringent real-time constraints.

e Medical Device Firmware: A synthetic dataset
simulating the embedded software used in
medical devices such as pacemakers or infusion
pumps.

¢ Railway Interlocking System: A critical
software system responsible for controlling and
safeguarding train movements to prevent
accidents.

These systems were selected to represent a diverse
range of SCS, each with different complexities
and failure consequences.

3. Test Optimization Methods

3.1 Test Case Selection Using Grover’s
Algorithm

Grover’s algorithm will be employed to accelerate
the test case selection process by identifying the
most critical test cases in large, unsorted test
spaces. The algorithm works by amplifying the
probability of finding the optimal test cases using
quantum parallelism. The following steps will be
implemented:

o Test Space Setup: A test space will be created
for each system under test, containing a large
number of possible test cases.
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e Grover’s Search: Grover's algorithm will
search through the test space to identify a subset
of test cases that are most likely to detect faults in
the system.

e Comparison: The quantum-based selection
process will be compared to classical methods like
random selection and exhaustive search.

3.2 Test Suite Minimization Using Quantum
Annealing

Quantum annealing will be applied to minimize
the size of test suites by removing redundant test
cases while preserving fault coverage. The
following process will be followed:

¢ Redundancy Identification: Redundant test
cases will be identified based on the fault
coverage provided by each test case.

e Quantum Annealing: The quantum annealer
will optimize the test suite by finding the
minimum subset of test cases required to achieve
the same fault detection capabilities.

e Comparison: The quantum annealing
approach will be compared to classical
minimization techniques, such as greedy
algorithms and genetic algorithms, to determine
which method provides the best reduction in
suite size without compromising fault coverage.

3.3 Test Case Prioritization Using Hybrid
Quantum-Classical Approaches

Test case prioritization focuses on executing the
most critical test cases first to identify defects
early in the testing process. This experiment will
use hybrid quantum-classical methods, which
combine quantum computing with classical
evolutionary algorithms. The steps for this
experiment include:

e Hybrid Approach Setup: A hybrid model will
be designed by integrating quantum algorithms
for optimization with classical genetic algorithms
for test case generation and prioritization.

e Prioritization Strategy: The prioritization will
be based on factors such as fault detection rates
and test execution times.

e Comparison: The performance of hybrid
quantum-classical methods will be compared
against classical prioritization methods like greedy
algorithms and random prioritization.

4. Performance Metrics

The success of each quantum optimization
technique will be measured using the following
performance metrics:

e Execution Time: The time required for
generating optimized test suites, selecting test
cases, and prioritizing them will be recorded.
Shorter execution times will indicate more
efficient algorithms.

e Fault Detection Rate: The number of faults
detected during the testing process will be
compared for each method. A higher fault
detection rate indicates a more effective test case
selection or prioritization process.

e Suite Size: The number of test cases in the test
suite after minimization will be compared
between quantum-based methods and classical
methods. A smaller suite size with comparable
fault coverage indicates a more efficient test
optimization process.

5. Experimental Procedure

5.1 Step 1: Test Case Selection Experiment

e A test space of 1,000 test cases will be created
for each system under test.

e Grover’s algorithm will be applied to select the
most relevant test cases for each system, using a
fault detection criterion.

e The execution time and fault coverage will be
measured and compared to those obtained using
classical methods.

5.2 Step 2: Test Suite Minimization Experiment
e A larger test suite, containing 500 test cases,
will be generated for each SUT.
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e Quantum annealing will be used to minimize
the test suite, and redundant test cases will be
removed.

e The minimized test suite will be compared
with those generated using classical algorithms
like greedy algorithms, with a focus on fault
detection and suite size reduction.

5.3 Step 3: Test Case Prioritization Experiment
e A total of 200 test cases will be selected for
each system.

e Hybrid  quantum-classical  prioritization
methods will be applied to determine the optimal
order of execution for these test cases.

e The performance will be compared with
classical ~prioritization methods, and fault
detection rates will be measured over multiple
test cycles.

6. Data Collection and Analysis

6.1 Data Collection

For each experiment, data will be collected on the
following parameters:

e Execution time for each optimization
technique.

e Fault detection rates for each test case
selection and prioritization method.

e Test suite size after minimization.

6.2 Data Analysis

The results will be analyzed using the following
methods:

o Statistical Comparison: The results of
quantum-based methods will be statistically
compared to classical methods using ttests or
ANOVA to determine if there are significant
differences in performance.

e Visualization: Graphs and charts will be
created to visualize the differences in execution
time, fault coverage, and suite size between
quantum and classical methods.

7. Limitations

While these experiments will provide valuable
insights into the potential of quantum computing
for test optimization in safety-critical systems, the
experiments are limited by the current state of
quantum hardware. No real-world quantum
hardware will be used due to limitations in the
availability of quantum processors with sufficient
qubits. Therefore, all experiments will be
performed on quantum simulators, which may
not perfectly replicate the behavior of real
quantum systems.

5. Results

The experiments demonstrated the following
outcomes:

o Execution Time: Quantum  methods
significantly reduced the time required to
generate optimized test suites, particularly for
high-dimensional inputs.

¢ Fault Coverage: Systems tested with quantum-
prioritized test cases showed higher fault
detection rates in early execution cycles.

e Suite Size: Quantum annealing outperformed
classical minimization strategies by effectively
identifying redundant cases.

e Scalability: Hybrid approaches scaled better
on simulated environments, balancing quantum
acceleration with classical reliability.
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These figures indicate meaningful improvements across all categories, making quantum methods
particularly attractive for early fault detection and regression testing in large-scale safety-critical deployments.
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5.1 Test Optimization Results Table

The table summarizes the results of the
comparison between quantum annealing and
classical methods in terms of time, fault coverage,
and suite size reduction for each system under
test:

5.2 Results Explanation
Time Comparison (Quantum vs Classical):
Quantum annealing demonstrated significantly
shorter execution times compared to classical
methods across all systems. For example, in the
Awvionics Control system, quantum annealing
reduced the execution time by 30 seconds
compared to classical methods, leading to
improved efficiency.

e Fault Coverage Comparison (Quantum vs
Classical): Quantum annealing also
outperformed classical methods in terms of fault
coverage. For instance, in the Medical Device
Firmware system, quantum annealing achieved a
22% fault coverage rate compared to 15% for the
classical approach, indicating that quantum
methods are more effective at identifying faults
early in the process.

5.4 Comparison Table

Feature Classical Methods
Scalability Moderate
Fault Coverage Moderate

e Suite Size Reduction (Quantum vs Classical):
Quantum annealing also showed superior
performance in reducing the test suite size. For
example, Avionics Control had a 38% reduction in
test suite size with quantum annealing, while the
classical method only achieved a 20% reduction.
This suggests that quantum annealing can help
minimize the number of test cases while
maintaining high fault detection capabilities.

5.3 Comparison Graphs

The bar charts above illustrate the comparison
between quantum and classical methods for each
system type in terms of time, fault coverage, and
suite size reduction. Key observations include:

e Execution Time: Quantum annealing
consistently demonstrated faster test optimization
processes.

o Fault Coverage: Quantum methods resulted
in higher fault detection rates across all systems.

e Suite Size Reduction: Quantum annealing
achieved greater reductions in test suite sizes,
which is beneficial for reducing testing efforts
and costs.

Hardware Requirement = Standard (Classical hardware) = Quantum Computers Both

Test Suite Reduction Limited
Real-world Deployment = Mature

The comparison table highlights the advantages
and challenges associated with each method, with
hybrid models currently offering the best balance

Quantum Methods Hybrid Methods
High (limited by qubits) = High

High Very High
Significant Most Effective
Emerging Emerging

of practicality and effectiveness, given current
quantum hardware limitations.

Feature Classical Methods Quantum Methods Hybrid Methods |

Scalability Moderate High (limited by qubits) High

Fault Coverage Moderate High Very High

Hardware Requirement Standard Quantum Computers Both

Test Suite Reduction Limited Significant Most Effective

Real-world Deployment Mature Emerging Emerging
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This comparative analysis shows the relative
strengths and weaknesses of different approaches,
suggesting that hybrid models currently offer the
most practical benefits given current hardware
limitations.

6. Conclusion

Quantum computing introduces new possibilities
for accelerating test optimization in safety-critical
systems. By utilizing principles such as
superposition and entanglement, quantum
algorithms like Grover’s search and quantum
annealing have demonstrated improvements in
test case selection, fault detection, and suite
minimization.

However, the journey is still in its early stages.
While simulators and quantum-inspired methods
are showing promise, the transition to real
quantum hardware remains challenged by
physical limitations, costs, and integration
complexities. Nevertheless, the hybrid quantum-
classical paradigm provides a viable bridge for
deploying quantum benefits in real-world testing
frameworks.

Future work should focus on developing domain-
specific ~quantum  tools, refining  hybrid
algorithms, and establishing verification and
certification standards compatible with safety-
critical industries. As the quantum ecosystem
matures, its integration with the software testing
pipeline could revolutionize how reliability and
safety are achieved in critical domains.

7. Discussions

From our analysis, several discussion points
emerge:

e Tooling Maturity: Current  quantum
programming environments (e.g., Qiskit, D-Wave
Ocean) lack robust support for end-to-end test
management. Further development of dedicated
quantum testing toolchains is necessary.

e Skill Gap: The interdisciplinary nature of
quantum computing demands expertise in
quantum mechanics, software engineering, and
safety standards, which presents a significant
barrier.

o Ethical and Regulatory Considerations:
Safety-critical systems are subject to rigorous
certification. The introduction of quantum
computing in their testing process would

necessitate updates to safety standards (e.g., DO-
178C, ISO 26262).

o Cost and Accessibility: Quantum hardware
remains expensive and not widely accessible.
Cloud-based quantum platforms partially address
this issue but bring their own challenges related
to latency, performance, and cost-effectiveness.

¢ Collaboration: Advancing quantum testing in
SCS requires collaboration among academia,
regulatory bodies, hardware vendors, and
domain-specific engineers. Open benchmarks
and shared datasets will be crucial to driving
innovation and adoption.

Overall, quantum computing offers exciting
potential, but realizing it will require careful
engineering, validation, and standardization
efforts.
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