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In the contemporary engineering landscape, the design of complex systems—such as aerospace vehicles,
automotive chassis, and renewable energy turbines—demands a rigorous approach that transcends traditional
deterministic methodologies. Reliability-Based Multidisciplinary Design Optimization (RBMDO) has emerged
as the gold standard for engineering systems where safety, performance, and cost-efficiency must be balanced
under significant levels of uncertainty. Unlike traditional Multidisciplinary Design Optimization (MDO), which seeks
the optimal point based on mean values of parameters, RBMDO integrates Uncertainty Quantification (UQ)and
reliability analysis directly into the optimization loop. This ensures that the resulting design not only meets
performance targets but also maintains a prescribed probability of success in the face of stochastic variations in
materials, loads, and manufacturing tolerances.

The Fundamental Paradigm of RBMDO

The primary objective of RBMDO is to find the most efficient design point that satisfies a specific reliability target. In
complex systems, individual components or disciplines (e.g., aerodynamics, structures, propulsion) are highly
coupled. A change in the structural thickness to improve reliability might negatively impact the aerodynamic
efficiency or increase the overall thermal load. RBMDO addresses these interdependencies by treating the system
as a unified whole rather than a collection of isolated parts.

The Role of Uncertainty in Complex Systems
To understand RBMDO, one must first categorize the types of uncertainties encountered in engineering design.
These are generally divided into two main categories:

» Aleatory Uncertainty: Also known as statistical or stochastic uncertainty, this refers to the inherent
randomness in a process. Examples include variations in material properties (yield strength, Young's modulus) and
environmental conditions (wind speed, ambient temperature). These are typically modeled using probability density
functions (PDFs).

e Epistemic Uncertainty: This stems from a lack of knowledge or data. It includes model inaccuracies,
measurement errors, and a lack of understanding of physical phenomena. Epistemic uncertainty is often handled
using Fuzzy Set Theory, Evidence Theory (ET), or Interval Analysis.

As highlighted in recent research (Gholinezhad, 2022), modern RBMDO approaches increasingly utilize hybrid
models where uncertain parameters are considered as fuzzy numbers to better reflect the subjective or incomplete
nature of early-stage design data.

Theoretical Framework and Mathematical Modeling

A standard RBMDO problem is mathematically formulated to minimize an objective function while satisfying
reliability constraints across multiple disciplines. The general structure can be expressed as:

In this formulation, d represents deterministic design variables, X represents random or uncertain parameters, f is
the objective function (e.g., weight or cost), G_i are the limit state functions (LSFs) for various failure modes, and
R_target_i is the required reliability level for each constraint.



The Limit State Function (LSF)

The LSF is a critical component that defines the boundary between the 'safe' and ‘failure' regions of the design
space. If G(d, X) &gt; 0, the system is safe; if G(d, X) "d 0, failure occurs. The reliability analysis involves calculating
the multi-dimensional integral of the joint PDF over the safe region, which is often computationally prohibitive for
high-fidelity multidisciplinary models.

Core MDO Architectures in a Reliability Context

The architecture of the optimization framework determines how information is passed between disciplines and how
the reliability analysis is integrated. According to surveys of MDO architectures (Fu, 2020), several strategies exist:

1. Multidisciplinary Design Feasibility (MDF)

In MDF, a complete multidisciplinary analysis (MDA) is performed at every optimization iteration. While this ensures
consistency between disciplines, it is computationally expensive because the reliability analysis must be nested
within the MDA, leading to multiple layers of iterative loops.

2. Individual Discipline Feasibility (IDF)

IDF allows individual disciplines to be analyzed in parallel. It uses coupling variables as design variables and adds
consistency constraints. This architecture is more conducive to parallel computing, which is vital for RBMDO given
the high number of function evaluations required for reliability assessment.

3. Reliability-Based Multidisciplinary Concurrent Design Optimization (RBMCDO)

As proposed by Meng (2022), RBMCDO aims to solve the lack of design autonomy in traditional methods. By
transforming multidisciplinary reliability constraints into deterministic ones through decoupling strategies, RBMCDO
enhances computational efficiency while allowing concurrent optimization of different subsystems.

Strategies for Reliability Analysis (RA)

The "Reliability Loop" is typically the most time-consuming part of RBMDO. Several methods are used to
approximate or calculate the probability of failure:

 First-Order Reliability Method (FORM): This method linearizes the LSF at the Most Probable Point (MPP) of
failure. While efficient, it may lose accuracy if the LSF is highly non-linear.

¢ Second-Order Reliability Method (SORM): This uses a quadratic approximation of the LSF. It is more accurate
than FORM but requires more computational resources.

¢ Monte Carlo Simulation (MCS): The most accurate but slowest method. It involves thousands or millions of
random samples to estimate the failure rate.

e Subset Simulation (SSRA): An advanced technique that breaks down a small failure probability into a product
of larger conditional probabilities. This is particularly effective for RBMDO problems involving high-dimensional
design spaces (Meng, 2015).

Technical Comparison of Optimization Architectures

The following table provides a side-by-side comparison of common architectures and their performance in reliability-
based scenarios.



Architecture Computational Complexity Parallelization Best Use Case
Efficiency Potential

MDF Low High Low Small-scale systems
with strong coupling.

IDF Medium Medium High Large-scale systems
with distributed
teams.

Collaborative Medium-Low Very High High Systems with

Optimization (CO) hierarchical
subsystem levels.

RBMCDO High Medium Very High Complex concurrent

engineering
environments.

Decoupling Strategies in RBMDO

One of the biggest hurdles in RBMDO is the nested loop problem: the optimization loop contains the reliability loop,
which in turn might contain a multidisciplinary analysis loop. Decoupling strategiesare used to separate these
loops to save time. Common decoupling techniques include:

Sequential Optimization and Reliability Assessment (SORA)

SORA is a widely used decoupling method that alternates between a deterministic optimization phase and a
reliability assessment phase. The reliability assessment is used to shift the deterministic constraints of the next
optimization cycle, ensuring that the final design converges toward the reliability target without nesting the loops.

The Performance Measure Approach (PMA)

Instead of calculating the probability of failure directly (Reliability Index Approach), PMA finds the minimum
performance value for a given target reliability. This is often more stable and efficient during the optimization
process, especially when dealing with highly reliable systems (low failure probabilities).

Advanced Topic: Hybrid Uncertainties and Evidence Theory

In many real-world scenarios, engineers face a mix of aleatory and epistemic uncertainties. For instance, the
variance in load might be well-defined by data (aleatory), but the error in a new manufacturing process might be
unknown (epistemic). Evidence Theory (ET), also known as Dempster-Shafer theory, provides a framework to
handle these hybrid uncertainties (Guogiang, 2018).

By using Belief (Bel) and Plausibility (Pl)measures, ET allows for a more nuanced representation of risk than
standard probability theory. When combined with Bayes' methods, it enables the definition of probability density
functions even when data is sparse, significantly improving the robustness of the RBMDO process.

Practical Implementation: A Step-by-Step Field Guide

Implementing an RBMDO workflow requires a structured approach to ensure both mathematical validity and
engineering relevance. Follow these steps:

1. Define System Boundaries: Identify all interacting disciplines and the objective function (e.g., minimize total



mass of a satellite).

2. ldentify Uncertainties: Categorize variables into deterministic design variables, aleatory random variables,
and epistemic intervals or fuzzy sets.

3. Select Reliability Method: Choose between FORM, PMA, or Subset Simulation based on the required
accuracy and available computational budget.

4. Establish the Architecture: Choose an architecture like IDF or RBMCDO to handle multidisciplinary coupling.

5. Develop Surrogate Models: Use Kriging, Radial Basis Functions, or Neural Networks to replace expensive
high-fidelity simulations (e.g., CFD or FEA) during the optimization process.

6. Execute Decoupling: Apply a strategy like SORA to separate the optimization and reliability analysis.

7. Validate Results: Perform a high-fidelity Monte Carlo Simulation on the final design point to verify that the
reliability targets are met.

Case Study: Reliability-Based Topology Optimization (RBTO)

An excellent application of RBMDO is in Magnetostatic Finite Element Models. In this context, topology
optimization is used to find the optimal material distribution within a design domain. However, variables like
permeability, coercive force, and applied current densityare inherently uncertain. In a deterministic model, the
resulting topology might be extremely sensitive to small fluctuations in these variables, leading to system failure in
real-world operation.

By applying Reliability-Based Topology Optimization (RBTO), designers can account for the variance of these
magnetic properties. The optimization process adjusts the material distribution to ensure that the magnetic flux
remains within the required thresholds even if the material quality varies by +10%. This results in a "robust"
topology that is less sensitive to manufacturing variances.

Addressing Correlation Between Uncertainties

A common pitfall in RBMDO is ignoring the correlations between uncertain variables (Xu, 2024). For example, in a
structural system, the thickness of two adjacent plates produced from the same batch of steel is likely correlated.
Treating them as independent variables can lead to an overestimation or underestimation of system reliability.
Advanced RBMDO frameworks now utilize Copula functions or Nataf transformationsto model these
dependencies, ensuring that the reliability assessment reflects the true physical reality.

Common Failure Modes and Troubleshooting in RBMDO

Despite its power, RBMDO is prone to several operational challenges:

e Convergence Failure: This often happens when the reliability constraints are too tight or when the LSF is
discontinuous. Solution: Relax constraints initially and use gradient-based optimizers with smooth surrogate models.
¢ Inaccurate Surrogate Models: If the surrogate model doesn't capture the behavior near the failure boundary;,
the reliability assessment will be wrong. Solution: Use adaptive sampling (Active Learning) to add points near the

Limit State Function boundary.

» High Dimensionality: As the number of uncertain variables increases, the computational cost grows
exponentially. Solution: Perform sensitivity analysis to identify and focus only on the most significant uncertain
parameters.

The integration of reliability into multidisciplinary design is no longer an optional luxury but a necessity for modern
high-performance engineering. By leveraging advanced architectures like RBMCDO and SSRA, and by accounting
for hybrid uncertainties through Evidence Theory, engineers can create systems that are not only optimal in theory



but resilient in practice. The shift toward decoupling strategies and high-efficiency surrogate modeling continues to
bridge the gap between academic research and industrial application, paving the way for the next generation of
safe, efficient, and reliable complex systems.
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