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Design of a spacecraft and mission architecture that provide adequate performance margin is 

essential to successful spaceflight.  This is particularly true for the Entry, Descent and Landing 

(EDL) phase of a landed mission.  The quantification and management of performance margins 

is a key aspect for design of a successful EDL phase.  In this research, a methodology for 

quantifying design performance margin, called Target Margin, is developed for EDL systems for 

planetary landing, using as a starting point a seed methodology utilized by NASA’s InSight 

Project, a Mars lander that performed a landing in 2018.  The methodology presented here 

utilizes Monte Carlo analysis, Monte Carlo filtering and Design of Experiments (DOE) 

techniques to identify modeling input parameters that most influence EDL performance metrics.  

The methodology then provides a framework for assessing confidence in modeling parameters to 

feed a quantification of Target Margin that utilizes second-order, DOE-based regression 

modeling.  Assessment of epistemic and aleatory (reducible and irreducible) uncertainty is also 
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included, to reveal where uncertainty in modeling might be reduced during a project lifecycle.  

This approach is applied to the InSight EDL system and results are compared to the originating 

InSight seed methodology, showing that the methodology results in more conservative, 

potentially more robust quantification of Target Margin than the seed methodology.  Using 

InSight landing flight data, the Target Margin resulting from application of the methodology to 

InSight is compared to as-flown EDL performance margin revealing InSight landed with healthy 

margin, and EDL simulation modeling confidence is assessed in light of flight observations.  

Three sensitivity analyses were performed, the first using the methodology to establish bounding 

Target Margin based on low and high modeling confidence; the second is an examination of 

Target Margin quantification resulting from applying the methodology to a simulated InSight 

early project lifecycle EDL system; and the final sensitivity analysis performs a simple 

assessment of two modeling confidence weighting designs, showing generally low sensitivity to 

the designs.  The methodology is successfully applied to the InSight EDL system, and in the 

process, findings identified for future work to improve the methodology for application to other 

planetary landings. 
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1 Introduction 

Designing a spacecraft and constructing a mission architecture that provides adequate 

performance margin is an essential element to successful spaceflight.  One particularly challenging 

area of planetary spaceflight is landing on a planetary body, called the Entry, Descent and Landing 

(EDL) phase of a landed mission.  The EDL phase is typically a very dynamic event, often 

executed without or with little fault protection, and with minimal system redundancy.  It is often 

executed in an environment that can have significant variability or a low level of characterization.  

As such, designing EDL spacecraft systems with adequate design and performance margin in the 

presence of uncertainty is a challenge. 

This dissertation describes the development of a rigorous, methodical approach to 

quantifying adequate performance margins for EDL systems.  The methodology includes 

understanding the level of margin to be carried at different points in the lifecycle of a spaceflight 

project, including during the development, implementation and flight phases.  It also includes 

tracking the fraction of margin that is in response to two types of uncertainty: epistemic 

(knowledge-based and reducible) and aleatory (stochastic and irreducible).  The methodology is 

seeded by a desired performance margin sizing method implemented by NASA’s InSight Project 

that successfully landed on Mars in November 2018.  A description of this Seed Methodology is 

included as a starting point, followed by a detailed discussion of the evolution to a more rigorous 

methodology, referred to as the Evolved Methodology.  Data from the development of the InSight 

mission, as well as InSight landing day flight data are used to assess the validity of the Evolved 

Methodology that is the topic of this dissertation.  
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1.1 Entry, Descent and Landing Systems Engineering 

The design and implementation of EDL systems is fundamentally a problem of energy 

management, reducing the very high planet-relative kinetic energy of a spacecraft to zero at 

landing.  A typical EDL architecture represented by the InSight architecture is shown in Figure 1-1.  

Shown are example elements used to dissipate the energy of a spacecraft system from entry into 

the atmosphere to the planet surface.  The dissertation research is focused on EDL for Mars where 

the EDL phase of a mission is typically defined as starting at the top of the atmosphere (called 

Entry Interface, or EI).  It includes an aeroshell for aerodynamics and aerothermodynamics, and 

spans the descent of a spacecraft through the atmosphere until landing.  Whether entering at 

hyperbolic velocity or less velocity, the upper part of the EDL phase is characterized by high 

aerothermal heating as the very high kinetic energy of the spacecraft is dissipated by interaction 

with the atmosphere.  The majority of the vehicle energy at entry is dissipated during hypersonic 

and supersonic flight.  For a state-of-the-art robotic mission to Mars, as illustrated by the InSight 

EDL architecture in Figure 1-1, once near Mach 2 a parachute augments deceleration, further 

reducing the energy of the entry system.  Historically, for Mars applications the final energy is 

removed by either a descent propulsion system or airbag system.  In the case of InSight, 12 descent 

rocket engines were used to remove the residual energy in the last kilometer to touchdown.  Other 

examples of Mars EDL architectures are provided in [1], [2], [3], and [4]. 

The discipline of EDL systems engineering is multifaceted and involves managing and 

optimizing performance and risk across the EDL phase of flight.  For an EDL system designed for 

another planetary environment, it is usually not practical or possible to test an EDL system 

end-to-end in a flight relevant environment, and therefore high-fidelity simulation is used to model 
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and assess EDL system performance.  To provide a statistical assessment, EDL systems 

engineering frequently relies on Monte Carlo simulation methods to assess performance. 

 

 
Note: The acronym EFPA refers to entry flight path angle, the angle with respect to the local horizonal with which the vehicle 
enters the atmosphere. 
 

Figure 1-1  An example EDL architecture: InSight Mars Lander. [5] 

 
1.2 Monte Carlo Methods for Assessing Performance 

1.2.1 History of Monte Carlo Methods 

Monte Carlo techniques are statistical methods of modeling and analyzing complex 

systems, first named as such shortly after the end of World War II.  The method was suggested by 

mathematician Stanislaw Ulam as a rebirth of the mathematical technique of statistical sampling 

enabled by modern computers, and it was co-developed by John von Neumann [6].  Fellow 

physicist and mathematician Nicholas Metropolis suggested the name Monte Carlo to describe the 
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method.  It was based on an account of Ulam’s uncle who was a gambler and enthusiastic visitor 

to Monte Carlo on the French Riviera, famous for games of chance.  The method generally employs 

pseudo-random numbers to sample random variable distributions in determining modeling 

outcomes.  Early use of Monte Carlo methods was facilitated by the first electronic computers, 

including the ENIAC (Electronic Numerical Integrator and Computer), to model nuclear chain 

reactions in nuclear weapons development.  The method quickly gained in popularity and is used 

today in a wide array of fields, including as an important tool of EDL systems engineering. 

 
1.2.2 Monte Carlo Methods for EDL System Performance 

The technique of choice for evaluating EDL system performance is the Monte Carlo flight 

dynamics simulation, which consists of a high-fidelity, six-degree-of-freedom simulation that 

models the most important dynamics of the EDL event, and runs from prior to Entry Interface to 

landing.  Uncertainties in input parameters that comprise the modeling of the flight dynamics are 

included in the modeling by treating the modeling parameters as random variables.  These modeled 

uncertainties can be aleatory and/or epistemic, which will be discussed further in Section 1.3.1.2.  

In the Monte Carlo simulation, the EDL event is modeled many thousands of times (each 

individual modeled EDL event is often called a Monte Carlo case or run), with each case simulated 

with independently randomized (or sampled) values for the input parameters.  NASA’s InSight 

project used 8001-case Monte Carlo simulations to assess EDL system performance.  An example 

of InSight Monte Carlo output is shown in Table 1-1 [7].  The results show the statistical 

performance of various EDL performance metrics.  An important EDL systems engineering task 

is the identification of critical EDL performance metrics to use in constructing a vehicle and 

architecture that operates safely within the performance bounds levied by constraints such as 

material limits, sensor limits, aerodynamic and aerothermal limits, and vehicle resource limits.  
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The first column in Table 1-1 lists the Metric Name tracked by the InSight Project.  The second 

column lists the Requirement value for the metric.  Column 3 shows the Desired Margin (or Target 

Margin) against the Requirement, and the fourth column shows the Target Value which is the 

performance limit, or the Target Margin subtracted from the Requirement.  The last four columns 

show the 99% or 1% performance derived from the Monte Carlo statistics for four different InSight 

Monte Carlo simulations, labeled MKB, MKR, MKD, and MKG (these acronyms refer to 

atmosphere models used by the InSight Project, where in each MK refers to the atmosphere model 

creators, McDunn and Kass, and the last letter refers to the type of atmosphere: B for background, 

R for regional dust storm, D for decaying dust storm, and G for global dust storm [7]).  Other 

examples of Monte Carlo methods used to manage EDL system performance for NASA landed 

missions are provided by [8], [9], [10], and [11].  Managing the system performance margin 

relative to performance metrics is a fundamental task of EDL systems engineering. 

 
1.3 Assessing and Managing Margin 

Modeling of complex systems is a powerful engineering tool.  Theoretically, if a model 

of a complex system completely and accurately captures all aspects of the modeled system 

behavior, there is no need for performance margin.  In short, the model completely reflects and 

predicts reality.  In engineering EDL systems, margin is important because there will always be 

uncertainty in modeling and therefore margin against system performance limits is required to 

account for the potential the actual system will perform outside the bounds of the modeled system 

behavior.  Working in an opposite direction, requiring excessive margin to accommodate 

uncertainty and “unknown unknowns” can be and often is costly and can drive risk from one area 

to another.  It is therefore important to quantify and size design performance margin as efficiently 

and accurately as possible, sizing sufficient margin while not specifying excessive margin. 
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Table 1-1 Example Monte Carlo Results. [7] 

 
Note: The columns MKB, MKR, MKD and MKG refer to Monte Carlos using the four types of atmosphere models used by the 
InSight Project. 
 
 

1.3.1 Existing Methods for Characterizing & Managing Uncertainty 
 

Methods for characterizing uncertainty fall generally under the analysis category of 

Uncertainty Quantification, or UQ.  Vincent Romero of Sandia National Laboratories [12] defines 

UQ as 

Uncertainty Quantification is the process of characterizing all significant uncertainties in 

a model, simulation, or experiment and of quantifying their effect on computed or experimental 

results. 
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Uncertainty Quantification techniques are used in a variety of spaceflight applications, from 

conceptual design to flight reconstruction.  One example of UQ applied to conceptual design is 

provided by Noyes, et al, [13] in a discussion of UQ applied to modeling of an early concept Mars 

Ascent Vehicle.  An example of UQ applied to flight reconstruction is provide by Dutta, et al, in 

Uncertainty Quantification for Mars Entry, Descent, and Landing Reconstruction Using Adaptive 

Filtering [14].  Techniques of UQ can also be applied to optimizing uncertainty in EDL systems 

to yield desired performance, as was investigated by Olds & Way in Uncertainty Optimization 

Applied to the Monte Carlo Analysis of Planetary Entry Trajectories [15]. 

In addition to quantifying uncertainty, there exist methods for managing uncertainty and 

performance margin, one in particular being similar to the Seed Methodology called Quantification 

of Margin and Uncertainty, or QMU [16]. 

 
1.3.1.1 Sandia National Laboratory & Quantification of Margin & Uncertainty 

Making decisions in the presence of uncertainty is a reality faced in a broad range of 

disciplines, from financial planning to nuclear engineering to aerospace engineering.  In the case 

of nuclear weapons development and management, the nuclear engineering community faces a 

similar challenge shared with EDL systems engineering: the inability to do full systems testing 

resulting in a reliance on high-fidelity simulation of system behavior.  In the case of EDL systems 

engineering, the inability to do full systems tests is driven mainly by the lack of the correct 

environment (correct atmosphere, correct gravity field) in which to conduct the test.  For nuclear 

weapons development, it is the existence of nuclear test ban treaties that restricts full system tests.  

To address this challenge, the National Nuclear Security Administration (NNSA), in conjunction 

with the Sandia National Laboratories (SNL) and Los Alamos National Laboratory, developed a 

methodology, called Quantification of Margins and Uncertainty, in 2001 [16].  QMU was 
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developed for nuclear weapons stockpile decision-making, and is described by Pilch, et al as “a 

decision-support methodology for complex technical decisions centering on performance 

thresholds and associated margins for engineered systems that are made under conditions of 

uncertainty.” [17]   As described by Pilch, QMU concerns itself with the following: 

• Element 1:  Identification and specification of performance threshold(s) 

• Element 2: Identification and specification of associated performance margin(s), that is, 

measure(s) of exceeding performance thresholds 

• Element 3:  Quantified uncertainty in threshold and margin specifications 

Because QMU has been developed and inserted into nuclear weapons management critical to 

national security, the methodology has received a high level of scrutiny, including a positive 

review by the National Research Council (requested by Congress) that concluded: 

“QMU is a sound and valuable framework that helps the national security laboratories 

carry out the Department of Energy’s responsibility to maintain the nation’s nuclear 

weapons capabilities. … The national security laboratories and NNSA should expand 

their use of QMU while continuing to develop, improve, and increase application of the 

methodology.” [18] 

 
At its core, QMU provides a framework for assessing the confidence that a nuclear weapon 

system will function properly.  As part of the assessment, system performance “gates” are 

identified that are required to be passed or met in the sequence of events that leads a weapon system 

to a nuclear detonation.  The level of margin and uncertainty in a specific performance gate is 

assessed to provide a measure of confidence that a gate will be successfully achieved by a design.  

The QMU concepts of performance margin and uncertainty are schematically illustrated in 

Figure 1-2, called a cliff chart.  The thick shaded curve is a conceptual representation of system 
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performance for a performance gate.  A government science and technology advisor body named 

for Jason in Greek mythology [19], JASON provides a useful performance gate example in a 

review of QMU.  The example used is an internal combustion engine, where the System 

Performance is the energy released by gasoline combustion in an engine cylinder, and the Metric 

is the spark ignition energy required to initiate combustion.  In this example, a threshold spark 

energy, Yp,min, is required to achieve combustion.  In a particular engine, an Operating Range of 

ignition spark energy is designed with the lower end of ignition spark energy represented by YBE.  

There is both an uncertainty, U1, in the lower end of the design Operating Range, and an 

uncertainty in the threshold spark ignition energy, U2.  The total Margin, M, is the difference 

between YBE, and Yp,min, or 

The total uncertainty is given by 

  (1-2) 
 

The QMU methodology then uses the simple ratio of margin to uncertainty, M/U, to compute a 

scoring of the confidence that a particular gate will be met.  At a minimum, M/U > 1 is required 

for confidence, and depending on the criticality of the performance gate, M/U >> 1 may be 

required.  The Evolved Methodology described in this dissertation shares elements with Sandia’s 

QMU methodology, but is tailored to established EDL analysis techniques. 

 
1.3.1.2 Epistemic and Aleatory Uncertainty 

Uncertainty is commonly classified into two categories: epistemic and aleatory.  Epistemic 

 

 𝑀𝑀 = 𝑌𝑌𝐵𝐵𝐵𝐵 − 𝑌𝑌𝑝𝑝,𝑚𝑚𝑚𝑚𝑚𝑚 
(1-1) 
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Figure 1-2 Generalized QMU cliff chart. [17] 

uncertainty is uncertainty due to lack of knowledge and is reducible uncertainty.  In the case of 

EDL, an example of epistemic uncertainty is spacecraft entry mass, which has uncertainty at the 

beginning of a project but has very little uncertainty on the day of landing.  Aleatory uncertainty 

is sometimes referred to “stochastic variability” and is uncertainty due to random variation, such 

as the atmospheric density variation in the case of EDL.  QMU has techniques for handling aleatory 

and epistemic uncertainty, and the Evolved Methodology described in this dissertation likewise 

will incorporate epistemic and aleatory uncertainty.  Identifying what forms of uncertainty are 

present is important because epistemic uncertainty, theoretically, can be reduced while aleatory 

uncertainty is irreducible.  Identification of epistemic uncertainty early in a project can guide 

investments to reduce uncertainty, and is an important component of managing performance 

margin over the lifecycle of a project. 

 
1.3.1 Seed Methodology 

A margin methodology developed at NASA’s Jet Propulsion Laboratory (JPL) by the 
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author and collaborators E. David Skulsky and Alejandro Miguel San Martín serves as the seed of 

this dissertation.  The methodology and terminology were developed independent of the QMU 

method described in Section 1.3.1.1, but striking similarities to QMU serve to validate the Seed 

Methodology.  Described in the following subsections, the Seed Methodology is documented in 

the internal JPL white paper InSight Entry, Descent and Landing Margins Policy [20].  

 
1.3.1.1 Selecting Critical Metrics 

While many metrics are assessed during EDL systems design, the initial JPL Seed 

Methodology takes an approach of identifying a subset of EDL metrics called Critical Metrics.  

Critical Metrics are defined as metrics that provide visibility into significant design performance 

goals and thus protect the most significant objectives of the design effort and flight.  It is the 

Critical Metrics to which the margin methodology is applied, and the term Critical Metric will be 

used throughout the remainder of the methodology discussion. 

 
1.3.1.2 Margin Sizing Definitions 

For each Critical Metric, a margin methodology is applied to establish a Target 

Performance threshold relative to the performance limit determined for the metric.  The Target 

Performance threshold is the Target Limit, and the performance limit is called the Metric Limit.  

The difference between the Metric Limit and Target Limit is the Target Margin, as shown in 

Figure 1-3.  The fundamental goal of the Seed Methodology is to quantify the Target Margin as 

rigorously as possible, which is the desired minimum difference between the Metric Limit and the 

actual system performance.  As has been applied to date, performance in the green region on the 

left end of the performance axis is called Target Performance, which is the area of preferred 

performance.  Performance in the Target Margin region is deemed Acceptable Performance, and 
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performance that exceeds the Metric Limit, the red region, is deemed Unacceptable Performance.  

Figure 1-4 provides a comparison of the terminology from the Seed Methodology with the QMU 

terminology described in Section 1.3.1.1. 

 

 

Figure 1-3  Seed Methodology terminology. [20] 

 
 

 
 

Figure 1-4  Comparison of QMU and Seed Method terminologies. 

 
 
1.3.1.3 Three Methods of Sizing Target Margin 

The Target Margin sizing Seed Methodology consists of three methods for determining the 

size of the desired Target Margin.  While all three methods are described in this section, the 

research documented in this dissertation focuses on development of Method 2. 



                                                                           13 

 

1.3.1.3.1 Method 1: Margin Based on Previous Mission 
 

As currently implemented, Method 1 for determining the desired size of a Target Margin 

is based on past mission implementations.  The method calls for adopting the same Target Margin 

carried by a previous high-similarity mission, or alternately it calls for adopting a desired Target 

Margin based on the EDL system performance seen in a previous mission’s flight.  Method 1 

allows for historical precedence as a method for determining a desired Target Margin. 

 
1.3.1.3.2 Method 2:  Margin Based on System Performance Distribution 

The Seed Methodology Method 2 approach for sizing Target Margin is based on the 

performance distribution of an EDL Critical Metric and offers a method that is based on Monte 

Carlo-derived span of EDL performance.  In this method, the value for one standard deviation is 

determined from the Monte Carlo performance distribution for the metric, assuming the resulting 

distribution in performance is near Gaussian (or normal).  The Target Margin for the metric is then 

sized based on one standard deviation, as recognition the performance distribution is a 

representation of the span of expected performance.  For a metric whose performance is driven in 

simulation by modeling that has higher confidence, the margin is set based on a half-standard 

deviation.  Alternately, the margin of a metric whose performance in simulation is driven by 

modeling with lower confidence is sized equivalent to a full standard deviation.  Accurately 

characterizing the confidence in modeling system behavior becomes key for this method because 

the more confidence there is in modeling, the smaller the Target Margin required.   Also, key in 

applying this method is a clear understanding of what simulation models are most affecting the 

system performance of a particular EDL Critical Metric.  Figure 1-5 depicts a graphical 

representation of the Method 2 sizing methodology.  As mentioned earlier, a more rigorous 

development of Method 2 is the key focus of the research outlined in this dissertation. 
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Figure 1-5  A graphical representation of Method 2 Target Margin sizing process. [20] 

 
1.3.1.3.3 Method 3:  Margin Based on Engineering Judgment 

In cases where engineering judgment and discretion come into play, Method 3 is employed 

to set Target Margin to a fixed value.  In this method, simple engineering judgment, based on 

experience and in-depth knowledge of the system, is used to set a desired Target Margin to provide 

a prudent and reasonable margin against the Metric Limit. 

The goal of the research conducted in this dissertation, as described in Section 2, is to 

expand and develop the Seed Methodology Method 2 into a more rigorous method for determining 

Target Margin for EDL Critical Metrics.  Research objectives and validation approach follow in 

the next section.  
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2 Research Objectives 

The initial JPL Seed Methodology described in Section 1.3.2 for determining entry, descent 

and landing (EDL) Target Margin was well received within the Jet Propulsion Laboratory (JPL) 

EDL community.  However, in the application of the methodology, a number of issues were 

identified that serve as foundation pieces for the objectives of the dissertation research.  These 

issues led to the following research objectives: 

 

Objective 1: Input Model Influence 

Develop a more rigorous method for identifying simulation models that most influence 

performance distributions of Critical Metrics and quantify their level of influence. 

Objective 2: Mapping Input Model Confidence to Target Margin 

Develop a more rigorous, higher resolution technique to map input model confidence 

to Target Margin sizing via metric performance distribution. 

Objective 3: Technique for Epistemic and Aleatory Uncertainty 

Develop a method to handle epistemic and aleatory uncertainty appropriately within 

the methodology. 

Objective 4: Evolvable Methodology 

Develop an evolvable methodology that can be applied throughout the lifecycle of a 

project. 

 

The research and resulting Evolved Methodology described in the dissertation address each of 

these four research objectives. 
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2.1 Validation Approach 

Validation of the Evolved Methodology is key to establishing its legitimacy for sizing 

Target Margin.  The validation approach taken in this dissertation will use the following: 

• Comparison to existing Seed Methodology, discussed in Section  11.7 

• Validation using InSight EDL flight data, which is the subject of Section 11.8 
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3 Fundamental Reformulation of Methodology 

As outlined in the previous section, the Seed Methodology uses the distribution of Critical 

Metric performance resulting from an entry, descent and landing (EDL) Monte Carlo analysis to 

size Target Margin.  Modeling confidence is used to determine what fraction of a standard 

deviation is used (assuming the Critical Metric performance distribution approximates a normal 

distribution) in sizing Target Margin.  During the course of research and formulation of the 

Evolved Methodology, addressing Objective 1, identification of input models of highest influence, 

led to a realization the process of using fractions of uncertainty distributions could be applied to 

input distributions instead of output performance distributions.  Focusing on inputs provides a finer 

resolution application of the basic principle of combining modeling confidence with uncertainty 

distribution to obtain a quantified Target Margin. 

 
3.1 Change to Emphasis on Monte Carlo Inputs 

A high-level block diagram representing the original Seed Methodology is shown in 

Figure 3-1.  As illustrated in the figure, the fundamental process for quantifying Target Margin 

begins with the Monte Carlo Simulation, the statistical results of which are used to size Target  

 

 
 

Figure 3-1 High-level representation of Seed Methodology. 
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Margin.  As indicated by yellow shading, engineering judgement is used to identify models of 

highest influence on a Critical Metric, and again, using engineering judgement, a model confidence 

rating is applied to determine what fraction of the performance distribution is used for Target 

Margin for that Critical Metric. 

As can be seen in Figure 3-2, a high-level block diagram of the reformulated Evolved 

Methodology shows that the process of using a fraction of a distribution is applied to the modeling 

input distributions rather than the performance distribution.  This is the fundamental change from 

the original process.  Fractions of the input distributions are then combined via a regression model 

developed via a Design of Experiments (DOE) process to develop a quantified Target Margin. 

 

 
 

Figure 3-2  High-level representation of the Evolved Methodology. 

 
In the Figure 3-1 and Figure 3-2 block diagrams, yellow shading represents areas in the 

methodology where engineering judgement is applied.  As can be seen, the Evolved Methodology 

significantly reduces the use of engineering judgement and thus moves the methodology toward a 

more rigorous, stronger foundation.  The following section contains a more detailed discussion of 

the Evolved Methodology. 
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3.2 Process Overview 
 

A detailed block diagram of the Evolved Methodology is shown in Figure 3-3.  The 

methodology is introduced in this section via a brief description of each step in the process (or 

block in the diagram).  A more thorough discussion of each step is contained in Sections 4 – 9. 

 

 
 

Figure 3-3  Detailed Evolved Methodology process diagram. 

 
3.2.1 Monte Carlo Simulation 

 
The process of generating a quantification of Target Margin begins with a Monte Carlo 

simulation of the EDL architecture.  The Monte Carlo simulation generates statistical performance 

data for each Critical Metric, which is comprised of the performance output for each of the single 

simulation runs that comprise the Monte Carlo simulation.  The performance data is passed into 

the next step, which is Monte Carlo filtering of the data.  A more detailed discussion of the Monte 

Carlo simulation step is presented in Section 4. 

 
3.2.2 Monte Carlo Filtering 

Monte Carlo Filtering is the process of determining the Monte Carlo inputs of strongest 

correlation to a given Critical Metric.  This process is used in the Evolved Methodology as an 
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initial filtering to identify inputs that have the strongest influence on a Critical Metric, called Model 

Inputs of Highest Influence.  Monte Carlo Filtering in the methodology is accomplished by two 

filtering approaches: correlation coefficient and mutual information.  The Monte Carlo Filtering 

step identifies the input models of strongest correlation that seed two succeeding steps in the 

Evolved Methodology: a DOE Analysis step, and an Input Model Confidence Assessment.  

Establishing strength of correlation does not measure strength of influence, which is accomplished 

via DOE regression modeling.  While Monte Carlo Filtering establishes correlation and not 

necessarily strength of influence, the terms correlation and influence will be used interchangeable 

at times in this dissertation.  A more detailed discussion of the Monte Carlo Filtering step is 

presented in Section 5. 

 
3.2.3 Design of Experiments and Regression Modeling 

As can be seen in Figure 3-3, the Model Inputs of Highest Influence resulting from Monte 

Carlo Filtering seed a DOE Analysis that results in a regression model.  The top influential model 

inputs per Critical Metric are used in a DOE analysis that results in a normalized second-order 

polynomial regression model.  The regression model serves two purposes: 

• The coefficients of the normalized regression model terms provide a quantification 

of the level of influence each model input has on a Critical Metric 

• The regression model serves as an analytical method by which to map the model 

input confidence assessment to the sizing of Target Margin 

A more detailed discussion of the DOE Analysis and resulting regression model is provided in 

Section 6. 
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3.2.4 Process Configuration 

As part of the detailed Evolved Methodology, Figure 3-3 shows a Process Configuration 

step.  This step provides the ability to configure a number of process parameters needed to 

complete the quantification of Target Margin.  These parameters include the Critical Metrics being 

assessed, the Assessment Categories under which to assess modeling confidence, the project 

epochs to be included in the assessment, and the Assessment Criteria for each level of confidence, 

or Confidence Rating.  These parameters can evolve and change across the lifecycle of a project.  

A more detailed discussion of the Process Configuration is presented in Section 7. 

 
3.2.5 Input Model Confidence Assessment 

For each Model Inputs of Highest Influence, there is an assessment of the modeling 

confidence by the categories identified during the Process Configuration step.  As shown in 

Figure 3-3, this step is called the Input Model Confidence Assessment.  The modeling confidence 

assessment is based on supporting system engineering evidence.  From the confidence assessment, 

Confidence Scores are determined and feed the Quantification of Target Margin step.  Section 8 

provides more details on the assessment of modeling confidence. 

 
3.2.6 Quantification of Target Margin 

As shown in Figure 3-3, the final step in the Evolved Methodology is the Quantification of 

Target Margin.  This is accomplished by mapping the Confidence Scores from the Input Model 

Confidence Assessment to Target Margin by using the Confidence Scores as inputs into the DOE 

regression model to provide a sizing of Target Margin.  A detailed discussion of the Quantification 

of Target Margin step is provided in Section 9. 
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3.3 TMST: Implementation as a Software Tool 

As part of this dissertation, the Evolved Methodology outlined in this section was 

implemented in a MATLAB-based software tool called Target Margin Sizing Tool, or TMST.  The 

tool takes as input the results of Monte Carlo Filtering and regression model analysis and provides 

a methodical structure for mapping input model confidence to quantified Target Margin.  The 

Startup Window for TMST is shown in Figure 3-4, and the Assessment Main Window is shown 

in Figure 3-5.  The Assessment Main Window is launched by pressing the Run Analysis button in 

the green shaded region in Startup Window.  The features and function of TMST will be introduced 

in each relevant section of this dissertation, and the tool will be used to perform the Target Margin 

assessments detailed in Section 11 and Section 12.  A MATLAB code listing for TMST is provided 

in Appendix A – Appendix C. 

 

 
 

Figure 3-4  Target Margin Sizing Tool Startup Window. 
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Figure 3-5  Target Margin Sizing Tool Assessment Main Window. 
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4 Monte Carlo Simulation 

This section describes in more detail the entry, descent and landing (EDL) Monte Carlo 

simulation, which is the first step in the margin methodology process, as highlighted by the dark 

blue shaded box in Figure 4-1.  Additionally, this section discusses in greater detail uncertainty in 

Monte Carlo modeling inputs and forms of Monte Carlo output distributions. 

 

 
 

Figure 4-1 Detailed Evolved Methodology process diagram: Monte Carlo Simulation. 

 
 
4.1 EDL High-Fidelity Monte Carlo Simulations 
 

As described in Section 1.2.2, Monte Carlo simulation is a fundamental tool for EDL 

systems engineering.  A detailed schematic shown in Figure 4-2 illustrates how a typical EDL 

Monte Carlo simulation is composed.  There are a variety of modeling inputs shown in the 

schematic that fall into the following categories: 

• Vehicle Initial State 

• Vehicle Models 

o Aerodynamics 
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Figure 4-2  High-fidelity Monte Carlo simulation block diagram. 
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o Vehicle Mass Properties 

o Aeroshell Heating 

o Vehicle Sensors 

o Vehicle Actuators 

• Environment Models 

o Atmosphere 

o Gravity 

o Terrain 

The Color Key shows inputs shaded green are non-dispersed, meaning they remain a fixed 

value from Monte Carlo case to Monte Carlo case, and inputs in blue are dispersed, meaning their 

values change from Monte Carlo case to Monte Carlo case based on an input distribution.  As can 

be seen, there can be many hundred or many thousands of inputs in a high-fidelity EDL Monte 

Carlo simulation.  The inputs initialize a six degree-of-freedom (three translational and three 

rotational) simulation of the EDL event that numerically propagates an EDL trajectory based on 

modeled flight dynamics. 

 
4.2 Uncertainty in Modeling 

Monte Carlo analysis provides a method for handling uncertainty while providing a 

statistical assessment of outcomes.  Uncertain inputs in a Monte Carlo model, which may be 

uncertain because of measurement uncertainty, knowledge uncertainty or random variation, are 

treated as random variables that are often represented by a normal (Gaussian) distribution or 

uniform distribution, depending which distribution best represents the random nature of the 

variable.  The span of a distribution is often determined by experiment, test or flight data combined 

with engineering judgement.  For each Monte Carlo case, the input variable distribution 
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representing the input uncertainty is randomly sampled to provide an input value for that case.  The 

uncertainty distribution for each random input variable is sampled each time a Monte Carlo case 

is initialized. 

 
4.2.1 Input Uncertainty Distributions 

As mentioned in the previous section, uncertainty in the value of an input variable is 

represented by an uncertainty distribution, or probability density function (PDF).  While any 

appropriate representative distribution may be utilized, the two most common uncertainty 

distributions utilized in EDL Monte Carlo simulation are the normal or Gaussian distribution (here 

forward referred to as normal), and the uniform distribution.  Example distributions from the 

InSight Project Monte Carlo EDL simulation are shown in Figure 4-3 and Figure 4-4.  Figure 4-3 

shows the distribution for entry flight path angle, which has a mean of -12.0° and a 3-sigma value 

of 0.21°.  An example of variable uncertainty represented by a uniform distribution is shown in 

Figure 4-4, which is the input distribution for hypersonic aerodynamics pitching moment 

derivative Cmq adder, where the subscript m refers to moment, and q is the pitch rate about the 

pitch axis.  An adder is an addition term in the linearized expression for dispersed Cmq, and is 

explained in more detail in Section 11.2.1.  The Cmq adder distribution shown in Figure 4-4 is a 

uniform distribution from -1.0 to 1.0.  Generally, the type of distribution, whether normal or 

uniform, is determined by experimental data, where a uniform input distribution with even 

weighting across the span of the distribution represents greater input uncertainty relative to a 

normal input distribution that is weighted more heavily around the mean. 

 
4.2.2 Classification of Modeling Uncertainty: Epistemic and Aleatory 

As introduced in Section 1.3.1.2, modeling uncertainty can generally be classified as 
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Figure 4-3  Example normal input 

distribution. 

 
Figure 4-4  Example uniform input 

distribution. 

 
epistemic or aleatory.  Identifying input uncertainty as either epistemic or aleatory is important to 

assessing the need for current and future performance margin.  Because epistemic uncertainty has 

the potential to be reduced, understanding whether uncertainty is epistemic or aleatory provides 

insight into where uncertainty may be reduced and how the need for performance margin may be 

minimized.  Because elements of the uncertainty in the value of an input variable may be both 

epistemic and aleatory (both reducible through better knowledge while also having uncertainty 

that is truly random and not reducible), input variables may be and often are a blend.  The relative 

amount of epistemic and aleatory uncertainty contained in the uncertainty of an input variable can 

also change with time through the life cycle of a project.  Figure 4-5 illustrates the blended nature 

of epistemic and aleatory uncertainty, representing the relative amounts of epistemic and aleatory 

uncertainty in EDL parameters at the beginning of a project.  Part of the Target Margin Evolved 

Methodology process is understanding the level of epistemic and aleatory uncertainty currently 

present in input variable uncertainty, as well as forecasting epistemic and aleatory uncertainty as 

an EDL system matures and transitions into flight.  The methodology presented in this dissertation 

will assess to what degree input uncertainty is epistemic and/or aleatory.  Further discussion of 

epistemic and aleatory uncertainty is in Section 9 and Section 10. 
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Figure 4-5  Epistemic/aleatory uncertainty spectrum. 

 
4.3 Monte Carlo Performance Output 

As alluded to in Section 1.3.2 and Section 3.1, the outputs of Monte Carlo simulations are 

a statistical set of all outcomes from the individual runs of the Monte Carlo.  For each performance 

metric being used to characterize EDL system performance, the set of output performance 

outcomes creates a Monte Carlo output distribution.  Figure 4-6 and Figure 4-7 show example 

histograms of Critical Metric Peak Heat Rate and Total Heating from an InSight Project EDL 

Monte Carlo simulation.  The dashed red line in both figures indicates the 99th percentile 

performance from the Monte Carlo, meaning 99% of the Monte Carlo cases had performance at or 

to the left of the dashed red line.  Generally, EDL performance margin is measured against the 99th  

 

 
Figure 4-6  Peak heat rate performance output. 

 
Figure 4-7  Total heating performance output. 
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percentile performance if performance is to not exceed a specified value, or 1st percentile 

performance if performance is specified not to drop below a specified value.  For some Critical 

Metrics, both 1st percentile and 99th percentile is monitored to ensure performance is within high 

and low bounds.  The focus of this dissertation is development of a method to quantify how much 

margin is desired against the 99th percentile performance and the metric limit. 
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5 Monte Carlo Filtering 

Once Monte Carlo entry descent and landing (EDL) analysis is complete, the next step in 

the process is Monte Carlo Filtering, as shown in Figure 5-1.  Monte Carlo Filtering provides an 

initial identification of input parameters of greatest correlation to Critical Metrics.  Two 

established filtering techniques were chosen to identify parameters of greatest correlation: 

correlation analysis by computing the correlation coefficient, and mutual information methods by 

computing the mutual information parameter.  In this way, a quantitative measure of correlation 

between input and output is achieved and is used to provide an initial filtering for Model Inputs of 

Highest Influence.  For both techniques, a Python-based internal Jet Propulsion Laboratory (JPL) 

tool called Monte Carlo Processing, or MCP, was used to perform the analysis. 

 

 

Figure 5-1 Detailed Evolved Methodology process diagram: Monte Carlo Filtering. 

 
 
5.1 Correlation Coefficient 

The correlation coefficient measures the strength of a linear relationship between input 

parameters and Critical Metrics.  JPL’s MCP tool employs the Python scientific computing library 
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numpy (numerical python) to compute the correlation coefficient via the Pearson product-moment 

method, which uses a linear best fit through bivariate data points [21].  For input parameter set X 

and Critical Metric set Y, the correlation coefficient for X and Y is given by the formula 

 𝜌𝜌𝑋𝑋,𝑌𝑌 = 𝑐𝑐𝑐𝑐𝑐𝑐(𝑋𝑋,𝑌𝑌)
𝜎𝜎𝑋𝑋𝜎𝜎𝑌𝑌

   [22] (5-1) 

where cov(X,Y) is the covariance1 of X and Y, and σX is the standard deviation of X and σY is the 

standard deviation of Y [22].  Employing the correlation coefficient provides an initial filtering of 

Monte Carlo input parameters of highest influence for each Critical Metric. 

 
5.2 Mutual Information 

 
Mutual information was selected as a second check on correlation between input 

parameters and Critical Metrics.  It measures the amount of shared information between data sets, 

so its usefulness is to detect higher-order relationships between data sets not detected by the 

correlation coefficient.  If X represents the set of inputs for a parameter for an EDL Monte Carlo 

simulation, and Y is the corresponding set of results for a Critical Metric, then mutual information 

for the two sets of random variables is given by 

 𝐼𝐼(𝑋𝑋,𝑌𝑌) = ∬𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥,𝑦𝑦)𝑙𝑙𝑙𝑙𝑙𝑙 𝜇𝜇(𝑥𝑥,𝑦𝑦)
𝜇𝜇𝑥𝑥(𝑥𝑥)𝜇𝜇𝑦𝑦(𝑦𝑦)   [23] (5-2) 

 

where µ is the joint probability density2 of x and y, and µx is the marginal probability density of X 

and µy is the marginal probability density of Y [23]. 

In application, the JPL MCP tool uses a Python library called sklearn to compute mutual 

information, which relies on nonparametric methods based on entropy estimation from k-nearest 

                                                 
1 Covariance is a measure of the joint variability of two random variables and is the expected value of the product of 
the deviations of two variables from their respective means. [32]. 
2 Joint probability density is a probability density function that defines the behavior of multiple random variables 
simultaneously. [32] 
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neighbors.  A discussion of this method is found in the paper Estimating Mutual Information [23].  

In applying mutual information to Monte Carlo Filtering, the relative magnitude of the mutual 

information parameter is used to filter for significant relationships between input parameters and 

Critical Metrics that are not revealed by the correlation coefficient.  

 
5.3 Challenge of Parameterizing an Atmospheric Density Profile 

In a landing on Mars, the atmosphere plays a significant role in the performance of an 

EDL system.  The atmosphere of Mars is fundamentally a continuous distribution of atmospheric 

density, temperature and pressure, and therefore as an input into a simulation, it is difficult to 

represent the atmosphere in terms of input parameters.  Thus, one of the challenges of correlating 

Monte Carlo model inputs to Monte Carlo Critical Metrics is representing a continuous density 

profile parametrically, so that a Critical Metric can be correlated to a parameter or parameters 

representing an atmosphere profile.  For this research, a simple approach was taken by summing 

density values are each data step within evenly distributed altitude bands.  This provides an 

indicator of the bulk density for each altitude band and thus an indicator of how the density in the 

atmosphere is distributed, and how higher or lower overall destiny in a given band affects or 

influences a Critical Metric.   

For each case in the Monte Carlo simulation, the density was divided into the following 

altitude bands: 

• 0 km – 20 km 

• 20 km – 40 km 

• 40 km – 60 km 

• 60 km – 80 km 

• 80 km – 100 km 

• Above 100 km 
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Two methods for summing the density were considered.  The first method sums density along the 

trajectory in the time domain as the vehicle encounters the atmosphere.  The density parameter for 

a given atmosphere band is given by 

 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  �𝑑𝑑𝑖𝑖 ∗ ∆𝑡𝑡

𝑁𝑁

𝑖𝑖=1

 (5-3) 

where N is the number of data time steps along the trajectory in the altitude band, di is the value of 

density at time step i, and ∆t is the data time step magnitude.  The second method is independent 

of the trajectory flown and sums density along vertical altitude in the altitude band in the distance 

domain.  For the second method, the density parameter for a given band is given by 

 
𝐷𝐷𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  �𝑑𝑑𝑖𝑖 ∗ ∆𝑎𝑎

𝑁𝑁

𝑖𝑖=1

 (5-4)  

where N is the number of data steps along the vertical density profile in the altitude band, di is the 

value of density at step i, and ∆a is distance between data steps in the density profile. 

The two methods for computing the Density Parameter differ in that the sum of the first 

method, Equation 5-3, is a function of the time the vehicle spends in the altitude band while the 

second method, Equation 5-4 is not.  Both provide a parameterization that can be used in the Monte 

Carlo Filtering process.  A correlation analysis was performed to explore the differences between 

the two methods and the Density Parameters computed using the first method showed a stronger 

correlation to Critical Metrics, and thus the first method was chosen as the atmosphere 

parameterization process for Monte Carlo Filtering.  Using the first summing method for all 

altitude bands creates six input variables parameterizing an atmosphere profile by altitude where 

each altitude band can be correlated to the Monte Carlo Critical Metrics. 

While the method outlined in this section serves as an initial technique for parameterizing 
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an atmosphere, future work should include investigating other methods.  One area to explore to 

further the current method is what is the optimal altitude band design for parameterization of the 

atmosphere?  The current method divides the atmosphere into six equal bands, but there is very 

likely a different band design, with potentially unequal band sizes, that provides a better resolution 

and understanding of density correlation to Critical Metrics. 
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6 Design of Experiments (DOE) and Regression Modeling 

Design of Experiments (DOE) is a commonly used method for designing experiments in 

industry and academia.  It is a process by which multiple input variables in an experimental design 

are varied simultaneously and the resulting output response is measured.  The mapping from input 

variation can then be used to derive a regression model of the system, which provides insight into 

inputs of highest influence on system behavior. 

Monte Carlo Filtering discussed in the previous section identifies inputs of highest 

correlation to Monte Carlo performance metrics.  Once identified, a set of the most correlated 

inputs is fed into the next step in the methodology, the development of a regression model via 

DOE Analysis, as shown in Figure 6-1.  Methods outlined in the book Statistical Design of 

Experiments with Engineering Applications by Rekab and Shaikh [24] are used as a guide to 

implementing a DOE analysis for this application. 

For each input variable, input levels are chosen based on the expected range of input 

variation.  In its simplest implementation, DOE uses two-level input variable variation in 

 

 

 
Figure 6-1 Detailed Evolved Methodology process diagram: DOE Analysis. 
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which the levels represent the “high” and “low” end of the expected input variation.  For 

experiments anticipated as being more complex, representing variable variation by three levels is 

used, and was chosen for this investigation. 

In three-level DOE, the levels represent the “low,” “mid”, and “high” expected input 

variable variation.  Because of the complex and nonlinear nature of entry, descent and landing 

(EDL) system dynamics, for this investigation full factorial DOE is chosen in which all 

combinations of all factor levels are run in the experiment, which leads to a total of 3p experimental 

runs to capture the full range of variation.  The parameter p is the number of input variables.  Other 

factorial schemes exist to reduce the number of experiments required, but because enough 

computational power exists for a full factorial experimental design in this investigation, a full 

factorial design was chosen.  From here forward, the three levels will be represented by -1, 0, and 

1 (low, mid, high). 

Because of the nonlinearity of the physics governing the flight dynamics of an EDL 

trajectory, a second-order regression model was chosen as a starting point to model metric 

dependency on the chosen simulation inputs.  As outlined in Rekab and Shaikh, the estimated 

value of the metric 𝑌𝑌�  can be found from the combination of linear, cross terms (two-factor 

interactions) and second-order terms of inputs contained in the matrix 𝑋𝑋, where 𝑋𝑋 is composed of 

the values -1, 0, 1 representing normalized values of the 3 levels of the DOE inputs.  A vector 𝑏𝑏 

contains the coefficients of the terms of the second-order model, with the magnitude of the 

coefficients serving as a measure of the influence of a particular input on the variation of the output.  

In long form, the estimate of the metric 𝑌𝑌�  is given by 

 𝑌𝑌� = 𝑏𝑏0 + 𝑏𝑏1𝑥𝑥1 + 𝑏𝑏2𝑥𝑥2 + ⋯+ 𝑏𝑏𝑝𝑝𝑥𝑥𝑝𝑝 
+𝑏𝑏12𝑥𝑥1𝑥𝑥2 + 𝑏𝑏13𝑥𝑥1𝑥𝑥3 + ⋯+ 𝑏𝑏𝑝𝑝−1𝑥𝑥𝑝𝑝−1𝑥𝑥𝑝𝑝 
+𝑏𝑏11𝑥𝑥12+𝑏𝑏22𝑥𝑥22 + ⋯+𝑏𝑏𝑝𝑝𝑝𝑝𝑥𝑥𝑝𝑝2 

(6-1) 
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where p is the number of input variables in the DOE analysis.  From Rekab and Shaikh, when n 

experiments are carried out with Y representing a vector whose elements are the results of each 

experiment, the resulting matrix equation can be formulated  

 𝑌𝑌 = 𝑋𝑋𝑋𝑋 (6-2) 
 
Using simple linear algebra to solve for the vector 𝑏𝑏 gives 
 
 𝑏𝑏 = (𝑋𝑋′𝑋𝑋)−1𝑋𝑋′𝑌𝑌 (6-3) 

 
Because the model has been normalized, the coefficients contained in b can be used to quantify 

the level of influence of linear, cross terms and second-order terms that contribute to the model 

response.  Thus, they provide a quantitative measure of the inputs of most influence. 

In expanded matrix form, each element of the matrix equation has the following form 

 

𝑌𝑌 =  �

𝑌𝑌1
𝑌𝑌2
⋮
𝑌𝑌𝑛𝑛

� (6-4) 

 

𝑋𝑋 =  

⎣
⎢
⎢
⎢
⎡1
1
⋮
1

𝑥𝑥11 …𝑥𝑥1𝑝𝑝
𝑥𝑥21 …𝑥𝑥2𝑝𝑝

⋮
𝑥𝑥𝑛𝑛1 …𝑥𝑥𝑛𝑛𝑛𝑛

𝑥𝑥11𝑥𝑥12 … 𝑥𝑥1,𝑝𝑝−1𝑥𝑥1,𝑝𝑝 … 𝑥𝑥112 …𝑥𝑥1𝑝𝑝2

𝑥𝑥21𝑥𝑥22 … 𝑥𝑥2,𝑝𝑝−1𝑥𝑥2,𝑝𝑝 … 𝑥𝑥212 … 𝑥𝑥2𝑝𝑝2

⋮
𝑥𝑥1𝑛𝑛𝑥𝑥𝑛𝑛2 … 𝑥𝑥𝑛𝑛,𝑝𝑝−1𝑥𝑥𝑛𝑛,𝑝𝑝 … 𝑥𝑥𝑛𝑛12 … 𝑥𝑥𝑛𝑛𝑛𝑛2 ⎦

⎥
⎥
⎥
⎤
 (6-5) 

 

𝑏𝑏 =  

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝑏𝑏0
𝑏𝑏1
⋮
𝑏𝑏𝑝𝑝
𝑏𝑏12
⋮
𝑏𝑏11
⋮
𝑏𝑏𝑝𝑝𝑝𝑝⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

 

 

(6-6) 

To determine which terms of the regression model are statistically significant, an inference 

methodology outlined in Rekab and Shiakh is used.  The following is the process used to infer the 
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statistical significance of the second-order regression parameters using a two-tailed t-test, which 

is an often-used hypothesis test for significance. 

The fundamental approach is to test a null hypothesis for the second-order prediction 

equation  

 
𝑌𝑌� = 𝑏𝑏0 + �𝑏𝑏𝑖𝑖𝑥𝑥𝑖𝑖

𝐿𝐿

𝑖𝑖=1

 (6-7) 

 
where the inference test determines which terms should be included in the prediction equation, L 

is the number of terms, and xi represents linear, cross terms and second-order terms.   The null 

hypothesis test is then the following 

 𝐻𝐻0 ∶  𝑏𝑏𝑘𝑘 = 0  𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣  𝐻𝐻𝑎𝑎 ∶  𝑏𝑏𝑘𝑘 ≠ 0 (6-8) 
 
where H0 is the null hypothesis and Ha is the alternate hypothesis. 
 

To test the hypotheses, the first step is to compute T0 for each coefficient in the prediction 

equation.  These values are then compared against the t-statistic, T*, to test for statistical 

significance.  The value of T0 is found from the following formulation 

 
𝑇𝑇0 =

𝑏𝑏𝑘𝑘
𝑆𝑆(𝑏𝑏𝑘𝑘) (6-9) 

 
The function S(bk) is the square root of the kth element of the estimated variance-covariance matrix 

S2(b).  S2(b) is found from the following 

 
 𝑆𝑆2(𝑏𝑏) = 𝑀𝑀𝑀𝑀𝑀𝑀(𝑋𝑋𝑡𝑡𝑋𝑋)−1 (6-10) 

 

where MSE is the mean squared error and is given by 

 
 

𝑀𝑀𝑀𝑀𝑀𝑀 =
∑ 𝑒𝑒𝑖𝑖2𝑛𝑛
𝑖𝑖=1

𝑛𝑛 − 𝐿𝐿 − 1
 (6-11) 
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The variable L is the number of non-constant coefficients in b, n is the number of experiments in 

Y, and n-L-1 is the degrees of freedom.  The error, ei, is given by 

 
 𝑒𝑒𝑖𝑖 = 𝑌𝑌𝑖𝑖 − 𝑌𝑌�𝑖𝑖 (6-12) 

 

Once T0 is determined for each of the regression parameters, they must be compared against T*, 

where T* is determined from the t-distribution, which is a distribution used to test for significance 

when working with small sample size.  T*is given by 

 
 𝑇𝑇∗ = 𝑡𝑡(𝛼𝛼 2,𝑛𝑛 − 𝐿𝐿 − 1⁄ ) (6-13) 

 

The variable α is the significance level, which is a selected value.  Values often range from 0.01 

to 0.1, with 0.05 being the most common used.  For this assessment the value of α is chosen to be 

0.05, which means there is a 5% risk the significance test conclusion is invalid.  This provides an 

adequate level of significance without being too restrictive.  The significance of the regression 

parameter is then determined with the following comparisons 

 𝐼𝐼𝐼𝐼 |𝑇𝑇0| > 𝑇𝑇∗, 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑖𝑖𝑖𝑖 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑒𝑒 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 

𝐼𝐼𝐼𝐼 |𝑇𝑇0| ≤ 𝑇𝑇∗, 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑖𝑖𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑒𝑒 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑛𝑛 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑖𝑖𝑖𝑖 𝑛𝑛𝑛𝑛𝑛𝑛 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  

In addition to the t-test, the p-value for each regression term is also utilized.  The p-value is the 

cumulative distribution function (CDF) of the t-distribution computed at T0.  It tests the null 

hypothesis that the regression term is zero.  The following is applied to p-values for significance 

level 0.05: [25] 

If the p-value ≤ 0.05, the null hypothesis is rejected and the regression term is included 

If the p-value >0.05 the null hypothesis is accepted and the regression term is not included 
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In implementing the regression modeling, the t-test and p-value are used to identify those terms in 

the regression model that should be included as statistically significant.  Terms that do not fail the 

null hypothesis are not included.  The t-test and p-value are expressions of the same significance 

test, and thus provide corresponding results. 

The process of using DOE to generate a second-order regression model, and then applying 

a test to determine statistical significance to each term of the second-order model provides a basis 

for determining which model inputs are most influential in output performance for a given 

performance metric.  Because the regression model is normalized, the coefficients of the regression 

model provide a direct measure of the strength of influence for each input, which provides 

identification of which inputs should receive focus for modeling fidelity and validation efforts, 

and, as discussed in Section 9, a quantitative means to map modeling confidence to Target Margin. 

 
6.1 TMST Implementation of DOE Regression Modeling 

In the Evolved Methodology implemented in Target Margin Sizing Tool (TMST) software, 

the process of generating a regression model is conducted outside the software tool, and the 

resulting model is then taken as input into TMST.  The tool then uses the model to quantify input 

level of influence and the quantification of Target Margin.  The regression model is input into 

TMST using a configuration file, and the tool provides a regression model tornado plot, which is 

a horizontal bar chart showing the magnitude of each regression model coefficient, ordered by 

magnitude, to help visualize the relative strength of influence of inputs.  A more detailed discussion 

of regression model implementation is provided in Section 11.3. 

 
6.1.1 Regression Model Configuration File 

The output of the DOE regression model generation process is a list of the coefficients for 
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the second-order regression model, along with the results of t-test and p-value statistical 

significance test for each coefficient.  Appendix D shows an example DOE regression model 

output file.  The last column titled “Significant?” indicates whether the null hypothesis was 

rejected, thus indicating the coefficient should be included in the regression model.  Appendix E 

shows a corresponding TMST input configuration file where all insignificant coefficients have 

been set to zero.  This file is read into TMST to provide the regression model when a Target Margin 

assessment is initiated. 

 
6.1.2 Visualization of Regression Importance Parameters 

As stated earlier, the magnitude of the regression model coefficients provides a 

quantification of the level of influence each has on the Critical Metric performance.  To aid in the 

execution of the Evolved Methodology, a regression model visualization was developed via a 

horizontal bar chart sometimes referred to as a tornado plot (so named because of its resemblance 

to the profile shape of a tornado's funnel cloud), to illustrate the relative influence each input has 

on the response of the Critical Metric.  Figure 6-2 illustrates a portion of a regression model 

tornado plot implemented in TMST.  On the left half of the figure, the regression model 

coefficients are listed along with coefficient indices (the names of the coefficients will be discussed 

in a later section).  The linear coefficients are listed first in order of magnitude (the reason for this 

will be discussed later), followed by nonlinear coefficients listed in order of magnitude.  The 

adjacent bars of the tornado plot are scaled by the magnitude of the coefficient, and the coloring 

indicates the sign of the coefficient.  A positive coefficient has blue shading on the positive half 

of the tornado, and red on the negative.  A negative coefficient has the opposite shading.  The 

shading helps visualize which terms of the regression model add constructively and destructively, 
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Figure 6-2  TMST regression model visualization. 

 

and is not meant to infer coefficients can change sign.  The tornado plot provides an informative 

visualization of the relative strength of importance of input parameters on Critical Metric response. 
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A design of experiments 3-level, full factorial analysis provides a second-order regression 

model that provides a quantification of the influence each Model Inputs of Highest Influence has 

on Critical Metric response, and thus provides insight into where model confidence efforts should 

be focused and assessed.  It also provides an analytical expression (the regression model) for 

quantifying Target Margin based on modeling confidence.  It therefore is a key element of the 

Evolved Methodology. 
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7 Process Configuration 

In order to execute the Evolved Methodology process, the process must be configured prior 

to running the Target Margin sizing analysis.  As shown by the blue shaded box in Figure 7-1, the 

process configuration feeds the Input Model Confidence Assessment by providing Assessment 

Categories, and the Quantification of Target Margin by providing Assessment Criteria with 

associated Distribution Fractions. 

 
 

Figure 7-1 Detailed Evolved Methodology process diagram: Process Configuration. 

 
7.1 Assessment Categories 

The Assessment Categories are focus areas for the assessment that provide a measure of the 

confidence in the input modeling and are chosen as part of configuring the assessment.  As shown 

in Figure 7-2, example Assessment Categories are Mathematical Model, Code, Validation and 

Model Parameter.  Other categories can be part of the assessment at the discretion of the systems 

engineer conducting the assessment.   

As can be seen in Figure 7-2, each Assessment Category is assigned a weighting that is 

used in computing Target Margin, the process of which is detailed in Section 9.  Assessment 
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Categories can be identified and configured based on the unique assessment needs for a particular 

entry, descent and landing (EDL) system engineering assessment.  A more detailed discussion of 

Assessment Categories is provided in Section 8. 

 

 
 

Figure 7-2  Target Margin Sizing Tool Assessment Categories configuration panel. 

 

7.2 Assessment Criteria 

As described in Section 3.1, the sizing of Target Margin in the methodology is based in a 

fraction of the distribution for each of the most influential inputs identified via Monte Carlo 

Filtering and DOE (design of experiments) Analysis.  For each of the most influential inputs, all 

Assessment Categories discussed in the previous section are given a Confidence Rating of High, 

Medium or Low, as shown in Figure 7-3.  As part of configuring the assessment, Assessment 

Criteria are established by assigning a Distribution Fraction to each Confidence Rating, and a 

rationale for the fraction assigned is provided. 

The Evolved Methodology as currently developed is limited to inputs that have normal and 

uniform uncertainty distributions, which are common input distributions in EDL Monte Carlo 
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Figure 7-3  Target Margin Sizing Tool Assessment Criteria configuration panel. 

 

simulations.  The following are the Distribution Fraction approaches used for normal and uniform 

distributions: 

Normal Distribution: Because standard deviation is a measure of the level of spread in a 

normal distribution, and thus the uncertainty in input value, 

Distribution Fraction for an input with normal distribution is based 

on a fraction of the standard deviation of the distribution. 

Uniform Distribution: A uniform distribution, as its name implies, has uncertainty that is 

uniformly distributed across the range of possible input values, and 

thus Distribution Fraction for an input with uniform distribution is 

based on a fraction of the entire span of the distribution. 

Because a normal distribution has possible values heavily weighted near the mean, the 

fractional sigma value assigned to Distribution Fraction for normal distributions can be less 

conservative.  A uniform distribution implies the input value can be equally likely anywhere in the 

distribution, including near the extremes of the distribution, and therefore a more conservative 

approach to assigning uniform Distribution Fractions (larger fractions) to Confidence Rating may 
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be appropriate.  If the bounds of a uniform distribution are well defined and understood with 

confidence, then a conservative approach may not be appropriate.  In Addition to normal and 

uniform distributions, developing an approach for sizing Assessment Criteria for other types of 

input distributions is future work. 

 
7.3 Tool Implementation 

The configuration of the Evolved Methodology process is provided by the Target Margin 

Sizing Tool (TMST) Startup Window.  As shown in Figure 7-2, in addition to buttons for loading 

an existing assessment configuration, and Save and Save As buttons for saving a current 

assessment configuration, the window has four tabs for configuring the assessment.  The first tab, 

labeled Critical Metrics, provides the ability to input the Critical Metrics being assessed, with 

buttons for adding and deleting Critical Metrics.  For each metric, an area for inputting the physical 

units of the metric is also provided.  The second tab, labeled Assessment Epochs, provides the 

ability to configure the epochs for which an assessment will be conducted, also utilizing Add and 

Delete buttons.  A more detailed discussion of Assessment Epochs is provided in Section 10.  The 

third tab, shown in Figure 7-2 and labeled Assessment Categories, provides the ability to configure 

Assessment Categories and category weighting, as described previously in Section 7.1.  The fourth 

tab, shown in Figure 7-3 and labeled Assessment Criteria, provides the ability to configure criteria 

scoring via specifying Distribution Fractions for each Confidence Rating level.  Also provided is 

an area for a rationale for the chosen numerical scoring choices, which is critical for documenting 

the critical thinking that led to the choice of Distribution Fraction sizes for each Confidence Rating 

level.  These four tabs provide the ability to configure the Target Margin assessment and perform 

the function of the Process Config block in the process block diagram shown in Figure 7-1. 
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7.3.1 Process Configuration File 
 

TMST has the ability to save and load assessment configurations via the Startup Window, 

as previously mentioned.  The configuration is saved to a file with file extension “.ma” (ma for 

margin assessment) and a file name chosen by the user.  An example TMST margin assessment 

configuration file is shown in Appendix F.  The file contains all parameters required to save a 

Target Margin assessment configuration. 

  



                                                                           50 

 

8 Input Model Confidence Assessment 

As with the original Seed Methodology described in Section 1.3.2, the Evolved 

Methodology uses confidence in input models as a basis for sizing Target Margin.  As shown in 

Figure 8-1, the Input Model Confidence Assessment block in the methodology block diagram, 

shown in blue shading, takes as input the Model Inputs of Highest Influence from Monte Carlo 

Filtering and the identified Assessment Categories that were described in the previous section.  

The process by which the Input Model Confidence Assessment is performed is detailed in this 

section. 

 

 
 

Figure 8-1 Detailed Evolved Methodology process diagram: Input Model Confidence 
Assessment. 

 
8.1 Assessment Categories 

The Assessment Categories play a critical role in assessing confidence in Model Inputs of 

Highest Influence on performance Critical Metrics.  The categories form the basis for a methodical 

assessment of the confidence in input modeling, which is important for understanding how much 

performance margin should be held against performance limits.  An existing methodology called 
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the Phenomena Identification and Ranking Table, or PIRT, is employed in the practice of QMU 

(introduced in Section 1.3.1.1) and was developed at Sandia National Laboratories [26] [27].  The 

PIRT method serves as a basis for the process created for the Target Margin sizing methodology 

in this dissertation. 

 
8.1.1 Phenomena Identification and Ranking Table as Confidence Assessment Basis 

As outlined in the Sandia National Laboratories cited reports, a PIRT is a process by which 

modeling “quality” is captured in a concise table easily used by engineering decision makers to 

understand the quality of modeling results.  PIRTs provide a way to assess and document model 

adequacy for intended use by assessing quality of the mathematical model, computer code, level 

of validation, and quality of model parameters [26].  In the PIRT process, a phenomenon is a 

physical feature or behavior relevant to the assessment.  Figure 8-2 shows an example of a Sandia 

National Laboratories three-phenomena PIRT table. g 

 

 

Figure 8-2  Example three phenomena PIRT. [26] 

 
For a PIRT, Sandia National Laboratories defines Adequacy for Intended Use categories as follows 

[26]: 

• Mathematical Model is a physical, conceptual, or phenomenological model that is defined 

using precise mathematical equations. Math model adequacy represents the pedigree, 

completeness, and relevance of the math model form for the application. 
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• Code represents the computational modeling and simulation capabilities used in an 

engineering analysis. Code adequacy represents the status and quality (code verification) 

of the math model implementation. 

• Validation is the process of determining the accuracy of a computational simulation to 

represent the real world as approximated by experimental data. Validation adequacy 

represents the rigor (solution verification and uncertainty quantification) used in 

quantifying the math model accuracy and the relevance of the validation comparison for 

the application. 

• Model Parameter refers to parameters or functions in the physics or material models that 

are typically experimentally determined. Model parameter adequacy represents the 

pedigree, completeness, and relevance of the model parameter values or functions for the 

application. 

 

As can be seen in Figure 8-2, a PIRT also utilizes a high (H), medium (M) and low (L) rating for 

the Importance of the phenomena and the Adequacy of Intended Use.  As presented in Section 7.2, 

the Target Margin Evolved Methodology adds the quantification of the rating via Distribution 

Fractions. 

In implementing the Evolved Methodology in this dissertation, the Sandia National 

Laboratories PIRT Adequacy for Intended Use categories have been adopted as an applicable set 

of Assessment Categories, although the methodology allows the flexibility for any appropriate 

categories.  As part of adopting the PIRT categories, their use is extended by adding numerical 

weighting for each of the Assessment Categories used in the computation of Target Margin, as 

previously mentioned in Section 7.1. 
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8.2 Category Weighting 

With multiple Assessment Categories used in the Evolved Methodology, aggregation of 

categories is required.  A more detailed discussion of the numerical aggregation follows in 

Section 9, however here is a high-level discussion of category weighting to be employed in 

aggregation. 

The simplest aggregation technique would be a simple average of contribution from each 

Assessment Category; however, the methodology deploys an option of weighted Assessment 

Categories if one category is deemed more critical or more relevant to the Target Margin 

assessment.  A weighted average of contribution to Target Margin is then computed using 

straightforward weighted average arithmetic.  In implementation of weighted categories is 

discussed further in Section 9.1.1.  Category weighting also provides the ability to conduct a 

sensitivity analysis to category weighting, which is examined in Section 12.3. 

 
8.3 Tool Implementation 

An important feature of the Target Margin Sizing Tool (TMST) is the interface provided 

for an Input Model Confidence Assessment.  The interface is provided on the Assessment Main 

Window, shown in Figure 8-3.  As seen in the figure, the Category Assessment area is structured 

much like a PIRT, with each Assessment Category forming a column of the table, and each row a 

linear regression model term corresponding to a Model Inputs of Highest Influence identified by 

Monte Carlo Filtering and used in formulating the design of experiments (DOE) regression model.  

Each cell in the table provides a drop-down menu to select the Confidence Rating for that input 

variable under the cell’s Assessment Category.  When a Confidence Rating is selected, the 

corresponding Distribution Fraction is updated.  A Rationale edit box is provided to enter the 

rationale for the rating, which is important for capturing and documenting the reason for the rating.  
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Providing a rationale also creates a structured critical thinking process for considering level of 

confidence in the entry, descent and landing (EDL) simulation modeling. Figure 8-3 illustrates an 

assessment table interface before a category assessment has been carried out.  The table is a section 

of the larger TMST Assessment Main Window shown in Figure 3-5.  A detailed discussion of 

Category Assessment implementation is presented in Section 11.5. 

 
8.3.1 Assessment Configuration File 

TMST saves a Input Model Confidence Assessment to a margin configuration file with 

extension “.mcf”, an example of which is shown in Appendix G.  An assessment can be configured 

using the Assessment Main Window, or by directly editing the configuration file.  The file contains 

all of the configurable parameters for conducting the assessment and computing Target Margin. 

 

 

 

 

 

 

 

 

(This space intentionally left blank) 
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Figure 8-3  Input model assessment table on TMST Assessment Main Window. 
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9 Quantification of Target Margin 

All the Evolved Methodology steps described in the previous sections feed into to the final 

step in the process, the Quantification of Target Margin, as shown by the blue highlighted block 

in Figure 9-1.  As seen in this process diagram, Target Margin is computed using the Assessment 

Criteria from the Process Configuration, the Confidence Ratings from the Model Inputs 

Confidence Assessment, and the Critical Metric Regression Model from DOE (design of 

experiments) Analysis.  These inputs feed the numerical quantification of Target Margin that is 

described in this section. 

 

 
 

Figure 9-1 Detailed Evolved Methodology process diagram: Quantification of Target Margin. 

 
 

9.1 Distribution Fractions and Computing a Confidence Score 

As introduced in Section 7.1 and Section 7.2, the Input Model Confidence Assessment for 

each Assessment Category results in a Confidence Rating per Assessment Category for each input.  

The Confidence Rating per category results in a Distribution Fraction based on the fraction 

specified in the Process Configuration.  A weighted average is then computed, and then mapped 
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into the DOE normalized space described in Section 6, resulting in a Confidence Score used in the 

DOE regression model to quantify Target Margin. 

 
9.1.1 Computing Weighted Average 

For each Assessment Category configured as part of the assessment, the Input Model 

Confidence Assessment results in a Confidence Rating that determines the Distribution Fraction, 

or DF.  As part of the process of computing a Confidence Score, a weighted average of Distribution 

Fractions, or WADF, is computed using the following simple weighted average 

 
 

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 =  ��𝑊𝑊𝑖𝑖 ∙ 𝐷𝐷𝐷𝐷𝑖𝑖

𝑛𝑛

𝑖𝑖=1

� ��𝑊𝑊𝑖𝑖

𝑛𝑛

𝑖𝑖=1

��  (9-1) 

 

where n is the number of Assessment Categories and Wi is the weighting that was assigned to the 

ith category during Process Configuration.  The WADF provides a single aggregation of the 

Distribution Fractions that result from the Input Model Confidence Assessment, thereby 

generating a single metric representative of the confidence in the input parameter assessed.  The 

WADF is representative of a fraction of the input distribution; however, in order to utilize the 

WADF in the DOE regression model, the WADF must be mapped to the [-1, 1] interval used in the 

DOE process (described in Section 6).  The following subsections discuss the mapping process for 

a normal distribution and a uniform distribution, which results in a Confidence Score. 

 
9.1.2 Mapping WADF to DOE Interval 

As a recap of Section 7.2, the Evolved Methodology defines the Distribution Fraction for 

a normal distribution as a fraction of one standard deviation, whereas the Distribution Fraction for 

a uniform distribution is defined as the fraction of the span of a uniform distribution.  Because of 
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the difference in definition, the mapping of WADF to the DOE [-1,1] interval must be handled 

differently for each distribution type, as discussed in the next two subsections. 

 
9.1.2.1 Normal Distribution 

To compute the Confidence Score from WADF for a normal distribution, the WADF must 

be mapped to the DOE [-1, 1] interval.  Figure 9-2 on the following page shows graphically the 

mapping of WADF, shown as WADFσ, to the DOE interval, where WADFσ represents a fraction 

(WADF < 1) or multiple (WADF ≥ 1) of a standard deviation.  As the DOE process was 

implemented, the -3σ to 3σ input parameter distribution bounds mapped to the -1 to 1 bounds on 

the DOE interval, as is easily seen in Figure 9-2.  Because the interval between -3σ and 3σ spans 

a total of 6σ, the fraction of the total distribution interval that WADFσ spans is given by 

 
 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 =  

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊
6𝜎𝜎

=
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊

6
 (9-2) 

 

The total span of the DOE interval [-1, 1] is 2, so that WADF on the DOE interval, which is defined 

by the methodology as the Confidence Score, or CS, is given by 

 
 𝐶𝐶𝐶𝐶𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 × 2 =  

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊
6

× 2 =
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊

3
  (9-3) 

 

This Confidence Score is used in the DOE regression model to quantify Target Margin, as is shown 

in Section 9.2. 

 
9.1.2.2 Uniform Distribution 

For a uniform distribution, the Confidence Score is derived from the WADF again by  
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Figure 9-2  Normal input distribution fraction mapped to DOE range. 

 
mapping WADF to the DOE confidence interval.  The mapping for a uniform distribution is shown 

in Figure 9-3.  As can be seen in the figure, the bounds of the uniform distribution are u1 and u2 

and WADF is indicated in red shading.  The uniform distribution bounds u1 and u2 map directly to 

-1 and 1 bounding the DOE interval.  Because Distribution Fraction for a uniform distribution is 

defined as the fraction of the total span, the interval fraction is simply 

 
 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 (9-4) 

 

The total span of the DOE interval [-1, 1] is 2, so that the Confidence Score, CS, for a uniform 

distribution is given by 

 
 𝐶𝐶𝐶𝐶𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 × 2 = 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 × 2 (9-5) 

 
 
9.2 Computing Target Margin Using DOE Regression Model 

The Confidence Scores for model input are used in the DOE regression model to quantify 
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Figure 9-3  Uniform input distribution fraction mapped to DOE range. 

 
Target Margin, the process of which is described in this section.  From Section 6, the derived DOE 

second-order regression model for Critical Metric performance response is given by 

 
 𝑌𝑌� = 𝑏𝑏0 + 𝑏𝑏1𝑥𝑥1 + 𝑏𝑏2𝑥𝑥2 + ⋯+ 𝑏𝑏𝑝𝑝𝑥𝑥𝑝𝑝 (9-6) 

+𝑏𝑏12𝑥𝑥1𝑥𝑥2 + 𝑏𝑏13𝑥𝑥1𝑥𝑥3 + ⋯+ 𝑏𝑏𝑝𝑝−1𝑥𝑥𝑝𝑝−1𝑥𝑥𝑝𝑝 
+𝑏𝑏11𝑥𝑥12+𝑏𝑏22𝑥𝑥22 + ⋯+𝑏𝑏𝑝𝑝𝑝𝑝𝑥𝑥𝑝𝑝2 

 
 

where p is the number of input variables.  The Target Margin is computed at the bounds of Critical 

Metric performance, which is, in summation form, given by 

 
 

𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚 =  𝑏𝑏0 + � |𝑏𝑏𝑖𝑖

𝑝𝑝

𝑖𝑖=1

|(1) + � � |𝑏𝑏𝑖𝑖𝑖𝑖|(1)(1)
𝑝𝑝

𝑗𝑗=𝑖𝑖+1

𝑝𝑝−1

𝑖𝑖=1

+ �𝑏𝑏𝑖𝑖𝑖𝑖

𝑝𝑝

𝑖𝑖=1

(1 𝑜𝑜𝑜𝑜 0)2 (9-7) 

 

where the response model is evaluated at 1 for linear and interactive terms, with the absolute value 

of the regression model coefficients used to provide the bounding magnitude of 𝑌𝑌� .  The 

second-order terms are evaluated at 1 if bii is positive, or at 0 if bii is negative, thus ensuring a 

positive contribution to 𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚.   The Target Margin, TM, is then defined by 



                                                                           61 

 

 
 𝑇𝑇𝑇𝑇 = 𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚+𝐶𝐶𝐶𝐶 − 𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚 (9-8) 

 

where CS is the Confidence Score.  The term 𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚+𝐶𝐶𝐶𝐶 extends the bounding response, 𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚,  by 

CS, and the difference between 𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚+𝐶𝐶𝐶𝐶 and 𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚 provides quantification of Target Margin.  It 

quantifies the margin, based on the Critical Metric regression model, that is needed to protect 

against modeling uncertainty, as determined by the input model Confidence Score, CS.  The 

expanded expression for Target Margin is 

 
 

𝑇𝑇𝑇𝑇 = 𝑏𝑏0 + � |𝑏𝑏𝑖𝑖

𝑝𝑝

𝑖𝑖=1

|(1 + 𝐶𝐶𝐶𝐶𝑖𝑖) + � � |𝑏𝑏𝑖𝑖𝑖𝑖|
𝑝𝑝

𝑗𝑗=𝑖𝑖+1

(1 + 𝐶𝐶𝐶𝐶𝑖𝑖)�1 + 𝐶𝐶𝐶𝐶𝑗𝑗�
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𝑖𝑖=1

 (9-9) 
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There are two important notes that go along with this expression for Target Margin: 

• The expression for Target Margin in Equation 9-9 assumes Critical Metric performance 

whose Metric Limit is on the high side of the performance distribution, which is the specific 

case that is applied in this dissertation.  Extending the process to other Critical Metrics that 

have Metric Limit on the low side of performance distribution is future work. 

• The Critical Metric regression model is an interpolation model.  By evaluating the Critical 

Metric regression model at 𝑌𝑌�𝑚𝑚𝑚𝑚𝑚𝑚+𝐶𝐶𝐶𝐶, the model is being extended outside the [-1, 1] interval 

over which it was derived, and becomes progressively less valid at larger values of CS.  

Awareness of this potential limitation should be present when applying the methodology. 
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9.3 Computing Epistemic and Aleatory Contribution to Target Margin 

One feature of the Evolved Methodology is tracking epistemic uncertainty and aleatory 

uncertainty contribution to Target Margin, both for total Target Margin and the Target Margin 

contribution from each term in the regression model.  This is done by considering the linear, 

interactive (or cross) and second-order terms in the Target Margin expression in Equation 9-9. 

Referring to Equation 9-9, the contribution to Target Margin by the nth linear term is given 

by 

 |𝑏𝑏𝑛𝑛|(1 + 𝐶𝐶𝐶𝐶𝑛𝑛) − |𝑏𝑏𝑛𝑛|(1) (9-10) 
 

Because the uncertainty inherent in the input distribution is cast as being made of epistemic and/or 

aleatory uncertainty, Equation 9-10 can be written as 

 |𝑏𝑏𝑛𝑛|[(𝐸𝐸𝐸𝐸𝑛𝑛 + 𝐴𝐴𝐴𝐴𝑛𝑛) + (𝐸𝐸𝐸𝐸𝑛𝑛 + 𝐴𝐴𝐴𝐴𝑛𝑛)𝐶𝐶𝐶𝐶𝑛𝑛]− |𝑏𝑏𝑛𝑛|(𝐸𝐸𝐸𝐸𝑛𝑛 + 𝐴𝐴𝐴𝐴𝑛𝑛) (9-11) 
 

where 𝐸𝐸𝐸𝐸𝑛𝑛 is the fraction of total uncertainty that is epistemic, and 𝐴𝐴𝐴𝐴𝑛𝑛is the fraction of total 

uncertainty that is aleatory for the nth model input, and 

 𝐸𝐸𝐸𝐸𝑛𝑛 + 𝐴𝐴𝐴𝐴𝑛𝑛 = 1 (9-12) 
 

Equation 9-11 can be simplified and written as 

 |𝑏𝑏𝑛𝑛|𝐶𝐶𝐶𝐶𝑛𝑛𝐸𝐸𝐸𝐸𝑛𝑛 + |𝑏𝑏𝑛𝑛|𝐶𝐶𝐶𝐶𝑛𝑛𝐴𝐴𝐴𝐴𝑛𝑛 (9-13) 
 

The first term in Equation (9-13) is the epistemic uncertainty contribution to Target Margin from 

the nth linear term of the regression model, and the second term is the aleatory uncertainty 

contribution to Target Margin from the nth linear term of the regression model.  This expression 

shows that for the linear terms of the regression model, the contribution from epistemic uncertainty 

can be separated from contribution from aleatory uncertainty, and the epistemic and aleatory 

contributions are simply 𝐸𝐸𝐸𝐸𝑛𝑛 and 𝐴𝐴𝐴𝐴𝑛𝑛, respectively. 
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In a similar way, the interaction term for the nth and mth regression model inputs can be 

written in terms of epistemic and aleatory uncertainty contribution as 

 
 |𝑏𝑏𝑛𝑛𝑛𝑛|[(1 + 𝐶𝐶𝐶𝐶𝑛𝑛)(1 + 𝐶𝐶𝐶𝐶𝑚𝑚) − 1][𝐸𝐸𝐸𝐸𝑛𝑛𝐸𝐸𝐸𝐸𝑚𝑚 + 𝐸𝐸𝐸𝐸𝑛𝑛𝐴𝐴𝐴𝐴𝑚𝑚 + 𝐸𝐸𝐸𝐸𝑚𝑚𝐴𝐴𝐴𝐴𝑛𝑛

+ 𝐴𝐴𝐴𝐴𝑛𝑛𝐴𝐴𝐴𝐴𝑚𝑚] (9-14) 

 
As Equation 9-14 shows, for the interactive terms of the regression model, epistemic uncertainty 

contribution and aleatory contribution can be separated, but not completely.  In the second square 

bracket in Equation 9-14, contribution from epistemic uncertainty is given by the term 𝐸𝐸𝐸𝐸𝑛𝑛𝐸𝐸𝐸𝐸𝑚𝑚, 

contribution from aleatory uncertainty is given by the term 𝐴𝐴𝐴𝐴𝑛𝑛𝐴𝐴𝐴𝐴𝑚𝑚, and contribution from 

combined uncertainty is given by the expression 𝐸𝐸𝐸𝐸𝑛𝑛𝐴𝐴𝐴𝐴𝑚𝑚 + 𝐸𝐸𝐸𝐸𝑚𝑚𝐴𝐴𝐴𝐴𝑛𝑛, and it can be easily shown 

that 

 𝐸𝐸𝐸𝐸𝑛𝑛𝐸𝐸𝐸𝐸𝑚𝑚 + 𝐸𝐸𝐸𝐸𝑛𝑛𝐴𝐴𝐴𝐴𝑚𝑚 + 𝐸𝐸𝐸𝐸𝑚𝑚𝐴𝐴𝐴𝐴𝑛𝑛 + 𝐴𝐴𝐴𝐴𝑛𝑛𝐴𝐴𝐴𝐴𝑚𝑚 = 1 (9-15) 
 
 

The following is an expression for the nth second-order regression model term in terms of 

epistemic and aleatory uncertainty contribution 

 
 𝑏𝑏𝑛𝑛𝑛𝑛𝐶𝐶𝐶𝐶𝑛𝑛(2 + 𝐶𝐶𝐶𝐶𝑛𝑛)𝐸𝐸𝐸𝐸𝑛𝑛2 + 𝑏𝑏𝑛𝑛𝑛𝑛𝐶𝐶𝐶𝐶𝑛𝑛(2 + 𝐶𝐶𝐶𝐶𝑛𝑛)𝐴𝐴𝐴𝐴𝑛𝑛2

+ 𝑏𝑏𝑛𝑛𝑛𝑛𝐶𝐶𝐶𝐶𝑛𝑛(2 + 𝐶𝐶𝐶𝐶𝑛𝑛)2𝐸𝐸𝐸𝐸𝑛𝑛𝐴𝐴𝐴𝐴𝑛𝑛 (9-16) 

 

As seen in Equation 9-16, the first term contains epistemic uncertainty contribution only, the 

second term contains aleatory uncertainty only and the third term has combined epistemic and 

aleatory uncertainty.  Therefore, as with interactive terms, for second-order regression model terms 

the uncertainty contribution to Target Margin can be partially separated into epistemic and 

aleatory, but part of the uncertainty can only be considered as combined.  The contribution from 

epistemic uncertainty is 𝐸𝐸𝐸𝐸𝑛𝑛2, the contribution from aleatory uncertainty is 𝐴𝐴𝐴𝐴𝑛𝑛2, and the 

contribution from combined uncertainty is given by 2𝐸𝐸𝐸𝐸𝑛𝑛𝐴𝐴𝐴𝐴𝑛𝑛, where 
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 𝐸𝐸𝐸𝐸𝑛𝑛2 + 2𝐸𝐸𝐸𝐸𝑛𝑛𝐴𝐴𝐴𝐴𝑛𝑛 + 𝐴𝐴𝐴𝐴𝑛𝑛2 = 1  (9-17) 
 

Note that when bnn in Equation 9-16 is positive, the second-order contribution to uncertainty type 

is provided by Equation 9-16, and when bnn is negative, the contributions are set to zero, for the 

reason discussed in Section 9.2. 

The above formulations are used by the Evolved Methodology to compute Target Margin 

contribution from epistemic uncertainty, aleatory uncertainty and combined uncertainty for each 

regression model term and for total Target Margin. 

 
9.4 Tool Implementation 

As part of the implementation of the Evolved Methodology in the Target Margin Sizing 

Tool (TMST), an assessment of uncertainty type for each input variable is conducted.  As part of 

the Assessment Main Window, TMST provides an interface, shown in Figure 9-4, that allows for 

capturing the type of uncertainty distribution (normal or uniform), and an estimation of fractional 

split between epistemic and aleatory uncertainty in the input uncertainty distribution.  A discussion 

of the value in capturing epistemic and aleatory uncertainty split is presented in Section 10. 

The Assessment Main Window in TMST also contains a Target Margin sizing area where 

the results of the quantification of Target Margin are displayed, shown in Figure 9-5.  Internally, 

TMST uses the expression for Target Margin shown in Equation 9-9 to compute the Target 

Margin, and also lists the contribution each term in the regression model makes to Target Margin, 

shown in Figure 9-5 for only the linear terms in the regression model for the sake of brevity, 

although the complete interface shows all regression model terms.  Note that the terms of the 

regression model that are determined to be statistically not significant via the significance test 
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Figure 9-4  TMST input uncertainty specification interface. 

 
described in Section 6 are set to zero.  The blue shaded region in the TMST interface shown in 

Figure 9-5 shows Target Margin, and also the Contribution Split, which is the percent of Target 

Margin computed to be attributed to epistemic uncertainty, aleatory uncertainty and the 

combination of both, based on the estimations provided in the Figure 9-4 interface.  The green 

shaded regions of the interface show the Confidence Score for the input variables associated with 

each of the linear terms of the regression model, along with the term’s contribution to Target 

Margin, and the Contribution Split of percent contribution of epistemic, aleatory and combined 

uncertainty for each term.  Note that the Confidence Score is shown only for the linear terms 

because it only needs to be computed once for each input variable, although the Confidence Score 

is used to compute the contribution to Target Margin for each term in the regression model.  

Application of the TMST tool to the InSight entry, descent and landing (EDL) system is the subject 

of Section 11. 
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Figure 9-5  TMST Target Margin sizing results interface. 
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10 Methodology Applied Across Project Lifecycle 

The application of the Evolved Methodology across project lifecycle is accomplished by 

applying the methodology to chosen epochs or milestones during the lifecycle.  By applying the 

methodology and tracking resulting Target Margin at epochs, the following benefits result: 

Tracking Margin Trends Across Epochs 

Exercising the Target Margin methodology across epochs and major milestones during the 

lifecycle of the project allows for determination of Target Margin given the current status of 

modeling confidence and uncertainty, and provides a record of sequential assessments under which 

to establish a Target Margin trend. 

Identification of Modeling with Low Confidence 

At each epoch, and particularly at early epochs, exercising an Input Model Confidence 

Assessment as part of the Evolved Methodology provides a survey of where low modeling 

confidence exists in the Model Inputs of Highest Influence.  This survey can be used to assess 

where investments can be made to increase confidence and thus reduce the need for performance 

margin.  In this way, the Evolved Methodology can aid in the strategic use of project resources. 

Identification of Areas with High Epistemic Uncertainty 

As with identification of areas with low modeling confidence, estimating the amount of 

epistemic uncertainty content in input uncertainty provides a survey of the reducible uncertainty 

present in the modeling of entry, descent and landing (EDL) system performance. Again, this 

knowledge can guide strategic use of project investments to reduce uncertainty. 

Forecasting Target Margin and Performing Target Margin Sensitivities 

The Evolved Methodology provides forecasting of Target Margin by applying the 

methodology to future epochs with current regression models, anticipated or expected 
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configuration parameters, anticipated Assessment Category weightings and predicted Assessment 

Category Confidence Ratings (guided by expected changes in model fidelity, validation, etc).  In 

this way, future needed Target Margin can be predicted and forecast to inform planning.  

Additionally, by parametrically varying configuration parameters, weightings and ratings, Target 

Margin sensitivity to variations (partial derivatives) can be established to also inform planning and 

decision-making.  Sensitivity to configuration of the Evolved Methodology is applied to InSight 

in Section 12. 

 
10.1 Tool Implementation 

The Target Margin Assessment Tool (TMST) is designed to apply Target Margin 

assessments across project lifecycle.  This is accomplished primarily by providing a user interface 

that provides the ability to track Target Margin assessments across all configured epochs.  In the 

TMST Assessment Main Window interface, there is a tab for each epoch which contains all the 

controls necessary for doing an epoch assessment.  The epoch tabs are indicated by the red bracket 

in the TMST Assessment Main Window interface in Figure 10-1.  The TMST Assessment Main 

Window also has a Target Margin tracking display, shown in Figure 10-2.  The display visually 

shows the Metric Limit, Target Margin and Target Limit side-by-side for each Target Margin 

assessment on the epoch tabs.  This provides a record of Target Margin trending for past and 

current epochs.  The epochs shown in Figure 10-2 are the InSight epochs to be used in Section 11.  

Figure 10-3 shows the Target Margin Sizing area of the TMST Assessment Main Window.  The 

last three data columns shown in the figure labelled Epistemic, Aleatory and Combined provide a 

breakdown of the contributions to Target Margin from epistemic and aleatory.  The column 

Combined lists the contribution from combined epistemic and aleatory for the portion of 

uncertainty where epistemic and aleatory uncertainty are mathematically inseparable (as was 
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discussed in Section 9.3).  These columns provide an understanding of fraction of Target Margin 

that is due to epistemic uncertainty, that has the potential to be reduced in future assessments 

through project strategic investments.  The features outlined here provide for the means to apply 

the Evolved Methodology across a project lifecycle. 

 

 
 

Figure 10-1  TMST Assessment Main Window epoch tabs. 
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Figure 10-2  TMST Assessment Main Window margin tracking display across analysis epochs. 

 
 

 
 

Figure 10-3  TMST Assessment Main Window epistemic and aleatory breakdowns. 
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11 Application to InSight Landing 

The previous sections of this dissertation describe the mechanics of the Evolved 

Methodology for quantifying Target Margin.  The remainder of the dissertation applies the 

methodology to NASA’s InSight Mars landing, and will explore sensitivities to variations in 

process configuration.  It also provides a comparison to the original Seed Methodology described 

in Section 1.3.2 and provides an assessment of the degree to which the original objectives of the 

research (outlined in Section 2) are achieved. 

 
11.1 InSight Assessment Epochs 

The InSight mission formally became a project in 2012 as part of NASA’s Discovery 

Program [28].  Between its inception in 2012 and its landing on Mars in 2018, the project went 

through the standard phases of project development, implementation and flight.  Ideally, a full 

application of the Evolved Methodology across all the phases of the InSight Project lifecycle 

would be most valuable in assessing the methodology.  However, due to incomplete required data 

sets from the early phases of the InSight Project, only epochs from late in the project lifecycle will 

be used to apply the methodology.  Application to a simulated early project epoch is presented in 

Section 12.2. 

In the analysis of entry, descent and landing (EDL) flight dynamics performance, InSight 

utilized recurring analysis cycles, called Simulation Campaigns, to incrementally mature and ready 

the EDL system for flight.  These analysis cycles included extensive Monte Carlo end-to-end 

simulation, the data from which is used in this dissertation to apply the methodology to InSight.  

The Monte Carlo simulation tool used by InSight is Program to Optimize Simulated Trajectories 

II (POST2), a widely used simulation tool developed by NASA Langley Research Center [29].  
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Three InSight Simulation Campaign data sets are used in applying the Evolved Methodology to 

InSight, as described in Table 11-1.  The three Simulation Campaigns are ATLO 2.0, As-Built 2.0, 

and Flight Reference Delta.  ATLO is an acronym for Assembly, Test and Launch Operations, and 

the “2.0” designation refers the fact that due to a launch date slip in 2016, the ATLO and As-Built 

campaigns were run twice, once prior to the original 2016 launch date, and again prior to the 2018 

launch.  The Simulation Campaigns described in Table 11-1 serve as the three InSight epochs to 

which the Evolved Methodology is applied. 

 
Table 11-1  Summary of InSight Simulation Campaigns. 

Sim ID InSight Simulation 
Campaign Description Timing 

17-013 ATLO 2.0 
A simulation campaign timed to coincide with early 
Assembly, Test and Launch Operations (ATLO), nine 
months before launch 

Launch – 9 months 
(2017-09) 

17-037 As-Built 2.0 
A simulation campaign timed to coincide with the 
earliest availability of as-built/as-measured vehicle 
parameters six months before launch 

Launch – 6 months 
(2017-12) 

18-563 Flight Reference Delta 

A simulation campaign using the best-known 
configuration of the vehicle as launched, and used 
for EDL performance reference during flight, run two 
months before landing 

Landing – 2 months 
(2018-10) 

 

 
11.2 Monte Carlo Filtering Results 

Archived Monte Carlo performance data for the three Simulation Campaigns in Table 11-1 

were filtered for the Model Inputs of Highest Influence using the Monte Carlo filtering techniques 

described in Section 5, using correlation coefficient and mutual information.  For each of the 

Monte Carlo data sets, the top six input variables of highest influence were identified.  A count of 

six inputs was selected as a balance between capturing as many top influence inputs as possible 

while limiting the dimensions of the design of experiments (DOE) analysis and the number of 
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terms of the resulting regression model.  As was discussed Section 5, the results of the Monte Carlo 

Filtering flow into DOE Analysis in Section 11.3 

The subsections that follow provide the results of the Monte Carlo Filtering process for the 

InSight data for the four Critical Metrics described in Table 11-2.  During the formulation phase 

of the dissertation, to achieve reasonable research scope, the application of the Evolved 

Methodology to InSight Critical Metrics was limited to the atmospheric flight phase of InSight 

EDL from entry into the atmosphere to parachute deployment.  This results in application to the 

Critical Metrics Peak Deceleration, Peak Heat Rate, Total Heating and Parachute Inflation Load. 

To better define the cryptic InSight Monte Carlo input names, Table 11-3 provides the definitions 

for the model input variables in the Monte Carlo Filtering results presented in this section.  Note 

that Monte Carlo filtering for four Critical Metrics, over three epochs and limiting inputs of highest 

influence to six, results in a total of 72 Model Inputs of Highest Influence, although only 12 inputs 

are unique with different combinations of the 12 resulting in a total of 72.  This will become 

apparent in the subsections that follow. 

 
Table 11-2  Critical Metric descriptions and units3. 

Critical Metrics Description Units3 

Peak Deceleration The maximum deceleration experienced by the 
vehicle during entry 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸ℎ 𝑔𝑔′𝑠𝑠 

Peak Heat Rate 
The peak heat rate experienced by the vehicle, 
measured at the stagnation point of the vehicle’s 
heatshield 

𝑊𝑊 𝑐𝑐𝑐𝑐2⁄  

Total Heating 
The integrated heat load accumulated from entry to 
parachute deployment, measured at the stagnation 
point of the vehicle’s heatshield 

𝐽𝐽 𝑐𝑐𝑐𝑐2⁄  

Parachute Inflation Load The maximum force experienced by the vehicle 
during the parachute inflation event 𝑙𝑙𝑙𝑙𝑙𝑙 

 

                                                 
3 For margin tracking for EDL, the InSight Project used both metric and English units, including pound-force for 
parachute inflation load.  For consistency, InSight unit convention is adopted for this dissertation. 
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Table 11-3  Definitions of InSight Monte Carlo input names. 

Input Name Definition 

ca_hc_mult Entry vehicle axial force coefficient multiplier in hypersonic regime.1 

ca_mc_mult Entry vehicle axial force coefficient multiplier in supersonic regime.1 

chute_aero_disp Dispersed parachute drag coefficient. 

cm_hc_add Entry vehicle pitch moment coefficient adder in the hypersonic regime.1 

cm_mc_add Entry vehicle pitch moment coefficient adder in the supersonic regime.1 

cn_hc_add Entry vehicle yaw moment coefficient multiplier in hypersonic regime.1 

density_sum_40km_20km Sum of atmospheric density between 40 km and 20 km.2 

density_sum_60km_40km Sum of atmospheric density between 60 km and 40 km.2 

density_sum_80km_60km Sum of atmospheric density between 80 km and 60 km.2 

density_sum_above_100km Sum of atmospheric density above 100 km.2 

EFPA Entry vehicle flight path angle at entry interface at the top of the atmosphere.  

zcg_ei Entry vehicle aero frame z-axis center of gravity offset at entry interface.3 

1 Further defined in Section 11.2.1 
2 Discussed in Section 5.3 
3 Further defined in Section 11.2.2 

 
 

11.2.1 InSight Entry Vehicle Aerodynamic Model 

The input variable definitions listed in Table 11-3 contain aerodynamic coefficients 

defined as multipliers and adders.  Aerodynamic coefficient multipliers and adders are used to 

disperse the local slope and intercept of an aerodynamic coefficient linear uncertainty function 

defined by M. Schoenenberger [30] by the following expressions: 

 

 Axial Force Coefficient 
 
 

𝐶𝐶𝐴𝐴𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 = 𝐶𝐶𝐴𝐴(𝛼𝛼,𝛽𝛽)�1 + 𝑈𝑈𝐶𝐶𝐴𝐴
𝑀𝑀 � 

 
 

 

 
(11-1) 
 
 

 Pitch Moment Coefficient 
 

 

𝐶𝐶𝑚𝑚𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷|𝑐𝑐𝑐𝑐 = �𝐶𝐶𝑚𝑚(𝛼𝛼,𝛽𝛽)|𝑀𝑀𝑀𝑀𝑀𝑀 +
∆𝑥𝑥
𝑑𝑑
𝐶𝐶𝑁𝑁(𝛼𝛼,𝛽𝛽) −

∆𝑧𝑧
𝑑𝑑
𝐶𝐶𝐴𝐴(𝛼𝛼,𝛽𝛽) + 𝑈𝑈𝐶𝐶𝑚𝑚

𝐴𝐴 � �1 + 𝑈𝑈𝐶𝐶𝑚𝑚
𝑀𝑀 � 

 

(11-2) 
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 Axial Moment Coefficient 

 
 

𝐶𝐶𝑛𝑛𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷|𝑐𝑐𝑐𝑐 = �𝐶𝐶𝑛𝑛(𝛼𝛼,𝛽𝛽)|𝑀𝑀𝑀𝑀𝑀𝑀 +
∆𝑥𝑥
𝑑𝑑
𝐶𝐶𝑌𝑌(𝛼𝛼,𝛽𝛽) −

∆𝑦𝑦
𝑑𝑑
𝐶𝐶𝐴𝐴(𝛼𝛼,𝛽𝛽) + 𝑈𝑈𝐶𝐶𝑛𝑛

𝐴𝐴 � �1 + 𝑈𝑈𝐶𝐶𝑛𝑛
𝑀𝑀 � 

 
(11-3) 

 

 
In Equation 11-1, 𝑈𝑈𝐶𝐶𝐴𝐴

𝑀𝑀 is the axial force coefficient multiplier (ca_hc_mult & ca_mc_mult); in 

Equation 11-2, 𝑈𝑈𝐶𝐶𝑚𝑚
𝐴𝐴  is the pitch moment coefficient adder (cm_hc_add & cm_mc_add); and in 

Equation 11-3, 𝑈𝑈𝐶𝐶𝑛𝑛
𝐴𝐴 is the yaw moment adder (cn_hc_add).  Other parameters in these equations 

are defined in Figure 11-1, from Aerodynamic Performance of the 2018 InSight Mars Lander by 

A. Korzun, et al [31]. 

 

Figure 11-1  InSight aerodynamic coordinate frame. [31] 

11.2.2 Entry Vehicle Center of Gravity Location Definition  

The center of gravity location input parameter zcg_ei from Table 11-3 is the distance of 

the center of gravity from the origin of the spacecraft aerodynamic coordinate frame along the 

z-axis at entry interface, the moment of entry into the atmosphere at the beginning of the EDL 

event.  From Blanchard, et al [32], the spacecraft Cruise Frame coordinate system is shown in 

Figure 11-2 for the Phoenix Mars Lander spacecraft, which had identical coordinate frame 
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definitions as InSight.  The Cruise Frame is shown in red, with XC, YC, and ZC defining the Cruise 

Frame axes.  Figure 11-2 also shows the relationship between the spacecraft Cruise Frame and the 

orientation of the aerodynamic coefficients from Figure 11-1, and illustrates that the z-axis 

aerodynamic frame is aligned with the YC axis in the Cruise Frame.  Figure 11-3 from Johnson, et 

al [33] depicts the same Cruise Frame relative to the InSight lander (which is housed inside the 

aeroshell at entry interface), with the Cruise Frame defined as XC, YC, and ZC in black font.  The 

figure shows the lander from the bottom of the vehicle, with two red propellant tanks oriented at 

about 45° in the figure.  Note the Cruise Frame y-axis is perpendicular to the lander propellant 

tanks, and at entry interface the attitude of the entry vehicle is oriented with the propellant tanks 

parallel to the surface of Mars, with any center of gravity offset in the Cruise Frame y-axis resulting 

in a pitch moment. 

 

Figure 11-2  InSight entry vehicle 
coordinate frames. [32] 

 

Figure 11-3  InSight lander coordinate 
frames. [33] 

 
11.2.3 Peak Deceleration 

The Monte Carlo Filtering results for the Critical Metric Peak Deceleration for the three 

InSight epochs are shown in Tables 11-4 ‒ 11-6.  Each table lists the mutual information and 
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correlation coefficient result for the top six highest correlated input parameters for the Critical 

Metric Peak Deceleration.  In identifying the most influential parameters, in general parameters 

were included as long as the magnitude of the correlation coefficient was near or above 0.1.  As 

can be seen in the results, the pitch moment adder in the hypersonic regime shows the strongest 

correlation with Peak Deceleration.  This is not surprising because the pitch moment will determine 

at what angle of attack the vehicle will trim, which determines the amount of lift the vehicle has 

as it flies a trajectory.  A lift-down or lift-up trajectory strongly influences the Peak Deceleration 

experienced by the vehicle.  The second parameter of strong influence is the atmosphere between 

40 km and 20 km, which is the altitude band where the InSight entry vehicle experiences peak 

deceleration.  The third input of strong influence is entry flight path angle, which again is not 

surprising because a steep entry angle will, in general, result in a higher peak deceleration while a 

shallower entry flight path angle will lower the peak deceleration.  The six most influential input 

parameters across the three different analysis epochs are the same except for the sixth parameter, 

which is zcg_ei for the first two epochs ATLO 2.0 and As-Built 2.0, but changes to cn_hc_add for 

the final epoch Flight Reference Delta.  The switch from zcg_ei to cn_hc_add occurs between 

epochs As-Built 2.0 and Flight Reference Delta, which may be tied to a narrowing of entry vehicle 

mass properties dispersion after launch of the spacecraft, where zcg_ei input dispersion standard 

deviation drops from 0.34 mm for ATLO 2.0 and As-Built 2.0, to 0.13 mm for Flight Reference 

Delta.  Interestingly, the magnitude of the mutual information and correlation coefficients do not 

vary significantly across the three analysis epochs.  It should be noted that entry flight path angle 

(EFPA) shows a range of correlation coefficient and mutual information because EFPA is used as 

a proxy for components of entry position and entry velocity in the Monte Carlo output. 
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Table 11-4 Peak Deceleration top influence model input for ATLO 2.0. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 cm_hc_add 0.40 -0.68 

2 density_sum_40km_20km 0.30 -0.58 

3 EFPA 0.19-0.12 0.42-0.15 

4 density_sum_60km_40km 0.14 -0.29 

5 density_sum_above_100km 0.12 -0.18 

6 zcg_ei 0.13 0.15 

 

Table 11-5 Peak Deceleration top influence model inputs for As-Built 2.0. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 cm_hc_add 0.40 -0.69 

2 density_sum_40km_20km 0.32 -0.59 

3 EFPA 0.19-0.12 0.42-0.15 

4 density_sum_60km_40km 0.14 -0.29 

5 density_sum_above_100km 0.11 -0.18 

6 zcg_ei 0.13 0.14 

 

Table 11-6  Peak Deceleration top influence model inputs for Flight Reference Delta. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 cm_hc_add 0.40 -0.68 

2 density_sum_40km_20km 0.30 -0.57 

3 EFPA 0.21-0.12 0.40-0.16 

4 density_sum_60km_40km 0.15 -0.27 

5 density_sum_above_100km 0.13 -0.17 

6 cn_hc_add 0.13 0.09 

 

 

11.2.4 Peak Heat Rate 

The Monte Carlo Filtering results for the Critical Metric Peak Heat Rate for the three 

InSight epochs are shown in Tables 11-7 ‒ 11-9.  The top three highest correlated inputs are 
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atmosphere density parameters density_sum_80km_60km and density_sum_above_100km and 

EFPA.  These parameters have the highest correlation because the integrated drag force in the 

upper levels of the atmosphere affect the rate of energy dissipation prior to peak heating and thus 

how much energy the entry vehicle carries into the denser altitudes of the atmosphere where peak 

heating occurs.  Both hypersonic axial force coefficient multiplier (ca_hc_mult) and hypersonic 

pitch moment coefficient adder (cm_hc_add) also are significant influencers.  The filtering of the 

three InSight epoch Monte Carlos returned the same ordered set of inputs of highest influence, and 

the values for mutual information and correlation coefficient show only minor variations across 

the three epochs. 

 
Table 11-7 Peak Heat Rate top influence model inputs for ATLO 2.0. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 density_sum_80km_60km 0.15 -0.28 

2 EFPA 0.15-0.09 0.28-0.17 

3 density_sum_above_100km 0.13 -0.22 

4 cm_hc_add 0.13 -0.21 

5 ca_hc_mult 0.12 -0.19 

6 density_sum_60km_40km 0.10 -0.10 

 

Table 11-8 Peak Heat Rate top influence model inputs for As-Built 2.0. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 density_sum_80km_60km 0.14 -0.28 

2 EFPA 0.15-0.09 0.28-0.09 

3 density_sum_above_100km 0.13 -0.22 

4 cm_hc_add 0.13 -0.22 

5 ca_hc_mult 0.12 -0.19 

6 density_sum_60km_40km 0.10 -0.10 
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Table 11-9 Peak Heat Rate top influence model inputs for Flight Reference Delta. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 density_sum_80km_60km 0.15 -0.28 

2 EFPA 0.17-0.12 0.28-0.10 

3 density_sum_above_100km 0.14 -0.21 

4 cm_hc_add 0.14 -0.21 

5 ca_hc_mult 0.13 -0.19 

6 density_sum_60km_40km 0.12 -0.09 

 

 
11.2.5 Total Heating 

The Monte Carlo Filtering results for the Critical Metric Total Heating for the three InSight 

epochs are shown in Tables 11-10 ‒ 11-12.  Interestingly, while both Peak Heat Rate and Total 

Heating are aerothermal heating metrics and share many of the same inputs of top influence, the 

ordering of the inputs is somewhat different.  This may be because while Peak Heat Rate is an 

instantaneous metric, Total Heating is an integrated metric.  For Total Heating, the input of 

strongest influence is the hypersonic pitch moment coefficient adder (cm_hc_add) with a 

correlation coefficient of 0.54 for epoch ATLO 2.0.  In the Peak Heat Rate Monte Carlo Filtering 

results, the hypersonic pitch moment coefficient adder was the fourth most influential input 

parameter with a negative correlation coefficient of -0.21 for ATLO 2.0.  Comparing all inputs of 

highest influence between Peak Heat Rate and Total Heating, note that the sign of the correlation 

coefficient shows there is an opposite correlation for each input between the two metrics.  This is 

consistent with the previously mentioned well known opposing relationship between Peak Heat 

Rate and Total Heating: a rise in one metric is accompanied with a drop in the other metric.  Again, 

the Monte Carlo Filtering results across the three InSight epochs are nearly the same with only 

small differences in correlation coefficient values. 
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In assessing the Monte Carlo Filtering results for Peak Heat Rate and Total Heating, it was 

observed there is a missing simulation model that is central to these two aerothermal Critical 

Metrics.  The well-known Sutton-Graves aerothermal heating model is used in the Monte Carlos 

to compute stagnation point heating.  Because there are no varied model parameters for the Monte 

Carlo Sutton-Graves model, the model does not appear in the Monte Carlo Filtering results, and 

therefore is not included in DOE regression modeling or the Model Confidence Assessment.  This 

observation shows an area of future exploration for methodology development.  Because the 

Sutton-Graves model has no dispersed parameters, it implies there is no modeling uncertainty.  But 

given its central role in the modeling of aerothermal heating, should there be a process to include 

it in the sizing of Target Margin? 

 
Table 11-10 Total Heating top influence model inputs for ATLO 2.0. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 cm_hc_add 0.26 0.54 

2 density_sum_40km_20km 0.25 0.52 

3 EFPA 0.16-0.11 -0.34-0.17 

4 density_sum_60km_40km 0.15 0.34 

5 density_sum_80km_60km 0.15 0.30 

6 ca_hc_mult 0.14 -0.29 

 

Table 11-11 Total Heating top influence model inputs for As-Built 2.0. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 cm_hc_add 0.26 0.53 

2 density_sum_40km_20km 0.26 0.52 

3 EFPA 0.16-0.11 -0.34-0.17 

4 density_sum_60km_40km 0.15 0.33 

5 density_sum_80km_60km 0.15 0.30 

6 ca_hc_mult 0.14 -0.30 

 



                                                                           82 

 

Table 11-12 Total Heating top influence model inputs for Flight Reference Delta. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 cm_hc_add 0.27 0.53 

2 density_sum_40km_20km 0.25 0.51 

3 EFPA 0.17-0.12 -0.34-0.13 

4 density_sum_60km_40km 0.16 0.33 

5 ca_hc_mult 0.15 -0.31 

6 density_sum_80km_60km 0.16 0.30 

 

 
11.2.6 Parachute Inflation Load 

The Monte Carlo Filtering results for the Critical Metric Parachute Inflation Load for the 

three InSight epochs are shown in Tables 11-13 ‒ 11-15.  For all three epochs there is a strong 

correlation between the magnitude of dispersed parachute aerodynamic drag (chute_aero_disp) 

and Parachute Inflation Load.  This is because the opening load, or force, is directly proportional 

to the parachute drag coefficient by the familiar drag force equation [34] 

 𝐷𝐷 = 𝑞𝑞∞𝑆𝑆𝐶𝐶𝑑𝑑 (11-4) 
 
where D is drag force, q∞ is freestream dynamic pressure, S is drag area and Cd is the drag 

coefficient.  The InSight parachute deployment software trigger is a hybrid trigger that deploys on 

either sensed deceleration (as a proxy for dynamic pressure) or propagated velocity.  It is tuned in 

such a way to deploy nearly always on deceleration, with the velocity trigger used to protect against 

deploying at a Mach number that exceeds the parachute specification.  Sensed entry vehicle 

deceleration is a proxy for dynamic pressure via a proportionality with the entry vehicle drag 

coefficient. With perfect knowledge of entry vehicle drag coefficient, the parachute would always 

deploy at the targeted freestream dynamic pressure, q∞.  However, because there is always some 

uncertainty in entry vehicle drag, there is always some variation in the dynamic pressure at which 
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the parachute will be deployed and thus uncertainty in Parachute Inflation Load.  This is reflected 

in the fact that the entry vehicle supersonic axial force coefficient multiplier is the third input 

parameter of highest influence.  The pitch moment coefficient adders and density parameters all 

affect the trajectory flown before the parachute is deployed, and thus the deployment conditions. 

 
Table 11-13 Parachute Inflation Load top influence model inputs for ATLO 2.0. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 chute_aero_disp 0.69 0.84 

2 density_sum_40km_20km 0.17 -0.33 

3 ca_mc_mult 0.16 -0.33 

4 cm_hc_add 0.15 -0.28 

5 cm_mc_add 0.11 -0.15 

6 density_sum_60km_40km 0.09 -0.11 

 

Table 11-14 Parachute Inflation Load top influence model inputs for As-Built 2.0. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 chute_aero_disp 0.72 0.85 

2 ca_mc_mult 0.17 -0.33 

3 density_sum_40km_20km 0.17 -0.31 

4 cm_hc_add 0.15 -0.26 

5 cm_mc_add 0.17 -0.15 

6 density_sum_60km_40km 0.13 -0.10 

 

Table 11-15 Parachute Inflation Load top influence model inputs for Flight Reference Delta. 

Var 
Count Input Mutual Info Correlation 

Coeff 

1 chute_aero_disp 0.70 0.83 

2 density_sum_40km_20km 0.20 -0.35 

3 ca_mc_mult 0.18 -0.33 

4 cm_hc_add 0.18 -0.31 

5 cm_mc_add 0.14 -0.19 

6 density_sum_60km_40km 0.13 -0.13 
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The next section will use the results of Monte Carlo Filtering to generate second-order 

regression models via the DOE process. 

 
11.3 Design of Experiments (DOE) Regression Model Results 

Recall from Section 6 that DOE regression modeling is used to better quantify the level of 

influence each input has on Critical Metric performance, and to develop a regression model to use 

in quantifying Target Margin.  A 3-level, full-factorial DOE is performed resulting in a regression 

model of the form: 

 𝑌𝑌� = 𝑏𝑏0 + 𝑏𝑏1𝑥𝑥1 + 𝑏𝑏2𝑥𝑥2 + ⋯+ 𝑏𝑏𝑝𝑝𝑥𝑥𝑝𝑝 (11-5) 
+𝑏𝑏12𝑥𝑥1𝑥𝑥2 + 𝑏𝑏13𝑥𝑥1𝑥𝑥3 + ⋯+ 𝑏𝑏𝑝𝑝−1𝑥𝑥𝑝𝑝−1𝑥𝑥𝑝𝑝 

+𝑏𝑏11𝑥𝑥12+𝑏𝑏22𝑥𝑥22 + ⋯+𝑏𝑏𝑝𝑝𝑝𝑝𝑥𝑥𝑝𝑝2 
 

A t-test and p-value are then employed to determine the statistical significance of each term in the 

regression model.  This section provides the implementation details and results as applied to the 

three InSight epochs. 

 
11.3.1 Implementation of 3-Level DOE 

For each of three InSight epochs, a 3-level, full-factorial DOE analysis was run for each 

Critical Metric resulting in twelve total DOE analyses.  While the data sets used for Monte Carlo 

Filtering were generated during the InSight project, the DOE analysis data sets were generated as 

part of this dissertation work.  The same simulation tool, POST2, used by the InSight project during 

the Monte Carlo Simulation Campaigns was used to perform the DOE analysis.  Thanks to 

simulation archiving, the DOE analysis for each InSight epoch was performed with the exact 

simulation configuration used to perform the Monte Carlo analysis during that InSight epoch.  It 

is an absolute requirement that the simulation environment that generated the Monte Carlo 

Filtering results be identical to the simulation environment used to perform the DOE analysis. 
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As discussed in Section 6, for a 3-level, full-factorial DOE analysis where there are p input 

variables, an analysis will require 3p experiments or simulation runs.  Table 11-16 shows an 

example of a two-variable experimental design, adapted from Rekab and Shaikh [24], having 32 

experiments or runs to provide all possible combinations of levels for two variables.  For six inputs 

of highest influence serving as DOE variables, a total of 36, or 729 simulation runs are required 

for each of the twelve DOE analyses, as was stated earlier in Section 6.  A 36 run table was 

constructed for each DOE analysis to guide simulation set-up.  The specification for the first 27 of 

the 729 runs for Critical Metric Peak Deceleration and epoch As-Built 2.0 is shown in Table 11-18, 

as an example.  Note the ordering of the inputs of highest influence in Table 11-11 is not the same 

as the ordering in the Monte Carlo Filtering results (Table 11-8).  Ordering of variables in the 

construction of Table 11-18 does not affect the DOE analysis outcome. 

 
Table 11-16  A 32 experimental design plan. [24] 

 
 

 
11.3.1.1 DOE Levels Represented in Atmosphere Modeling 

The process of parametrizing a continuous atmosphere by using the arithmetic sum of 

density across altitude bands was described in Section 5.3 and utilized in the Monte Carlo Filtering 

process.  Another challenge is creating levels for atmosphere input in DOE analysis that 
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correspond to the same altitude bands used in the Monte Carlo Filtering.  To address this challenge, 

the dispersed Martian atmosphere model used by InSight was used to generate density increase 

scaling factors based on the 3-sigma density bounds of the ensemble of atmosphere profiles that 

make up the dispersed InSight atmosphere model.  This is depicted in Figure 11-4 via an 

atmosphere density tornado plot.  The tornado plot represents the dispersed atmosphere model 

used in the Monte Carlo simulation where each dispersed density profile is plotted as a percent 

difference in density from the model’s nominal profile.  In Figure 11-4, the red boundary lines 

show the 3-sigma dispersion in density by altitude, as a percentage of the nominal density at that 

altitude.  Using the 3-sigma boundaries in Figure 11-4, a percent density scaling factor for each 

altitude band was derived and is shown in Table 11-17.  Using names similar to the Monte Carlo 

Filtering atmosphere variables, the scaled atmosphere bands are referred to as 

density_40km_20km, density 60km_40km, density_80km_60km, density_100km_80km, and 

density_above_100km.  Using the scale factors, atmosphere profiles were generated by scaling 

density across altitude bands with the nominal InSight atmosphere profile serving as the basis for 

all profiles.  Given there are six designated altitude bands from the original atmosphere 

parameterization used in Monte Carlo Filtering, and there are three possible DOE levels per band, 

there are 36, or 729 possible atmosphere profiles needed to capture all combinations of levels across 

all altitude bands.  To produce the 729 scaled atmosphere density profiles needed for the DOE 

analysis, a MATLAB script was created that receives as input the nominal InSight atmosphere 

profile and outputs the 729 profiles containing the appropriate level scaling by altitude. 

 

 

 

(This space intentionally left blank) 
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Figure 11-4  Dispersed atmosphere model tornado plot with 3-sigma boundaries. 

 
 

Table 11-17  Atmosphere altitude band density scaling for 3-level DOE. 

Var 
Count 

 Density Scaling  

Altitude Band Low Level (-1) Mid Level (0) High Level (+1) DOE Variable Name 

1 0 km – 20 km -14.0% 0.0% 14.0% density_20km_0km 

2 20 km – 40 km -15.0% 0.0% 15.0% density_40km_20km 

3 40 km – 60 km -19.0% 0.0% 19.0% density_60km_40km 

4 60 km – 80 km -36.0% 0.0% 36.0% density_80km_60km 

5 80 km – 100 km -63.0% 0.0% 63.0% density_100km_80km 

6 Above 100 Km -92.0% 0.0% 90.0% density_above_100km 

 
 
 
 

 
 
 
 
 
 
 

(This space intentionally left blank) 
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Table 11-18  Partial DOE run table for Peak Deceleration and epoch As-Built 2.0 (36 experimental design plan). 
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A plot showing the scaling factors for a representative atmosphere profile from the 729 

atmosphere profiles generated for the DOE analysis is shown in Figure 11-5.  Overlaid the 

dispersed atmosphere tornado plot are scaling factors by altitude represented by the black stepwise 

curve.  The scaling factors represent DOE levels for the same atmosphere bands used in Monte 

Carlo Filtering parameterization, and are scaled by the factors from Table 11-17.  Note the scaling 

variation in the atmosphere profiles is not representative of a possible Mars atmosphere, and the 

scaling was applied to just density with no adjustments to temperature or pressure, which results 

in a hydrostatically inconsistent atmosphere.  Because density is the primary driver of EDL 

performance in simulation, scaling density only is deemed acceptable.  While the step functions 

synthetically inserted into the density profiles make for a non-realizable Mars atmosphere, for the 

purposes of DOE and the intention to providing a system response at the edges of possible 

atmosphere dispersion, the scaled atmosphere profiles provide an altitude dependent impulse to 

achieve a system response.  

 

Figure 11-5  Dispersed atmosphere model with representative altitude band scaling factors. 
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11.3.2 DOE Results for InSight 

Over the course of one month, all simulation cases were run for the 12 DOE analyses (a 

total of 12 x 729, or 8748 simulation runs).  The data sets were imported into MATLAB and 

processed using the linear algebra formulation outlined in Section 6 to generate regression models.  

Each six-variable second-order regression model has 28 total terms.  Additionally, the t-test and 

p-value were applied to determine the statistical significance of each model term.  The results from 

the DOE analyses for InSight Critical Metrics are provided in the subsections that follow. 

 
11.3.2.1 DOE Results for Peak Deceleration 

The regression models generated for Peak Deceleration for the three InSight epochs are 

shown in Tables 11-19 ‒ 11-21.  The first two columns in the tables are the indices of the terms 

corresponding to the index convention in the regression model formulation in Equation 11-5.  An 

Index 1 value of zero indicates a linear term.  When Index 1 and Index 2 are the same value, the 

term is second-order.  When Index 1 and Index 2 are different values and Index 1 is nonzero, the 

term is an interactive term.  The last column, labeled Input, provides the input variable name 

corresponding to the index number.  The Coefficient column provides the numeric value of each 

regression model term coefficient, and the t-test and p-value columns provide the results of the 

significance tests.  The Significant? column lists a “yes” or “no” depending on the results of the 

significance tests.  As described in Section 6, in implementing a two-sided t-test, the degrees of 

freedom (DOF) for the regression model are given by 

 𝐷𝐷𝐷𝐷𝐷𝐷 =  𝑛𝑛 − 𝐿𝐿 − 1 (11-6) 
 
where L is the number of non-constant coefficients in the regression model coefficient vector b, 

and n is the number of experiments in Y, the DOE response vector.  For all InSight Critical Metric 

regression models derived from DOE Analysis, the number of experiments is 729 and the number 
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of non-constant regression terms is 27.  Therefore, the degrees of freedom are 701.  A two-sided 

t-test with 701 degrees of freedom and a significance level of 0.05 has a critical value T* of 1.9634.  

Therefore, any t-test in Table 11-19 ‒ Table 11-33 resulting in a value below T* is deemed not 

significant and is not included in the regression model.  Correspondingly, any p-value above 0.05 

is also deemed not significant (again, see Section 6). 

The regression models are used by the Target Margin Sizing Tool (TMST) to provide a 

visual reference during a Target Margin assessment, as was described in Section 6.1.2.  

Figures 11-6 – 11-8 show the regression model TMST displays for Peak Deceleration for the three 

InSight epochs, for the first 15 non-constant terms of the regression model.  When TMST loads a 

regression model, it initially orders the linear term coefficients from largest magnitude to smallest 

magnitude.  This is followed by all nonlinear term coefficients ordered from largest magnitude to 

smallest magnitude.  All terms deemed not significant have coefficients set to zero.  Linear term 

coefficients are listed in order first in the TMST Assessment Main Window so those rows can be 

used for the Input Model Confidence Assessment, the subject of Section 11.5.  Also included in 

the TMST regression model display are the regression model tornado plots, which are used during 

the assessment to visualize and understand the importance of a particular regression model term 

on the Critical Metric response. 

As stated in Section 6, the magnitude of the regression model term coefficients is a measure 

of the influence the corresponding input has on Critical Metric performance.  As such, the ordering 

of the linear term coefficients can be compared to the results of the Monte Carlo Filtering where 

inputs variables are ordered based on correlation coefficient.  Comparing the order of the linear 

terms in Figure 11-6 with Table 11-4, it can be seen the ordering of the inputs is not the same, with 

density_40km_20km and density_60km_40km each being order one slot higher in the ordered list 
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in Figure 11-6.  This is because the DOE coefficients are a measure of influence on Critical Metric 

performance, while the results of the Monte Carlo Filtering are a measure of correlation.  A 

variable could have perfect correlation to the output, but not significant influence on performance.  

This is why using correlation analysis to identify Model Inputs of Highest Influence has 

limitations, the subject of which is discussed further in Section 11.3.2.5 

Table 11-22 provides a comparison of the linear terms of the Peak Deceleration regression 

model across InSight epochs.  The input names and coefficient values are listed for each regression 

model linear term.  For ATLO 2.0 and As-Built 2.0 epochs, the percent difference from the Flight 

Reference Delta linear term coefficients (in the light blue shaded column) is provided.  The Flight 

Reference Delta is chosen as the reference because it represents the most mature version of the 

EDL simulation having been created just prior to the landing event.  For the first four terms, the 

variation is of the order 1.5% or less, so there is very good consistency in results among the terms 

with the largest influence on the Critical Metric response.  As was already discussed in 

Section 11.2.3, the fifth term for ATLO 2.0 and As-Built 2.0 is zcg_ei, which became cn_hc_add 

in the Flight Reference Delta epoch.  Also, of note is the final term, density_above_100km, which 

tested not significant in ATLO 2.0 and As-Built 2.0, but then tested as significant in the Flight 

Reference Epoch.  Exploration of the difference is future work. 

In all epochs the linear terms have significantly greater influence on the regression model 

response than the nonlinear terms.  Of the 27 non-constant regression model terms for Peak 

Deceleration, 12 tested not significant for ATLO 2.0, 12 tested not significant for As-Built 2.0 and 

12 tested not significant for Flight Reference Delta.  As was stated earlier, the not significant terms 

are set to zero in applying the regression model. 
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Table 11-19  DOE results for Peak Deceleration, epoch 
ATLO 2.0. 

 

 

 
Figure 11-6  Peak Deceleration ordered regression terms and 

regression tornado, epoch ATLO 2.0. 
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Table 11-20  DOE results for Peak Deceleration, epoch 
As-Built 2.0. 

 

 
Figure 11-7  Peak Deceleration ordered regression terms and 

regression tornado, epoch As-Built 2.0. 
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Table 11-21  DOE results for Peak Deceleration, epoch Flight 
Reference Delta. 

 

 
Figure 11-8  Peak Deceleration ordered regression terms and 

regression tornado, epoch Flight Reference Delta. 
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Table 11-22  Comparison of Peak Deceleration regression model linear terms across epochs. 

 

 
 
11.3.2.2 DOE Results for Peak Heat Rate 

The regression models generated for Peak Heat Rate for the three InSight epochs are shown 

in Tables 11-23 ‒ 11-25.  Figures 11-6 – 11-8 show the regression model TMST displays for Peak 

Heat Rate for the three InSight epochs, again for the first 15 non-constant terms of the regression 

model.  Comparing the DOE results with the Monte Carlo Filtering results, the order of inputs of 

highest influence has changed with EFPA being the input of highest influence.  Again, this is a 

result of the difference between correlation and direct influence.  Across all epochs, the DOE 

regression modeling returned the same influence ordering of linear terms and all linear terms were 

tested as significant.  Across the epochs, as seen in Table 11-26, the linear term coefficients show 

variation at or below 4.72.  Easily seen in the regression tornados in Figures 11-9 – 11-11 is the 

second-order term for density_60km_40km has greater influence on Peak Heat rate performance 

than any linear term.  The strong nonlinear influence for density_60km_40km is likely due to the 

fact that InSight peak heat rate occurs in this altitude band, and that aerothermal heat rate is directly 

proportional to the square root of density, and therefore the second-order density DOE input in the 

region of peak heat rate has strong influence.  In all epochs, the second-order term for  
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Table 11-23  DOE results for Peak Heat Rate, epoch 
ATLO 2.0. 

 

 
Figure 11-9  Peak Heat Rate ordered regression terms and 

regression tornado, epoch ATLO 2.0. 
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Table 11-24  DOE results for Peak Heat Rate, epoch 
As-Built 2.0. 

 

 
Figure 11-10  Peak Heat Rate ordered regression terms and 

regression tornado, epoch As-Built 2.0 
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Table 11-25  DOE results for Peak Heat Rate, epoch Flight 
Reference Delta. 

 

 
Figure 11-11  Peak Heat Rate ordered regression terms and 

regression tornado, epoch Flight Reference Delta. 
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Table 11-26  Comparison of Peak Heat Rate regression model linear terms across epochs. 

 

 

density_60km_40km has the strongest influence, followed by the linear terms.  Of the 27 

non-constant regression model terms for Peak Heat Rate, eight tested not significant for ATLO 2.0, 

nine tested not significant for As-Built 2.0 and 11 tested not significant for Flight Reference Delta.   

 
11.3.2.3 DOE Results for Total Heating 

The regression models generated for Total Heating for the three InSight epochs are shown 

in Tables 11-27 ‒ 11-29.  Figures 11-12 – 11-14 show the regression model TMST displays for 

Total Heating for the three InSight epochs, also for the first 15 non-constant terms of the regression 

model.  As with Peak Heat Rate, the influence ordering of the linear term coefficients is the same 

across all epochs, and all linear terms test as significant.  The variations in linear coefficient values 

across InSight epochs shown in Table 11-30 are below 7.57%, save density_60km_40km, which 

shows a 24.13% difference from the Flight Reference Delta value for ATLO 2.0, which is the 

smallest regression model linear term.  The regression tornados for Total Heating shown in 

Figures 11-12 – 11-14 reveal, like Peak Deceleration, across the InSight epochs the linear terms 

have the strongest influence on the regression model response, with all nonlinear terms having  
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Table 11-27  DOE results for Total Heating, epoch 
ATLO 2.0. 

 

 
Figure 11-12  Total Heating ordered regression terms and 

regression tornado, epoch ATLO 2.0. 
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Table 11-28  DOE results for Total Heating, epoch 
As-Built 2.0. 

 

 
Figure 11-13  Total Heating ordered regression terms and 

regression tornado, epoch As-Built 2.0. 
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Table 11-29  DOE results for Total Heating, epoch Flight 
Reference Delta. 

 

 
Figure 11-14  Total Heating ordered regression terms and 

regression tornado, epoch Flight Reference Delta. 
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Table 11-30  Comparison of Total Heating regression model linear terms across epochs. 

 
 
 
small to insignificant influence on regression model response.  Of the 27 non-constant regression 

model terms for Total Heating, one tested not significant for ATLO 2.0, one tested not significant 

for As-Built 2.0 and one tested not significant for Flight Reference Delta. 

 
11.3.2.4 DOE Results for Parachute Inflation Load 

The regression models generated for Parachute Inflation Load for the three InSight epochs 

are shown in Tables 11-31 ‒ 11-33.  Figures 11-15 – 11-17 show the regression model TMST 

displays for Parachute Inflation Load for the three InSight epochs, also for the first 15 non-constant 

terms of the regression model.  As with two previous Critical Metrics, the influencing ordering of 

the linear regression model terms is the same across InSight epochs.  For Parachute Inflation Load, 

the highest variation in linear coefficient values across the epochs, as shown by the percent 

difference values in Table 11-34, is -18.55% for density_40km_20km for epoch ATLO 2.0.   

The regression tornados for Peak Inflation Load shown in Figure 11-15 – 11-17 show a 

moderate level of influence for some nonlinear terms across the InSight epochs.  Of the 27 

non-constant regression model terms for Parachute Inflation Load, seven tested not significant for 
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Table 11-31  DOE results for Parachute Inflation Load, epoch 
ATLO 2.0. 

 

 
Figure 11-15  Parachute Inflation Load ordered regression terms 

and regression tornado, epoch ATLO 2.0. 
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Table 11-32  DOE results for Parachute Inflation Load, epoch 
As-Built 2.0. 

 

 
Figure 11-16  Parachute Inflation Load ordered regression terms 

and regression tornado, epoch As-Built 2.0. 
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Table 11-33  DOE results for Parachute Inflation Load, epoch 
Flight Reference Delta. 

 

 
Figure 11-17  Parachute Inflation Load ordered regression terms 

and regression tornado, epoch Flight Reference Delta. 
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Table 11-34  Comparison of Parachute Inflation Load regression model linear terms across 

epochs. 

 

 
 

ATLO 2.0, 12 tested not significant for As-Built 2.0 and 12 tested not significant for Flight 

Reference Delta. 

 
11.3.2.5 DOE and Model Inputs of Highest Influence 

As the results of the DOE analyses show, and was discussed in the previous sections, the 

ordered strength of influence for the input parameters is somewhat different than the order 

magnitude of correlation as determined by the Monte Carlo Filtering.  This is because an input 

may have strong correlation by not necessarily strong influence.  For the purposes of the research, 

using a combination of initial Monte Carlo Filtering and DOE analysis to identify and quantify 

influence serves as a good first method, however, future work should include investigation of a 

more comprehensive and exhaustive process to identify the inputs of strongest influence, to ensure 

a best set is identified.  Although perhaps computationally intensive, DOE techniques for 

comprehensively searching for inputs of highest influence should be explored. 
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11.4 Process Configuration for InSight 

This section applies the Target Margin assessment configuration process, as discussed in 

Section 7, to InSight.  As already discussed, in applying the process to InSight, there are four 

Critical Metrics that are assessed for quantification of Target Margin: Peak Deceleration, Peak 

Heat Rate, Total Heating and Parachute Inflation Load.  The TMST Critical Metric configuration 

interface, a tab on the Startup Window, is shown in Figure 3-4.  Also needed for configuring the 

InSight process is the epochs over which the assessment will be performed.  As introduced in 

Section 11.1, these epochs are ATLO 2.0, As-Built 2.0, and Flight Reference Delta.  Figure 11-18 

shows the TMST Startup Window configuration panel for Assessment Epochs. 

 

 

Figure 11-18  TMST Assessment Epochs configuration panel. 

 

11.4.1 Configuring Assessment Categories for InSight 

As defined in Section 8.1.1, the Assessment Categories to be deployed in the InSight 

assessment are Mathematical Model, Code, Validation, Model Parameter.  As outlined in 

Section 8.2, each Assessment Category has an assigned weighting used in the quantification of 

Target Margin.  As part of the assessment configuration process, the assigned weightings can be 
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configured/customized for each assessment epoch.  For this initial assessment for InSight, an equal 

weighting is chosen for Assessment Categories for all three assessment epochs, as is shown in 

Table 11-35.  This provides a baseline with which to compare to the original InSight Seed 

Methodology introduced in Section 1.3.2.  The Assessment Categories TMST panel is shown in 

Figure 11-19, configured for the InSight baseline Target Margin assessment.  An exploration of 

other weighting configurations is presented in Section 12. 

 

Table 11-35  Initial Assessment Category weightings for InSight, for all assessment epochs. 

 

 
 

 

Figure 11-19  TMST Assessment Category initial configuration for InSight. 
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11.4.2 Configuring Assessment Criteria for InSight 

The final configuration step required for performing an InSight Target Margin assessment 

is configuration of the Assessment Criteria, first introduced in Section 7.2.  As outlined, the 

Evolved Methodology provides for assessments using inputs with normal and uniform 

distributions.  Each distribution type is configured separately, and the methodology provides for 

configuring Assessment Criteria uniquely for each Assessment Epoch.  The following subsections 

discuss Assessment Criteria configurations for the initial InSight Target Margin baseline 

assessment. 

 
11.4.2.1 Configuring Normal Distribution Assessment Criteria for InSight 

From Section 7.2, Assessment Criteria for normal distributions are specified in a fraction 

of a standard deviation.  The Assessment Criteria chosen for an initial InSight assessment are based 

on the Method 2 criteria from the original Seed Methodology for InSight, which are discussed in 

Section 1.3.2.3.2.  For performance distributions with modeling of Higher confidence, the Target 

Margin is based on half a standard deviation, or 0.5σ.  For performance distributions with modeling 

of Lower confidence, the Target Margin is based on a full standard deviation, or 1.0σ.  Although 

the criteria for the original Seed Methodology are applied to performance output rather than inputs, 

both are based on modeling confidence, and so as an initial set of criteria, the same criteria will be 

used for the Evolved Methodology for InSight.  The initial InSight Assessment Criteria for a 

normal distribution are summarized in Table 11-36, where the High and Low values are based on 

the original InSight Seed Methodology criteria, and the midpoint between High and Low is chosen 

as the criterion for Medium.  For the initial assessment, all epochs are configured to use the same 

Assessment Criteria. 
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Table 11-36  Normal Assessment Criteria for initial InSight assessment, for all epochs. 

 

 

11.4.2.2 Configuring Uniform Distribution Assessment Criteria for InSight 

The original InSight Target Margin Seed Methodology did not explicitly accommodate 

uniform distributions, so there is no such basis for Assessment Criteria configuration for this type 

of distribution.  As discussed in Section 7.2, a uniform distribution represents a uniform level of 

uncertainty across the span of the distribution, while a normal distribution has more probability 

density concentrated around the mean.  Therefore, a uniform distribution can be thought of as 

representing both greater uncertainty over an equivalent span, and high probability density at the 

bounds of the distribution, relative to a normal distribution.  With uniform input distribution having 

higher probability of being sampled at the bounds, this in general will have the effect of increasing 

the 99% performance of a metric in a Monte Carlo simulation.  Because of this, for an equivalent 

Model Confidence Rating there is potentially more contribution to Target Margin needed for a 

uniform distribution relative to a normal distribution.  As a starting place for an initial InSight 

assessment, a doubling of the normal Assessment Criteria is chosen for uniform criteria.  While 

the sizing is somewhat arbitrary, it is chosen to reflect the more conservative probability 

distribution represented by a uniform distribution.  A method to further refine the sizing of uniform 

distribution Assessment Criteria is the use of Monte Carlo simulation parametric and sensitivity 
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techniques to establish the mapping of changing uniform input distribution to changing 

performance metric output.  This technique could also be used to tune the Assessment Criteria for 

any distribution, and is future work. 

Table 11-37 summarizes the values used to configure Assessment Criteria for a uniform 

distribution.  Note the magnitude of the values listed in the Value column of Table 11-37 are 

smaller than those summarized for a normal distribution in Table 11-36.  This is because the 

criteria for normal distributions are expressed as a fraction of standard deviation whereas the 

uniform distribution criteria are expressed as a fraction of the span of the distribution. 

The TMST Startup Window Assessment Criteria configuration interface is shown in 

Figure 11-20, configured for the initial InSight Target Margin assessment. 

 
 

Table 11-37  Uniform Assessment Criteria for initial InSight assessment, for all Assessment 
Epochs. 

 

 

11.5 Input Model Confidence Assessment 

Input Model Confidence Assessment is a key step in the Evolved Methodology for 

quantifying Target Margin.  The process for assessing model confidence discussed in Section 8 is 

applied to the InSight epochs in this section.  There are two assessments needed to complete the 
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Figure 11-20  TMST Assessment Criteria initial configuration for InSight. 

 

assessment of model confidence: assessing type of uncertainty for each input variable, and 

providing a model Confidence Rating for each Assessment Category for all input variables. 

 
11.5.1 Assessing Type of Uncertainty 

An assessment of uncertainty type was conducted for all input variables across 

InSight epochs.  The assessment includes the uncertainty distribution type (normal or uniform) for 

each input, as well as an assessment of the percent makeup of epistemic and aleatory uncertainty 

present in the uncertainty for each input.  Documented in Table 11-38 and Table 11-39 are the 

assessment results and rationales that are discussed in detail in subsequent subsections.  The 

assessment of the percent makeup of each uncertainty type benefitted somewhat by hindsight, 

which would not necessarily be the case when applying the methodology mid-project lifecycle.  

Further development of methods for assessing uncertainty makeup without the benefit of hindsight 

is future work. 
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11.5.1.1 Aerodynamic Parameters 

As implemented by InSight, all entry vehicle aerodynamic parameters (ca_hc_mult, 

ca_mc_mult, cm_hc_add, cm_mc_add, cn_hc_add) have uncertainty represented by a normal 

distribution in the InSight EDL Monte Carlo simulation.  For all three InSight epochs (and on 

landing day), the entry vehicle modeling uncertainties remained the same with no opportunity for 

reduction.  Thus, for entry vehicle aerodynamic uncertainties, the uncertainty is classified as 100% 

aleatory for all epochs.  The parachute aerodynamic drag coefficient (chute_aero_disp) uncertainty 

is represented by a uniform distribution in InSight Monte Carlo simulation, based on a parachute 

model developed at NASA Langley Research Center.  By the same reason used for entry vehicle 

aerodynamics, parachute drag uncertainty is also classified as irreducible and 100% aleatory for 

all epochs. 

11.5.1.2 Atmospheric Density Parameters 

The atmospheric modeling utilized in InSight Monte Carlo simulation is dispersed by 

altitude by a normal distribution.  Thus, each atmosphere density input (density_40km_20km, 

density_60km_40km, density_80km_60km, density_above_100km) has uncertainty characterized 

as normal.  Because of inherent uncertainty in atmosphere modeling for Mars, the atmosphere 

modeling carried the same atmosphere model uncertainty into flight operations as was used for the 

Monte Carlos for the three InSight epochs under assessment.  Therefore, with no reducible 

uncertainty available, all atmosphere density input parameters are classified as 100% aleatory for 

all epochs. 

11.5.1.3 Entry Flight Path Angle 

The orbit determination modeling that provides a dispersed entry flight path angle delivery 

at Mars results in a normally distributed entry flight path angle uncertainty.  The entry flight path 
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angle 3-sigma uncertainty used for all three InSight epochs is 0.21°, the InSight entry flight path 

angle delivery requirement.  During flight, as the spacecraft approached Mars, the last estimated 

entry flight path uncertainty about an hour before landing was only 0.0005° 3-sigma.  The 3-sigma 

entry flight path uncertainty therefore reduced from 0.21° to 0.0005°.  This reduction was used to 

compute an epistemic (reducible) uncertainty percentage of 99.8% and an aleatory uncertainty 

percentage of 0.2%. 

 
11.5.1.4 Entry Vehicle Z-Axis Center of Gravity Location at Entry Interface 

The entry vehicle z-axis center of gravity location at entry interface is a combination of 

uncertainty types.  The contribution to center of gravity location from the structural dry mass of 

the entry vehicle is characterized by a normal distribution.  At entry interface there is also a 

contribution from tank-to-tank propellant imbalance, which has uniform uncertainty.  Because the 

center of gravity location is dominated by the structural dry mass, the input zcg_ei is treated as a 

normal distribution.  Like entry flight path angle, the entry vehicle z-axis location uncertainty 

reduces over time.  For the epochs ATLO 2.0 and As-Built 2.0, the standard deviation for zcg_ei 

is 0.34 mm.  Following the measurement of spacecraft mass properties prior to launch, the standard 

deviation for zcg_ei reduced to 0.13 mm for the Flight Reference Delta epoch, which is also the 

uncertainty carried through to landing.  Using these two standard deviation values, for the epochs 

ATLO 2.0 and As-Built 2.0, the epistemic percentage is calculated to be 61.8% and the aleatory 

percentage to be 38.2%.  The uncertainty standard deviation of 0.13mm is taken as irreducible and 

thus zcg_ei is 100% aleatory for Flight Reference Delta.
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Table 11-38  Input uncertainty type classifications for InSight epochs – part 1. 
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Table 11-39  Input uncertainty type classifications for InSight epochs – part 2. 
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11.5.2 Assessing Model Confidence 

The final and important step in configuring a Target Margin assessment is the Input Model 

Confidence Assessment.  In this section, the assessment will be applied to InSight in the four 

Assessment Categories (Mathematical Modeling, Code, Validation, and Model Parameter) 

configured for the assessment.  In executing the assessment, a rationale is provided for each model 

input in each category, an important step in that it brings critical thinking to the process and 

provides documentation of the decisions made in configuring the Evolved Methodology.  In 

formulating a confidence rating for each Assessment Category, it is important to capture only 

factors contributing to confidence level that are not already captured or represented by uncertainty 

modeled in the Monte Carlo simulation.  The following subsections provide an assessment of 

modeling confidence for InSight, with the results summarized in Table 11-40 and Table 11-41. 

 
11.5.2.1 Entry Vehicle Aerodynamic Parameters 

The entry vehicle aerodynamic parameters ca_hc_mult, ca_mc_mult, cm_hc_add, 

cm_mc_add and cn_hc_add are static aerodynamic parameters derived using computational fluid 

dynamic (CFD) modeling.  While CFD modeling is a powerful mathematical tool, it more 

accurately captures hypersonic entry vehicle aerodynamic behavior than supersonic behavior [31], 

which is why ca_hc_mult, cm_hc_add, cn_hc_add are rated High, and ca_mc_mult and 

cm_mc_add are Medium in the Assessment Category Mathematical Modeling.  The parameters 

are linearized and coded into an aerodynamic database that is used in Monte Carlo simulations.  

The database goes through a thorough checkout before delivery to the simulations giving it a High 

rating in the Assessment Category Code.  The validation of the modeling is limited to validation 

via reconstruction of Mars flight opportunities and through derived means with limited direct 

measurement.  Thus, the Assessment Category Validation is rated Medium because of the limited 
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validation through Mars flight.  Finally, for the Assessment Category Model Parameter, all entry 

vehicle aerodynamic coefficients have high pedigree, are complete, relevant and appropriate for 

their function so they are all rated High. 

 
11.5.2.2 Parachute Drag 

A parachute as a soft-good has significant uncertainty in aerodynamic drag.  The drag 

model used in EDL simulation is based on drag measurements from the Viking-era Balloon 

Launched Decelerator Test (BLDT) at high altitude [35], wind tunnel testing in NASA/Langley 

Research Center’s Transonic Dynamics Tunnel (TDT) [36], and flight reconstructions of Mars 

landed missions.  The mathematical model for parachute drag is a parameterized, physics-based 

model that disperses aerodynamic drag to a set scaling for all Mach numbers.  Because is it 

moderately parameterized, in the Assessment Category Mathematical Model, the parachute drag 

model is assessed as Medium.  For the category Code, the parachute model is assessed as High 

because as implemented for InSight, the model was independently implemented in multiple 

simulations and behavior compared.  Direct validation of the parachute drag model also suffers 

from infrequency of flights to Mars and is performed through flight reconstruction that is based on 

directly measured and derived quantities, and therefore receives a Medium rating for category 

Validation.  For the category Model Parameter, parameters for parachute drag have high pedigree, 

are complete, relevant and appropriate for their function and therefore are rated High. 

 
11.5.2.3 Atmospheric Density Parameters 

The InSight atmosphere model is anchored on atmosphere temperature profiles measured 

by the Mars Climate Sounder (MCS) instrument on the Mars Reconnaissance Orbiter.  Seasonal 

and diurnal variability is then guided by mesoscale CFD modeling whose boundary conditions are 
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provided by the Mars General Circulation Model (GCM).  The MCS measurements and CFD 

modeling are then combined into a parametrized atmosphere profile generator that provides 

dispersed density, temperature and pressure profiles for use in Monte Carlo simulations.  The 

InSight atmosphere model creation process was very similar to that employed by Phoenix, which 

is summarized in Expected Atmospheric Environment for the Phoenix Landing Season and 

Location, by Tamppari, et al [37]. 

Because the atmosphere model is based on high pedigree, complete physics-based 

modeling, the atmosphere profile input variables are rated High in the Mathematical Model 

Assessment Category.  While the review of code used to process MCS temperature data was not 

determined for this application of the methodology, the mesoscale CFD code is widely used and 

assumed to be well reviewed, and the parametrized profile generator had limited review, which 

results in a Medium score for the Assessment Category Code.  Like the entry vehicle aerodynamic 

model, atmosphere model validation is limited by infrequent flights to Mars and is based on 

derived quantities that cannot be separated completely from aerodynamic behavior, so the category 

Validation is rated as Medium.  In the last category, Model Parameters, because MCS cannot 

measure temperature data below 5 km [37] and must be extrapolated based on surface temperature 

assumptions, the atmosphere input variables receive a Medium rating except for 

density_sum_above_100km, where the atmosphere model is very approximated and of low 

relevance, so its rating is Low. 

 
11.5.2.4 Entry Flight Path Angle 

Entry flight path angle modeling is a well-established, physics-based process that has 

remarkable accuracy.  The orbit determination process resulting in knowledge of entry flight path 

angle utilized by InSight is outlined in 2018 Mars InSight Mission Design and Navigation 
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Overview by Abilleira, et al [38].  The mathematical modeling utilizes high fidelity orbital 

mechanics and statistical state estimation while tracking and incorporating a comprehensive set of 

factors influencing the flight path of a spacecraft on its transfer orbit to Mars.  Because of this, in 

the Assessment Category Mathematical Model, the modeling is rated as High.  The orbit 

determination tools utilized by InSight to perform the orbit determination is shared across time by 

multiple missions with results frequently peer reviewed, so in the category Code, modeling of 

entry flight path angle is rated High.  Likewise, the orbit determination techniques utilized in 

modeling entry flight path angle are utilized by all planetary missions and thus each provides a 

validation opportunity for the modeling, resulting in a High rating for the category Validation.  

Finally, for the category Model Parameter, the parameters have high pedigree, completeness and 

relevance for the application so the rating is High.  

 
11.5.2.5 Entry Vehicle Z-Axis Center of Gravity Location at Entry Interface 

Knowledge of center of gravity location of a spacecraft is typically achieved by direct 

measurement through spin balancing prior to launch.  For the InSight entry vehicle, this was not 

possible because there did not exist ground support equipment that could grapple the entry vehicle 

alone.  Thus, the center of gravity and inertias of the entry vehicle were derived from direct 

measurements of component mass properties and then the center of gravity location of the entry 

vehicle was derived from the mathematical combination of component mass properties.  

Additionally, for the InSight entry vehicle the center of gravity location at entry interface is a 

function of the amount of propellant used on the journey to Mars, which is not directly measured, 

but derived from thruster total on-time and expected mass flow rate.  The center of gravity location 

used in Monte Carlo simulation is derived from the pre-launch measurements and statistical 

representation of fuel use prior to entry interface.  The mathematical modeling to derive center of 
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gravity location is rooted in simple high-fidelity physics principles and thus the Mathematical 

Model category is rate High for entry vehicle center of gravity offset at entry interface.  The 

commercial tools used to derive entry vehicle center of gravity from component measurements are 

well established and thus have high confidence in code quality.  However, in the InSight process, 

the tool used to generate center of gravity location based on statistical fuel use on the transfer to 

Mars was a custom tool receiving undocumented heritage code review and thus for the Assessment 

Category Code, the rating is set as Medium.  The tool underwent a spot check validation effort 

comparing it against other tools, so overall the Validation category for entry vehicle center of 

gravity location at entry interface is rated Medium.  The modeling parameters for center of gravity 

location are complete and relevant for their application so category Model Parameter is rated High. 

Table 11-40 and Table 11-41 contain a summary of the Input Model Confidence 

Assessment for the initial InSight baseline.  Because there were no model changes across the three 

InSight epochs, these assessments are used for Target Margin quantification for ATLO 2.0, As-

Built 2.0 and Flight Reference Delta. 

 
11.6 Quantification of InSight Target Margin 

The previous subsections discussed the configuration and Input Model Confidence 

Assessment for an initial InSight Target Margin baseline assessment.  They were used to configure 

an assessment using LMST to quantify Target Margin for the following Critical Metrics: Peak 

Deceleration, Peak Heat Rate, Total Heating and Parachute Inflation Load, the results of which are 

reported in this subsection.  With four Critical Metrics and three epochs, a total of twelve 

assessments are performed, with the TMST Assessment Main Window for the four Critical 
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Table 11-40  Model confidence assessment for InSight regression model inputs – part 1. 
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Table 11-41  Model confidence assessment for InSight regression model inputs – part 2. 

 



                                                                          126 
 

 

Metrics for the ATLO 2.0 epoch shown in Figures 11-21 – 11-24 at the end of this subsection as 

representative of the twelve assessments.  The Model Confidence Ratings shown in the figures are 

those previously documented in Table 11-40 ‒ Table 11-41, with the rationales captured in the 

rating rationale input feature in TMST. 

The Target Margin results for all twelve assessments are summarized in 

Tables 11-42 ‒ 11-53.  The tables provide a summary of the contributions to Target Margin of the 

six linear regression model terms, and the six highest contributors from the nonlinear regression 

model terms.  For the linear terms (the modeling inputs), the Confidence Score is shown for each 

in the third column.  The higher the Confidence Score, the lower the model confidence and thus 

greater contribution to Target Margin.  The fourth column, titled Target Margin contribution, 

shows the contribution each regression model term makes to total Target Margin.  The final three 

columns summarize for each model term the estimated uncertainty type split, in percentage, 

between epistemic, aleatory and combined uncertainty.  The bottom row of each table lists the total 

Target Margin, and the estimated uncertainty type split for total Target Margin. 

For the Critical Metric Peak Deceleration, the resulting total Target Margin for the three 

epochs ranges from 0.46 Earth g to 0.49 Earth g, as shown in Table 11-42 ‒ Table 11-44.  In all 

three epochs, the first regression model terms density_40km_20km and cm_hc_add contribute to 

more than half the total Target Margin primarily because of their high level of influence on the 

Critical Metric.  It should be noted that because all three epochs are configured the same and utilize 

the same model confidence ratings, the regression model unique to each epoch is the sole source 

of the differences in the resulting total Target Margin (true for all four Critical Metric assessments).  

Epoch Flight Reference Delta has the largest Target Margin at 0.49 Earth g, which seems counter 

intuitive given it should represent the most mature EDL system.  The higher Target Margin is 
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driven by the greater influence of cn_hc_add relative to zcg_ei in the earlier two epoch regression 

models, and density_above_100km being included in the model by positive significance test result.  

The estimated separable epistemic uncertainty (mathematically separable from aleatory 

uncertainty) contributing to the Target Margin ranges from 12.5% to 12.8% across the epochs.  

The primary contribution to the epistemic uncertainty for Peak Deceleration is EFPA.   

As shown in Tables 11-45 ‒ 11-47, for Peak Heat Rate, the most significant contributor to 

total Target Margin for all epochs is not a linear term, but rather the second-order term for 

density_60km_40km, which is the density band where most Monte Carlo cases experience peak 

heat rate.  The two biggest linear contributors to Peak Heat Rate Target Margin are EFPA and 

density_60km_40km.  Together with the second-order density_60km_40km term, these three 

regression model terms contribute more than half of the Target Margin, with a total Target Margin 

range across all three epochs of 1.8 W/cm2.  For Peak Heat Rate, the estimated separable epistemic 

uncertainty contribution range across the epochs is 8.9% to 9.2%, again representing potential 

reduction in uncertainty, and therefore Target Margin, before landing, and primarily attributed to 

EFPA. 

Results for the quantification of Target Margin for the Critical Metric Total Heating range 

from 55 J/cm2 to 57 J/cm2, as shown in Tables 11-48 ‒ 11-50.  The most significant contributors 

to Target Margin are the linear terms cm_hc_add, EFPA and ca_hc_mult, contributing to more 

than half of the Target Margin primarily because of their strong influence on the metric response 

via the regression model.  The estimated contribution to Target Margin from separable epistemic 

uncertainty ranges from 16.4% to 16.6% across the epochs, again primarily from EFPA. 

Results for Critical Metric Parachute Inflation Load are shown in Tables 11-51 – 11-53.  

The quantified Target Margin range is 1,607 lbf to 1,756 lbf across the three epochs.  This variation 



                                                                           128 

 

is tied to the variation in the regression modeling discussed in Section 11.3.2.4, along with how 

that variation interacts with the Model Confidence Ratings.  Nearly half of the Target Margin for 

all three epochs is contributed by the linear term chute_aero_disp, which is the parachute drag 

term.  The separable epistemic uncertainty contribution to Target Margin for Parachute Inflation 

Load is 0% for all epochs because all six input models for the Parachute Inflation Load regression 

model are assessed to contain 100% aleatory uncertainty.  Therefore, no reduction in model 

uncertainty and Target Margin are expected before landing. 

The results of Target Margin quantification for the three InSight epochs ATLO 2.0, 

As-Built 2.0, and Flight Reference Delta show varying trends across epochs.  Generally, as EDL 

design and simulation capability mature across project lifecycle, it would be expected that Target 

Margin would reduce over time from early to later epochs.  This would be driven by both 

improving Confidence Ratings and the tightening of input distributions.  As stated earlier, because 

the three epochs are relatively close in time and later in the InSight Project lifecycle, they are 

configured identically in Confidence Ratings and input distributions, the only difference across the 

epochs being the regression model is unique to each.  Therefore, any differences in the Target 

Margin results can be attributed to regression model differences.  The regression model is derived 

from the DOE data generated by the EDL simulations via the linear algebra formulation given by 

Equation 6-3 in Section 6.  Because the formulation is deterministic and not responsible for any 

regression model variation, the only source of variation in the regression models is from the DOE 

simulation data. 

For Critical Metric Peak Deceleration, the Target Margin trend across the epochs, in 

chronological order, is 0.46 Earth g, 0.46 Earth g, and 0.49 Earth g, displaying the opposite trend 
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Table 11-42  Target Margin results for Peak Deceleration ATLO 2.0. 

 
 
 

Table 11-43  Target Margin results for Peak Deceleration As-Built 2.0. 
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Table 11-44  Target Margin results for Peak Deceleration Flight Reference Delta. 

 
 
 

Table 11-45  Target Margin results for Peak Heat Rate ATLO 2.0. 
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Table 11-46  Target Margin results for Peak Heat Rate As-Built 2.0. 

 
 

 
Table 11-47  Target Margin results for Peak Heat Rate Flight Reference Delta. 
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Table 11-48  Target Margin results for Total Heating ATLO 2.0. 

 
 
 

Table 11-49  Target Margin results for Total Heating As-Built 2.0. 
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Table 11-50  Target Margin results for Total Heating Flight Reference Delta. 

 
 

 
Table 11-51  Target Margin results for Parachute Inflation Load ATLO 2.0. 
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Table 11-52  Target Margin results for Parachute Inflation Load As-Built 2.0. 

 
 

Table 11-53  Target Margin results for Parachute Inflation Load Flight Reference Delta. 
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Figure 11-21  TMST configured for InSight Peak Deceleration Target Margin assessment for ATLO 2.0 epoch. 
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Figure 11-22..TMST configured for InSight Peak Heat Rate Target Margin assessment for ATLO 2.0 epoch. 

 
 
 
 



                                                                           137 

 

 
 
 
 

 
 

Figure 11-23  TMST configured for InSight Total Heat Target Margin assessment for ATLO 2.0 epoch. 
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Figure 11-24  TMST configured for InSight Parachute Inflation Load Target Margin assessment for ATLO 2.0 epoch. 



                                                                          139 
 

 

one might expect from earlier to later epochs.  The primary reason for this is the change in Model 

Inputs of Highest Influence set from As-Built 2.0 to Flight Reference Delta, where cn_hc_add 

replaced zcg_ei, with cn_hc_add showing higher influence, and thus greater contribution to Target 

Margin. 

The Target Margin trend for Critical Metric Peak Heat Rate is consistent among all the 

Critical Metrics.  The values across all epochs is 1.8 W/cm2, with regression model tornado plots 

provided by TMST showing very consistent regression model behavior. 

Critical Metric Total Heating shows more significant Target Margin variation across the 

epochs, with values 57 J/cm2, 55 J/cm2, and 55 J/cm2.  Again, the variation is reflected in the 

regression model terms, where ATLO 2.0 linear terms of highest influence have slightly stronger 

influence than the same terms for As-Built 2.0 and Flight Reference Delta. 

As was discussed previously, Critical Metric Peak Inflation Load also has significant 

variation across the epochs with values 1,775 lbf, 1,615 lbf, and 1,607 lbf, with ATLO 2.0 showing 

the most significant difference in regression model terms. 

The main simulation configuration difference across all epochs is vehicle mass properties, 

although the difference is relatively minor and in some cases trends opposite the effect expected 

on the Critical Metrics.  Investigation into how much variation in Target Margin might be expect 

from the regression model data is future work.  Further discussion of Target Margin quantification 

results in the context of comparison to the original Seed Methodology is provided in the next 

subsection. 

 
11.7 Comparison to Seed Methodology 

This section continues the discussion of the Target Margin quantification for an initial 

InSight assessment and extends it to include a comparison to the sizing of Target Margin using the 
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Seed Methodology.  Tables 11-53 – 11-57 contain a summary of the Target Margin quantification 

for InSight from the previous section for the four Critical Metrics, with each table containing 

results across the three epochs.  Also shown in the tables is the Critical Metric 99% performance 

value from the Monte Carlo simulation for each epoch, the margin on the 99% performance against 

the Metric Limit and Target Limit, the Monte Carlo standard deviation for the Critical Metric for 

each epoch, the Target Margin for each epoch expressed as a fraction/multiple of standard 

deviation, and the percent contribution from epistemic uncertainty.  The bottom two rows of the 

tables contain Target Margin resulting from applying the Seed Methodology to the Monte Carlo 

results for each epoch.  Above each table, shown in Figure 11-25 – 11-28, is the Margin Tracking 

display from TMST for the particular Critical Metric.  

 

 

Figure 11-25  Peak Deceleration Target Margin trends across epochs. 

 

The summary for Peak Deceleration Target Margin quantification is shown in Table 11-54 

on the previous page.  For each epoch, the Metric Limit is set to 13 Earth g, based on the structural 

capabilities of the spacecraft.  This Metric Limit did not change during the lifecycle of InSight.  

From the previous section, the Target Margin was quantified as 0.46 Earth g for ATLO 2.0, 

0.46 Earth g for As-Built 2.0, and 0.49 Earth g for Flight Reference Delta.  Thus, the Target Limit 

for each becomes 12.54 Earth g, 12.54 Earth g, and 12.51 Earth g, respectively.  As discussed in 
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Table 11-54  Summary of Peak Deceleration Target Margin results for InSight. 

 

 

the previous section, the difference between the resulting Target Margin is due to the difference in 

regression models for each epoch.   

InSight measured Critical Metric margin against 99% Monte Carlo performance, which is 

shown in row four.  Peak Deceleration 99% performance was 8.11 Earth g, 8.18 Earth g, and 

8.15 Earth g for the three epochs.  Note that this is well below both the Metric Limit and Target 

Limit and thus the Monte Carlo performance margin for Peak Deceleration against the Metric 

Limit is 4.89 Earth g, 4.82 Earth g, and 4.85 Earth g across the epochs.  The Monte Carlo 

performance margin against Target Limit is somewhat lower at 4.43 Earth g, 4.36 Earth g, and 

4.36 Earth g across the epochs.  The quantified Target Margin, which is the desired performance 

margin between 99% performance and the Metric Limit, is more than an order of magnitude 

smaller than the Monte Carlo simulation performance margin, so there is very healthy margin for 

Peak Deceleration.  The standard deviation for Peak Deceleration performance across the three 
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epochs is 0.26 Earth g for each, and thus the quantified Target Margin for each epoch expressed 

in terms of standard deviation is 1.77σ, 1.77σ and 1.88σ, as shown in eighth row of Table 11-54. 

The last two rows of Table 11-54 show the results of Target Margin quantification using 

the original Seed Methodology.  For Peak Deceleration, the Seed Methodology used a full standard 

deviation of the performance distribution to size Target Margin, as indicated in the last row of the 

table.  For each epoch, because each had a standard deviation of 0.26 Earth g, the Seed 

Methodology sizes Target Margin for each epoch at 0.26 Earth g.  The Evolved Methodology 

applied in this dissertation results in a significantly larger Target Margin of 1.77σ, 1.77σ and 

1.88σ, rather than the 1σ specified by the Seed Methodology.  A discussion of the reason for this 

difference follows in Section 11.7.1. 

 

 

Figure 11-26  Peak Heat Rate Target Margin trends across epochs. 

 

The summary for Peak Heat Rate Target Margin quantification is shown a in Table 11-55.  

The TMST Margin Tracking display is provided above the table in Figure 11-26.  As shown in the 

table, Peak Heat Rate computed Target Margin is 1.8 W/cm2 across all three epochs.  The Metric 

Limit for ATLO 2.0 and As-Built 2.0 is 61.5 W/cm2, but is reduced to 51.8 W/cm2 for Flight 

Reference Campaign.  This was the result of an updated aerothermal analysis that was conducted 

prior to launch using updated trajectory information.  Subtracting the Target Margin from the 

 



                                                                           143 

 

Table 11-55  Summary of Peak Heat Rate Target Margin results for InSight. 

 

 

Metric Limit gives Target Limit, which for the three epochs is 59.7 W/cm2, 59.7 W/cm2, and 

50.0 W/cm2.  The 99% performance from the Monte Carlos for each epoch for Peak Heat Rate is 

48.4 W/cm2, 48.3 W/cm2 and 48.2 W/cm2.  This gives a Monte Carlo performance margin with 

respect to the Metric Limit for each epoch of 13.1 W/cm2, 13.2 W/cm2 and 3.6 W/cm2.  With 

respect to the Target Limit, the Peak Heat Rate Monte Carlo simulation performance margin for 

each epoch is 11.3 W/cm2, 11.4 W/cm2, and 1.8 W/cm2.  The lower margin for the Flight 

Reference Delta is a result of the lowering of the Metric Limit.  The Monte Carlo standard 

deviation for Peak Heat Rate for each epoch is 1.06 W/cm2, so that the Target Margin expressed 

as a fraction of standard deviation for each epoch is 1.73σ, 1.67σ and 1.67σ.  The performance 

margin from the Monte Carlos is nearly an order of magnitude greater than quantified Target 

Margin for ATLO 2.0 and As-Built 2.0, and about two times the quantity for Flight Reference 

Delta.  This shows the Peak Heat Rate Monte Carlo performance has more than sufficient margin 

as assessed by the Evolved Methodology.  Compared to the original Seed Methodology, these 
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Target Margins are significantly greater than 1σ, which is the largest Target Margin possible for 

the Seed Methodology corresponding to a Lower model confidence rating for Method 2.  As can 

be seen in the last two rows of the table, the InSight Seed Methodology required zero Target 

Margin for Peak Heat Rate because the heat rate computed by the EDL simulations was considered 

a heating indicator only and not the process by which aerothermal margin was assessed.  For 

InSight, aerothermal margin assessment was provided by a high fidelity CFD analysis using points 

selected from EDL simulation trajectory.  Even with that, it is worthwhile to determine the Peak 

Heat Rate Target Margin based on aerothermal modeling in the simulation to understand the 

effects of Modeling Confidence on simulated aerothermal performance results, which is not done 

via the alternate CFD method of margin assessment. 

 

 

Figure 11-27  Total Heating Target Margin trends across epochs. 

 
The summary for Total Heating Target Margin quantification is shown in Table 11-56, 

with the TMST Margin Tracking display shown above the table in Figure 11-27.  The Target 

Margin results for Total Heating for the three epochs is 57 J/cm2, 55 J/cm2 and 55 J/cm2 for 

ATLO 2.0, As-Built 2.0 and Flight Reference Delta, respectively.  As with Peak Heat Rate, the 

Metric Limit for Total Heating was revised down for Flight Reference Delta because of a revised 

design trajectory, so that the Metric Limit for the three epochs is 3,497 J/cm2, 3,497 J/cm2 and 

3,200 J/cm2.  Subtracting the Target Margin from the Metric Limit gives the Target Limit, 
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Table 11-56  Summary of Total Heating Target Margin results for InSight. 

 
 

which is 3,440 J/cm2, 3,442 J/cm2 and 3,145 J/cm2 for the three epochs.  The 99% Monte Carlo 

performance for Total Heating for the three epochs is 2,832 J/cm2, 2,814 J/cm2 and 2,804 J/cm2, 

which results in Monte Carlo simulation performance margin against the Metric Limit for each 

epoch of 665 J/cm2, 683 J/cm2 and 396 J/cm2.  The Monte Carlo performance margin against 

Target Limit for each epoch is 608 J/cm2, 628 J/cm2 and 341 J/cm2.  The Monte Carlo performance 

margin against both Metric Limit and Target Limit for ATLO 2.0 and As-Built 2.0 is an order of 

magnitude larger than the computed Target Margin.  The Flight Reference Delta has five to six 

times larger Monte Carlo performance margin relative to both the Metric Limit and the Target 

Limit than the associated Target Margin.  Again, this shows the Monte Carlo performance for 

Total Heating has significant margin relative to Target Margin sized by the Evolved Methodology.  

For Total Heating, the Monte Carlo standard deviation for each epoch is 50.6 J/cm2, 49.9 J/cm2 

and 49.3 J/cm2, so that the Target Margin for each epoch expressed in terms of standard deviation 

is 1.13σ, 1.10σ and 1.12σ across the epochs.  This says that the Evolved Methodology indicates 
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the Target Margin for Total Heating should be somewhat larger than the 1σ Target Margin 

specified by the Seed Methodology Method 2 for Lower model confidence.  As indicated by the 

last two rows of Table 11-56, like Peak Heat Rate, the InSight Seed Methodology specified zero 

Target Margin for Total Heating because, like Peak Heat Rate, total heating computed by the EDL 

simulation was a heating indicator only and not the process by which aerothermal margin was 

assessed.  As with Peak Heat Rate, even with InSight choice of margin assessment, it is worthwhile 

to determine the Total Heating Target Margin based on aerothermal modeling in the simulation to 

understand the effects of Modeling Confidence on simulated aerothermal performance results, 

which is not done via the alternate method of margin assessment. 

The summary for Parachute Inflation Load Target Margin quantification is shown in 

Table 11-57.  As with the other summary tables, the TMST Margin Tracking display is featured 

above the table in Figure 11-28.  The quantified Target Margin for the epochs ATLO 2.0, 

As-Built 2.0 and Flight Reference Delta are 1,756 lbf, 1,615 lbf and 1,607 lbf, respectively.  The 

Metric Limit for Parachute Inflation Load was set to 15,000 lbf for all three epochs, which, when 

subtracting Target Margin, results in a Target Limit for each of the epochs of 13,244 lbf, 13,385 lbf 

and 13,393 lbf.  The 99% Monte Carlo performance for Parachute Inflation Load for each epoch 

is 14,292 lbf, 14,158 lbf and 14,184 lbf.  From the 99% performance, actual inflation load 

performance margin relative to the Metric Limit for each epoch is 708 lbf, 842 lbf and 816 lbf.  

The performance margin against the Target Limit for Parachute Inflation Load is negative for each 

epoch, with ATLO 2.0, As-Built 2.0 and Flight Reference Delta being -1,048 lbf, -773 lbf 

and -791 lbf.  While negative margin against the Metric Limit is not acceptable, it was the policy 

of InSight to accept negative margin against the Target Limit as acceptable but not desirable.  The 

Monte Carlo standard deviation for Parachute Inflation Load for each epoch is 1,183 lbf, 1,170 lbf 
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and 1,194 lbf.  In terms of standard deviation, the Parachute Inflation Load Target Margin for each 

epoch is 1.48σ, 1.38σ and 1.35σ.  Shown in the last two rows of Table 11-57, the Seed 

Methodology originally specified 1σ Target Margin for Parachute Inflation Load, so the 

assessment using the Evolved Methodology indicates a larger margin is required, as expressed in 

terms of standard deviation. 

 

 

Figure 11-28  Parachute Inflation Target Margin trends across epochs. 

 
 

Table 11-57  Summary of Parachute Inflation Load Target Margin results for InSight. 

 
 

For the Critical Metrics Peak Deceleration and Parachute Inflation Load, where the Seed 

Methodology specified a nonzero Target Margin, the Evolved Methodology results in higher 

Target Margin.  For Peak Deceleration, the Evolved Target Margin is, on average, 1.81σ compared 



                                                                           148 

 

to 1.0σ for the Seed Methodology.  Likewise, the Evolved Methodology results in, on average, a 

Parachute Inflation Load Target Margin of 1.40σ, compared to the Seed Methodology that 

specified 1.0σ.  As discussed earlier, while the Seed Methodology specified zero Target Margin 

for Peak Heat Rate and Total Heating, the Evolved Methodology results in an average Peak Heat 

Rate Target Margin of 1.69σ and an average Total Heating Target Margin of 1.12σ.  For all Critical 

Metrics across all InSight epochs, the Evolved Methodology results in specifying larger Target 

Margin than the Seed Methodology, which has the potential to result in a more robust EDL system. 

 
11.7.1 Key Differences Between Methodologies 

An explanation of the result that Evolved Methodology results in larger Target Margin than 

the Seed Methodology is somewhat challenging to ascertain because the two methodologies are 

different in how they quantify Target Margin.  However, some insights serve to illuminate the 

reason for the differences. 

 
11.7.1.1 Application of Modeling Confidence 
 

As discussed in Section 3, a key difference between the methodologies is the ability to 

apply the modeling confidence assessment at a finer resolution for the Evolved Methodology.  

Because the Evolved Methodology applies the effect of modeling confidence per Model Input of 

Highest Influence, it provides better resolution than the Seed Methodology, which applies a single 

combined Confidence Rating to a Critical Metric performance distribution.  Additionally, the Seed 

Methodology Confidence Rating is set by the model of least confidence for a Critical Metric.  For 

example, Table 11-58 lists the Seed Methodology model confidence assessment for the Critical 

Metric Peak Deceleration.  Because Atmosphere Density (Atm Density) and Atmosphere Winds 

(Atm Winds) are of Lower confidence, the Model Confidence Rating is determined by the Lower 
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rating.  Because of this, the resulting Lower Assessment Criteria is applied to the Critical Metric 

output distribution, the distribution of which is driven by all Model Inputs of Highest Influence.  

This essentially has the effect of applying a Lower Confidence Rating to all model inputs, 

independent of their actual Confidence Rating.  This leads to the conclusion that the Seed 

Methodology is more conservative than the Evolved Methodology in the application of modeling 

confidence to Target Margin quantification. 

 

Table 11-58  Seed Methodology model confidence assessment for Peak Deceleration. 

 

 
11.7.1.2 Target Margin Arithmetic  

Another key difference between the methodologies is the effective way Target Margin 

contribution from Model Inputs of Highest Influence is summed.  For the Seed Methodology, 

because the Assessment Criteria is applied to the performance output distribution, the individual 

contributions to Target Margin from the Model Inputs of Highest Influence are combined 

statistically, which is effectively a root sum square (RSS) process.  In the Evolved Methodology, 

the individual contributions to Target Margin from the Model Inputs of Highest Influence are being 

added in a stacked fashion through the DOE regression model.  It is hypothesized that this effective 

difference in summing method is a significant contributor to the Evolved Methodology resulting 

in generally greater Target Margin than the Seed Methodology.  To test this hypothesis, the 

Evolved Methodology was modified to more closely match the Seed Methodology, and applied to 

Critical Metrics Peak Deceleration and Parachute Inflation Load.  The Seed Methodology gave a 
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Lower Model Confidence Rating to both metrics, so based on the discussion in Section 11.7.1.1, 

the first modification to the Evolved Methodology is to set the Confidence Rating for all Model 

Inputs of Highest Influence to Low.  The second modification is to RSS the regression model linear 

terms (the largest contributors to Target Margin), rather than add them.  The results are shown in 

Table 11-59.  As can be seen in the table, the modified Evolved Methodology results in a smaller 

Target Margin than that resulting from the Evolved Methodology, and more closely matches the 

Target Margin resulting from the Seed Methodology.  While this is a necessary result, it is not 

sufficient to conclusively prove the hypothesis.  Further exploration of the drivers of the 

differences between the methodologies is future work. 

 

Table 11-59  Methodology comparison using modified Evolved Methodology. 

 

 

11.8 Assessment Against InSight Flight Reconstruction 

The InSight mission successfully landed on Mars on November 26th, 2018.  Upon landing, 

the spacecraft returned a significant data set recorded during EDL, including 200 Hz inertial 

measurement unit (IMU) data with rate gyro and accelerometer measurements [39].  These data 

were used to reconstruct the landing to provide understanding of spacecraft performance during 
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EDL.  The InSight reconstruction effort provides some insight into the Evolved Methodology 

based on InSight spacecraft performance.  Because the methodology is focused on adequate 

margin at the boundaries of EDL performance space, the mostly nominal InSight landing has, for 

the most part, performance in the middle of the performance space with large margin against 

performance limits.  Therefore, the conclusions that can be drawn from the InSight flight data 

relative to the Evolved Methodology is limited.  Nonetheless, there are useful observations to be 

gained. 

The following subsections provide an assessment of the Evolved Methodology against the 

InSight EDL flight reconstruction.  The assessment will be made against the Flight Reference 

Delta epoch, as it represents essentially the flight configuration. 

 
11.8.1 Peak Deceleration 

The InSight spacecraft flew a somewhat unexpected EDL trajectory relative to the nominal 

pre-landing prediction.  The first indication of this was seen before touchdown when the spacecraft 

reached a higher than expected peak deceleration.  As measured by the onboard IMU, peak 

deceleration reached 8.1 Earth g while the expected value was 7.6 Earth g [40].  As was discovered 

through post-flight reconstruction, while the vehicle was designed to fly a ballistic trajectory, the 

vehicle instead trimmed with small angle of attack with significant component in the lift-down 

direction [31].  This caused the vehicle to fly a steeper trajectory than predicted and carry more 

velocity into the altitude region of peak deceleration causing a higher-than-expected value.  The 

measured peak deceleration equaled the 99% pre-landing performance prediction.  As discussed 

in the previous subsection, the Metric Limit for the InSight vehicle is 13 Earth g, so the margin 

against the Metric Limit for the actual InSight landing is a very healthy 4.9 Earth g.  The Evolved 

Methodology Target Margin against the Metric Limit for the Flight Reference Delta is 
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0.49 Earth g, so during the actual landing the vehicle flew well away from the Metric Limit making 

it difficult to draw a conclusion about the adequacy of Target Margin quantified using the Evolved 

Methodology. 

The InSight trim angle of attack behavior at 99% pre-landing performance prediction 

should statistically be a very low probability event, which leads to the conclusion there is 

something fundamentally misunderstood about the entry vehicle aerodynamic trim behavior.  With 

respect to the Peak Deceleration, cm_hc_add is the input directly tied to trim angle of attack.  This 

would suggest the Input Model Confidence Assessment made for cm_hc_add in quantifying Target 

Margin should have a lower Confidence Rating than was used in the assessment, particularly in 

the Assessment Categories for Mathematical Modeling and Validation.  It may be that an 

appropriate uncertainty distribution for cm_hc_add is uniform rather than normal, or a unique 

Monte Carlo dispersion strategy for cm_hc_add may be required.  The issue of predicting trim 

angle of attack behavior appears to be unique to ballistic entry vehicles like InSight, with vehicles 

with designed nonzero angle of attack having better trim angle predictability [31]. 

 
11.8.2 Peak Heat Rate 

The reconstructed flight heatshield stagnation point heat rate for InSight is shown in 

Figure 11-29, where time is measured from entry interface.  The figure was generated by the author 

using a spline fit of reconstructed heat rate data from Beck, et al [41].  Because InSight had no 

ability to directly measure aerothermal heating, the heat rate shown in Figure 11-29 is a 

CFD-predicted flight heat rate based on the reconstructed trajectory and reconstructed atmosphere.  

As can be seen in the figure, the predicted heat rate is 49 W/cm2, however because the 

reconstruction was conducted using CFD analysis, whereas the Metric Limit and Target Limit 

were derived from simulation data using Sutton-Graves [42] aerothermal modeling, the 
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reconstructed peak heat rate must be adjusted for margin methodology purposes.  Based on a mean 

difference of 3 W/cm2 between CFD results and Sutton-Graves modeling, the reconstructed peak 

heat rate is adjusted down to 46 W/cm2.  For the Flight Reference Delta, the Metric Limit for Peak 

Heat Rate is 51.8 W/cm2 and the Target Limit is 50.0 W/cm2, so the InSight as-flown Peak Heat 

Rate has 5.8 W/cm2 margin against the Metric Limit and 4.0 W/cm2 margin against the Target 

Limit.  The Target Margin quantification for Flight Reference Delta is 1.8 W/cm2, so when 

comparing the actual flight margin against the Metric Limit, the flight has 3.2 times the minimum 

margin as determine by Target Margin quantification.  The Metric Limit was set by an outlier 

simulation case landing on a steeper enter flight path angle during a regional dust storm, and it is 

against this case that the adequacy of the Target Margin quantification should be assessed, which 

is not the nominal landing condition of the actual InSight landing. 

 
Figure 11-29  InSight reconstructed heatshield stagnation point heat rate. 

 
The 99% performance for Peak Heat Rate from the Flight Reference Delta Monte Carlo is 

48.2 W/cm2 (see Table 11-55) so that the flight reconstruction Peak Heat Rate at 46 W/cm2 is 
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below the 99% performance and is approximately equivalent to the Monte Carlo 62nd percentile 

value, showing near nominal performance. 

 
11.8.3 Total Heating 

The flight total heating for the InSight landing is computed as the area under the heat rate 

curve in Figure 1-29.  The integrated total is 2,765 J/cm2.  This is the predicted total heating seen 

at the stagnation point of the heatshield.  It should be noted this value is calculated for the purposes 

of this dissertation and is not an official result of the InSight Project, which has not yet published 

an official result.  Again, this value is CFD-based and therefore a conversion to an equivalent 

Sutton-Graves-based value is required.  For this conversion, the value 2,765 J/cm2 is the 2nd 

percentile value from the Monte Carlo simulation using a curve-fit CFD heating model.  The 

corresponding Sutton-Grave 2nd percentile value is 2,590 J/cm2, which is the value to be used for 

comparison to the Evolved Methodology.  The Metric Limit for Total Heating for Flight Reference 

Delta is 3,200 J/cm2, and therefore the flight margin against the Metric Limit is 610 J/cm2.  The 

Target Limit for Total Heating is 3,145 J/cm2 so that actual flight margin against the Target Limit 

is 555 J/cm2.  For the Flight Reference Delta, the Target Margin is 55 J/cm2, so that the actual 

flight margin against the Metric Limit is 11.1 times larger than the minimum margin determined 

by the Evolved Methodology.  As stated previously, the flight total heating is equivalent to the 2nd 

percentile from the Monte Carlo, so flight represents a very non-stressing total heating case and 

does not lend itself to informing the adequacy of the quantified Target Margin for Total Heating.  

Given that a 2nd percentile event is also unlikely, like Peak Deceleration, a similar conclusion can 

be drawn that the Input Model Confidence Assessment for Total Heating may need to be lowered.  

For Total Heating, cm_hc_add is the most influential input, which is tied to the modeled vehicle 

angle of attack trim behavior, and so the same conclusion applies: cm_hc_add Confidence Rating 
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should be reassessed.  Note that for Peak Heat Rate, cm_hc_add is the fourth most influential input 

rather than the first, which may be why flight peak heat rate performance is closer to nominal, or 

the mean of Monte Carlo performance. 

 
11.8.4 Parachute Inflation Load 

An official reconstruction of the parachute inflation load has not been published in the 

public domain, but a preliminary reconstruction calculated the flight parachute inflation load to be 

11,200 lbf.  Against the Flight Reference Delta Metric Limit of 15,000 lbf, the actual flight 

Parachute Inflation Load had a margin of 3,800 lbf.  Against the Target Limit of 13,393 lbf, the 

flight margin is 2,193 lbf.  The Flight Reference Delta Target Margin is 1,607 lbf, so that the actual 

flight margin against the Metric Limit is 2.4 times the minimum margin resulting from the Evolved 

Methodology.  The flight Parachute Inflation Load of 11,200 lbf is representative of the 40th 

percentile from the Flight Reference Delta Monte Carlo simulation, so again it is difficult to draw 

conclusions on Parachute Inflation Load Target Margin quantification based on the InSight flight 

reconstruction given the near-nominal performance. 

As discussed earlier, there are limits to the insights to be gained about the Evolved 

Methodology based on the InSight flight data.  Because the InSight landing was largely nominal 

with large margins against the Metric Limit, the comparison of the large as-flown margins to the 

Evolved Methodology Target Margin is limited to showing that the Target Margins are well under 

the InSight flight margins based on the InSight EDL flight reconstruction.  To compare the sizing 

of Target Margin to real-world flight, a large number of sampled actual Mars landings would be 

required to validate the statistics-based quantified Target Margin.  The InSight landing did reveal 

that the confidence in the modeling of cm_hc_add was likely rated too high in the Input Model 

Confidence Assessment process, given the flight result for Critical Metric Peak Deceleration and 
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Total Heating were both observed to be unlikely events, 99% event and 2% event respectively.  

Overall, the InSight landing did prove useful in revealing new insights into entry vehicle trim angle 

of attack behavior and how associated modeling confidence appears over estimated. 
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12 Sensitivity to Tool Configuration 

The previous section provided the results of a baseline Target Margin assessment for the 

Critical Metrics for InSight for the three epochs ATLO 2.0, As-Built 2.0 and Flight Reference 

Delta.  In this section the results of sensitivity assessments are presented, also for the InSight 

landing.  The first sensitivity is a look at bounds of possible values of Target Margin given the 

configuration of the InSight baseline assessment.  The second sensitivity is a simulated early 

lifecycle assessment of Target Margin to assess quantification of Target Margin during the early 

phase of a project.  The final sensitivity is a look at how Assessment Category weighting might be 

applied in early and late phases of a project. 

 
12.1 Assessing High and Low Target Margin Bounds 

To understand the bounds of the Target Margin quantification, i.e., the largest and smallest 

Target Margin that can result for the InSight baseline assessment configuration, two additional 

Target Margin assessments were run for all four Critical Metrics.  In the first, all Confidence 

Ratings for all Assessment Categories were set to High, to establish the lower bound on Target 

Margin quantification.  In the second, all Confidence Ratings for all Assessment Categories were 

set to Low to establish the upper bound of Target Margin quantification.  This was done for all 

Critical Metrics, the results of which are shown in Tables 12-1 ‒ 12-4 and Figures 12-1 – 12-4. 

The results for Peak Deceleration are shown in Table 12-1 and Figure 12-1.  As can be seen in 

Table 12-1, the rows show Metric Limit, Target Margin, Target Limit and Percent Epistemic 

Contribution for each InSight epoch. The first column shows the Target Margin results for the 

InSight baseline assessment with all Confidence Ratings set to Low, to establish the largest 

possible Target Margin for the InSight baseline configuration.  The middle data column has the 
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Target Margin result for the InSight Baseline (presented in the previous section), and the last data 

column has the Target Margin results with all Confidence Ratings set to High, to establish the 

smallest Target Margin quantification for the InSight baseline configuration.  As can be seen in 

the table, the InSight Baseline falls between the All Low and All High Target Margins and is 

biased toward the All High Target Margin value for all epochs.  This can be seen graphically in 

Figure 12-1, a plot of Target Margin for all epochs, where the orange data marks are the InSight 

Baseline case.  The bias toward the All High Target Margin quantification can be explained by the 

fact all three epochs are drawn from the later phases of the InSight project where maturity of 

simulation modeling results in higher Confidence Ratings for Assessment Categories.  The All 

Low and All High assessments for the Evolved Methodology for Peak Deceleration range from a 

minimum of 0.37 Earth g for All High, to a maximum of 0.79 Earth g for All Low.  In terms of 

Monte Carlo performance standard deviation, this is a span of 1.42σ to 3.04σ. 

 

Table 12-1  InSight  baseline Target Margin bounding cases for Peak Deceleration. 
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Figure 12-1  InSight Baseline Target Margin bounds - Peak Deceleration. 

 
Interestingly, the InSight All High and InSight All Low configurations have the effect of 

increasing the separable epistemic uncertainty contribution to Target Margin relative to the InSight 

baseline, and this contribution for epistemic uncertainty for the two cases is nearly the same for all 

epochs.  This is because when all inputs have the same Confidence Score (All High or All Low) , 

as with Peak Deceleration, and the nonlinear terms of the regression model make very small 

contribution to Target Margin, the separable epistemic uncertain contribution to Target Margin 

tends toward a value given by 

 
 (|𝑏𝑏1|𝐸𝐸𝐸𝐸1 + |𝑏𝑏2|𝐸𝐸𝐸𝐸2 + ⋯+ |𝑏𝑏6|𝐸𝐸𝐸𝐸6) (|𝑏𝑏1| + |𝑏𝑏2| + ⋯+ |𝑏𝑏6|)⁄  (12-1) 
   

 
where 𝐸𝐸𝐸𝐸𝑛𝑛 is the fraction of epistemic uncertainty contained in the nth input variable (or nth linear 

term of the regression model), and b1 ‒ b6 are the regression model linear term coefficients. 

The results for Peak Heat Rate are shown in Table 12-2 and Figure 12-2.  As with Peak 

Deceleration, the Target Margin value for Peak Heat Rate for the InSight baseline is biased toward 

the All High confidence Target Margin bound for all three InSight epochs.  Again, this is to be 
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expected given the maturity of the InSight project at the time of the three epochs.  This is 

graphically represented in Figure 12-2, where the InSight Baseline Target Margin is indicated by 

the orange data marks.  The Evolved Methodology analysis indicates that the possible Target 

Margin for the InSight baseline assessment configuration reaches a minimum of 1.4 W/cm2 for All 

High, and a maximum of 3.0 W/cm2 for All Low.  In terms of Monte Carlo standard deviation, 

this is a span of 1.32σ to 2.83σ. 

 
Table 12-2  InSight baseline Target Margin bounding cases for Peak Heat Rate. 

 
 
 

As with Peak Deceleration, the percent contribution from separable epistemic uncertainty 

is higher for both the All Low and All High assessments than InSight Baseline.  Because nonlinear 

terms of the Peak Heat Rate regression model make a bigger contribution to Target Margin, the 

separable epistemic uncertainty contribution for All High and All Low assessments differ more in 

value across the All Low, baseline and All High relative to the result for Peak Deceleration.   
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Figure 12-2  InSight Baseline Target Margin bounds - Peak Heat Rate. 

 
The results for Total Heating are shown in Table 12-3 and Figure 12-3.  Again, the Target  

Margin for the InSight baseline is biased toward the All High Target Margin boundary because of 

the maturity of the project at the time of the InSight epochs.  This is graphically illustrated in  

 

Table 12-3  InSight  baseline Target Margin bounding cases for Total Heating. 
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Figure 12-3  InSight Baseline Target Margin bounds – Total Heating. 

 
Figure 12-3.  The Total Heating Target Margin from the Evolved Methodology ranges from a 

minimum of 46 J/cm2 for All High, to a maximum of 97 J/cm2 for All Low, or in terms of Monte 

Carlo standard deviation, a span of about 0.92σ to 1.92σ.  Because the regression model for Total 

Heating has small contribution from nonlinear terms, the separable epistemic uncertainty for All 

Low and All High is near the same and about 20% higher than InSight Baseline for each epoch. 

Finally, the results for Parachute Inflation Load are shown in Table 12-4 and Figure 12-4.  

Based on the All High and All Low assessments, the minimum Target Margin for InSight as 

configured is 1,311 lbf, and the maximum is 2,871 lbf, across the three epochs.  In terms of Monte 

Carlo standard deviation, the span is 1.10σ to 2.43σ  The InSight Baseline is again biased toward 

the All High, or minimum Target Margin boundary for all epochs.  As with the InSight Baseline, 

the All Low and All High assessments result in the largest Target Margin quantification variation 

across the epoch for Parachute Inflation Load, compared to the other Critical Metrics.  Because all 

six input variables for Parachute Inflation Load are assessed as having no epistemic uncertainty, 
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like the InSight Baseline, the All Low and All High assessments show no epistemic uncertainty 

contribution to Target Margin. 

The All-High and All-Low sensitivity assessment provides a context within which to 

understand the results of the InSight baseline Target Margin assessment.  By setting the 

Confidence Ratings for all model inputs in all Assessment Categories to High and to Low, the 

maximum and minimum possible Target Margin quantification bounds for the configured InSight 

baseline assessment are revealed.  Because the assessed InSight epochs are all from the later stages 

of the InSight Project, for each the Evolved Methodology results in Target Margin quantification 

biased toward the minimum Target Margin boundary. 

 
Table 12-4  InSight  baseline Target Margin bounding cases for Parachute Inflation Load. 

 

 

 

 (This space intentionally left blank) 
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Figure 12-4  InSight Baseline Target Margin bounds – Parachute Inflation Load. 

 
 
12.2 Simulated Early InSight Assessment 

As discussed in Section 11.1, only complete data sets for the InSight epochs ATLO 2.0,  

As-Built 2.0 and Flight Reference Delta were available for application of the Evolved 

Methodology to InSight.  However, in this section an assessment for an early project phase is 

simulated to understand or approximate Target Margin quantification that would result from 

applying the Evolved Methodology early in the lifecycle of a project. 

Because the InSight mission was a near copy of NASA’s Phoenix mission, the early phase 

of InSight is not a good representation of a typical project because much of the design of the 

spacecraft, as well as developed simulation tools, existed at the beginning of the project.  

Therefore, for the simulation of early InSight, early Phoenix is used to provide an assessment of 

early lifecycle Target Margin quantification.  The early lifecycle simulated epoch is called Phoenix 

Phase B, where Phase B refers to the period in an early project lifecycle leading up to the 

Preliminary Design Review (PDR). 
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For the quantification of Target Margin for Phoenix Phase B, the assessment is configured 

with the same Assessment Category weightings used for the InSight baseline assessment (equal or 

even weighting, see Table 11-35), and the same Assessment Criteria are retained (see Table 11-36 

and Table 11-37).  Because regression models do not exist for Phoenix Phase B, the InSight 

ATLO 2.0 regression models are used because they are the earliest epoch regression models 

available.  To provide Confidence Ratings for the inputs to the regression models, an Input Model 

Confidence Assessment is conducted based on the state of the entry, descent and landing (EDL) 

simulation during Phoenix Phase B.  The Confidence Ratings with rationales are shown in 

Table 12-5 and Table 12-6, and the ratings are discussed in the following subsections. 

 
12.2.1 Entry Vehicle Aerodynamic Parameters Confidence 

For Phoenix Phase B, the entry vehicle aerodynamic parameters were developed in the 

same way as were aerodynamic parameters for InSight, via computational fluid dynamics (CFD) 

modeling.  Therefore, the Assessment Categories Mathematical Model, Code and Validation 

receive the same ratings as those for InSight.  However, during early Phase B, the Phoenix EDL 

simulations used the aerodynamic database from the Mars Exploration Rovers (MER) mission 

because of similarities in entry vehicle geometry and entry velocity.  A Phoenix-specific 

aerodynamic database followed after new CFD analyses were conducted based on the Phoenix 

geometry and trajectory.  Because the initial aerodynamic database was not specific to Phoenix, 

the Model Parameters category is given a Low rating.  

 
12.2.2 Parachute Drag Confidence 

During the early stages of Phoenix, the parachute drag was modeled via a drag-only model  
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Table 12-5  Model confidence assessment for Phoenix Phase B – part 1. 
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Table 12-6  Model confidence assessment for Phoenix Phase B – part 2. 
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based on Viking-era high altitude tests.  Because the model was low fidelity, it is given a Low 

rating for Mathematical Model.  The drag-only model was implemented in multiple simulations 

and compared, therefore the Code category is rated High.  Because of limited opportunity for 

validation via Mars flights, and because Phoenix Phase B was validated by Viking-era high altitude 

tests, the Assessment Category receives a Medium rating.  Finally, the category Model Parameters 

receives a Medium rating because of lower pedigree at the start of the project. 

 
12.2.3 Atmosphere Density Parameters Confidence 

As with many projects, Phoenix utilized the engineering atmosphere modeling code called 

Mars Global Reference Atmosphere Model (Mars-GRAM) [43] early in the project lifecycle.  At 

the time of Phoenix Phase B, Mars-GRAM was a parametrized atmosphere model based on 

look-up tables generated by the NASA Ames Mars General Circulation Model.  Because the model 

is look-up table based, it is given a Medium rating for the category Mathematical Model.  The 

Mars-GRAM code itself has an unknown level of review, but because it is a NASA distributed 

program, it is assumed it is reviewed.  For the category Code, it therefore receives a Medium rating.  

Like the InSight atmosphere model, validation of the model is by flight reconstruction where 

atmosphere characteristics cannot be completely separated from vehicle aerodynamics and 

therefore the category Validation receives a Medium rating.  For the category Model Parameters, 

Mars-GRAM receives a low rating because it was a generalized model that did not appropriately 

capture the structure of the atmosphere as validation efforts revealed a 30% to 45% difference in 

density near 40 km altitude when compared to the European Mars Climate Database (MCD) 

atmosphere model at the Phoenix landing zone and arrival time [43]. 
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12.2.4 Entry Flight Path Angle Confidence 

Of the twelve model inputs being assessed for Phoenix Phase B, entry flight path angle 

(EFPA) receives the same confidence ratings as InSight, for the same reasons as summarized in 

Section 11.5.2.4. 

12.2.5 Entry Vehicle Z-Axis Center of Gravity Location at Entry Interface Confidence 

As was the case for the InSight epochs, for Phoenix Phase B, the Mathematical Model 

rating is High for the entry vehicle center of mass model (zcg_ei) because the mathematics is 

simple and well understood.  Because the state of review history of the model code and the 

validation history are not easily recovered for this assessment, it is assumed tools have a low level 

of maturity at the beginning of Phoenix, so both Code and Validation receive a Low rating.  Also, 

the category Model Parameter is given a Low rating because the pedigree of the parameters is low 

at the beginning of a project when there is not significant measurement history or analysis history 

behind the parameters. 

 
12.2.6 Results for Simulated Early InSight Assessment 

Using the ATLO 2.0 regression model, even Assessment Category weightings, the InSight 

baseline Assessment Criteria, and the Model Confidence Ratings covered in the previous 

subsections, a Phoenix Phase B Target Margin quantification assessment was conducted.  The 

results for the four InSight Critical Metrics are shown in Tables 12-7 – 12-10 and 

Figures 12-5 – 12-8. 

Table 12-7 has a summary of the Peak Deceleration Target Margin for epoch Phoenix 

Phase B.  Also shown for comparison are InSight All Low, Flight Reference Delta, and InSight 

All High.  As the table shows, the simulated Target Margin assessment resulted in a Target Margin 
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Table 12-7  Phoenix Phase B Target Margin result for Peak Deceleration. 

 
 
 

 

Figure 12-5  Phoenix Phase B Target Margin relative to Flight Reference Delta – Peak 
Deceleration. 

 
quantification of 0.53 Earth g, which is 8% larger than the 0.49 Earth g result for the Flight 

Reference Delta.  This suggests the Target Margin during Phase B of a project should be about 8% 

higher than the Target Margin at the time of the Flight Reference Delta after launch, specific to 

the InSight spacecraft.  As can be seen in Figure 12-5, Phoenix Phase B Target Margin, indicated 

by the green data mark, falls near the midpoint between the All Low and All High Target Margin 

boundaries.  This also shows for epoch Phoenix Phase B, the EDL system requires 67% of the 

maximum Target Margin of 0.79 Earth g the Evolved Methodology indicates for All Low. 
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Table 12-8 contains the results for Peak Heat Rate.  For epoch Phoenix Phase B, the 

quantified Target Margin for Peak Heat Rate is 2.1 W/cm2, 0.3 W/cm2 larger than Target Margin 

for Flight Reference Delta at 1.8 W/cm2.  These results suggest, for the InSight spacecraft, that the 

 

Table 12-8  Phoenix Phase B Target Margin result for Peak Heat Rate. 

 

 

 

 

Figure 12-6  Phoenix Phase B Target Margin relative to Flight Reference Delta – Peak Heat 
Rate. 

 
Peak Heat Rate Target Margin should be 17% higher during Phase B than at the time of the Flight 

Reference Delta.  As can be seen in Figure 12-6, Phoenix Phase B Target Margin, indicated by the 

green data mark, falls approximately midway between the All Low and All High Flight Reference 
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Delta Target Margin boundaries, which shows for epoch Phoenix Phase B, the EDL system 

requires 72% of the maximum Target Margin of 2.9 W/cm2 the Evolved Methodology indicates 

for All Low. 

 
Table 12-9  Phoenix Phase B Target Margin result for Total Heating. 

 

 
Table 12-9 contains the results for Total Heating.  The Phoenix Phase B Target Margin 

quantification is 63 J/cm2, which is 8 J/cm2 higher than Flight Reference Delta at 55 J/cm2.  This 

result suggests Target Margin for Total Heating at Phase B should be 15% higher than at the Flight 

Reference Delta.  This can be graphically seen in Figure 12-7, where Phoenix Phase B is indicated 

by the green data mark.  Target Margin for epoch Phoenix Phase B Total Heating is biased  

 

 
 

Figure 12-7  Phoenix Phase B Target Margin relative to Flight Reference Delta – Total Heating. 
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somewhat toward the All High boundary, and short of the midpoint between All Low and All 

High.  The result shows for epoch Phoenix Phase B, the EDL system requires 67% of the maximum 

Target Margin of 94 J/cm2 the Evolved Methodology indicates for All Low. 

Table 12-10 contains the results for Parachute Inflation Load.  The quantified Target 

Margin for epoch Phoenix Phase B Parachute Inflation Load is 2,023 lbf, or 416 lbf greater than 

the Target Margin value for Flight Reference Delta of 1,607 lbf.  The results suggest Parachute 

Inflation Load Target Margin for the InSight spacecraft for Phase B should be 26% greater than at 

the time of the Flight Reference Delta, and is 77% of the maximum Target Margin of 2,619 lbf the 

Evolved Methodology indicates for All Low.  Figure 12-8 provides of graphical representation of 

the Target Margin data in Table 12-10. 

 
Table 12-10  Phoenix Phase B Target Margin result for Parachute Inflation Load. 

 

 

Utilizing Phoenix Phase B as a simulated early lifecycle epoch provides insight into 

quantification of Target Margin early in a project when model maturity, vehicle design and level 

of model validation may be at a low level.  By calling upon historical knowledge of the state of 

Phoenix EDL simulation during Phase B of the project lifecycle, the Evolved Methodology 

specifies Peak Deceleration Target Margin 8% larger in Phase B than at the time of the Flight 

Reference Delta; Peak Heat Rate Target Margin 17% higher in Phase B than at the time of Flight  
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Figure 12-8  Phoenix Phase B Target Margin relative to Flight Reference Delta – Parachute Inf. 
Load. 

 
Reference Delta; Total Heating Target Margin 15% higher in Phase B than at the time of Flight 

Reference Delta; and Parachute Inflation Target Margin 26% larger in Phase B than in at the time 

of Flight Reference Delta.  As part of future work, to the extent possible, comparing Phoenix 

Phase B Target Margin to actual performance margin held by the Phoenix Project during Phase B 

might provide additional insight and validation of Evolved Methodology Target Margin 

quantification. 

 
12.3 Application of Assessment Category Weighting 

The final sensitivity analysis is an assessment of sensitivity to Assessment Category 

weighting.  The assessment is crafted to simulate how Assessment Category weighting might be 

applied early in a project lifecycle and late in a project lifecycle.  Building off the results of the 

previous subsection, Phoenix Phase B is chosen to represent an early epoch, and Flight Reference 

Delta is chosen as a late epoch. 
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The challenge to crafting an Assessment Category weighting scheme is in choosing what 

categories should be weighted of higher importance and which of lower importance.  In applying 

a weighting scheme other than even, it becomes clear that attempting to rate, for example, 

Mathematical Model higher than Validation, is fraught with analytical danger.  It is difficult if not 

impossible to judge how one Assessment Category might be more important than another.  An 

error in model coding, for example, may have an equally detrimental impact to accuracy of 

simulated performance as a weakness in model validation.  As a result, it is difficult to decide or 

judge which needs more Target Margin, and thus higher weighting, as a result.  Understanding that 

designing a weighting scheme other than even should be treated with great care and perhaps 

avoided, the following is one approach to applying a weighting scheme. 

To perform the weighting sensitivity, a simple, early weighting scheme was designed based 

on a rationale that emphasizes the immaturity of simulation modeling early in a project.  Because 

simulation models are often of lower fidelity early in a project, Mathematical Model is given a 

weighting of 2.00 to emphasize that Target Margin size may need to particularly reflect model 

immaturity.  The Assessment Category Validation is also weighted 2.00 because early in a project 

model validation may be future work, so emphasis on validation protects against expected 

validation efforts possibly falling short.  Assessment Categories Code and Model Parameter retain 

their baseline weighting of 1.00.  This early weighting scheme is summarized in Table 12-11. 

A weighting scheme for a late project lifecycle Target Margin assessment is summarized 

in Table 12-12.  The rationale for the weighting choices for a late weighting scheme emphasizes 

simulation tool maturity which is important for operations once the spacecraft is in flight.  For this 

reason, Code is given higher weighting at 2.00.  Likewise, Model Parameter is given a weighting  
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Table 12-11  A weighting scheme for early project assessment. 

 

 
Table 12-12  A weighting scheme for late project assessment. 

 

 

of 2.00 for the same reason that tool accuracy and reliability are important in operations.  The 

categories Mathematical Model and Validation are given a baseline rating of 1.00 because late in 

a project it is assumed model development and validation efforts are complete. 

Using these Assessment Category weighting schemes, Phoenix Phase B and Flight 

Reference Baseline were run again using the Target Margin Sizing Tool (TMST), with the results 

of the weighted assessment summarized in Tables 12-13 – 12-16.  Each table provides the Target 

Margin results of early weighting and late weighting assessments, along with the results for 

Phoenix Phase B and Flight Reference Delta with the even (equal) weighting that was used for the 

InSight baseline assessment in Section 11.4.1.  As can be seen in Table 12-13, for Critical Metric 

Peak Deceleration, both Phoenix Phase B and Flight Reference Delta show little to no sensitivity 

to the early and late weighting schemes, as the results are nearly identical or identical to even 
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weighting Target Margin results.  Critical Metrics Peak Heat Rate and Total Heating show 

essentially no sensitivity to the designed early and late weighting schemes, as shown in 

Table 12-14 and Table 12-15.  Finally, Critical Metric Parachute Inflation Load does show some 

sensitivity to the early and late weighting schemes, as summarized in Table 12-16.  The early 

weighting scheme results in an increase in Phoenix Phase B Target Margin from 2,023 lbf for even 

weighting, to 2,095 lbf for early weighting, or a about a 4% increase in Target Margin when 

emphasizing Mathematical Model and Validation.  This is because categories Mathematical Model 

and Validation have on average lower confidence ratings for the inputs of highest influence relative 

to the lower weighted categories Code and Model Parameter.  For Parachute Inflation Load, the 

late weighting scheme results in a lowering of Flight Reference Delta Target Margin from 

1,607 lbf for even weighting to 1,513 lbf for late weighting, or about a 6% decrease.  This is 

because the categories Code and Model Parameter have, on average, higher confidence ratings for 

inputs of strongest influence relative to lower weighted categories Mathematical Model and 

Validation.  Therefore, the late weighting scheme suggests less Parachute Inflation Load Target 

Margin is needed relative to an even weighting scheme for InSight late in the project lifecycle.  

Likewise, the early weighting scheme suggests for InSight more Target Margin is needed for 

Parachute Inflation Load early in the lifecycle of the project. 

 
Table 12-13  Peak Deceleration Target Margin sensitivity to early and late weighting. 
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Table 12-14  Peak Heat Rate Target Margin sensitivity to early and late weighting. 

 

Table 12-15  Total Heating Target Margin sensitivity to early and late weighting. 

 

 

Table 12-16  Parachute Inflation Load Target Margin sensitivity to early and late weighting. 

 

 

The level of sensitivity to Assessment Category weighting is in part related to the 

Confidence Rating levels for the model inputs in the category, as was illustrated by the effect that 

weighting has on Parachute Inflation Load Target Margin.  Parametrically varying weighting 

levels is another study approach that would be valuable in understanding the full sensitivity of 

Target Margin quantification to the design of Assessment Category weighting. 
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13 Conclusions 

The research in this dissertation develops and implements a methodology for the 

determination of entry, descent and landing design performance margins for spacecraft landing on 

planetary bodies. The methodology, termed the Evolved Methodology, is seeded by a Seed 

Methodology employed by NASA’s InSight Project.  The methodology utilizes Monte Carlo 

simulation, Monte Carlo Filtering, and Design of Experiments methods to develop second-order 

regression models that are utilized in the quantification of desired performance margin, called 

Target Margin.  The research resulted in the successful development of the methodology and in 

this conclusion section the level to which the original research objectives have been met is 

assessed, a summary of research finding is presented and areas for future work are summarized. 

 
13.1 Assessment of Research Objectives 

Early in the research presented in this dissertation, four research objectives were identified  

that guided the direction of the research.  These objectives were derived from identified areas 

needing improvement in the Seed Methodology.  The following subsections assess the degree to 

which Evolved Methodology addresses the research objectives. 

 
13.1.1 Objective 1: Input Model Influence 

Objective: Develop a more rigorous method for identifying simulation models that most influence 

performance distributions of Critical Metrics and quantify their level of influence. 

The Seed Methodology uses experienced-based engineering judgement to identify models 

with highest influence on Critical Metric response, and does not quantify their level of influence.  

The Evolved Methodology uses Monte Carlo Filtering as a more rigorous process of identifying 

models of highest influence, and then uses a three-level full factorial design of experiments (DOE) 
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analysis, resulting in a second-order regression model, the coefficients of which provide a 

quantification of input influence on Critical Metric response.  The Evolved Methodology 

completely addresses Objective 1. 

 
13.1.2 Objective 2:  Mapping Input Model Confidence to Target Margin 

Objective:  Develop a more rigorous, higher resolution technique to map input model confidence 

to Target Margin sizing via metric performance distribution. 

The Seed Methodology sizes Target Margin as a fraction of Critical Metric Monte Carlo 

performance distribution, with the size of fraction based on model confidence assessed using 

engineering judgement.  The Evolved Methodology uses instead fractions of input distributions 

that become inputs into the DOE regression model to size Target Margin.  By applying the process 

of using distribution fraction to size Target Margin, higher resolution is achieved because the 

distribution fraction process is applied to each input variable based on a methodical assessment of 

modeling confidence under multiple assessment categories.  The Seed Methodology applies a 

single confidence assessment to size fraction for a single Critical Metric performance distribution.  

By evolving the methodology to applying distribution fraction to modeling inputs, the Evolved 

Methodology provides a higher resolution technique to sizing Target Margin.  The Evolved 

Methodology meets Objective 2. 

 
13.1.3 Objective 3: Technique for Epistemic and Aleatory Uncertainty 

Objective:  Develop a method to handle epistemic and aleatory uncertainty appropriately within 

the methodology. 

The Seed Methodology had no process for addressing epistemic and aleatory uncertainty, 

which is uncertainty that is reducible and irreducible, respectively.  The importance of identifying 



                                                                           181 

 

and understanding epistemic and aleatory uncertainty is found in understanding where uncertainty 

may be reduced during the lifecycle of a project.  The Evolved Methodology provides a means for 

estimating epistemic and aleatory uncertainty, and quantifying how epistemic and aleatory 

uncertainty contribute to Target Margin.  The Evolved Methodology meets Objective 3. 

 
13.1.4 Objective 4: Evolvable Methodology 

Objective:  Develop an evolvable methodology that can be applied throughout the lifecycle of a 

project. 

The Evolved Methodology addresses Objective 4 in a number of ways.  First, the 

methodology provides the ability to apply the methodology at selected epochs across a project 

lifecycle.  It also provides a number of ways to tailor the configuration of a Target Margin 

assessment depending on system engineering needs.  Tailoring of Target Margin assessment 

configuration is provided by the ability to set Assessment Criteria, choose Assessment Categories 

and category weightings, and change Model Confidence ratings as modeling fidelity and validation 

evolves.  Through these abilities, the Evolved Methodology allows the Target Margin assessments 

to evolve across project lifecycle, and meets Objective 4. 

 
13.2 Findings & Areas for Future Work 

The following is a list of findings and future work areas that were identified in the 

development and application of the Evolved Methodology. 

 
• In the Monte Carlo Filtering process, a stepwise sum of density represents an initial 

technique for parametrizing an atmosphere density profile.  Future development of the 

methodology should explore other methods of parameterizing a density profile. 
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• The process of using Monte Carlo Filtering to identify Model Inputs of Highest Influence 

did not capture the Sutton-Graves aerothermal heating model for Critical Metrics Peak 

Heat Rate and Total Heating.  It was not identified because Sutton-Graves model 

parameters are not dispersed.  Future development of the Evolved Methodology should 

address this observation. 

• The process of doing an initial identification of Model Inputs of Highest Influence via 

Monte Carlo Filtering to feed the DOE analysis may not provide a fully comprehensive 

search.  Future development should include exploration of DOE search methods to 

potentially provide a more exhaustive search of input parameters for parameters of highest 

influence. 

• The Evolved Methodology supports normal and uniform input distribution types.  Further 

development of the methodology needs to expand to accommodate a wider range of input 

distributions. 

• The estimation of epistemic and aleatory uncertainty in the Evolved Methodology 

represents an initial treatment, and benefited from hindsight.  Future work needs to evolve 

the treatment of epistemic and aleatory uncertainty and further develop formal methods of 

estimating epistemic and aleatory uncertainty content in Model Inputs of Highest 

Influence. 

• When executing the Input Model Confidence Assessment, it is important to focus the 

Confidence Rating only on factors that are not already captured in modeled uncertainty in 

simulation, thus avoiding double accounting of sources of uncertainty.  This was adhered 

to while assessing Input Modeling Confidence. 
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• Compared to the Seed Methodology, the Evolved Methodology provides the ability to 

quantify how much individual model inputs are contributing to total Target Margin, and 

results in a more conservative total Target Margin than the Seed Methodology.  This has 

the potential to result in a more robust EDL system. 

• Because this dissertation implemented a single set of Assessment Criteria for normal and 

uniform distributions, a more extensive exploration of sensitivity to Assessment Criteria 

sizing should be part of future work. 

• As future work, to the extent possible, comparing actual margins held by Phoenix in 

Phase B to results of Evolved Methodology assessment for Phoenix Phase B might provide 

useful insight into Evolved Methodology Target Margin quantification. 

• A broader parametric weighting assessment would provide a clearer understanding of 

Evolved Methodology sensitivity to weightings, and is an area of future work. 

• The research and development performed in this dissertation was focused on applying the 

Evolved Methodology to Critical Metrics whose Metric Limit is on the high side of its 

performance distribution.  Future work includes application to Critical Metrics with low 

side and two-sided Metric Limits. 

• Applying the Evolved Methodology to more complex EDL systems is future work. 

• A future area of extended research is the potential to use the results of the Evolved 

Methodology to develop a weighted process to convolve or combine Target Margin per 

Critical Metric into an overall Integrated Total Margin, for use in guiding conceptual 

design and balancing risk. 
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13.3 Summary 

A methodology for determination of entry, descent, and landing performance Target 

Margin was developed, evolved from a Seed Methodology employed by NASA’s InSight Project.  

Termed the Evolved Methodology, it successfully addresses shortcomings of the Seed 

Methodology, identified as objectives of the presented research.  The methodology was applied to 

four Critical Metrics across three analysis epochs for the NASA InSight Mars landing and was 

successfully compared to the Seed Methodology, showing the Evolved Methodology calls for 

larger, potentially more robust Target Margin, as compared to the Seed Methodology, for all four 

Critical Metrics.  Sensitivity analyses using the Evolved Methodology established the minimum 

and maximum bounding values for InSight EDL system Target Margin, and examined Target 

Margin for a simulated early InSight epoch to compare application of the Evolved Methodology 

to early and late lifecycle epochs.  In addition, sensitivity analysis examined hypothetical 

Assessment Category weightings for early lifecycle and late lifecycle assessments, and found low 

sensitivity to the chosen hypothetical weightings.  Through successful application to the InSight 

Project, the Evolved Methodology is assessed as a viable method for quantifying critical design 

performance margins for the InSight EDL system, and future work includes addressing the 

findings of this research and expanding application of the methodology to landings on other 

planetary bodies. 
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Appendix B TMST Code – Assessment Main Window 
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Appendix C TMST Code – Compare Message Box  
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Appendix D Example DOE Regression Model Output File 
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Appendix E TMST Regression Model Input File 
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Appendix F TMST Margin Assessment Configuration File 
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Appendix G TMST Margin Configuration File 
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