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Abstract—With the increased reliance on spaceborne Earth 

observation data among the Earth science community and other 

end users, it is important that efforts are made to promote data 

continuity for a range of parameters of interest. Continuity gaps 

may occur between missions measuring like parameters due to 

mission development delays or early termination and introduce 

the potential of increased uncertainty for retrieved parameters. 

To inform portfolio-level decisions for Earth observing 

missions, Ivanco et al. developed a method that enables the 

assessment of the probability of continuity gaps for multi-

mission architectures and provides a framework to assess this 

probability in the context of multiple scenarios that represent 

possible future states of the architecture [Ivanco et al., “A 

Scenario-Based Approach to Assess Continuity Gaps in Earth 

Observations,” IEEE Aerospace Conf., 2024].  

While this method was previously applied to assess continuity 

gaps for a specific multi-mission architecture, it had not yet been 

validated with historical data. This paper builds on the work of 

Ivanco et al. by utilizing data obtained from past NASA Earth 

science mission formulation documents to retroactively estimate 

mission timelines and gap probabilities for a selected multi-

mission architecture. The model results are compared with the 

true outcomes of the missions in an attempt to validate the 

probabilistic gap assessment method. Discussion in this paper is 

limited to the probabilistic analysis portion of the method, which 

estimates the likelihood of gaps for a baseline mission 

architecture measuring a specific parameter of interest. The 

latter steps of the method assess the impact of decisions on 

measurement continuity, given the estimated gap probabilities, 

by use of scenario analysis and are therefore out of scope for this 

validation effort.  

The efforts to validate the stochastic portion of the scenario-

based method are not an exhaustive validation for all use cases 

of the method, but rather a case study of a singular architecture 

comparable to the architecture defined in Ivanco et al.’s 

analysis. The validation case study concludes that the method 

adequately identifies gap potential for a case where a gap was 

not planned in the mission architecture. A sensitivity analysis is 

performed to evaluate the effect of the epistemic uncertainty of 

input distributions on the model and demonstrates the impact 

of variations of input distributions related to missions in 

development. The validation and sensitivity analysis efforts 

inform future modeling improvements which will impact the 

effectiveness of subsequent applications of the method. 

This paper first summarizes the method used to assess the 

probability of gaps in multi-mission architectures. It then 

describes the analysis performed by the authors to assess the 

validity of the method and quantify its predictive accuracy and 

presents the results of the sensitivity analysis. Lastly, insights 

gained from the validation efforts as well as proposed 

improvements pertaining to model input parameters are 

discussed. 
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1. INTRODUCTION 

Many Earth science researchers, applied scientists, and other 

end users, such as private companies, globally utilize 

spaceborne Earth observation data for monitoring and 

researching the Earth system. If gaps are introduced between 

missions in Earth observing multi-mission architectures, the 

accuracy of predictions and analysis could be diminished as 

the continuous record of measurements may be 

compromised. With operational mission lifetimes varying 

from one year to extended operations of 10 years or more, the 

probability of data continuity gaps needs to be assessed well 

in advance of their occurrence to support strategic decision-

making. Decision-makers for NASA’s Earth Science 

Division (ESD) face significant uncertainty in this process 

and must consider many factors including funding, 

technology maturation, and schedule shifts, while 

considering many potential outcomes that are often difficult 

to predict [1]. 

The scenario-based method described by Ivanco et al. was 

developed to estimate the probability of potential continuity 

gaps—defined in this context as any length of time during 
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which there are no operational missions collecting a 

particular type of data—and to assess this probability in the 

context of multiple possible future states of the architecture 

[2]. Spaceborne multi-mission architectures often constitute 

systems of systems (SoS), defined as “a set of systems or 

system elements that interact to provide a unique capability 

that none of the constituent systems can accomplish on its 

own" [3]. Because of the complexities associated with the 

SoS nature of multi-mission architectures, the scenario-based 

method departs from NASA’s traditional systems 

engineering decision analysis process [4] and instead 

incorporates selected ideas from the Military Decision-

Making Process (MDMP) [5]. 

This paper builds on the work of Ivanco et al. by describing 

validation efforts performed to assess the predictive accuracy 

of the stochastic portion of the scenario-based method. The 

intent is not to perform an exhaustive validation of all use 

cases of the method. Rather, the study is an initial effort 

investigating the validity and adequacy of the method, by 

providing insight into the effectiveness of the distributions 

and models used to assess the probability of gaps in a multi-

mission architecture.  

To validate the method, data are obtained from past NASA 

Earth science mission formulation documents to estimate 

mission timelines and gap probabilities according to the state 

of knowledge during mission formulation. The model results 

are compared with the true outcomes of the missions to assess 

the predictive capabilities of the model. A sensitivity analysis 

is also performed to further examine how variations in input 

parameters affect model outputs. The paper first summarizes 

the method used to assess the probability of gaps in multi-

mission architectures. It then describes validation efforts and 

their results and presents the results of the sensitivity 

analysis. Lastly, insights gained from the work and proposed 

improvements pertaining to model input parameters are 

discussed. 

2. CONTINUITY ASSESSMENT METHOD 

Discussion in this paper will be limited to the first part of the 

method developed by Ivanco et al. to focus on the validation 

of the probabilistic analysis, which estimates the likelihood 

of a gap for a baseline scenario consisting of missions 

measuring a parameter of interest and their respective 

assumed timelines. The latter steps of the method assess the 

impact of decisions on measurement continuity, given the 

estimated gap probabilities by use of scenario analysis, and 

are therefore out of scope for the validation effort. 

The first step of the stochastic method involves defining a set 

of adverse events that could cause a gap in continuity. For a 

mission in formulation, there are three types of adverse 

events that may impact continuity: 

1) Delayed mission launch 

2) Unsuccessful mission start 

3) Premature mission termination 

A mission launch is considered delayed when the launch 

occurs on a later date than nominally scheduled. In this 

framework, initiating events resulting in launch delay 

constitute events that result in delay of launch readiness date, 

such as technology development and supply chain delays, as 

well as delays attributed to launch vehicles and launch 

scheduling, such as weather delays. A mission start is 

considered unsuccessful if there is a loss of vehicle at launch, 

unsuccessful orbit insertion, or failure of the satellite or sub-

systems to retrieve measurements that satisfy science 

requirements. A mission is considered to end prematurely if 

the mission’s true lifetime is less than the expected design 

lifetime. This could be caused by technical failures, 

accelerated orbit decay, or damage caused by space debris. 

For operational missions, the first two outcomes do not apply 

as the mission success status and launch date are known and 

do not need to be modeled probabilistically; only the 

premature mission end should be considered. 

To estimate the probability of adverse events occurring and 

the resulting impact on the mission timeline, we must be able 

to identify the comprehensive set of initiating events that may 

trigger the adverse event. In the Probabilistic Risk 

Assessment Procedures Guide for NASA Managers and 

Practitioners, initiating events are defined as events that 

“perturb the system (i.e., cause it to change its operating state 

or configuration), representing a deviation in the desired 

system operation” [6]. Adverse events are decomposed into 

one or more failure types, then failure causes, and finally 

initiating events. Initiating events are documented as nodes 

in the lowest tier of the decomposition. A notional diagram 

of the decomposition is shown in Figure 1. 

 

Figure 1. Notional diagram of the hierarchical 

decomposition of adverse events 

Once adverse events have been identified and modeled, the 

probabilities of the occurrence of each initiating event are 

quantified when feasible. For initiating events causing a shift 

in mission timelines, the potential impact of the event in 

terms of launch delay duration and mission lifetime deficit 

are modeled as distributions. Technology Readiness Level 

(TRL) of sub-systems and technology heritage inform the 
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selection of distributions when relevant.  In cases where data 

are unavailable to accurately parameterize a node, the nodes 

are omitted from the assessment and documented in the 

assumptions.  

The probability of a gap over time is then assessed by use of 

Monte Carlo simulation. The simulation generates 

probability distributions for mission start and end dates, 

resulting in modified mission timelines for the cases of 

delayed launch or premature mission termination. For cases 

of an unsuccessful mission start, the simulation categorizes 

the result as a mission cancelation. A manifest is then 

constructed as the aggregate of each mission’s simulated 

outcome. 

Performing N Monte Carlo runs results in N potential 

manifests, from which the probability of a gap in a given year, 

j, can be calculated as  

𝑃(𝐺𝑎𝑝𝑗) =
∑ 𝐼(𝑚𝑖𝑗)𝑁

𝑖=1

𝑁
,       𝐼(𝑚𝑖𝑗) =  {

1, 𝑚𝑖𝑗 = 0

0, 𝑚𝑖𝑗 ≠ 0
 (1) 

where mij is the number of active missions in year j predicted 

by simulation run i and I(mij) is an indicator variable which is 

equal to one when mij is zero and zero otherwise. The current 

study assesses gaps for a mission architecture with a single 

parameter of interest. For more complex studies with multiple 

parameters of interest, Eq. 1 would require an additional 

index to represent assessing the likelihood of gaps in each 

individual parameter. 

3. VALIDATION 

Verification and validation processes “quantify the 

confidence and predictive accuracy of model calculations” 

[7] and are essential parts of the modeling process. Results 

obtained from verification and validation efforts inform 

decision-makers of the predictive ability of the model used to 

guide decisions.  

According to the AIAA “Guide for the Verification and 

Validation of Computational Fluid Dynamics Simulations,” 

verification is “the process of determining that a model 

implementation accurately represents the developer’s 

conceptual description of the model and the solution to the 

model” [8]. There are multiple approaches to perform model 

verification depending on the nature of the model. A common 

approach is to use the model to compute an analytical 

problem with a known solution; the output of the model is 

then compared to the known solution to verify the accuracy 

of the model and ensure that it was implemented correctly. 

Validation is defined as “the process of determining the 

degree to which a model is an accurate representation of the 

real world from the perspective of the intended uses of the 

model” [8].  

Naylor and Finger developed a multi-stage approach to 

validation that is routinely cited in relevant literature [9], 

[10], [11], [12]. The first stage of the approach involves 

building a model with high face validity. Analysts select 

variables and relationships to represent the system of interest 

and subsequently assess the ability of the designed model to 

represent the real-world system. Observations and expert 

judgement are used to perform the assessment. The second 

stage of the approach entails validating model assumptions, 

which are identified and assessed. Assumptions are 

empirically tested where possible. The third and final stage 

of the approach ensures that the model’s output data have 

“sufficient accuracy for the model’s intended purpose” [12]. 

In this stage, analysts assess the predictive accuracy of the 

model and whether the achieved level of accuracy is adequate 

for the intended use of the model.  

This paper focuses on the third stage of Naylor and Finger’s 

validation approach as it was of particular interest to the 

authors to gain insights into the ability of the model to 

accurately estimate mission timelines and predict the 

likelihood of gaps to occur in multi-mission architectures. 

The authors therefore focused their efforts on comparing the 

output of the simulation with realized historical outcomes to 

characterize the predictive accuracy of the model and inform 

future modeling improvements.  

This work was motivated by the relevance of examining 

epistemic uncertainty of the system of interest. Multiple data 

sources inform node parametrization and the design of the 

mathematical model. While historical data and quantitative 

analysis were favored to inform the selection of distributions, 

select nodes were informed by expert opinion found in 

mission review documents. The model must consider factors 

such as sub-system heritage, anticipated technology 

developments, and assessed supply chain risk. These factors 

can be contributors to initiating events that might cause 

adverse events and impact the likelihood of gaps between 

missions. However, available data to assess these factors for 

specific missions and inform the parametrization of nodes 

tend to be qualitative in nature. Examples include the 

following: 

• Sub-systems can be described as having “significant 

heritage.” 

• Experts can estimate the number of years needed to 

reach the next level in the TRL scale. 

• Confidence in a selected approach may be stated. 

• Risk associated with the supply chain can be 

assessed as high. 

In addition to the inherent subjectivity of expert opinion, the 

use of text-based sources introduces challenges to adequately 

represent uncertainty [13]. Analysts interpret text-based, 

qualitative statements to inform mathematical models. This 

introduces additional uncertainty in the model as 

interpretation and design decisions may vary among analysts. 

Additional challenges are also associated with potentially 

missing information. Nodes were parametrized when data 

were available; however, select nodes identified as potential 

initiating events could not be parametrized due to a lack of 

data. 
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These challenges motivated this study and the authors’ 

interest in comparing model output with the true outcomes of 

past missions to assess the validity of the probabilistic gap 

assessment approach. 

Validation Approach 

To implement stage 3 of the validation approach, data 

obtained from past NASA Earth science mission formulation 

documents are used to generate distributions of predicted 

mission start and end dates. The outputs of the simulation are 

compared to the realized launch and end of life (EOL) dates 

of the past missions. 

When setting up the validation, the model must be 

constructed under the same assumptions that would have 

been used for the nominal assessment of missions in 

operation and formulation. To simulate this environment, a 

historical set of two missions measuring the same parameter 

of interest is selected to mimic the case of one mission being 

in operation while the second is in formulation. A notional 

timeline of these missions is shown in Figure 2.

 

Figure 2. Notional mission timeline used for validation

Documents created in a particular year during Mission 2 

formulation, also termed the “reference year,” are obtained 

for both missions. From these records, information is 

gathered to inform the hierarchical decompositions built for 

the adverse events based on the state of knowledge at the time 

of mission formulation. It is important to ensure the 

knowledge gathered during data collection efforts and used 

in the validation analysis is traced to the state of knowledge 

of the reference year, and no insight about the true outcomes 

of the mission is used in the event decomposition. 

Three adverse events are identified for the two missions 

included in the analysis: Mission 1 ending prematurely, 

Mission 2 being delayed, and Mission 2 failing to succeed in 

obtaining measurements. The result of the stochastic analysis 

will be an estimation of the EOL for Mission 1, the launch 

date for Mission 2, and the probability of Mission 2 failing to 

succeed. From these results, the probability of a continuity 

gap between the two missions can be derived. 

Probabilistic distributions are derived for each initiating 

event node relevant to the mission of interest. The majority 

of the nodes that were selected to be omitted from the 

validation analysis are consistent with the original analysis 

performed by Ivanco et al. Any differences in the nodes used 

between the two studies is due to the different 

instrumentation on the validation missions compared to the 

original analysis. Certain nodes related to tech development 

instrumentation are turned on in the validation analysis to 

account for this difference and accurately represent the 

systems with increased risk in the mission architecture. 

Distributions used in the original analysis are reassessed for 

the validation analysis to account for changes in the 

availability of data and individual system risks. Since this 

effort is targeting validation of the method and not the 

specific datasets used in the original analysis, historical data 

is filtered to only include records available prior to the 

reference year to more closely mimic the results of the 

method applied during mission formulation. 

Four types of distributions are used to model initiating events. 

For events such as orbital debris collision, internal analysis is 

leveraged to estimate a rate of occurrence which is used to 

parameterize an exponential distribution giving the time to 

event. For other low probability events such as instrument 

failures, historical data are used to construct empirical 

distributions for the lifetime deficit and delay durations 

resulting from those events. Triangular distributions used by 

NASA to estimate cost and schedule growth are used to 

model cost- and schedule-related nodes respective to system 

risk levels. Finally, events resulting in mission cancellation 

are represented with single-point probabilities derived from 

historical data. 

After defining the probabilities and distributions of the 

initiating events, the Monte Carlo simulation is run to 

estimate distributions for the occurrence of the three adverse 

events (mission cancellation, mission delay, or early 

termination). From these distributions, estimates for each 

mission’s start and end date are generated. These predictions 

serve as a proxy for what could have been predicted for 

mission lifetimes during the formulation of Mission 2, and 

the results are compared to the dates of the realized mission.  
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Comparison of Monte Carlo Outputs with Realized Outcomes 

Distributions of the Mission 1 EOL and Mission 2 launch 

dates estimated by the Monte Carlo simulation are plotted in 

Figure 3. The distribution of EOL dates for Mission 1 is wide 

and highly negatively skewed, with a standard deviation of 

228 days and a skewness coefficient of -5.70. Low outliers— 

ranging to almost six years prior to the true EOL—comprise 

8.45% of the points. In contrast, there is a sharp cutoff on the 

right side of the distribution. This is due to extended mission 

lifetimes not being considered in the model based on the 

assumptions made in the original assessment. Aside from the 

truncated righthand side, the shape and location of the 

distribution indicates realistic estimates produced by the 

simulation. The mean EOL estimate is found to be within two 

days of the true EOL date. Additionally, the probability of 

failure is non-zero at any point from the analysis start date, 

which is reflected by the long left tail, and becomes more 

significant closer to the nominal EOL. 

 

Figure 3. Probability density of Monte Carlo outputs for Mission 1 EOL  

and Mission 2 launch date values 

The Mission 2 launch dates plotted in Figure 3 have a 

narrower, positively skewed distribution, with a standard 

deviation of 102 days and a skewness coefficient of 1.14. The 

mean simulated launch date underestimated the true launch 

delay by 117 days, suggesting that the input distributions for 

launch delay may have been too narrow. However, the true 

launch date is within the predicted distribution, falling within 

1.15 standard deviations of the mean, with 10.35% of 

simulation runs falling after the true date. A prediction error 

of four months is relatively small compared to the remaining 

six years of formulation, and the magnitude of the predicted 

delay (177 days) is indicative of the true delay (294 days), 

which informs decision-makers of gap potential. 

These distributions should not be considered independently, 

as each simulation run generated an EOL and launch date pair 

where overlap between these two dates meant that continuity 

was preserved. Figure 4 shows these points with respect to 

the true Mission 1 EOL, represented by the vertical dashed 

line, and Mission 2 launch date, represented by the horizontal 

dashed line. The color saturation of each point corresponds to 

its observed frequency, and the red X’s spanning the bottom 

of the plot signify runs in which Mission 2 experienced a 

cancelation.  

 

Figure 4. Monte Carlo results for Mission 1 end of life and Mission 2 launch plotted  

against the true EOL and launch dates
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Simulation outputs are concentrated in the bottom-right 

quadrant of Figure 4, indicating that the model tended to 

overestimate the lifetime for Mission 1 and underestimate the 

delay for Mission 2. Two thirds (66.6%) of all points fall into 

this quadrant; these points overestimate Mission 1 EOL by an 

average of 48.4 days and underestimate Mission 2 launch 

delay by an average of 145 days. A higher concentration of 

outputs in the bottom-right quadrant could lead to a less 

conservative characterization of potential gaps and a greater 

risk of false negatives where a true gap is not predicted. 

However, the magnitude of these discrepancies is acceptable, 

especially when interpreted within the context of multi-year 

mission durations. Of all simulation runs, 54.4% are within 6 

months of both the Mission 1 EOL and the Mission 2 launch 

date, and 80.0% of runs fall within one year of the true dates. 

Comparison of Planned, Actual, and Simulated Mission 

Counts 

Figure 5 compares the count of operational missions over 

time for the planned outcome, the outcome predicted by the 

stochastic model, and the true outcome of the missions. The 

simulated mission counts are calculated as the mean number 

of active missions at each point in time across all simulation 

runs. From year 1 to the end of year 6, the simulated mission 

count drops from 1 to 0.94 as an increasing number of 

simulation runs predict EOL of Mission 1. Once the nominal 

Mission 2 launch date is reached, the expected mission count 

rises to a peak of 1.079 with the addition of the second 

mission, then drops significantly at the presumed EOL of 

Mission 1 in year 7. Following Mission 1’s end, the expected 

count increases as Mission 2 is launched in an increasing 

number of simulation runs until it finally converges at 0.84, 

the percentage of simulations in which Mission 2 was not 

canceled. The simulated mission counts show a potential area 

of continuity risk between Mission 1 and Mission 2. 

 

Figure 5. Comparison of mission counts for planned 

dates, stochastic analysis predictions, and true dates 

 
As shown in Figure 5, the stochastic model more closely 

predicts the true outcomes of the missions than what was 

initially planned during formulation. The purpose of the 

stochastic analysis is to identify areas in a mission 

architecture that have a risk of a gap. This plot shows that the 

stochastic model accurately predicts where the gap would 

occur between the missions and demonstrates that the 

intended purpose of the model is met. 

It is important to note that this validation effort only applies 

the continuity assessment method to a single historical 

mission architecture. While the results documented here 

suggest adequacy of the model to predict mission timelines 

and likelihood of gaps for this test case, more testing is 

necessary to truly indicate the adequacy of the model for 

every situation. 

4. SENSITIVITY ANALYSIS 

A sensitivity analysis is performed to evaluate the effect of 

epistemic uncertainty on the model results. Epistemic 

uncertainty, according to Oberkampf et al., “derives from 

some level of ignorance, or incomplete information, of the 

system or the surrounding environment.” [14] Epistemic 

uncertainty is highly relevant to this model due to the inherent 

lack of knowledge available to inform the selection of 

distributions used as inputs to the model. The model 

addresses aleatory uncertainty, or the “inherent variation 

associated with the physical system or the environment under 

consideration,” [14] by using probabilistic distributions for 

the input parameters. The goal of the sensitivity analysis is to 

observe how adjustments to subjective input parameters 

affect model results. 

First, a sensitivity analysis is performed for a continuous 

distribution of schedule delay based on the selection of a 

qualitative risk level. An internal NASA cost and schedule 

risk analysis guide defines triangular distributions for nine 

levels of risk varying from “Low” to “Extra High.” A change 

in risk level selection changes the 10% and 90% points of the 

triangular distribution, which is used as an input to the 

continuity assessment model for select nodes. Due to the 

subjectivity of selecting a risk level based on qualitative 

information, there can be variations in the input distributions 

selected by any given analyst. To study the sensitivity of the 

selected input, the distribution is both increased and 

decreased by a single level of risk according to the NASA-

provided risk chart, and the effects of the associated 

triangular distribution changes are assessed.  

The results of the sensitivity analysis are visualized by 

plotting simulated mission counts for different risk cases 

against each other. Figure 6 shows a comparison of the 

mission counts for the case studies of increased and decreased 

schedule risk for Mission 2. The figure depicts the dataset for 

the base case compared to both cases of increased and 

decreased schedule risk level. Table 1 provides the minimum 

and maximum simulated mission count values for each case 

study. When comparing the minimum simulated mission 

count values for each case, there is a 20.1% decrease in 

simulated mission count from the base case to the case of 

increased risk, meaning an increased likelihood of a gap 

between the missions. There is a 46.2% increase in minimum 

simulated mission count values from the base case to the case 

of reduced risk. There is also an increased likelihood of 
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mission overlap, as shown by the 16.7% increase in the 

maximum simulated mission count values from the base case 

to the case of reduced risk. The larger percent change for the 

case of reduced schedule delay risk suggests that 

underestimating the risk of the system could have a larger 

impact on the model results than adding additional risk 

margin to the inputs.  

 

Figure 6. Comparison of simulated mission counts for 

three case studies of schedule uncertainty inputs  

Table 1. Minimum and maximum simulated mission 

count values for cases of adjusted schedule uncertainty 

risk, plotted in Figure 6 

 
Min Simulated 

Mission Count 

Max Simulated 

Mission Count 

Base Case 0.41 1.05 

Increase in Risk 

Level 
0.33 1.05 

Decrease in Risk 

Level 
0.60 1.23 

 

Some nodes model the likelihood of mission delay due to the 

development of technologies for the mission of interest. To 

observe the change in model results when omitting a node 

addressing instrument development, the second case study of 

the sensitivity analysis omits a node for a new instrument 

technology that was originally included in the validation 

analysis. Figure 7 shows a 62.8% increase in the minimum 

value of simulated mission counts when this new technology 

node is not included, and a 23.5% increase in the maximum 

value relative to the base case. The minimum and maximum 

simulated mission count values for this case study are listed 

in Table 2. 

In the study by Ivanco et al. as well as this validation study, 

the parameterization of heritage technology nodes was 

omitted from the analysis. This was motivated by the quick 

turn-around time required to complete the analysis, which 

prompted the authors to focus on the parametrization of nodes 

representative of the development and production of new 

technologies. Adverse events are more likely to occur due to 

new technologies than technologies with spaceflight heritage. 

While the level of risk associated with a heritage technology 

and a new technology differ, the sensitivity analysis 

performed for the selected node suggests that the omission of 

heritage nodes in the original study should be revisited to 

determine the impact of the omission of low-probability 

events on the model results.  

 

Figure 7. Comparison of simulated mission counts for 

the case of omitting a technical development node from 

the analysis  

Table 2. Minimum and maximum simulated mission 

count values for the case of omitting a technical 

development node, plotted in Figure 7  

 
Min Simulated 

Mission Count 

Max Simulated 

Mission Count 

Base Case 0.41 1.05 

Omitting Tech. 

Dev. Node 
0.67 1.30 

 

The plotting of simulated mission counts shows that 

adjustments to the model’s input distributions related to the 

delay of Mission 2 have an impact on the extent to which a 

gap can be expected due to mission development delays. This 

is observed by the width of the distributions of minimum 

mission count plotted for each case study. The adjustment of 

input parameters pertaining to Mission 2 development does 

not largely influence the placement of the highest identified 

gap likelihood, but it does impact the length of the gaps that 

are predicted for the mission architecture of interest. This is 

indicative of the model’s sensitivity to variations in input 

parameters associated with missions in development to 

accurately estimate the likelihood of a gap in a given year due 

to development delays.  

5. PROPOSED MODEL IMPROVEMENTS  

The validation and sensitivity analysis studies identified 

areas of improvement that should be revisited for future 

applications of the continuity assessment method. The first 

use of the method, documented by Ivanco et al. [2], did not 



8 

 

consider extended mission lifetimes, which results in the 

truncation of the right side of the probability density plot of 

the Monte Carlo outputs. Introducing the ability to model 

extended mission lifetimes is planned for future 

implementations of the model. This change will improve the 

model’s predictive accuracy by including the probability that 

missions may operate past their expected EOL date. 

The current model predicts gaps based on the operational 

availability of a mission in a given year. Future model 

improvements will provide higher fidelity analysis by 

assessing the relative ability of missions to address a given 

science parameter.  

The validation study, as well as the study by Ivanco et al., 

focused on nodes that were known drivers affecting mission 

timelines. Nodes representative of the development and 

production of new technologies were parameterized, while 

nodes representative of heritage technologies were not. The 

sensitivity analysis performed for a non-parametrized node 

demonstrated the impact of the omission of new technologies 

on the predicted likelihood of a gap in a mission architecture. 

For future studies, it is recommended to quantify the impact 

of not including heritage technologies. Including the 

development and production risk for heritage technologies 

would account for all causes of initiating events, even those 

with low probability. 

System redundancy should also be considered in future 

model revisions. While system redundancy is considered to 

determine risk levels used to select probability distributions, 

the failure of a redundant system that is not mission ending is 

currently not considered. Future model revisions should 

include the capability to simulate the effects of non-mission 

ending failures to a multi-mission architecture. 

6. CONCLUSION 

A method was introduced by Ivanco et al. [2] to characterize 

the probability of continuity gaps for multi-mission Earth 

observing architectures and to assess this probability in the 

context of multiple scenarios that represent possible future 

states of the architecture. In this paper, the authors use data 

obtained from past NASA Earth science mission formulation 

documents to retroactively estimate mission timelines and 

gap probabilities for a selected multi-mission architecture. 

The model results are then compared with the true outcomes 

of the missions.  

The efforts to validate the stochastic portion of the scenario-

based method are not an exhaustive validation for all use 

cases of the method, but rather a case study of a singular 

architecture comparable to the architecture defined in Ivanco 

et al.’s analysis. The intent is to provide insight into the 

effectiveness of the distributions and models used to generate 

mission timeline estimates and inform potential future model 

improvements.  

The purpose of the stochastic analysis is to identify areas of 

increased likelihood of gaps between missions in a multi-

mission architecture. The shape and location of the 

probability density of the Monte Carlo outputs indicate the 

estimates produced by the simulation are adequate in 

predicting mission timelines and likelihood of gaps for the 

selected mission architecture. While planned mission counts 

during mission formulation anticipated an overlap between 

Missions 1 and 2, the simulated counts indicate there is 

likelihood of a gap between the two missions, mimicking the 

actual events of the mission architecture.  

The mean EOL estimate for Mission 1 is found to be within 

two days of the true EOL date. The mean simulated launch 

date for Mission 2 underestimates the true launch delay by 

117 days. This suggests that the input distributions for launch 

delay may need to be revisited; however, a prediction error of 

four months is relatively small compared to a six-year 

mission formulation period and is within the model 

uncertainty. The 177-day predicted mission delay is 

indicative of the 294-day true delay, which informs decision-

makers of gap potential, meeting the overarching goals of the 

method. 

The sensitivity analysis examines the impact of risk levels 

selected to inform the parametrization of cost and schedule 

delay nodes. It demonstrates that underestimating the risk 

associated with the system could have a larger impact than 

increasing the risk margin of the model inputs. The sensitivity 

analysis also examines the impact of not parameterizing 

nodes that are driving initiating events. The results showcase 

that the omission of driving factors impacts the model results, 

and it is recommended that future studies further examine the 

impact of not parameterizing nodes that are low probability 

and are not considered to be driving initiating events, as their 

omission may also cause an underestimation of the likelihood 

of gaps to occur.   

The sensitivity analysis also demonstrates that adjusting the 

input distributions associated with Mission 2 launch delay 

has a greater effect on the magnitude of the likelihood of a 

gap in the mission architecture than on the years in which a 

gap is expected to occur. This means that variations in 

distributions for missions in development affect the predicted 

length of a gap but do not affect the model’s overall ability to 

predict gap occurrence in a mission architecture. 

Planned model improvements include increased modeling 

capability to assess the probability of extended mission 

lifetimes and the inclusion of the relative ability of missions 

to address a given science parameter. Additional work could 

include the addition of modeling low-probability events in 

the Monte Carlo simulation and modeling of the failure of 

redundant systems in non-mission ending failure cases. 
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