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Abstract: Availability, maintainability, and reliability are the main tenets of the standard 

OSD RAM-C report. The RAM-C report documents the sustainment and support metrics of a 

fielded system throughout its life-cycle and enables the ability to track performance to the 

Key Performance Parameters (KPPs) and Key System Attributes (KSAs) documented in a 

program’s requirements documentation. How are these metrics determined in the first 

place, and how do they relate to the overall concept of affordability of a system? The 

methodology behind these optimizations is rudimentary but are informative for both cost 

analysts and systems engineers involved in conducting trade-off analysis during early life-

cycle conceptual design of a system. This topic will illustrate these interactions through a 
time-stepped simulation of system use, maintenance, failures, repairs, and associated costs.  
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Availability vs Affordability 

1. Introduction

The Office of the Secretary of Defense (OSD) Cost Assessment and Program Evaluation 

(CAPE) Operating and Support Cost-Estimating Guide defines four major life-cycle cost 

categories: Research and Development (R&D), Investment, Operations and Support (O&S), 

and Disposal [1]. For most systems, the majority of life-cycle costs occur during the (O&S) 

phase of life-cycle. Figure 1 illustrates a representative distribution of life-cycle cost across 
these four OSD CAPE categories. 

The specific distribution of costs can vary by technology type, as shown in Figure 2, but for 

most systems O&S costs represent the largest portion of life-cycle costs. 

Figure 1: A Representative Life-Cycle Cost Estimate for a System [2] 
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This general distribution of costs is driven by system repair, maintenance, replenishment, 

refreshment, and replacement over a longer time frame than the R&D and Investment life-

cycle categories. These O&S elements require significant manpower, materials, and 

infrastructure to implement, which further increases overall cost. As an example, an 

Unmanned Aerial Vehicle (UAV) will incur costs for battery recharging, resupply of any 

consumables or munitions used during operation, pre-mission preparations, post-mission 

maintenance, storage of the system while not on mission, preventive maintenance across 

system life milestones, unplanned repair due to system failure, transportation of the 

system, software/firmware updates, tech insertions and refreshes, and any other system-

level cost post-delivery. Additionally, these costs include infrastructure-related costs for 

depot storage or maintenance facilities. 

From the viewpoint of maintenance of a single system in a single year of operations, O&S 

costs may not be significant, but over a full population of delivered systems across an entire 

life-cycle these elements can quickly snowball into the largest portion of cost. To achieve 

the goal of minimizing overall life-cycle cost it is critical to increase the reliability and 

maintainability of a system, given the scale of O&S costs relative to other life-cycle 

categories.  

Figure 2: Distribution of Life-Cycle Cost by System Type [6] 
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2. RAM Metrics Definition and Modeling 

The Reliability, Availability, and Maintainability – Cost (RAM-C) Rationale Report 

documents the Reliability and Maintainability (R&M) performance attributes and compares 

them against the system’s requirements. This report is intended to identify instances in 

which the system fails to meet outlined requirements, enable the program to plan 

mitigations against poor R&M performance, and improve the accuracy and precision of cost 
estimates. The three primary metrics that comprise the RAM-C report are shown in Table 1. 

Metric Description 
Reliability A measure of the frequency of system failures/the likelihood that a 

system will be functioning at a certain time. 
Availability A measure of the likelihood that a system will be active and available 

for mission deployment. 
Maintainability A measure of ease, cost, and interval of planned (preventive) system 

maintenance. 
Table 1 RAM Metrics 

The costs associated with preventive and unplanned repair/maintenance activities are also 

included in this report. This enables the forecasting of O&S costs of the system across the 

system’s life-cycle, with the most recently observed data being used in each calculation. 

Since reliability and maintainability are required to define availability, this section will 

build up to the calculations behind availability metrics by first defining reliability and then 

maintainability.  

2.1. Modeling System Reliability 

Mathematical models of failure analysis are well studied and have many applications in 

engineering and medicine. Reliability is defined as the probability of an item functioning at 

time 𝑡 > 0, as shown in equation (1). This definition of reliability, along with the other 

equations referenced in this section come from Lawrence M. Leemis’s text on Statistical 

Modeling [2]. 

 

 
𝑅(𝑡): = 𝑃(𝑇 ≥ 𝑡) =  ∫ 𝑓(𝜏)𝑑𝜏

∞

𝑡

 1 

 

In equation (1) 𝑓(𝑡) is the probability distribution that models the occurrences of system 

failure during operations. The reliability function and the probability density function can 

be used to calculate the instantaneous failure rate of a system, which is referred to as the 

hazard function ℎ(𝑡) as shown in equation (2) 

 

Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026



 

7 
  

 
ℎ(𝑡) =  

𝑓(𝑡)

𝑅(𝑡)
 

2 

   

A commonly used distribution for system failure modeling is the exponential distribution. 

The exponential distribution has the form: 

 

 𝑓(𝑡) =  𝜆𝑒−𝜆𝑡 3 

   

Where 𝜆 > 0 is the scale parameter (failure rate) of the system (number of failures per unit 

time). Using the exponential probability density function in (3) within the definition of 

reliability in (1) results in: 

 

 𝑅(𝑡) =  𝑒−𝜆𝑡  4 

   

The failure rate for an exponential distribution failure model is the inverse of the Mean 

Time Between Failures (MTBF): 𝑀𝑇𝐵𝐹 = 1/𝜆. For example, a system with a MTBF of 100 

hours would have a reliability of ~60.6% after 50 hours of use (equation (4) with 𝑡 = 50 

and 𝜆 = 1/100). A similar approach could be taken to estimate the reliability of a fleet of 

systems after a year of use, and in turn the expected number of system failures in that year 

where the reliability function represents the proportion of systems still operating after 

usage time 𝑡. 

The primary issue with using the exponential distribution to model failure rates is that it 

cannot adequately model the reliability of a system or fleet of systems across the life-cycle 

since the hazard function (𝜆) is constant over time. Combining the density function (3) with 

the exponential reliability function (4) in the hazard function (2) yields: 

 

ℎ(𝑡) =  
𝜆𝑒−𝜆𝑡

𝑒−𝜆𝑡
=  𝜆 

 

Meaning that the failure rate under this model remains constant and does not change based 

on usage time. Intuitively, failure rates would be expected to change over the life-cycle of a 

system, and so exponential models for system reliability are best suited for short-term 

estimations during “steady state” operations of a fielded system. On the scale of the life-

cycle of a system, three phases of failure rates occur: Early Adoption Failures, Constant 

Failures, and Wear Out Failures (as defined in Table 2).  
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Phase Description 

Early Adoption Failures 

Newly fielded systems undergo a significant volume of 
failures due to unforeseen integration issues, user 
adoption problems, or unproven components of the 
system need to be replaced. 

Constant Failures 
After the issues of the previous phase have been 
troubleshooted, these constant failures occur during 
regular operations of the system. 

Wear Out Failures 

Over time, increased failures due to physical degradation 
of system components and materials will occur. 
Additionally, the system may experience unanticipated 
integration issues as newer external system may have 
limited compatibility with the system of interest. 

Table 2: System Failure Phases Over the Life-Cycle 

These three phases result in a life-cycle failure rate phenomenon referred to as the 

“bathtub curve.” Combining a mathematical model that captures all three of these phases 
would produce the curve shown in Figure 3. 

Constant failures and wear out failures can be modeled with a Weibull distribution over the 

life-cycle of system but fail to capture early adoption failures. The more general 

distribution to model all three life-cycle failures is the Exponentiated Weibull distribution, 

Figure 3: Bathtub Curve [4] 
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which can reduce to the exponential or Weibull distribution under certain parameters. The 

Exponentiated Weibull distribution takes the following form: 

 

 𝑓(𝑡) =  𝛼𝑘𝜆(𝜆𝑡)𝑘−1(1 − 𝑒−(𝜆𝑡)𝑘
)𝛼−1𝑒−(𝜆𝑡)𝑘

 5 

 

Where 𝑘 > 0 and 𝛼 > 0 are the shape parameters, and  𝜆 > 0 remains as the scale 

parameter. Assigning 𝛼 = 1 reduces equation (5) to the Weibull distribution and assigning 

both 𝛼 = 1 and 𝑘 = 1 yields the exponential distribution. Setting 0 <  𝛼 < 1 and 𝑘 > 1 

enables the modeling of bathtub curves. The resulting reliability function and hazard 

function using the distribution in equation (5) are shown in equations (6) and (7), 

respectively. 

 

 𝑅(𝑡) = 1 − (1 − 𝑒−(𝜆𝑡)𝑘
)𝛼 

 
6 

 

 

ℎ(𝑡) =
𝛼𝑘𝜆(𝜆𝑡)𝑘−1 (1 − 𝑒−(𝜆𝑡)𝑘

)
𝛼−1

𝑒−(𝜆𝑡)𝑘

1 − (1 − 𝑒−(𝜆𝑡)𝑘
)

𝛼  
7 

 

Figure 4: Hazard Function Comparisons 
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Figure 4 shows an example set of hazard functions for the exponential, Weibull, and 

Exponentiated Weibull failure models. For this model setup, the failure rate is extremely 

high during the Adoption phase of the bathtub curve, then falls sharply to reach the 

Constant failures phase, and then gradually increasing over time due to Wear Out. The 

constant failure rate of the exponential model and the monotonically increasing Weibull 

model can also be seen in this figure. Real-world applications of these models rely on fitting 
these distributions to system failure testing data to generate parameters. 

Cost estimators can use the reliability models in equation (4) or (6) to estimate the profile 

of expected system failures over the entire life-cycle of a system. The expected number of 

failures serve as the basis for estimating the cost of associated system repair, replacement, 

and retirement. Exponential reliability is best suited for near-term estimates, the 

Exponentiated Weibull distribution is best suited for life-cycle estimates, and a Weibull 

model is best for assessing component-level wear out for maintainability analysis. 

2.2. Modeling System Maintainability 

The maintainability of a system is a measure or set of measures that indicate the ease of 

maintaining or providing maintenance for a system. Maintenance of a system can either be 

preventive (planned) or corrective (unplanned). Preventive maintenance reduces the 

likelihood of system failure by replacing or repairing components that deteriorate rapidly 

after a set useful life. Corrective maintenance occurs after a system experiences a failure 

that can be repaired. As an example, personal-use automobiles can be used to illustrate the 

difference between preventive and corrective maintenance: oil-changes at set-intervals 

constitute preventive maintenance whereas replacing a bumper after a minor accident 

would be corrective. The metrics discussed in this section are from a National Aeronautics 

and Space Administration (NASA) guide on availability [3]. 

One metric to measure maintainability is the Mean-Time Between Maintenance (MTBM), 

which evaluates the expected time between all maintenance and repair activities 

(preventive and corrective). Equation (8) shows the generic equation for measuring MTBM. 

Higher values of MTBM are desirable, as fewer maintenance activities are expected per unit 

time. 

 

  
𝑀𝑇𝐵𝑀 =  

𝑈𝑝𝑡𝑖𝑚𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑖𝑒𝑠
 8 

 

A somewhat related metric is the MTBF, which is also generically measured as the total 

system uptime divided by the total number of failures. The primary difference between 
MTBM and  MTBF is that MTBF only includes unplanned maintenance activities. 
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𝑀𝑇𝐵𝐹 =  
𝑈𝑝𝑡𝑖𝑚𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐹𝑎𝑖𝑙𝑢𝑟𝑒𝑠
 

 

An alternative way to define MTBF is shown in equation (9), relating the failure model and 

reliability function of the system to MTBF. When system failures are exponentially 

distributed, the MTBF is the inverse of the system failure rate. Again, higher values of MTBF 
are desirable. 

 

 
𝑀𝑇𝐵𝐹 =  ∫ 𝑡𝑓(𝑡)𝑑𝑡 

∞

0

=  ∫ 𝑅(𝑡)𝑑𝑡 
∞

0

 9 

 

MTBM and MTBF are measures of the frequency of maintenance activities. The other side 

of maintainability is the duration of maintenance activities. Several metrics measure the 

duration of downtime for various maintenance activities.  The first metric is Mean Time to 

Repair (MTTR), which only includes the downtime of corrective maintenance activities (as 

shown in equation (10)).  

 

 
𝑀𝑇𝑇𝑅 =  

𝑇𝑜𝑡𝑎𝑙 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑣𝑒 𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑇𝑖𝑚𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑣𝑒 𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑖𝑒𝑠
 10 

 

Another metric to measure downtime is the Mean Maintenance Time (MMT) which 

accounts for the delay time associated with both corrective and preventive maintenance 

activities. The MMT in equation (12) is calculated using the failure rate (𝜆), preventive 

maintenance interval period (𝑇𝑃𝑀), the MTTR, and the Mean Preventive Maintenance Time 

(MPMT) as shown in equation (11). The MMT equation (12) is only applicable to an 

exponential failure rate model. 

 

 
𝑀𝑃𝑀𝑇 =  

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑣𝑒𝑛𝑡𝑎𝑡𝑖𝑣𝑒 𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑇𝑖𝑚𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑣𝑒𝑛𝑡𝑎𝑡𝑖𝑣𝑒 𝑀𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑖𝑒𝑠
 

11 

 

 

𝑀𝑀𝑇 =  
𝜆 𝑀𝑇𝑇𝑅 +  1

𝑇𝑃𝑀
⁄  𝑀𝑃𝑀𝑇

𝜆 +  1
𝑇𝑃𝑀

⁄
 

12 

 

MTTR and MMT only account for the time to perform maintenance activities, and do not 

account for delay times associated with acquiring supplies for maintenance or for logistical 
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delays. The metric Mean Maintenance Delay Time (MMDT) shown in equation (14) 

accounts for these delays and relies on the MPMT as well as the Mean Time to Restore 

(MTR) in equation (13). The MTR calculation includes terms for the Supply Delay Time 

(SDT) and the Maintenance Delay Time (MDT). Like MMT, the MMDT equation (14) is only 
applicable if the assumed failure model follows an exponential distribution. 

 

 𝑀𝑇𝑅 = 𝑀𝑇𝑇𝑅 + 𝑆𝐷𝑇 + 𝑀𝐷𝑇 13 

 

 

𝑀𝑀𝐷𝑇 =  
𝜆 𝑀𝑇𝑅 +  1

𝑇𝑃𝑀
⁄  𝑀𝑃𝑀𝑇

𝜆 +  1 𝑇𝑃𝑀
⁄

 
14 

 

These are only a subset of maintainability metrics. Other definitions or interpretations of 

maintainability also include the adoption of engineering changes or continuous 

improvements to the system. The metrics discussed in this section are relevant to 
measuring the availability of a system. 

2.3. Modeling System Availability 

It is not sufficient for a system to be highly effective in its operating environment; systems 

must also be available to the user group to achieve the goals of the system. Availability can 

be thought of as the probability that a system will be ready to perform its mission at a given 

time. The generic formula for observed availability in equation (15) is the ratio between 

system uptime and the total operating time of the system. This metric definition, along with 

others in this section, are from a NASA guide on availability [3]. 

 

 
𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  

𝑈𝑝𝑡𝑖𝑚𝑒

𝑈𝑝𝑡𝑖𝑚𝑒 + 𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒
 15 

 

Availability is a “function of how often the system fails (a function of reliability) and how 

long it takes to restore the system to an operation condition after a failure occurs.” [4] 

There are three primary types of availability metrics in system acquisition: Inherent 

Availability (𝐴𝑖), Achieved Availability (𝐴𝑎), and Operational Availability (𝐴𝑜). Inherent 

availability is based entirely on system failures and the repair times of the system, and is 

intended to validate system performance against stated design and manufacturing 

performance. Equation (16) is the formula for Inherent Availability and it relies on the 

MTBF (equation (9)) and MTTR (equation (10)) metrics. Inherent Availability only includes 

corrective maintenance and excludes preventive maintenance, supply delay times, 

maintenance delay times, and standby time. 
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𝐴𝑖 =  

𝑀𝑇𝐵𝐹

𝑀𝑇𝐵𝐹 + 𝑀𝑇𝑇𝑅
 

16 

 

Achieved Availability is a predictive metric that measures the availability within an ideal 

support environment, and accounts for both corrective and preventive maintenance 

downtimes. MTBM (equation (8)) and MMT (equation (12)) are both used to calculate the 
Achieved Availability: 

 

 
𝐴𝑎 =  

𝑀𝑇𝐵𝑀

𝑀𝑇𝐵𝑀 + 𝑀𝑀𝑇
 

17 

 

Operational Availability is a similar metric, with the primary difference being that it 

includes all maintenance activities and all types of system downtime. As such, Operational 

Availability is based on MTBM (equation (8)) and MMDT (equation (14)) as shown in 

equation (18). The goal of this metric is to provide a holistic view of system availability 

against various downtime causes. 

 

 
𝐴𝑜 =  

𝑀𝑇𝐵𝑀

𝑀𝑇𝐵𝑀 + 𝑀𝑀𝐷𝑇
 

18 

 

Operational Availability, as shown in equation (18), only provides a comprehensive 

availability view for systems that are used continuously, as there are no terms for 

ready/standby times. The Generalized Operational Availability (𝐴𝑔) accounts for standby 

time (𝑅𝑇) for systems in a fleet that are ready for usage: 

 

 
𝐴𝑔 =  

𝑀𝑇𝐵𝑀 + 𝑅𝑇

𝑀𝑇𝐵𝑀 + 𝑅𝑇 + 𝑀𝑀𝐷𝑇
 

19 

 

Availability values near one are preferred, as that indicates that the system is available for 

use almost constantly with only rare interruptions. Referring to the generic availability 

equation in (15), there are only two primary variable types that can influence availability: 

uptime and downtime. Availability can be increased by either increasing the uptime or 

decreasing the duration of downtime activities. For example, inherent availability can be 

improved by increasing the time in between failures (MTBF) and decreasing the time it 

takes to conduct a repair (MTTR). MTTR is a measure of maintainability that is also highly 

impactful to availability of the system. MTBF is a function of reliability, and so availability is 

highly driven by the reliability of that system. For an exponential model, MTBF is constant 
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but for a Weibull or Exponentiated Weibull distribution MTBF changes over time since the 

failure rate is non-constant. 

Another way to increase effective uptime for Generalized Operational Availability is to 

increase the number of systems within a fleet or pool, so that if one system is unavailable, 

others can be used in its place. Additionally, reducing the per unit usage time by increasing 

the fleet quantity results in an overall reduction in wear out of each individual system, 

which increases the reliability of a system for non-constant failure rate models. The issue 

with this approach is that it requires the assumption that each system can be easily 

swapped out and used interchangeably. This assumption may not be true for every type of 
fielded system, and particularly systems which are used continuously. 

In general, all these approaches to increase availability come with higher costs: reliable 

systems generally cost more (assuming comparable mission performance), easier to 

repair/maintain systems are more expensive to design, skilled technicians that reduce 

downtime are more expensive to employ, and procuring a higher quantity of systems 

requires a larger upfront cost. Thus, there is a multi-pronged tradeoff between system 

availability and cost that must be considered in addition to tradeoffs with cost and mission 

performance. 

3.  Estimating System Maintenance & Repair Costs 

Effective system solutions to capability gaps should balance system performance against 

cost, schedule, and risks. Ideally, the system life-cycle cost, the duration to achieve fully 

operational capability, and risk exposure are minimized while metrics that measure system 

mission performance are maximized. In general, greater system performance is associated 

with less-than-ideal project controls measure values. Diminishing returns are also 

commonplace, where larger increases in budget or schedule yield only marginal 

performance gains for highly effective systems. Decision makers need to identify a “sweet 

spot” amongst those various competing metrics to select a system/system configuration 

that best meets the needs and resource constraints of the stakeholders. 

There are multiple methods to estimate the O&S cost of a system. Non-parametric methods 

involve calculating the number of failures using a system reliability model, the number of 

maintenance activities with the MTBM, the cost of a repair or maintenance activity using 

the MTTR or expected maintenance durations, and the cost of materials used during these 

activities. Combining all those elements together results in a holistic cost estimate of the 

O&S. Additional elements required for this approach are listed out in Table 3. 
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Metric Description 

Anticipated Usage 

The amount of time and frequency of expected system 
usage. This is required to estimate the total number of 
failures in the reliability model and the expected number 
of maintenance activities. 

Availability Requirement 

The availability requirement, used in conjunction with the 
expected system usage will identify how many systems 
and spares are required to meet the availability 
requirement. 

System Quantity 

With a fixed reliability and system usage rate, a system 
quantity requirement can be derived using the availability 
requirement. Higher system quantities above the 
availability requirement level also reduces long time cost 
as the wear out of each system is less severe per unit time. 

Table 3: Additional Cost Relevant Elements 

Consider a system whose failures are modeled with an exponential distribution (MTBF = 

2000 hours), where there are ten systems in this fleet, and each system is used on average 

700 hours per year. In this case, using equation (4) and 𝜆 =
1

𝑀𝑇𝐵𝐹
=

1

2000
= 0.0005: 

 

𝑅(700) =  𝑒−0.0005∗700 ≈ 0.704 → 70.4% 

 

Which means that approximately 70.4% of systems will be operational at the end of one 

year. Thus, it is expected that around 29.6% of systems in the fleet will undergo a failure of 

some kind in this first year: resulting in about three system failures. If the unit cost to 

repair each failure is understood, then the resulting repair cost for this year can be 

estimated.  

Improvements to this approach can include using an Exponentiated Weibull distribution, 

accounting for planned maintenance to improve the longevity of each system, using a 

Monte Carlo simulation to account for variations in usage time, and identifying the 

proportion of these failures that are Beyond Economic Repair (BER) or “totaled” and 

require full system replacement. Full system replacements take time to procure, and the 

flexibility to rapidly replace a system is limited by the production/manufacturing speed, 

available funding, and the contract type for system replacements. Returning to the 

example, with only three failures in this single year of operations, it is very likely that ten 

systems is excessive to meet reasonable availability requirements given the reliability of 

this system and the operating time. Ideal system quantities can be identified with a 

modeling approach that accounts for time spent being used, the system failure model, the 
MDT, the generalized operational availability requirements, and system cost. 
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3.1. Procurement Unit Cost vs. Reliability/Maintainability 

Typically, greater reliability and maintainability results in higher procurement unit cost of 

a system. Increasing reliability and maintainability requires the use of higher-quality 

materials, more precise manufacturing techniques, greater care during development, and 

increased testing and evaluation to reduce the failure rate of a system. While there are 

exceptions to this inductive reasoning, such as extremely high performing systems or 

luxury systems, it is safe to assume that high reliability and maintainability tend to increase 

the procurement unit cost. 

3.2. Life-Cycle Costs vs Reliability/Maintainability 

While a highly reliable system may be more costly than an unreliable system during 

development and procurement, there are tradeoffs with operations and maintenance costs. 

Each repair or maintenance activity has an associated material cost and labor cost, 

depending on the type of activity and the time required to conduct that activity. Improving 

the reliability and maintainability of a system means that there will be a lower number of 

failures and maintenance activities per unit of time and/or that the cost of performing each 

repair/maintenance activity will be lower.  

3.3. Balancing “Illities” and Cost 

For a continuously used system, the goal is to select a solution that meets performance 

requirements, operates effectively in its environment, is reliable, maintainable, and 

available, and remains affordable. For a fleet of systems, an additional consideration is the 

number of units to procure. Systems with high reliability and maintainability often require 

greater investment during the R&D and procurement phases, but they can substantially 

reduce costs during the O&S phase. Because most life-cycle costs occur during O&S, a 

system that requires a higher upfront investment may ultimately reduce total life-cycle cost 

if it experiences fewer failures and requires less maintenance. 

This tradeoff is rarely straightforward. Funding constraints may limit the ability to 

frontload investment, improvements in reliability and maintainability exhibit diminishing 

returns, and system performance must also be considered. For example, engines in 

consumer automobiles typically last 200,000–500,000 miles and cost thousands to tens of 

thousands of dollars to replace. However, such engines would be inadequate for Formula 

One racing, where engines last only 1,500–2,500 miles and cost tens of millions of dollars. 

The Formula One engine delivers extreme performance, but at the cost of dramatically 

reduced reliability and vastly higher procurement and maintenance costs. This illustrates 

how performance, reliability, maintainability, and cost interact—and why selecting the 

optimal system requires balancing these competing factors rather than maximizing any 

single one. 
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4. System Maintenance Profile Model 

To expand upon the modeling techniques discussed in Section 2, the System Maintenance 

Profile Model (SMPM) was developed to simulate fielded system failures, maintainability, 

availability, and cost across a full life-cycle. The SMPM is a time-stepping simulation that 

incorporates system characteristics, mission requirements, fleet size, the analysis time 

horizon, and user-defined permutations of these parameters. Using these inputs, the model 

estimates the number of failures, the resulting availability of the systems, and the 

associated procurement and O&S costs. 

These outputs can then be used to estimate total program life-cycle costs or to support 

decision makers in optimizing the logistics and sustainment profile of a system. This final 

section of the paper describes the SMPM methodology, presents sample model outputs, and 

outlines an approach for analyzing the results to enable informed decision making. 

The SMPM utilizes the Exponentiated Weibull failure model to identify occurrences of 

system failures, as this distribution can also be reduced to the exponential or Weibull 

models under specific parameter configurations. The basic flow of the model is shown in 

Figure 5, beginning with the establishment of the model configuration. This configuration 

consists of three components: defining the time-stepping structure of the simulation, 

specifying the mission need, and characterizing the system. Once the configuration is set, 

the simulation is executed over the selected time horizon. During each time step, the model 

calculates system usage, maintenance actions, and failure events. Systems that are 

currently on mission, undergoing repair or preventive maintenance, or designated as 

Beyond Economic Repair (BER) are removed from the active system pool. Throughout the 

simulation, the model records data on the number and types of failures, maintenance 
durations, and the resulting availability of the fleet. 

Figure 5: SMPM Model Flowchart 
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The model configuration setup establishes the time span of the time-step model 𝑇, the 

time-step size ∆𝑡, and the number of iterations 𝑖. For each iteration, the model simulates 

fleet behavior from time 0 to 𝑇 in discrete incremenets of ∆t . Larger values of 𝑇 and 𝑖 will 

drastically increase the simulation run time, while increasing ∆𝑡 will reduce the 

computational load at the expense of slightly lower output precision. Both 𝑇 and ∆𝑡 must be 

in the same base unit of measurement, and for this model that is established as hours. For 

example, the model configurations for the outputs discusssed in this paper are 𝑇 =

 87660 hours (10 years), with weekly timesteps of ∆𝑡 = 168 hours, and 𝑖 = 100 iterations. A 
sufficiently large number of iterations is required to support meaningful statistical analysis. 

Next, the system’s mission-need parameters are defined. These include the average mission 

frequency 𝑓𝑚𝑖𝑠𝑠𝑖𝑜𝑛
̅̅ ̅̅ ̅̅ ̅̅ ̅̅  and the average mission duration 𝑡𝑚𝑖𝑠𝑠𝑖𝑜𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅ . These parameters guide the 

random sampling of mission requests and their corresponding durations. It is important 

that these values be associated with probability distributions to ensure realistic variation 

across iterations. When a mission request occurs, a random available system from the fleet 

is assigned to the mission for the full duration unless it experiences a failure or no systems 

are available. Systems not currently on mission, undergoing maintenance or repair, or 

retired due to a BER failure remain eligible for assignment. The model tracks each system’s 

cumulative usage time and current operational status throughout the simulation. For the 

discussion in this paper, 𝑓𝑚𝑖𝑠𝑠𝑖𝑜𝑛
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = 24 hours and 𝑡𝑚𝑖𝑠𝑠𝑖𝑜𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = 24 hours (approximately a new 

24 hour long mission daily). 

The final part of model set up is the system parameters configuration, which are the 

characteristics of the system or systems being modeled. These include the failure model 

parameters (𝜆, 𝑘, 𝛼), the preventive maintenance interval (𝑇𝑃𝑀), the mean time to repair 

(MTTR), the mean preventive maintenance time (MPMT), post-mission maintenance time, 

the percent of system failures that are BER, BER replacement thresholds, and the number 

of systems in the fleet 𝑛. These parameters are defined in Table 4. As with mission 

parameters, elements such as maintenance and repair durations are sampled from 

probability distributions to reflect realistic variability. 
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Parameter Definition 

Failure Model (𝜆, 𝑘, 𝛼) 
The values to define the Exponentiated Weibull distribution and 
the accompanying hazard function. 

Maintenance Interval 
(𝑇𝑃𝑀) 

The interval of time between preventive maintenance activities. 

MTTR 
The mean time to repair or perform corrective maintenance. 
Occurs after a system failure is triggered. 

MPMT 
The mean time to perform preventive maintenance. Occurs after 
a system usage exceeds to the maintenance interval. 

Post Mission 
Maintenance Time 

The time a system undergoes maintenance or logistical delays 
after returning from a mission. 

BER Percent 
The percentage of system failures that result in a a BER failure. 
BER systems are permanently removed from the fleet. 

BER Replacement 
Threshold 

The percentage of total BER systems against the total active 
systems that triggers replacement of systems. For example, if 
the BER replacement threshold is 25% and the fleet size is 20, 
then if 5 BER failures occur, 5 new systems will be procured. 

Fleet Size (𝑛) The total number of systems in the initial fleet. 
Table 4: System Characteristic Parameter Definitions 

Each timestep, the model checks for a mission assignment, system maintenance, system 

failures against the hazard function in equation (7), system failure type, and if additional 

systems need to be procured if the BER replacement threshold is tripped. For the purposes 

of this paper,  5% of system failures result in a BER failure and there is a 25% BER 

replacement threshold. Additional model parameters are detailed in Figure 6. All 

permutations of these model parameters are simulated. 

 

 

 

Variable -> Fleet Qty λ k α
Repair Time 

(hrs.)

Maintenance
Interval

(hrs.)

Maint
Time (hrs.)

10 0.01 1.5 0.5 50 500 10
25 0.004
50 0.002
100 0.001
200 0.0008

0.0005
0.0004

Model Parameter Options

Options

Figure 6: Model Parameters 
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4.1. System Failures & Maintenance Output 

This section will list the results of the SMPM to illustrate the interactions between system 𝜆 

and fleet quantity against RAM measures. An intuitive relationship to examine is the 

relationship between 𝜆 and the MTBF. For an exponential failure model, this relationship is 

very well understood as 𝜆 is the failure rate and is inversely related to MTBF. This is a 

straightforward integral to evaluate (see equation (9)) for an exponential distribution, but 

it is substantially more complicated to evaluate the integral with the generic Exponentiated 

Weibull reliability in equation (6). Intuitively, an inverse relationship between the two 

would be expected. The SMPM can instead simulate multiple system lifecycles to derive an 

expected MTBF using a more generic formula for MTBF. 

Figure 7 plots the average simulated MTBF for a ten-system fleet against various λ values. 

Here, the inverse relationship between the two can be observed through the clear 

downward trend in MTBF as the value λ of increases. For example, the MTBF is 

approximately 942 hours when 𝜆 = 0.0004 whereas the MTBF is approximately 400 hours 

when 𝜆 = 0.001. It is important to note that there is a slight uptick in MTBF when 𝜆 = 0.01, 

which is due to failures occurring so frequently that there is consistent replenishing of 

systems and a greater operational pool is available to use. 

For a fixed value of λ, increasing the number of systems in the fleet will result in increasing 

the simulated MTBF for an Exponentiated Weibull failure model. This is because the hazard 

function increases over time, so reducing the usage time per system by increasing the fleet 

size results in fewer failures per unit time. Note that this is only applicable to the MTBF of a 
fleet of systems using an Exponentiated Weibull failure model. 

 

Figure 7: λ vs Simulated Fleet MTBF (Avg among fleet quantity configurations) 
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Figure 8 depicts the relationship between system fleet size and the simulated MTBF of the 
fleet for a fixed value of λ. As the fleet size grows to 200 systems, the increase to simulated 

fleet MTBF is driven by the lower per unit usage rate. This relationship is further illustrated 

in Figure 9, which combines the interactions between simulated fleet MTBF, fleet size, and 

the system λ value. 

 

These results imply greater system uptime, and thus availability, as the system λ value 

decreases and the fleet size increases. This interaction can be observed with the 

operational availability simulation results shown in Figure 10, as well as the generalized 

availability simulation results shown in Figure 11. Again, increasing fleet size and 

decreasing λ both result in increases to availability. 

 

Figure 8: Fleet Quantity Against Simulated Fleet MTBF (λ = 0.0004) 

Figure 9: System λ & Fleet Size vs Simulated Fleet MTBF 
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If all systems in the fleet are currently on a mission, being maintained, are BER, or are 

retired, and a mission request is submitted, then that mission goes unsupported. This could 

be tweaked to delay the mission request and create a mission backlog. Like availability, 
increasing the system λ or decreasing the fleet size would result in a greater percentage of 

total unsupported missions. These results can be seen in Figure 12. If a highly unreliable 

system is being used, then a greater number of systems are required to provide sufficient 

mission coverage. There is also a limit to improvements of missions unsupported by solely 

improving the reliability of the system, as the mission-need becomes a limiting factor. Even 

at a high reliability, a fleet configuration of 10 systems maximizes at 40% of missions 

supported. An interesting behavior is observable for low reliability systems, where a lower 

fleet quantity can support more missions than a larger fleet quantity. This is a result of BER 

replacements, where these systems are consistently replenished nearly every day. 

Figure 10: System λ & Fleet Size vs. Operational Availability 

Figure 11: System λ & Fleet Size vs. General Availability 
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Another interesting result is the average total downtime from the SMPM simulations. As 

shown in Figure 13, as the failure rate increases so does the total downtime, which is 

expected. However, when the system reliability is high (λ = 0.0004), the total downtime is 

highest when the fleet size is 50 systems. This is due to two sets of behavior: low per 

system usage rate for larger fleet sizes and the lower total usage time with a small fleet size 

(as shown in Figure 12). This indicates that there is an optimal point to balance 

procurement costs (driven by fleet quantity) and O&S costs (driven by downtime). 

Figure 13 also shows that increasing the fleet size also results in the average downtime 

increasing with a low reliability system. This is due to there being more systems to increase 

the total downtime. By calculating the per unit downtime as shown in Figure 14, despite 

total downtime being higher, the per unit downtime is still lower since the usage rate of 
each individual system in the fleet is lower. 

Figure 12: System λ & Fleet Size vs. Missions Unsupported Percentage 

Figure 13: System λ & Fleets Size vs. Average Fleet Downtime 
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The primary issue with only looking at mission performance and RAM metrics in this 

analysis is that the results are largely intuitive and there isn’t much tradeoff. If a program 

manager or logistician were trying to identify the “best” solution configuration, these 

results would minimize λ and maximize fleet size to get the best availability, mission 

support, and lowest downtime. The other set of analysis to review is the resulting costs of 

these decisions.  

  

Figure 14: System λ & Fleet Size vs. Per Unit Downtime 
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4.2.  System Failures & Maintenance Cost Estimate 

For the purposes of this paper, it is assumed that as the value of λ increases the 

procurement unit cost increases. This assumption is modeled with an over-simplified 

exponential function, where the system unit cost is a function of λ, to demonstrate the kind 

of analysis that can performed with a life-cycle system maintenance model. In a real-world 

application, exact system unit costs and failure rates could be input and used in the 

simulation. Figure 15 depicts this relationship in this model configuration, and it is an 

extreme relationship that is done for demonstration purposes. Given the extremely high 

cost of the system corresponding to λ = 0.0004, those results are not shown for legibility. 

𝑈𝑛𝑖𝑡 𝐶𝑜𝑠𝑡 = $100 ∗  𝑒0.002/𝜆 

The SMPM further included the cost of life-cycle maintenance and repair of the systems in 

the fleet. Each hour of downtime was tracked based on the random samples of MTTR and 

MPMT and then converted to an O&S labor cost at a rate of $100 per hour. Additionally, 

each failure or maintenance activity had a corresponding material cost proportional to the 

unit cost of the system. Additionally, whenever the BER replenishment threshold was 

tripped, the cost of procuring additional replacement systems was also added to the 
lifecycle cost.  

Simulations of these systems and fleet permutations were run for 10 years at weekly 

timesteps, tracking procurement and O&S costs throughout. The results of these 

simulations can be seen in Figure 16. The life-cycle costs for systems with 𝜆 = 0.0005, are 

extremely high, especially for large fleet quantity systems. This is driven by the significant 

maintenance costs of large fleets and the high cost per maintenance activity. 

Figure 15: System λ vs. Unit Cost 

Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026



 

26 
  

Filtering the data results further to exclude 𝜆 = 0.0005 systems, a more reasonable set of 

options for fleet configuration can be observed. Figure 17 shows the results of these 
simulations, excluding the extreme λ = 0.0005 systems. For most system reliabilities, the 

fleet configuration peaks at 50 systems, which is the point where the combination of per 

system usage and overall procurement cost is high. Below 50 systems results in lower 

procurement costs, and above 50 systems results in higher O&S costs and higher 

procurement costs. Figure 18 shows the procurement cost of the fleet and Figure 19 shows 
the O&S costs of the fleet. 

 

Figure 16: System λ vs. Fleet Life-cycle Cost 

Figure 17: System λ vs. Fleet Life-cycle Cost (Excl. λ = 0.0005) 
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Figure 18 shows the procurement cost of the fleet, and as expected as the value of λ 

decreases the procurement cost increases due to unit cost increases and as the fleet size 

increases the procurement cost also increases. Figure 19 shows the O&S costs of the fleet as 

well, and the peak of these costs is typically at a fleet size of 50 for all systems except 𝜆 =

0.01. The O&S costs need to be examined to determine why a fleet size of 50 causes the 

Figure 18: System λ vs. Fleet Procurement Cost 

Figure 19: System λ vs. Fleet O&S Cost 
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peak of fleet O&S costs. O&S costs are largely the sum of material, labor, and BER 

replacement costs. 

 

 

The fleet O&S material costs, the cost of materials to perform corrective and preventative 

maintenance, by fleet configuration are shown in Figure 20. For the fleet configuration with 

𝜆 = 0.008 and 50 systems the O&S material costs are the highest. Similar behavior can be 

seen in Figure 21 with the O&S labor costs, except as the value of λ decreases, the overall 

O&S labor costs also decrease. The net conclusion is that with higher reliability there are 

less maintenance activities, but the cost for each maintenance activity is higher. 

Figure 20: System λ vs. O&S Material Cost 

Figure 21: System λ vs. O&S Labor Costs 
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The last portion of O&S costs to examine is the BER replacement costs, shown in Figure 22. 

As the value of λ decreases in this fleet configuration, the BER replacement costs increase. 

This is because these higher reliability systems are more expensive to procure, even though 

they result in a lower volume of BER failures as shown in Figure 23. 

 

Figure 22: System λ vs. O&S BER Costs 

Figure 23: System λ vs. BER Failures 
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4.3. Balancing System RAM Performance & Life-cycle Cost 

In this scenario, decision makers need to identify a configuration of system type and fleet 

size to minimize cost and maximize system performance and effectiveness. Preferences for 

effectiveness and cost tradeoffs depend on the mission need, the availability of resources, 

the risk tolerance of stakeholders, and the applicable metrics for performance and 

effectiveness. For example, this model configuration seeks to identify the fleet 

configuration that maximizes availability (Figure 11), minimizes missions unsupported 

(Figure 12), and minimizes life-cycle cost (Figure 17). An intuitive first step would be to 
take ratios of these metrics to get a better sense of the combined relationships. 

Figure 24 depicts various fleet configurations against the ratio of life-cycle cost and general 

fleet availability, a metric where lower values are preferable. This metric can be thought of 

as the cost per availability percentage. Systems which have λ values of 0.0008, 0.001, and 

0.002 seem to have comparable ratios for this metric.  

Figure 24: System λ vs. Life-cycle/Availability Ratio 
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By generating a similar graph that shows the fleet configurations against the ratio of life-

cycle cost and percentage of missions supported (Figure 25), it can be seen that systems 
with a λ of 0.004 and 0.01 are undesirable since they have noticeably higher ratios. 

Recreating these charts to only focus on fleet configurations with λ values of 0.0008, 0.001, 

and 0.002 will further aid an optimal fleet configuration. Figure 26 and Figure 27 show this 
specific view to help filter down a preferable fleet configuration. 

 

 

 

Figure 25: System λ vs. Life-cycle Cost/ Missions Supported Percentage Ratio 

Figure 26: System λ vs. Life-cycle/Availability Ratio (λ  = 0.008, 0.001, and 0.002) 
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Fleet configurations with 𝜆 = 0.001 are generally the lowest among both ratios being 

shown in Figure 26 and Figure 27. A stakeholder would likely select systems with this λ as 

the starting point for their fleet configuration. Fleet sizes of 50 systems is the point where 

costs ratio metrics are the highest, and it would be ideal to select a fleet quantity either 

above or below 50 systems. By filtering for only fleet configurations with 𝜆 = 0.001 would 

indicate that a fleet size of around 100 systems would be ideal among both sets of metrics. 

Additionally, the simulation can be rerun only focusing on the 𝜆 = 0.001 system options 

but adding more fleet size options and picking the optimal value between fleet size 

between 50 and 100 systems. 

A more analytically robust method to evaluate optimal fleet configurations would be to 

identify a Pareto frontier of simulation output, or another multi-objective optimization 

method. The Pareto frontier in this scenario is a set of system λ and fleet size pairs that 

represent ideal combinations to maximize availability, minimize cost, or both. Figure 28 

depicts a sample Pareto frontier from SMPM simulation output and shows that optimal 

fleet configurations are between 50 and 100 systems with a 𝜆 ≈ 0.001. 

Figure 27: System λ vs. Life-cycle/Mission Supported Percentage Ratio (λ  = 0.008, 0.001, and 0.002) 

Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026



 

33 
  

 

Knee points of a pareto frontier are pairs of values where a small improvement in one 

metric results in a significant degradation in another metric, which enables identification of 

optimal pairs. The knee point for this data analysis is a fleet size of 75 systems and a system 

with a 𝜆 ≈ 0.00107, which aligns with the visual review of the plots shown in Figure 26 

and Figure 27. 

The SMPM or similar model can be modified to address other analysis involving life-cycle 

system maintenance, repair and any other measure operational effectiveness. Additional 

metrics can be added, mission logic can be specified, dynamic degradation and 

maintenance profiles can be modeled, and other elements of costs can be estimated. This 

type of analysis is beneficial to making program decisions in early life-cycle stages, 
estimating system life-cycle costs, and tracking performance against forecasted values. 

Figure 28: Pareto Frontier of Fleet Configurations (Red Lines are Pareto Points) 
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5. Conclusion 

RAM metrics should be considered throughout all stages of technology maturation and 

capability acquisition to ensure the fielding of cost-effective systems that perform well over 

their full life-cycle. Because O&S costs make up a substantial portion of total life-cycle cost 

for most systems, early attention to these criteria is essential. Most systems involve trade-

offs between cost, availability, reliability, and maintainability for most system 

considerations. Regardless of optimization method and approach, the chosen metrics of 

interest must be appropriate and applicable given the stakeholder preferences and 

underlying mission-need. Different methods for modeling RAM metrics are appropriate at 

different stages of life-cycle and for different types of analysis. Conducting rigorous 

analysis and optimization in early system acquisition is necessary to prevent avoidable cost 

growth in the O&S phase of the system life-cycle. The type of analysis described in this 

paper can be performed collaboratively with engineers and logisticians to help identify 

additional impacted elements of this multi-objective optimization. 

 

 

 

 

 

  

Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026



 

35 
  

Appendix A : Table of Acronyms 

Acronym/Abbreviation Meaning 
BER Beyond Economic Repair 

CAPE Cost Assessment and Program Evaluation 

MDT Maintenance Delay Time 

MMDT Mean Maintenance Delay Time 

MMT Mean Maintenance Time 

MPMT Mean Preventive Maintenance Time 

MTBF Mean Time Between Failure 

MTBM Mean Time Between Maintenance 

MTR Mean Time to Restore 

MTTR Mean Time To Repair 

NASA National Aeronautics and Space Administration 

OSD  Office Secretary of Defense 

RAM Reliability, Availability, & Maintainability 

SDT Supply Delay Time 

SMPM System Maintenance Profile Model 

UAV Unmanned Aerial Vehicle 

Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026



 

36 
  

Appendix B : References 

References 
 

[1

]  
OSD CAPE, "Operating and Support Cost Estimating Guide," 2014, pp. 2-1. 

[2

]  

L. M. Leemis, "Statistical Modeling: Regression, Survival Analysis and Time Series Analysis," in 

Surival Analysis, VIVA Publishing, pp. 209-241. 

[3

]  

NASA, "Availability," [Online]. Available: 

https://extapps.ksc.nasa.gov/Reliability/Documents/Availability_What_is_it.pdf. [Accessed 12 

Feb 2026]. 

[4

]  

Acq Notes, "Introduction to Operational Availability," [Online]. Available: 

https://www.acqnotes.com/Attachments/Introduction%20to%20Operational%20Availability.

pdf. [Accessed 12 Feb 2026]. 

[5

]  

GAO, "GAO-20-195G Cost Estimating and Assessment Guide," 2020, p. 19. 

[6

]  

DAU, "Life Cycle Cost," [Online]. Available: https://www.dau.edu/acquipedia-article/life-cycle-

cost-

lcc#:~:text=Life%2Dcycle%20cost%20(LCC),performance%20measurements%2C%20and%2

0status%20reporting. [Accessed 12 Feb 2026]. 

[7

]  

Wikipedia, "Deterioration Modeling," [Online]. Available: 

https://en.wikipedia.org/wiki/Deterioration_modeling#/media/File:Bathtub_curve.svg. 

[Accessed 12 Feb 2026]. 

 

 

 

  

Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026



 

37 
  

Appendix C : SMPM Script 

The SMPM was developed in R using RStudio. The codebase is not approved for public 

release but may be available upon request. Please contact skoellner@augurconsulting.com 

to request a copy of SMPM. 
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