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Abstract
The United States Navy’s submarine fleet operates independently in high-risk situations
around the globe. These missions are of vital importance to the nation’s national security, requiring
the vessels to maintain very high standards of material condition and readiness. However,
increased operational needs, personnel shortages in the civilian workforce, and other factors have
resulted in a significant backlog in submarine maintenance. Submarines are governed by stricter
standards than other naval assets, preventing them from deploying until required preventive
maintenance items and inspections have been completed. This thesis investigates historical
performance data to build predictive models for component failures that could be used to shift
periodicities for preventive items and reduce the existing backlog.
Test components from the Los Angeles class of attack submarines were chosen for this
investigation. Non-parametric and parametric models are fitted to these components, providing
quantitative methods to manage the risks associated with periodicity shifts. This process can
identify components that consistently fail within the existing periodicity as well as those that have
successfully operated beyond that point due to previous deferrals. This presents an opportunity to
improve the efficiency of submarine maintenance, although the quality of the Navy’s records was
identified as a limiting factor.
Thesis Supervisor: Themistoklis Sapsis
Title: Associate Professor of Mechanical Engineering
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Chapter 1
Introduction
Attack submarines are some of the most important assets in the U.S. Navy. These nuclearpowered platforms are capable of extended, independent operations across a wide spectrum of
missions, to include Anti-Submarine Warfare; Mine Warfare; Intelligence, Surveillance, and
Reconnaissance; and Special Operations insertion and extraction from non-permissive
environments. Each of these platforms requires an extensive maintenance plan that consumes large
amounts of labor and material at a high cost. The U.S. finds itself in increasing need of these ships,
but past actions have placed many of them into a state of backlogged maintenance that prevents
them from being certified to conduct operations. This thesis attempts to identify specific actionable
items to reduce the backlog and return submarines to operational service.

1.1 Submarine Readiness
According to the U.S. Navy’s Shipbuilding Plan for Fiscal Year (FY) 2020, the nation
needs 66 attack submarines (commonly referred to by the abbreviation SSN for “submersible ship,
nuclear”) to meet operational requirements [1, p. 10]. However, largely as a result of downsizing
at the end of the Cold War, the SSN inventory in FY 2021 stands at only 53 units. This gap is
projected to increase until there are only 42 commissioned SSNs in FY 2027, and the nation will
not reach 66 SSNs until FY 2048 [1, p. 13]. In order to mitigate the loss of operational availability
from this reduced inventory, it is of critical importance that SSNs are in excellent material
condition ready to support deployments.
A study from the Government Accountability Office (GAO) noted that SSNs experienced
10,363 days of idle time and maintenance delays from FY 2008 to FY 2018 at a cost of over $1.5B
in FY 2018 money [2, p. 7]. Additionally, the SSN community was estimated to incur an additional
$266M in FY 2018 money from delayed maintenance through FY 2023 [2, pp. 11–12]. As of early
13

2020, there were 15 SSNs with a 177 month maintenance backlog resulting from delays with
getting vessels out of shipyard availabilities on time [3]. This is shown in Figure 1.

Figure 1: SSN Maintenance Backlog [3]. The 15 SSNs listed have a combined 177-month maintenance backlog. The blue lines
represent time periods that have been mitigated and restored through reassigning funds, shifting schedules, extending
certifications, and other measures. The red lines represent time periods for which there are no viable options to regain the losses.

The USS BOISE (SSN 764) is the most well-known backlogged SSN and also has the
greatest amount of lost operational time. BOISE was scheduled to start an overhaul in 2016, but,
due to the lack of available drydocking space, the ship sat in port for several years and will be out
of service for at least 31 months longer than originally planned [3]. This schedule delay did not
occur from a single factor, but rather is a clear example of the compounding effects associated
with timing issues. One of the issues was a delay in a shipyard period for USS HELENA (SSN
725), which entered a maintenance period in October 2017 with a planned completion date of April
2018. This period was itself delayed from the originally planned date, and HELENA did not leave
the yards until 2020, two years later than planned [4].
The operational need for and pressure on the SSN fleet are very real problems, thus the
maintenance delays affecting the platforms are not just matters of cost overruns but national
security. The Navy also has higher standards of readiness and required material condition for its
submarines than conventional surface assets; the fleet will sacrifice meeting operational demands
14

rather than compromise the strict maintenance and certification procedures of the submarine
community [2, p. 6]. While this has kept submarines in generally better condition than other naval
vessels, the increased operational demands and reduced inventory of SSNs have created a difficult
position for operational commanders and Navy officials to work through as they attempt to balance
out these two competing needs in a safe manner.

1.2 Submarine Life Cycle
A U.S. attack submarine has a projected life of greater than three decades. After the vessel
is built and commissioned, it undergoes Sea Trials and then a Post Shakedown Availability. An
SSN is then considered operational and begins its deployment cycle. These cycles are nominally
18 months long and include training, certifications, maintenance, and a six-month deployment. A
Drydock Selected Restricted Availability (DSRA) is a moderately intrusive maintenance period
that is planned to occur multiple times throughout a vessel’s lifetime. Many Los Angeles class
submarines, the workhorse of the SSN community, required their reactor cores to be refueled in
an Engineering Overhaul. Seawolf and Virginia class SSNs were designed with cores to last the
entire service life of the hull. SSNs are also scheduled to undergo a Depot Modernization Period,
a major shipyard period at capable yards. Once a submarine has completed all of its deployments,
it is decommissioned and undergoes inactivation. During this timeframe, the ship is dismantled so
that usable components may be repurposed to other units. Due to the radiation controls in place
and the disposal of the reactor plant, this phase of the ship’s life requires significant financial
obligations as well as a much larger crew than a non-nuclear platform undergoing inactivation.
The people and money involved in this phase are substantial, but they do not contribute to
operational needs [3]. A generic SSN life cycle maintenance plan is shown below as Figure 2.
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Figure 2: Generic Life Cycle Maintenance Plan for a Submarine [5, p. 14]

1.3 Los Angeles Class Submarine Overview
There are three active SSN classes in U.S. inventory. The oldest and largest by quantity is
the Los Angeles class, also known as the 688 class. The next oldest is the Seawolf class. These
boats were meant to be a class of 30 but the fall of the Soviet Union prompted Congress to cut
funding to the program after only three had been commissioned. The newest is the Virginia class;
these boats offer significant advantages over legacy SSNs and are being constructed at the rate of
two per year. However, the 688 class will continue to serve as the bulk of the SSN force for many
years to come. Based on the relative quantity of these boats and the availability of maintenance
data for the class, this thesis will limit its focus to 688s in seeking solutions to reduce the backlog
discussed above. The GAO report mentioned above estimated the cost of a 688 in an idle or delayed
state at $135,974 per day in FY 2018 money [2, p. 9].
The 688 class is split into three generations with 62 total boats. The first flight consisted of
31 units that were commissioned between 1976 and 1985 [6, p. 85]. These boats were built to
counter the Soviet threat in the Cold War and marked a dramatic increase in performance over the
Sturgeon class boats they replaced. Three of these boats, BREMERTON (SSN 698),
JACKSONVILLE (SSN 699), and DALLAS (SSN 700), served in excess of 36 years before being
decommissioned, a testament to the potential longevity of the platform. However, all boats from
this generation have been decommissioned. The second flight incorporated the ability to launch
Tomahawk missiles from Vertical Launch System (VLS) tubes placed forward of the sail and
16

consisted of eight boats. The third flight in this class is known as the Improved Los Angeles and
is denoted by 688i. These 23 units were commissioned between 1988 and 1996. In addition to
VLS, these boats also had under-ice capabilities and improved machinery quieting [6, p. 83].
Visually, the 688i boats can be identified by the lack of fairwater planes as these were replaced
with bow planes to enable the ice capabilities. A 688i is pictured below in Figure 3.

Figure 3: USS ASHEVILLE (SSN 758) [7]

1.4 Thesis Statement
In the Great Power Competition of the 21st Century, the U.S. is facing peer competition
from Russia and China in a way that it has not in several decades. The shortage of SSNs and the
maintenance backlogs associated with commissioned units are serious issues that have a very real
impact on the national security of the U.S. A study of deferred maintenance on U.S. Ohio class
submarines in Kings Bay, GA showed that there were no large, negative impacts to the boats when
appropriate analysis was done to defer maintenance items [8, p. 43]. However, deferring
maintenance is a short-term solution that allows boats to go out to sea at the cost of additional
maintenance backlogs in the future. The goal of this thesis is to expand upon that principle with
respect to the SSN community by analyzing historical maintenance and failure records to make
risk-based changes to periodicities.
The Naval Sea Systems Command (NAVSEA) organization responsible for submarine
record keeping and material certification is Submarine Maintenance Engineering, Planning, and
17

Procurement (SUBMEPP). Maintenance records provided by SUBMEPP will be analyzed in order
to assess if a component routinely fails before its planned maintenance periodicity or, conversely,
has been deferred multiple times without an increase in failure rate. Either of these outcomes would
present an opportunity to improve the efficiency of submarine upkeep, directly contributing to
reducing backlogs and mitigating future problems. This thesis will select a number of 688 class
components to study based on the recommendation of SUBMEPP engineers as a proof-of-concept
for this methodology. These components will be representative of known class problems that either
routinely experience deferrals or failures. Records will be searched in order to determine the
duration between maintenance and failure events across all hulls in the class, then combined into
a single sample set that will be subjected to a variety of descriptive methods, discussed in Chapter
3. The specific objectives for this thesis are as follows:
1. Determine if the sample component failures conform to predictive patterns.
2. Determine the recommended change in periodicity for preventive maintenance of the
sample components.
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Chapter 2
Submarine Maintenance
2.1 Overview
Submarine maintenance is categorized by three tiers: Organizational Level (O-level),
Intermediate Level (I-level), and Depot Level (D-level). O-level work is that performed by a ship’s
crew on a continuing basis. Examples include lubricating equipment, cleaning filters, and
inspecting electrical cabinets. I-level work is accomplished by personnel assigned to an
Intermediate Maintenance Facility (IMF) that is beyond the scope of what a ship’s force is
expected to be able to do. These items normally require specialized training and equipment, such
as removing a rudder ram for inspection, ultrasonic testing, or large welding jobs. An IMF is
present at all major submarine homeports. D-level work is the highest level of maintenance and is
performed by personnel assigned to one of the nation’s nuclear-capable shipyards. This work often
requires a ship to be in a dry dock and includes major items such as refueling the reactor, large
hull cuts, and overhauling major valves. A list of the shipyards that perform D-level work is shown
in Table 1.

Facility

Location

Ownership

Norfolk Naval Shipyard

Portsmouth, VA

Public

Portsmouth Naval Shipyard

Kittery, ME

Public

Pearl Harbor Naval Shipyard

Honolulu, HI

Public

Puget Sound Naval Shipyard

Bremerton, WA

Public

General Dynamics Electric Boat

Groton, CT

Private

Huntington Ingalls Industries–Newport News Shipbuilding Newport News, VA Private
Table 1: Nuclear-Capable D-level Shipyards
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2.2 Preventive Maintenance
The Navy uses a Planned Maintenance System (PMS) as part of its Maintenance and
Material Management (3-M) program. The objective of the 3-M PMS is to “maintain equipment
within specifications through preventative maintenance, identifying and correcting potential
problems before the equipment or system becomes inoperable” [9, p. 2.1]. Preventive items are
scheduled based on a combination of operating time and condition monitoring, requiring careful
planning to accomplish I-level work as part of a normal deployment cycle and D-level work during
select major availability periods through the life of the ship.
Most PMS items have time-based periodicities. Basic examples include performing work
on a compressor after reaching a set number of hours of operation. Other components are subject
to maintenance at a set periodicity of days, weeks, or months. However, these components may be
placed in Inactive Equipment Maintenance status when not in regular use such as seawater pumps
on a submarine while in drydock.
Condition-based maintenance (CBM) is also utilized as part of PMS, although it is only
applicable to some components. Using this methodology, the actual health of a piece of equipment
is monitored through methods such as ultrasonic testing or vibration analysis to determine whether
or not it needs to be addressed. This approach has clear advantages over that of time-based as it
prevents resources from being allocated to replace equipment prematurely and, conversely, can
identify warning signs of imminent failure before scheduled periodicity. However, in order to get
the most benefit from CBM, a submarine’s schedule must be flexible enough to support adaptivelyplanned maintenance rather than planning jobs around lifecycle milestones such as a DSRA. Olevel and I-level items are inherently better candidates for CBM than D-level items for this reason.

2.3 Corrective Maintenance
When a crew encounters a material issue beyond its ability to repair, they enter a
description of the problem into the Current Ship’s Maintenance Plan (CSMP). This allows tracking
within the organization until the issue is addressed, and it provides a mechanism to transmit the
maintenance beyond O-level to the planning activities to create and broker a job to fix the problem.
The CSMP is also used to document preventive maintenance, requiring discrimination in
reviewing Navy records to determine if an entry was due to a failure or scheduled maintenance.
20

The format for a CSMP entry is similar to that of the Navy 2K form, which is completed by hand.
An example of the information provided on a 2K is shown below as Figure 4.

Figure 4: Ship's Maintenance Form (2K) [9, p. FIG-36]

With the exception of unplanned failures, the Navy only utilizes corrective maintenance
practices for low-cost, low-risk items. This methodology allows the maximum life be to achieved
from a component, but, unless it can be readily replaced or repaired with the parts and personnel
available and in any system configuration, the return is normally not worth the risk. Large,
unplanned corrective maintenance issues have also created backlogs throughout program history
as they require dedicated drydock space and divert funding away from planned D-level items. The
most well-known event in this category is the collision of USS SAN FRANCISO (SSN 711), a
tragedy that destroyed the bow of the ship and cost the life of one of the members of the crew. The
boat in drydock is shown below as Figure 5.
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Figure 5: USS SAN FRANCISCO in drydock, 2005 [10]

2.4 Current Problems
Despite the careful planning and large budgets that support it, there are issues that
complicate the 3-M process. The first is the lack of experienced planners, workers, and engineers
still facing the nation as a result of downsizing the undersea community after the Cold War. In
testimony to Congress in 2017, VADM Thomas Moore, Commander, NAVSEA, stated that
despite hiring 16,500 new workers since 2012, the shipyards were still 2000 people short of their
required force levels and half the employees had fewer than five years of experience [11, p. 4].
A second issue is the cost premium with performing work in the two private yards. The
Navy preferentially uses public yards to accomplish D-level work, but these are also busy with
other Navy assets and are the facilities that have the greatest backlog. Private yards have excess
capacity through 2025 [3], but, with limited exceptions (such as BOISE), the Navy is hesitant to
send work there based on the increased cost. One of the factors that complicates planning at private
yards and subsequently increases cost is that they do not necessarily have access to the same
technical data that the public yards do [4]. Utilizing the excess capacity in the two private yards is
one method to mitigate the SSN backlog, but doing so would have an enormous cost and would
not in and of itself return the attack submarine fleet to a fully operational status.
A third issue impacting submarine PMS is the number of outstanding maintenance items
that have been deferred from their originally scheduled completion dates. These can occur for a
22

variety of reasons, such as the lack of material, insufficient personnel, equipment condition, or
schedule needs that are prioritized over certain items. An example where this may occur would be
an IMF choosing to defer I-level jobs that should have been completed prior to a planned
deployment until a D-level availability planned for the return to port. This has the short-term gain
of certifying the ship to go to sea, but deferrals further complicate an already tight schedule for Dlevel availabilities and have the possibility of returning negative long-term consequences.
Specifically, these deferrals can increase the maintenance backlog of submarines and may increase
the risk of failures requiring corrective actions.
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Chapter 3
Methods for Reliability Analysis
3.1 Definitions
This chapter will describe the theory and several methods by which reliability analysis is
normally conducted. In order to facilitate this discussion, a list of definitions for the terms that will
be used follows.
Failure: This status describes a component that has failed and is no longer capable of performing
its intended task. Planned, preventive maintenance that temporarily removes a component from
operation does not constitute a failure.
Deficiency: This status describes a component that is operating outside of its design specifications,
but is still operable and can complete its task. An example of this condition would be a pump that
has excessive packing leakage but is still capable of providing a sufficient flow rate.
Mission: This term measures the elapsed time since a component was at a perfect material
condition. A mission may be terminated by failure or it may be completed through preventive
maintenance that restores the component to perfect condition, such as replacing the packing on a
pump or overhauling a component.
Time to failure (TTF): This is the elapsed time until a failure for a component under normal
operation.
Mean time to failure (MTTF): This is the average TTF for a non-repairable system and represents
the total lifetime of a part.
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Mean time between failures (MTBF): This is the average TTF for a repairable system and
represents the time between corrective maintenance.
Mean time to repair (MTTR): This represents the average time required to complete corrective
maintenance for a failed component. MTTR is only a measure of the work being done and does
not include the time required to plan the job or obtain the necessary parts.
Right censoring: Censored data are incomplete as some detail is not known about them. In the
context of this thesis, right censored data describes the condition where the TTF for a component
is unknown because it has not yet occurred or because preventive maintenance was conducted
prior to a failure that resulted in a completed mission. Figure 6 illustrates this concept as the
measurement period for the units is suspended with some still in operation. Right censoring
provides a lower bound for TTF but must be treated differently in analysis from a distinct TTF.

Figure 6: Right censored data [12]

Survival function (S(t)): This function gives the probability that a component will survive up to
any specified time. The value of this function at a given point of interest is known as the survival
rate and is the key parameter sought by this thesis as it provides the ability to quantify the risk
associated with shifting the periodicity for a PMS item.
Hazard rate (h(t)): Also known as failure rate, this parameter is expressed by the number of
failures per unit time. This behavior of this parameter may change throughout the life of a
component, and the nature of its change is a dominant factor in which reliability analysis method
25

is appropriate. For most pieces of equipment, the hazard rate can be described by the “bathtub
curve” shown in Figure 7 that combines beginning-of-life break in, constant failures, and end-oflife wear out. The break in failures decrease over time as they primarily capture defective products
that are outside of tolerances or fail to be identified by quality control measures. These components
are the most likely to fail shortly after entering operation. Conversely, wear out failures are more
likely over time as components slowly degrade through use, fatigue, and corrosion. The random
failures occur at an assumed constant rate throughout the lifespan of a component. When all three
are combined, h(t) concaves up and forms the “bathtub.”

Figure 7: The Bathtub Curve [13]

When constant, the hazard rate may be expressed as:

h=

1
𝑀𝑇𝐵𝐹

Cumulative Hazard Function (H(t)): This function represents the probability that a component
has failed at any point up to a given time. It is the cumulative distribution of h(t) and also given
by:
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H(t) = 1 − S(t)
Hazard Ratio (HR): This is the ratio of the hazard rates between two groups. A medical example
would be the difference in mortality rates between a test group receiving an experimental drug and
the control group that received a placebo. A submarine maintenance use of HR would be to
compare the performance of a component based on which shipyard performs the upkeep.

3.2 Approaches to Reliability
A main objective of reliability engineering is to model the damage, degradation, and aging
of components over time. The two categorical approaches that are used to pursue this are data and
physics driven methods. A data driven approach analyzes historical data to predict future
performance. The assumptions built into these models are that the historical data are true and will
repeat in the future, preventive maintenance contributes to the renewal of the component, and
degradation can be measured by the hazard rate.
A physics-based view of reliability is based around the premise that failures occur when
an applied stress exceeds the endurance limit for a component given a maximum flaw size and
fatigue characteristics of the material. This approach was inspired by advances in fracture
mechanics and addresses the underlying cause of failure. It has little to no dependence on historical
data and can be performed for the operating environment specific to the component in question,
offering potential benefits. However, it is extremely difficult to accurately predict all possible
interacting failure mechanisms and so a physics-based approach offers limited utility.
During the design phase of a ship, a physics-based approach is used to determine what
PMS items are required and their periodicities. This is accomplished through accelerated life and
degradation testing that uses test specimens to predict the wear and failure of individual
components on the vessel. The 688i class has decades of maintenance records available for
analysis. The PMS items that were planned around a physics-based model to reliability can now
accurately be subjected to a data-based analysis that can identify items that routinely fail prior to
their estimated lifetimes or, alternatively, validate the estimates and provide a risk-mitigated
strategy to extend the periodicities for key items that are at low probability of failure. Different
27

methodologies for this category of approach (non-parametric, semi-parametric, and parametric)
will be discussed in greater detail throughout this chapter to describe the benefits and usefulness
of each one.

3.3 Assumptions and Methods
The usefulness of the results of this study is largely a function of the quality of the data that
are supplied as inputs. The assumptions for this thesis are as follows:

1. Non-informative censoring. Censored data are just as likely to fail as non-censored
data.
2. Survival times are independent. There are many covariates that may be of interest to
the Navy when analyzing maintenance data, but they are beyond the scope of this study. All HR
are assumed to be 1.0 when studying components between different submarine hulls or with other
distinguishing factors.
3. Data are accurate and complete. It is assumed that the 688i maintenance records fully
document any failures, and that the maintenance accomplishment dates are correct.
4. Past performance is indicative of future performance. The hazard rate of a
component is not required to be constant in order to determine S(t), although any changes to h(t)
need to be able to be determined from past failures.

3.4 Non-Parametric Analysis
This is a commonly used method that is the simplest way to assess for survivability. The
Kaplan-Meier Estimator (KME) was developed in the mid-20th century in order to account for
large numbers of incomplete data [14, p. 458]. It is simple to interpret and can estimate S(t) with
a variable h(t). The formulation for the KME as a function of time is given below, where ti is the
time at which at least one event happened, di is the number of events that happened at time ti, and
ni is the number of test subjects that have not experienced an event or been censored at ti.
𝑆̂(𝑡) = ∏ (1 −
𝑖: 𝑡𝑖 ≤𝑡
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𝑑𝑖
)
𝑛𝑖

The variance of the KME is given by Greenwood’s Formula as:
̂ (𝑆̂(𝑡)) = 𝑆̂(𝑡)2 ∑
𝑉𝑎𝑟
𝑖:𝑡≤𝑡𝑖

𝑑𝑖
𝑛𝑖 (𝑛𝑖 − 𝑑𝑖 )

Drawbacks to the KME are the lack of a functional form of S(t) as it provides steps only,
the inability to determine HRs, and the inability to easily incorporate covariates in the analysis.
Despite these limitations, KME is a valid method for estimating the survival function and can be
used to calculate the probabilities of failure if periodicities for PMS items are extended. An
example of KME is shown below in Figure 8.

Figure 8: KME Example [15]

3.5 Semi-Parametric Analysis
This method allows a HR to be calculated, and it can also account for a changing h(t). The
most well-known approach is the Cox Proportional-Hazards Model, which is an extremely
valuable tool for measuring the performance of components when grouped by covariates of
interest. However, this analysis does not produce a survival function and so is not useful to the
thesis objectives.
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3.6 Parametric Analysis
This methodology allows both S(t) and h(t) to be calculated by well-defined, closed form
functions. The general form of a parametric description is the Weibull distribution, and it can also
account for a changing h(t). However, unlike the other two methods that allowed for step changes
to h(t), a Weibull distribution treats h(t) as proportional to time. This assumption is not necessarily
realistic and can lead to errors. Additionally, the Weibull distribution is able to handle large
numbers of right-censored data. The probability density and cumulative distribution functions for
a two-parameter Weibull distribution are given by:
0
𝑓(𝑡; 𝜆, 𝑘) = {𝑘 𝑡 𝑘−1 −(𝜆𝑡 )𝑘
( ) 𝑒
𝜆 𝜆
𝐹(𝑡; 𝜆, 𝑘) = {

0
1−

𝑡 𝑘
𝑒 −(𝜆)

𝑡<0
𝑡≥0
𝑡<0
𝑡≥0

In this distribution, k is known as the shape parameter or Weibull modulus. It is always
positive and describes the change to failure rate over time. A value of k < 1 represents a failure
rate the decreases over time, k = 1 is a constant failure rate, and k > 1 has an increasing failure rate
with time. Certain values of k allow the Weibull distribution to approximate exponential, Rayleigh,
and normal distributions. Figure 9 illustrates the effect that changing k has on the Weibull.
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Figure 9: Effect of k on Weibull Distribution [16]

The variable λ, which is also positive, is the scale parameter. The smaller the value of λ,
the smaller the variance within the distribution. The variance is given by:
2
1
𝑉𝑎𝑟(𝑓(𝑡)) = λ2 [𝛤 (1 + ) − (𝛤 (1 + ))2 ]
𝑘
𝑘
In the formula above 𝛤 represents the Gamma Function. The Weibull cumulative
distribution function is equivalent to the cumulative hazard function. The surivival and hazard
functions can be calculated as follows:

𝑆(𝑡) = 𝑒

−

𝑡𝑘
𝜆

ℎ(𝑡) = 𝑘𝜆𝑡 𝑘−1
A Lilliefors Test is used to test for goodness of fit. As this test is designed to test if data
come from a normal distribution, it must be modified to accommodate Weibull. This is done by
setting the Lillefors Test to see if the natural logarithm of the test data follow an extreme value
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distribution. These modifications set the null hypothesis to be that the data follow a Weibull
Distribution; if the critical value for the test statistic is exceeded, the hypothesis is rejected. Figure
10 is visual representation of the importance of properly identifying censored data for the Lilliefors
Test and Weibull parameter fitting.

Figure 10: Censoring Effects on a Weibull Distribution

If the data perfectly follow a Weibull Distribution, then the natural logarithms of the data
would match the red trend line above. These plots were produced from analysis discussed in
Chapter 4 but are shown here to demonstrate how skewed a distribution would be without
accounting for censored entries.
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Chapter 4
Periodicity Extension Case Studies
4.1 Data Processing and Assumptions
The processes described above were applied to three test components in order to validate
the process and discover potential issues with their implementation. These components were
recommended by SUBMEPP based on past experience with regular deferment and material
failures. The first component selected was the anchor windlass. The second and third items were
the lead and standby hydraulic accumulators for the Steering and Diving (SD) system, also known
as the #1 and #2 Accumulators.
Each component required three sets of data to be integrated and compared. The first
included the information provided by 2K and CSMP entries and is referred to as the Open
Architectural Retrieval System (OARS). The second set was the list of I-level completions
performed by an IMF. The final set of data was the Class Maintenance Plan, which provides a list
of all preventive maintenance items and associated periodicities required to be conducted on
equipment found in the class. All of these data are stored in Microsoft Excel workbooks, and so a
series of Visual Basic (VBA) Macros were developed to import, filter, and analyze them.
The OARS records were checked to identify any Associated Parts List (APL) identifiers.
These alphanumeric codes represent the actual components being used in a system and can vary
between hulls as design changes are made over time. Each of these records contained a description
similar to that found in the example 2K above. An algorithm searched through these blocks for
keywords to tag the record types as failures, deficiencies, preventive maintenance, or not relevant.
Although reliability analysis normally treats a failure as a component no longer being able to
function, the definition was altered to fit the objectives of this thesis. Specifically, a failure was
defined as a degraded material condition that required I-level or D-level corrective maintenance.
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This criterion is the most useful for analyzing a shift to preventive maintenance periodicities at the
shipyard level, although the tool could be modified to include the normal failure definition when
analyzing an O-level item. After the algorithm sorted through the data, each tag was validated and
updated as required. Upon review of the OARS descriptions, the inconsistency of the formatting
and lack of detail in them were identified as problem areas that challenged the assumption that all
data were accurate and complete. This assumption was also challenged by the lack of any records
at all for multiple hulls in the class; even for hulls that did have records, there were obvious gaps
across the life of the ship where records were missing.
The VBA process involved searching through the class maintenance plans to identify any
Hierarchical Structure Code (HSC) associated with the APLs of interest. The HSCs represent
different equipment configurations and provide a description of the maintenance items to be
performed and their periodicities. The I-level completion records were then analyzed to search for
any entry containing one of the HSCs identified.
The next step allowed the user to select any APLs or HSCs to omit from the analysis; this
was useful as there may be large enough differences between configurations that grouping them
together would not make sense. Missions were then calculated for every hull in the class by
compiling the relevant OARS data tagged as preventive items or failures and the I-level records.
The first mission for each hull started at the commissioning date of the vessel, and the final mission
started at the date of the last record and went to the decommissioning date for retired hulls or to
the date of the analysis for those still in service. This allowed additional right-censored missions
to be captured for the component of interest.
Once all of the missions were calculated, each one was tagged as being censored or not. In
order to account for the observed gaps in records noted above, an upper limit was calculated to
exclude artificially long missions that would skew the results. This limit was chosen to be 150%
of the preventive periodicity based on input from SUBMEPP; this allowed enough flexibility to
capture previous deferrals without extending the time to a point that would be unrealistic.
However, this factor may need to be tailored in future iterations of the analysis to match the specific
profile of the component being analyzed.
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The duration and censoring information for the filtered missions were exported into
MATLAB to conduct the statistical analysis. The mission data were used to generate a KME
survival function, perform a Lilliefors Test for conforming to Weibull Distribution, and calculate
the shape and scale parameters of the Weibull function. The Confidence Intervals for the KME
and Weibull functions were all calculated with 95% confidence.

4.2 Anchor Windlass
Although used infrequently and only in abnormal circumstances, U.S. Navy submarines
are outfitted with a single anchor. The anchor is stored in a Main Ballast Tank outside the pressure
hull and is operated from the Engine Room. A special type of winch, known as the windlass, is
used to raise and lower the anchor and is operated hydraulically. The wildcat is a grooved drum
that grabs and controls the anchor chain, and a friction brake prevents motion when the wildcat is
disconnected. A representative hydraulic windlass is shown in Figure 11.

Figure 11: Hydraulic Anchor Windlass [17]

Of the three components, the windlass had the best quality OARS and I-level completion
data. However, there were no OARS records for 8 hulls, no I-level records for 27 hulls, and no
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usable missions for 13 hulls. A single APL encompassed the entire class. As the windlass itself
was the item of interest, failures associated with the anchor chain or indicator were omitted from
the analysis. The KME for the survival and cumulative hazard functions are shown as Figure 12.

Figure 12: Anchor Windlass KME

The KME confidence interval for the longest missions (those greater than 40 months) is
approximately 3%. However, this results in an upper control bound that is double the empirical
value for H(t). The relatively large interval is the result of missing records; however, the consistent
failure rate between 29 and 45 months shows that there is no increased risk for deferring an item
within this timeframe. The Weibull parameterization is overlaid onto the KME survival function
in Figure 13.
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Figure 13: Anchor Windlass Parametric vs Non-parametric Modeling

The Lilliefors Test failed to reject the null hypothesis that the data follow a Weibull
Distribution. The goodness of fit for the data is shown in Figure 14.
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Figure 14: Anchor Windlass Weibull Probability Plot

The shape parameter was found to be 1.2, showing a slight increase in hazard rate over
time, and the scale parameter was 552.3. The confidence intervals for the Weibull were larger than
those determined through KME.

4.3 #1 SD Accumulator
A submarine controls its depth, heading, and pitch through a combination of buoyancy,
speed, and forces created by control surfaces. These surfaces include the rudder, stern planes, and
bow or fairwater planes. Submarines contain multiple hydraulic plants to operate the plethora of
equipment onboard, and the stern planes are operated by the SD plant. This is smaller than the
main Ships Service Hydraulic Plant and contains two accumulators. Accumulators store
mechanical energy by holding fluid under pressure. This available energy allows a system to
handle a greater load than its pumps can independently, enables a rapid response to large demand,
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smooths out transients in the system, and serves as an emergency means to move a component if
the pumps fail. The accumulators on submarines are piston types and use air to maintain pressure,
as shown in Figure 15.

Figure 15: Pistol Hydraulic Accumulator [18]

The Lead and Standby Accumulators are configured such that the #1 unit normally handles
system loading. The #2 Accumulator does not transfer its stored energy into the hydraulic system
unless the #1 Accumulator is not able to meet all demand. This can occur if multiple, large
movements are executed rapidly, and the capacity of the accumulators serves as a safety feature
that allows a crew to maneuver control surface following a major casualty.
The #1 Accumulator was covered by 4 APLs that accounted for differences in
configuration. While some of the differences were minor and would not preclude the APLs from
being grouped together for analysis, there was a major change implemented as a Ship Alteration
(SHIPALT) that separated the accumulators into two groups. A SHIPALT is change made to a
component during its service life, and these accumulators received an updated piston and seal. Due
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to the major design change and the scarce data on pre-SHIPALT APLs, only post-SHIPALT
performance was analyzed.
Despite having more records than the anchor windlass, the accumulator APLs were not
specific to the SD system and included those installed in the Ship Service and External Hydraulic
systems. Most of these records could be easily filtered to account for the correct system, but there
were many instances where the accumulator was tagged as belonging to one system but the
narrative was written such that it belonged to a different one. These records required manual
discrimination and in many cases had to be omitted as there was no clear way to correctly identify
the system. A similar complication occurred between the #1 and #2 Accumulators; there were
numerous examples where either the #1 Accumulator APL was used with the #2 Accumulator
mentioned in the narrative or vice versa. In these cases, it was not possible to correctly identify
which accumulator was actually described and the records were omitted from analysis.
For those records that could confidently be identified as the correct component and system,
the quality of the narrative descriptions was a limiting factor that made analysis difficult. Each
record needed to convey sufficient information to determine a failure that met the conditions
described in Section 4.1, but most of them lacked the required detail. For example, many narratives
described oil leaks from the accumulator without listing the leakage rate, source of the leak, or
impact to the equipment. Many of these leaks appeared to be corrected by the crew by replacing
software. Deficiencies that require corrective maintenance are a concern to the Navy, but these
examples were not relevant to the thesis objectives. Several records listed that leaks were so severe
that the accumulators had to be isolated and required IMF to rebuild them. This was mostly
associated with leaks on the air side of the accumulator, but the records were very inconsistent and
it complicated the process of correctly identifying the data. Additionally, 10 hulls were missing
OARS records, 15 hulls had no I-level records, and 28 hulls did not produce any valid missions.
The KME functions for the post-SHIPALT records are shown in Figure 16.
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Figure 16: Lead Accumulator KME

The accumulators displayed a realistic failure rate through 50 months; after this time, the
hazard rate goes to zero through 120 months and suggests inadequate data. As with the windlass,
the upper control bound for H(t) is approximately double the empirical value. The Weibull
parametrization overlaid on the KME survival function is shown in Figure 17.
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Figure 17: Lead Accumulator Parametric vs Non-parametric Modeling

The Lilliefors Test failed to reject the null hypothesis that the data follow a Weibull
Distribution. The goodness of fit for the data is shown in Figure 18.
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Figure 18: Lead Accumulator Weibull Probability Plot

The shape parameter was found to be 1.1, showing a slight increase in hazard rate over
time, and the scale parameter was 913.3. The confidence intervals for the Weibull were larger than
those determined through KME.

4.4 #2 SD Accumulator
The #2 Accumulator is fundamentally the same component as the #1 unit with minor
configuration changes. It contained 5 APLs and had also undergone a SHIPALT to replace the
piston and seal. As with the #1 Accumulator, only the records from after the SHIPALT were
analyzed. There were more records available than for the windlass but fewer than the #1
Accumulator; however, the issues described in Section 4.3 also occurred in this analysis. There
were 13 hulls with no OARS records, 19 hulls with no I-level records, and 31 hulls did not provide
any usable missions. The KME functions are shown below in Figure 19.
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Figure 19: Standby Accumulator KME

Unlike the #1 Accumulator, these KME functions show failures occurring consistently
rather than having 70 months with no changes. As with the other components, the upper control
bound for H(t) is approximately double the empirical value. The Weibull parametrization overlaid
on the KME survival function is shown in Figure 20.

44

Figure 20: Standby Accumulator Parametric vs Non-parametric Modeling

The Lilliefors Test failed to reject the null hypothesis that the data follow a Weibull
Distribution. The goodness of fit for the data is shown in Figure 21.
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Figure 21: Standby Accumulator Weibull Probability Plot

The shape parameter was found to be 1.4, showing an increase in hazard rate over time,
and the scale parameter was 297.8. The confidence intervals for the Weibull were larger than those
determined through KME.
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Chapter 5
Conclusions and Recommendations
5.1 Conclusions
The objectives of this thesis were to:
1. Determine if the sample component failures conform to predictive patterns.
2. Determine the recommended change in periodicity for preventive maintenance of the
sample components.
While it would be unwise to assume the results of this study apply to every submarine maintenance
scenario, the three test components discussed in Chapter 4 provided valuable insight about these
objectives. In all three cases, the Lilliefors Test failed to reject the null hypothesis that failures
followed a Weibull Distribution. From this, it may be concluded that Objective 1 was found to be
true but must be validated for each component that is analyzed.
Objective 2 is able to be answered by using the analytical results of this thesis. However,
the recommended periodicity shifts will not be universal. The acceptable survival rate could vary
widely based upon the consequence of the failure, existence of a redundant component, required
conditions to repair (such as being in drydock), and MTTR. For example, a redundant portion of a
hydraulic system that develops a leak, remains operational, and can quickly be repaired by any
IMF in a short time period may be subjected to dramatically different failure rate criteria than a
safety of ship or mission-critical component, as well as those that require D-level drydocking
repairs. The lower confidence bounds of the survival rate for the KME and Weibull Distributions
both provide a mechanism to observe changes over time and allow the user to make an appropriate
risk-based decision based on historical performance.
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This method, however, depends heavily on the assumption that the data are complete and
accurate. As discussed in Chapter 4, this was found to not be the case. For all three components,
there were multiple examples of hulls that had no records listed, had obvious gaps in record history,
or contained such poor OARS descriptions that many records had to be suppressed as it was not
possible to accurately tag them as failures or deficiencies. The 688 class had 62 total submarines;
the oldest began operation in the 1970s and the newest boats have been commissioned for well
over two decades. This should have provided ample data for analysis, but this was not observed
when looking through the records. Even though only three components were analyzed, all of them
experienced the same problems with missing records and inadequate descriptions. Table 2 provides
the number of records that were available for review and the number of usable data for each
analysis.

Windlass #1 SD Accumulator #2 SD Accumulator

OARS Records

359

961

737

I-level Completion Records

324

128

117

Total Missions

283

141

124

Usable Missions

154

73

57

13

8

9

5

5

8

Total Failures

Usable Failures

Table 2: Total and Usable Sample Sizes for Test Components

Two major problems result from the inaccurate assumption that the data were complete
and accurate. The first is that there is no way to validate the data as being representative of actual
performance. Perfect record keeping would negate this concern, but the obvious shortcomings of
the available data require the assumption that the sample set exhibits the same behavior as the
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general population. This is problematic because there is no method to test for this. The second
problem is that the available sample sets contain small numbers of failures, especially when
considering that there have been many more such instances through the life of the class that are
not recorded. This small number of usable failures, as seen in Table 2, means that the confidence
intervals in both the KME and Weibull Distributions are large. This may prevent any utility from
the analysis recommended by this thesis as no periodicity extensions can be proposed due to the
large difference between the parametric and lower control bounds of the survival function. For
these large confidence intervals, more utility would be gained by comparing the change in H(t)
over time rather than the actual value of the function.

5.2 Future Work
Despite the issues with the data, the process itself is sound and has the potential to serve as
a valuable tool for the Navy when mitigating increasing operational requirements, aging ships, and
personnel shortages in its shipyards. One area of future work would be to take the concepts
described above and expand the scope of study beyond the O-level and I-level maintenance items
associated with the three test components. D-level items are the most difficult to schedule for
submarines, and thus would have the greatest potential benefit towards reducing the maintenance
backlogs described in Chapter 1. Additionally, this thesis only looked at methods to reduce the
maintenance backlog by proposing periodicity shifts; it did not attempt to quantify any cost or
schedule savings that may be accomplished by doing so.
A second area of future work would be to conduct a semi-parametric analysis of the data.
While it does not provide a survival rate for a component, a Cox Proportional-Hazards Model
would be able to determine the HR for a given covariate. Examples of this would be to study failure
rates for a component based on the shipyard that constructed the vessel or that performs the
maintenance on it. It would also allow a way to test the effectiveness of configuration changes,
such as with the SHIPALT done for the SD accumulators.
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5.3 Recommendations
The SSN maintenance backlog is a very real threat to U.S. national security. For preventive
maintenance items that do not have the ability to use CBM, utilizing historical records has the
potential to validate existing periodicities or identify shifts that would improve efficiency. Based
on the results of this thesis, the survival rate from KME is recommended over that of Weibull when
the potential periodicity extension fall within a range that includes right-censored data from
previous deferments. Within this timeframe, the non-parametric model represents actual
performance and was shown to have a smaller confidence interval than Weibull. However, KME
does not allow for any extrapolation beyond previous deferments; this is where a parametric model
would allow the survival rate to be estimated for longer extensions.
No matter how good a tool is, it cannot provide useful results without quality inputs. For
this reason, it is also recommended that the Navy leadership find ways to improve their
maintenance data. The quantity and quality of the records used in this thesis generally improved
over time, likely the result of the transition from administering maintenance requests and records
on paper to doing so with computers. There may still be room for improvement with reporting
tools by creating a more standardized set of coding options for the user to select or requirements
for the narrative sections. However, CSMP entries and 2K forms are ultimately submitted by junior
personnel from a ship’s crew and these individuals are concerned with getting their workload
accomplished rather than how valuable their entries may be to data analysis conducted by an
engineering team. No matter what method the Navy uses to improve its maintenance programs, it
will always be an uphill battle unless the personnel on ships understand the importance of accurate
and detailed reporting. One way to communicate this would be to inform Commanding Officers
and 3-M Coordinators of the analysis that can be done with the records they generate.
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