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ABSTRACT

This paper presents results of R&D associated
with creating a new algorithm and software
program to predict engine removals/down time
for US Navy surface ships. The US Navy has
over 3500 gas turbine engines used throughout
the surface fleet for propulsion and generation of
electrical power. Historical data are used to
forecast the number of engine removals for the
next ten years and determine engine down times
between removals. To update and improve
current prediction methods, we tested over 60
techniques on twenty years of Navy data from
over 3100 engines and 120 ships. Among the
techniques investigated were moving averages,
empirical negative binomial, generalized linear
models, Cox regression, and Kaplan Meier
survival curves. Our approach was to apply the
best algorithm based on its performance on real-
world data, and to implement the selected
algorithm in a new software program that allows
the user to select a specific engine type, forecast
time period, and op-tempo. Graphical displays
and numerical tables present forecasts and
uncertainty intervals. The technology developed
for the project is applicable to other logistic
forecasting challenges.
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INTRODUCTION and
BACKGROUND

The US Navy has over 3500 gas turbine engines
used throughout the surface fleet for propulsion
and the generation of electrical power. The US

Navy, Naval Sea Systems Command
(NAVSEA) Marine Gas Turbine Information
System (MGTIS) Program archives engines’
historical operating and removal data for use in
logistics and lifecycle planning. One analysis
conducted by the MGTIS Program is to project
the number of engine removals for the next ten
years and determine engine down times between
removals. To support this effort, NAVSEA
currently uses a software program, implemented
in FORTRAN in the early 1970s. The program
runs on a mainframe computer and is
inconvenient to use. In addition, because it does
not account for certain important factors (such as
decommissioning), various manual
manipulations and subjective judgments are
needed to make the program fit the current needs
of the MGTIS program. Finally, the underlying
statistical methods employed by the FORTRAN
program are not well documented or understood.
Thus there was a need for a new program that is
more convenient to use and that is based on a
defensible scientific methodology.

This paper presents results of the research and
development conducted to develop algorithms to
forecast engine replacements and the
implementation of a new user-friendly software
program to enable the NAVSEA user to
formulate forecasts that support their logistics
needs. Requirements for this work included the
following: The algorithms need to be defensible,
well-documented and outperform the existing
algorithms. The software needs to extend the
forecasting algorithm work to present a variety
of information based on the data analysis and
forecast. It must present intuitive displays, be
easy to run with minimal training, and run under
Windows as a Web-based application.



FORECAST ALGORITHM
DEVELOPMENT

We tested over 60 techniques on almost 20 years
of data collected from over 3100 gas turbine
engine assemblies and 120 U.S. Navy ships.
Among the techniques investigated as the
forecast basis were moving averages, empirical
negative binomial, general linear models, Cox
regression, and Kaplan-Meier curves, most of
which are documented in engineering, medical,
and scientific research (Lawless 1982). We
applied these techniques to the data and used test
set validation to quantify the accuracy of each
method and choose the best algorithm.

The Kaplan-Meier estimate is defined as
follows: suppose that there are n engines and
that there are k (k<n) distinct times t; <t, < ... <
ty at which removals occur. The possibility of
there being more than one removal at j is
allowed, and we let d; represent the number of
removals at tj. In addition to the lifetimes ty, ...,
t, there are also censoring times L; for engines
whose lifetimes are not observed. The product-
limit estimate of S(t) is defined as

§(t):Hnj_dj

jiti<t n

where n; is the number of engines at risk at t;,
that is, the number of engines running and
uncensored just prior to tj (Lawless 1982).

Figure 1 shows an example were ty, ..., ty are

plotted versus §(t) . This shows a step function

where S (t) decreases as the values of ty, ..., t

increase. It is logical to assume that each engine
has some non-zero chance of failing at any point
in time when we are using this distribution for
forecasting purposes, and in reality, S(t) should
be continually decreasing as time increases.
Therefore, we modified the method to smooth

values of §(t) between removal times.
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Figure 1. Example of Kaplan-Meier
estimates

To compute S (t) for time values not equal to one

of the values ty, ..., t we assumed the hazard
rate between two consecutive values of tj, ..., t
is a non-zero constant unique to times between
those two points. For example, let’s say there
are two removal times from the original data, t,
and t;, where the probability of survival for the
Kaplan-Meier estimate is unchanged between
the two points, and we wish to compute an
estimated probability of survival for a time t;,
that falls between times t,and t.. S(t) for ty is
computed as follows:

(ty—ta) At —ta)

St

S(t,)

Another issue is how to compute forecast
probabilities of survival when time values
approach or exceed the highest removal time in
the data. For this case, we assume that hazard
rates are constant beyond a time where there are
r values of ty, ..., ty exceeding this time in the
data. We would assume a constant hazard for
the time value that achieves the mean Kaplan-
Meier estimate of the t., and ti..; removal times
wherel < 1 < K. The mean Kaplan-Meier
estimate of the t.., and t,.,.; removal times occurs
at a time tag; computed as follows:

S(t,) = S(t,)*



Let totalhrs,.g be the total number of hours and
the total number of removals from the n engines
that exceed tr5qj, and totalrems,,g; be the number
of removals that occur at times greater than ty,g;.
S(t) is then computed as follows when t > t,qj

tftradj
totalrems,;
radj

St > 1) = S(tg) *| 1-
(t raci ) = S (L) [ totalhrs

To compute projected removals for future
months, projected operating hours for all
engines are totaled. Assemblies in each ship
class are assumed to operate at the average rate
of the class’s operating history. Using the
average operating rate for all assemblies,
assemblies are stepped through the ages they
would reach each month. At each step, the
installed population in each interval is subjected
to the probability of being removed. Removed
assemblies accumulated as expected removals
are replaced by zero-timed assemblies for the
next iteration'.

EXPERIMENTAL RESULTS
ASSESSING THE FORECAST
ALGORITHMS’
EFFECTIVENESS

The algorithms were evaluated on 12 different
engine types using an iterative approach where
we retrieved the first few years of data, applied
the algorithm, and predicted the next year’s
removals. For the next iteration, we would drop
the earliest year’s data we used in the previous
iteration, and add the next year’s data. This was
repeated until we had predicted the most recent
year’s removals. For each engine type, a
residual analysis was performed on these results

! Methodology for MTBR and Removal Projections
was based on notes provided by NAVSEA.

to evaluate how well each method performed.
Many summary statistics and plots were used in
our evaluation. Table 1 shows an example of a
few of the summary statistics used in our
evaluations.

Table 1. Summary of Test Results for 4 of the 60

Algorithms Tested
Mean
. Absolute Root
Algorithm Difference MSE Correlation
Kaplan-
Meier 4.42 5.53 0.51
Cox PH 10.48 11.86 -0.22
GLM 6.14 8.59 -0.07
Negative
Empirical
Binomial 4.77 5.87 0.45

The Kaplan-Meier estimate method with the
modifications we have described performed
better than other methods when there were at
least several removals in the data. A simple
constant hazard rate based on removals per hour
worked consistently well when there were only a
few removals in the data used to compute the
distribution. The method implemented uses the
constant hazard for low numbers of removals,
and the modified Kaplan-Meier estimate when a
minimum number of removals are present in the
test set data.

ERP TOOL, USER-FRIENDLY
SOFTWARE WORKSTATION

The algorithm chosen as most effective is a core
part of the ERP Tool. Other key characteristics
are important to allow it to function in the
NAVSEA environment:

e Web-based, running on a windows operating
system.

e Use .NET technology and the C# language.

e The ERP Tool and all MGTIS data remain
on the NAVSEA server. Raw data will not
be passed to the client workstation.

o The ERP Tool accesses the MGTIS
ORACLE database on the NAVSEA server
to acquire user-specified data (e.g., data for




the past three years) to be used by the ERP
analysis. Input data include Ship ID, Engine
ID, dates, operating hours, engine failure
codes, selected component failure codes,
and projected operating schedules.

e Outputs displays

e Engine Hazard Rate and Reliability
Summary table

e Projected Engine Removals table

e  Charts of actual versus predicted
removals by engine type and year in
accordance with a user specified
prediction period.

e  Charts of actual cumulative
removals versus projected removals
by engine type and month for a
selected fiscal year.

e Aggregated chart of engine
removals by year including
historical data and projected data
(e.g., out to ten years).

e  Graph of removal rates for a
selected time period.

e Bar charts broken out by engine
type of MTBF values by date

e Engine MTBF values augmented for
relevant components.

e Component MTBF.

Projections based on user-selectable

Peacetime Operational Tempo

and/or Wartime Operational Tempo.
Many of these capabilities are illustrated below.

Data Issues

Data for the prediction tool is extracted from
MGTIS database, which is a relational database
stored and managed by Microsoft’s SQL Server
2000.

The data needed for the prediction tool is
categorized as follows:

- Monthly Engine Operating data

- Engine Removal data

- Projected Engine Operating Hours

- Current Engine Location
On start-up, the prediction tool gathers historical
operating data into a single file to provide quick
access for the various prediction functions. This
includes organizing Monthly Engine Operating
data to show “operating hours since removal”

and “operating hours since new” for each month.
Removals are also associated with the monthly
operating records.

The current engine location data is used to
determine the inventory of engines to be used
for engine removal predictions. This location
information is combined with projected engine
operating hours data (and optionally with
wartime multiplier data) to determine the
number of engine and operating hours for the
prediction periods. Historical operating and
removal data are used to establish removal rates.
Those removal rates are used with the operating
hours for prediction periods to predict engine
removals.

User Interface

The user interface is a series of “Web pages”
generated by the ERP-Tool program, which is an
ASP.NET program that resides on a server. The
ERP-Tool program interacts with the MGTIS
data through Microsoft SQL Server 2000. The
Web pages are sent to the user through the
Microsoft Internet Information Services (IIS).
The Main Menu page is shown in Figure 2,
below.
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Figure 2. ERP Tool Main Menu Page

The Main menu page provides links to other
pages. Each page represents a particular
function. The following is a tree of the various
functions and menus in the ERP-Tool program:

- Main Menu
0 Kaplan-Meier Survival Table



0 Engine MTBF Augmented with
Selected Component Removal
Data

0 Historical Operating Hour and
Installation Summary

0 Operational Tempo Calculations

0 Projected Engine Removals
Menu (see Figure 3, below).

»  Projected Engine
Removal Table

*  Projected Engine
Removal Graph

*  Cumulative Projected
Engine Removal Graph
(Multiple Years)

* Cumulative Projected
Engine Removal Graph
(Single Year)
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Figure 3. Engine Removal Projection Menu

A synopsis of each function follows.
Kaplan-Meier Survival Table

This provides the table of survival values versus
operating hours that are used to predict removals
(Figure 4).
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Figure 4. Kaplan-Meier Survival Table

Engine MTBF Augmented with Selected
Component Removal Data

This provides a list of components for a selected
engine and the mean time between failures
(MTBF) for each of those components during
the chosen operating period (see Figure 5).
Additionally, it provides the overall MTBF for
the engines which includes component failures.
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Figure 5. Engine MTBF

Historical Operating Hour and Installation
Summary

This provides a list of operating hours and
number of engines that operated during the
chosen period, broken down into hour intervals
(chosen by the user). It also includes the
number of removals that occurred in the various
intervals.



Operational Tempo Calculations

This provides a means for the user to change the
multipliers to be used for projected monthly
operating hours during wartime conditions (see
Figure 6). There is a different multiplier used
for each engine type on each class of ship where
the engine is used. Each user has a separate set
of multipliers that persists during the current
web session (cleared when the user exits the
Web browser). The underlying peacetime
operation hour projections as well as the default
wartime multipliers are stored in tables in the
database, and are changed outside the ERP Tool
program.

Operational Tempo Calculations
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Figure 6. Operational Tempo Calculations

Projected Engine Removal Table

This predicts the number of engine removals for
a selected period based upon the removals that
occurred in a selected historical period (see
Figure 7). If sufficient removals occurred in the
historical period, a Kaplan-Meier prediction
method is used; if not, then a simple rate
prediction method is used. The number of
predicted removals along with an upper 90%
confidence limit, mean time between removals
(MTBR), and average removal age are all
displayed in tabular format.
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Figure 7. Projected Engine Removals Table

Projected Engine Removal Graph

This function operates basically the same as the
Projected Engine Removal Table, except that the
projected number of removals and upper 90%
confidence are plotted on a graph (see Figure 8).
If part or all of the prediction period occurs in
the past where historical data is available, actual
removals are also plotted on the graph. Other
predicted variables like MTBR and average
removal age are not plotted.
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Figure 8. Projected Engine Removals Graph



Cumulative Projected Engine Removal
Graph (Multiple Years)

This function operates basically the same as the
Projected Engine Removal Graph, except that
the plotted removals are accumulated from one
time period to the next. This is shown in Figure

Projected Engine Removals

(Multiple Year Cumulative Graph)

Engine Type! |LVCAX) GAS CENERATON PARED BLADE =

T

~ Actual vs. Predicted Engine Removals
LM2600 GAS GENERATOR PAIRED BLADE

umudative Number of Removals

©
= o B F W B ¥ B & 5 B

oo it ] o L

—— W Candence — Aenad|

e e

Figure 9. Cumulative Projected Engine
Removals—Multiple Years

Cumulative Projected Engine Removal
Graph (Single Year)

This function operates basically the same as the
Cumulative Projected Engine Removal Graph
(Multiple Years), except that the prediction
period is limited to a single fiscal year (see
Figure 10).

CONCLUSIONS

This project demanded the merger of good
mathematical statistical science and computer
science to create an effective tool to support
NAVSEA’s logistics needs. The initial
implementation of the ERP Tool is on the
collection of 3100 Gas Turbine Engines.
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Figure 10. Cumulative Projected Engine
Removals—Single Year

The ERP Tool algorithm results in
approximately a 10% improvement over the
current practice. This will help guard against
purchasing in advance of demand and, in
addition, will help avoid the more serious
situation--a shortfall. The software uses the best
algorithm in combination with user-friendly
interfaces and intuitively understandable
displays. The user can select a specific engine
type, forecast time period, and op-tempo.
Graphical displays and numerical tables present
forecasts and uncertainty intervals.

The technology developed for the project is
applicable to other logistic forecasting
challenges any where improved forecasting
and/or user-friendly software tools could help
the logistics tasks
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