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I.  INTRODUCTION 

 

Emergency power systems based on packaged emergency diesel-electric generator sets, 

referred to herein as generator sets, are installed at facilities where a loss of utility power would 

result in an unacceptable impact to operational capability or present a risk to life or safety. These 

generator sets are typically configured to start automatically upon electrical utility failure and 

assume essential facility loads until utility power was restored. Although emergency generator 

sets in areas with exceptionally poor quality electrical utility power may run 200 hours or more 

per year, emergency generator sets in areas with very stable utility power may not run 

operationally at all in a given year. This represents a significant departure from continuous duty 

applications for which the diesel engines in these generator sets were typically designed. Such 

structural variability in operational demand also creates challenges in determining optimal 

maintenance and test periodicity of critical equipment with high reliability requirements. 

Maintenance and test recommendations National in Fire Protection Association (NFPA) 

publications NFPA 70B (2016) and NFPA 110 (2016) represent the standard for power 

component and emergency diesel-electric generator set maintenance. These document series 

were referenced by Department of Defense guidance in Joint Departments of the Army, the 

Navy, and the Air Force Technical Manual TM 5-683 (1995) Facilities Engineering Electrical 

Interior Facilities and by the Institute of Electrical and Electronic Engineers (IEEE) commercial 

recommendations (IEEE 3007.2-2010). These documents also included non-specific statements 

to follow manufacturer recommendations. Standards for recommended preventative maintenance 

have changed little in past revisions of NFPA 70B and NFPA 110 and are largely based on 

studies conducted on diesel-electric generator sets in use between 1971 and 1998 (Hale & Arno, 



2 

 

 

 

2009; IEEE 493-2007). However, in practice, recommendations for periodicity of maintenance 

and testing of emergency diesel generator systems differ significantly between organizations, 

publications, and manufacturers of similar technology systems. Recommendations have even 

varied between individual manufacturer representatives and publications for a specific model 

generator set. While manufacturers are often the most knowledgeable about the design of their 

own equipment, manufacturers’ abilities to conduct robust long-term failure modes and effects 

analyses on fielded units have been limited, and manufacturer maintenance recommendations 

have often been highly speculative (Moubray, 1997). The result has been inconsistent 

maintenance and test practices on similar systems. This inconsistency provided an opportunity to 

quantitatively determine the empirical impact of historic maintenance practices on emergency 

diesel-electric generator system reliability.   

 

PURPOSE 

The purpose of this research was to develop a general model for determining the 

reliability and optimal test and maintenance periodicities for emergency diesel-electric generator 

sets supporting critical operations facilities and other facilities requiring highly reliable 

emergency power. Per NFPA 70 (2017), critical operations power systems facilities encompass 

Department of Homeland Security and Department of Defense command, control and 

communication centers, as well as hospitals, police stations, and fire stations. These facilities 

required the highest levels of readiness, with expectations of one hundred percent mission 

availability driving power availability requirements in excess of 99.9999% (JIE Operations 

Sponsor Group, 2014). Such high availability requirements push the limit of what is possible 

with current technology, even with redundancy and near-elimination of single points of failure. 
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The emergency power systems that support these facilities have to maintain the highest levels of 

reliability and availability to meet mission availability requirements while still minimizing 

unnecessary costs.   

This research and the new modeling methods developed for it were intended to provide 

managers the qualitative data needed to confidently optimize the staffing level, and generator set 

maintenance plan for each facility. This research was intended to also allow managers to more 

accurately calculate power system reliability as a function of not only design, but also 

maintenance. This would give managers flexibility to consider installation design with long-term 

maintenance plans to achieve reliability goals.   

This research was supported by the United States Navy in close cooperation with Old 

Dominion University. This research was intended to guide future policy for test and maintenance 

periodicity for United States Navy emergency diesel-electric generator systems and to permit the 

update of maintenance practices in NFPA 110 (2016) and engineering data in TM 5-968-5 

(2006), NFPA 70B (2016), and IEEE 493-2007 (2007). The views expressed herein do not 

necessarily represent the views of the United States Navy or Old Dominion University. 

 

RESEARCH QUESTIONS AND HYPOTHESES 

This research sought to produce new knowledge to answer a series of questions defining 

the relationship between emergency diesel-electric generator set maintenance, tests, and other 

properties that may impact reliability. These relationships were modeled mathematically in 

regression Equation 1, with a descriptive list of database and regression variables in Table 1. As 

the high reliability of emergency diesel-electric generator sets resulted in a low-occurrence rate 

of failure events, even with large quantities of data (TM 5-968-5, 2006), high confidence 
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intervals would result in a high risk of Type II errors rejecting valid predictors. Therefore, a 

significance level of α ≤ 0.10 was chosen for a confidence interval of 90% for hypothesis testing. 

The associated risk of Type I errors was considered when analyzing and interpreting results. 

 

logℎ({𝑡, 𝑛𝑠, 𝑇𝑟𝑡}|𝑥𝑖)

= log⁡(ℎ0({𝑡, 𝑛𝑠, 𝑇𝑟𝑡})) +∑𝛽𝑖𝑥𝑖

22

𝑖=1

+∑ ∑ 𝛽𝑖𝑗𝑥𝑖𝑥𝑗

22

𝑗=𝑖+1

21

𝑖=1

+∑𝛽𝑏𝑖𝑥𝑖𝑥𝑏𝑖

22

𝑖=1

+ 𝛽𝑚𝑎𝑘𝑒𝑀𝑎𝑘𝑒 + 𝛽𝑚𝑜𝑑𝑒𝑙𝑀𝑜𝑑𝑒𝑙 + 𝛽𝑘𝑊𝑘𝑊

+ 𝛽𝑎𝑔𝑒log⁡(𝑇𝑎𝑔𝑒) + 𝛽𝑟𝑡𝑓𝑣𝑙𝑜𝑔(𝑇𝑟𝑡𝑓𝑣) + 𝛽𝐿𝑥𝐿 + 𝛽𝑠𝑟𝑐𝑥𝑠𝑟𝑐 + 𝜀 

(1) 

 

Primary research question: What is the relationship between emergency diesel-electric 

generator set reliability and maintenance, test periodicity, training, make, model, size, 

age, run time, and load? 

Null Hypothesis Ho0: Maintenance periodicity, test periodicity, training, make, model, 

size, age, run time, and load have no impact on generator set reliability.  

Ho0: β1=β2=… β22=β0,1=β0,2=…β21,22=βmake=βmodel=βkW=βage=βrtfv=βL=0, α ≤ 0.10 

Alternate Hypothesis Ha0: At least one predictor has an impact on generator set 

reliability. 

Ha0: At least one β  0, α ≤ 0.10  

The case for rejection of Ho in favor of Ha indicates that survival regression models can 

be applied toward the development of optimal test and maintenance policies for critical 

equipment operated under high reliability requirements. 



5 

 

 

 

 

Research sub-question 1: What is the relationship between emergency diesel-electric 

generator set maintenance periodicity and reliability? 

Null Hypothesis Ho1: Maintenance periodicity has no impact on emergency diesel-electric 

generator set reliability.  

Ho1: β1=β2=β3=…= β18=0, α ≤ 0.10 

Hypothesis Ha1: Maintenance periodicity has a significant impact on emergency diesel-

electric generator set reliability. 

Ha1:  βi ≠ 0, α ≤ 0.10, for any value, i = 1 to 18 

 

Research sub-question 2: What is the relationship between emergency diesel-electric 

generator set test periodicity and reliability? 

Null Hypothesis Ho2: Test periodicity has no impact on generator set reliability. 

Ho2: β18=β19=β20=β21=0, α ≤ 0.10 

Hypothesis Ha2: Test periodicity has a significant impact on emergency diesel-electric 

generator set reliability. 

Ha2: βi ≠ 0, α ≤ 0.10, for any value, i = 19 to 22 

 

Research sub-question 3: What is the relationship between emergency diesel-electric 

generator set size and reliability?  

Null Hypothesis Ho3: Size has no impact on emergency diesel-electric generator set 

reliability. 

Ho3: βkW = 0, α ≤ 0.10 
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Hypothesis H a3: Size has a significant impact on emergency diesel-electric generator set 

reliability. 

Ha3:  βkW ≠ 0, α ≤ 0.10 

 

Research sub-question 4: What is the relationship between emergency diesel-electric 

generator set age and reliability? 

Null Hypothesis Ho4: Age has no impact on emergency diesel-electric generator set 

reliability. 

Ho4: βage = 0, α ≤ 0.10 

Hypothesis H a5: Age has a significant impact on emergency diesel-electric generator set 

reliability. 

Ha4:  βage ≠ 0, α ≤ 0.10 

 

Research sub-question 5: What is the relationship between emergency diesel-electric 

generator set cumulative chronometer run-time and reliability? 

Null Hypothesis Ho5: Cumulative chronometer run-time has no impact on emergency 

diesel-electric generator set reliability. 

Ho5: βrtfv = 0, α ≤ 0.10 

Hypothesis Ha5: Cumulative chronometer run-time has a significant impact on emergency 

diesel-electric generator set reliability. 

Ha5:  βrtfv ≠ 0, α ≤ 0.10 
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Research sub-question 6: What is the relationship between emergency diesel-electric 

generator set load and reliability? 

Null Hypothesis Ho6: Load has no impact on emergency diesel-electric generator set 

reliability. 

Ho6: βL = 0, α ≤ 0.10 

Hypothesis Ha6: Load has a significant impact on emergency diesel-electric generator set 

reliability. 

Ha6:  βL ≠ 0, α ≤ 0.10 

 

Research sub-question 7: What is the relationship between the training of service 

personnel and emergency diesel-electric generator set reliability? 

Null Hypothesis Ho7: Training of servicing personnel has no impact on emergency diesel-

electric generator set reliability. 

Ho7: βb1=βb2=…=βb22=0, α ≤ 0.10 

Hypothesis Ha7: Training of service personnel has a significant impact on emergency 

diesel-electric generator set reliability. 

Ha7:  βbi ≠ 0, α ≤ 0.10, for any value, i = 1 to 22 

 

Research sub-question 8: What is the relationship between the make and model of 

emergency diesel-electric generator set and emergency diesel-electric generator set 

reliability? 

Null Hypothesis Ho8: Make and model have no impact on emergency diesel-electric 

generator set reliability. 
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Ho8: βmake=βmodel=0, α ≤ 0.10 

Hypothesis Ha8: Make and/or model have a significant impact on emergency diesel-

electric generator set reliability. 

Ha8:  βmake ≠ 0 or βmodel ≠ 0, α ≤ 0.10 

 

 

 

 

Table 1. Table of Predictor, Data and Variable Descriptions 

Symbol Description 

ID Unique record identification number for each generator set rational subgroup 

FID Failure ID, unique within each generator set rational subgroup (ID.FID) 

Date Date the record was recorded in the survey format 

Name The assigned name or designation of a particular generator set 

Make Generator set manufacturer 

Model Generator set model 

kW Generator full load rating, in electrical kilowatts (ekW) 

kVA Generator full load rating, in kilovolt-amps 

ns Number of generator starts in the reporting period 

Install_Date Installation date (calendar), the date the generator set was installed 

Ts Start date (calendar), date of the start of the reporting period 

Te End date (calendar) 

Trts Run-time start (hours), generator set chronometer (run-hours) at the start of the 

reporting period 

Trte Run-time end (hours), generator set chronometer (run-hours) at the end of the 

reporting period 

Trt Total run-time (hours), total run-hours in the reporting period 

Fs Total failures to start in the reporting period 

Fr Total failures while running in the reporting period 

Fst Number of failures to start during testing 

Frt Number of failures while running during testing 

Fso Number of operational failures to start 

Fro Number of operational failures while running 

Tfv Failure date (calendar), the date the failure event was observed  

Tage Age (yrs), the generator set age at the failure event 

Trtfv Run hours at failure (hrs), the chronometer (run-hours) at the failure event 

Tttrv Time to repair (hrs) for this failure event 

Fsv Failure to start (Boolean), for this failure event 

Frv Failure while running (Boolean), for this failure event 

Ftv Failure during testing (Boolean), for this failure event 

Fov Failure during operation (Boolean), for this failure event 

Fv Any failure (Boolean), for this failure event; Fv=Ftv+Fov 



9 

 

 

 

Table 1. Continued 

Symbol Description 

xL Typical load, as percent of generator full load kW rating 

x1 Maintenance periodicity (hrs.), contractor service visit; details not known 

x2 Maintenance periodicity (yrs.), check alarms 

x3 Maintenance periodicity (yrs.), check switch & breaker positions 

x4 Maintenance periodicity (yrs.), visual inspection for leaking fluids 

x5 Maintenance periodicity (yrs.), visual inspection of hoses, cables, etc. 

x6 Maintenance periodicity (yrs.), check fuel level 

x7 Maintenance periodicity (yrs.), check oil level 

x8 Maintenance periodicity (yrs.), check coolant level 

x9 Maintenance periodicity (yrs.), check air filter 

x10 Maintenance periodicity (yrs.), battery voltage & physical condition 

x11 Maintenance periodicity (yrs.), check fan belt(s) 

x12 Maintenance periodicity (yrs.), battery resistance or impedance test 

x13 Maintenance periodicity (yrs.), clean unit exterior (including radiator & louvers) 

x14 Maintenance periodicity (yrs.), fuel cleaning (or fluid analysis) 

x15 Maintenance periodicity (yrs.), oil change (or fluid analysis) 

x16 Maintenance periodicity (yrs.), check electrical tightness 

x17 Maintenance periodicity (yrs.), engine intensive maintenance 

x18 Maintenance periodicity (yrs.), generator (electrical) intensive maintenance 

x19 Test periodicity (yrs.), generator set no-load test 

x20 Test periodicity (yrs.), generator set load test on load bank 

x21 Test periodicity (yrs.), generator set load test on operational load 

x22 Test periodicity (yrs.), generator set dead-bus test on operational load 

xb1 Servicing personnel training (factor), contractor service visit; details not known 

xb2 Check alarms 

xb3 Servicing personnel training (factor), check switch & breaker positions 

xb4 Servicing personnel training (factor), visual inspection for leaking fluids 

xb5 Servicing personnel training (factor), visual inspection of hoses, cables, etc. 

xb6 Servicing personnel training (factor), check fuel level 

xb7 Servicing personnel training (factor), check oil level 

xb8 Servicing personnel training (factor), check coolant level 

xb9 Servicing personnel training (factor), check air filter 

xb10 Servicing personnel training (factor), battery voltage & physical condition 

xb11 Servicing personnel training (factor), check fan belt(s) 

xb12 Servicing personnel training (factor), battery resistance or impedance test 

xb13 Servicing personnel training (factor), clean unit exterior (including radiator & 

louvers) 

xb14 Servicing personnel training (factor), fuel cleaning (or fluid analysis) 

xb15 Servicing personnel training (factor), oil change (or fluid analysis) 

xb16 Servicing personnel training (factor), check electrical tightness 

xb17 Servicing personnel training (factor), engine intensive maintenance 

xb18 Servicing personnel training (factor), generator (electrical) intensive maintenance 

xb19 Servicing personnel training (factor), generator set no-load test 

xb20 Servicing personnel training (factor), generator set load test on load bank 
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Table 1. Continued 

Symbol Description 

xb21 Servicing personnel training (factor), generator set load test on operational load 

xb22 Servicing personnel training (factor), generator set dead-bus test 

 

 

 

 

SYSTEM COMPONENTS 

The types of emergency diesel-electric generator sets investigated in this research were 

packaged diesel-electric generator sets with the following characteristics: 

• turbocharged fuel-injected diesel piston engine prime-mover; 

• operating speed of 1500 or 1800 revolutions per minute; 

• direct coupled to an alternating current brushless three-phase electrical generator 

with 120Y/208, 230Y/400 or 277Y/480 volt output at 50 or 60 Hertz; 

• a low-voltage electric starting system with lead-acid batteries operating at 

between 12V-48V; 

• an air-to-water/glycol radiator-based cooling system; and 

• a diesel fuel oil system. 

The focus of this research was on high-efficiency low-emission units of these 

characteristics between 60kW and 2.5MW electrical capacity that have been installed in the past 

twenty years at critical operations power facilities and that run fewer than two hundred hours per 

year. These generator sets generally include optional components to increase reliability such as 

jacket water heaters, strip heaters and dual electric starters. A photograph of a pair of typical 

generator sets included in this research is shown in Figure 1. The process flow for emergency 

power system reliability is shown in Figure 2. Some generator sets that differed in some way but 
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were still appropriate to include, such as diesel engines featuring pneumatic start, or engines with 

diesel blocks adapted to natural gas, were included when data was available. 

 

 

 

 

Figure 1.  Typical packaged emergency diesel-electric generator sets. 

 

 

 

Although electronic control systems and automatic transfer switches play an important 

role in overall emergency power system performance, NFPA 70B (2016) maintenance 

periodicity recommendations exceed one year for most preventative maintenance actions, and 

detailed maintenance records are rarely kept for this equipment. The combination of long-

interval maintenance and lack of records would make application of the Fehr (2014) framework 

difficult for this equipment. However, the primary serviceable components comprising these 

systems, batteries and breakers, are used in other applications for which reliability-centered 

maintenance failure modes and effects analysis can be performed. Many control system 
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components have no applicable preventative maintenance beyond cleaning. The characteristics 

of preventative maintenance and primary failure modes of controls and automatic transfer 

switches are beyond the scope of this research and are not considered herein. 

 

 

 

 

Figure 2.  Emergency generator system reliability process flow. 

 

 

 

MAINTENANCE 

Maintenance represents a combination of preventative maintenance and corrective 

maintenance. Preventative maintenance is performed at regular intervals and is intended to 

reduce the failure rate. Corrective maintenance is not performed at regular intervals and involves 

repairs that are discovered and corrected before resulting in an operational failure. A typical 

preventative maintenance plan includes very simple items at frequent intervals, such as visual 

inspections to ensure vents and louvers are not blocked, with more intensive items at longer 

intervals, such as replacing piston liners and main crankcase bearings. In some context, 
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maintenance includes routine testing as well. This study focuses on routine preventative 

maintenance actions recommended by NFPA 110 (2016) with intervals of a year or less, as 

shown in Appendix D. 

 

TESTS 

Routine tests of emergency diesel-electric generator sets are categorized in this research 

as one of four general tests, which will be referred to as no-load tests, load bank tests, operational 

load tests, and dead-bus tests (Fehr, 2014). 

 

NO-LOAD TESTS 

No-load tests of emergency diesel-electric generator sets involve starting the generator 

set, allowing it to run at idle for a short period, typically between 15 and 60 minutes, and then 

turning it off. This tests the starting system, engine, and some aspects of the control system, but 

this does not place the engine under load and does not test the transfer switch. No-load tests 

represents low-risk to the operator because a test failure has little direct impact on ongoing 

operations of the facility. This test is often run at weekly or biweekly intervals, but running a 

diesel engine at low loads and low operational temperatures can cause unburned diesel fuel to 

build up in the exhaust stack, high moisture content in the lubricating oil, and other unwanted 

conditions (Loehlein, 2007; Tufte, 2014). While some maintenance manuals recommend no-load 

tests as part of routine maintenance (Caterpillar, 1997; Caterpillar, 2010a; Caterpillar, 2010b; 

Caterpillar, 2010c; Caterpillar, 2010d), and use of weekly exercisers is commonly used to 

automatically run no-load tests at many facilities, other maintenance manuals and many 

technicians recommend against it, believing it does more harm than good (Loehlein, 2007). 
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LOAD-BANK TESTS 

Load-bank tests of emergency diesel-electric generator sets involve starting the generator 

set and using a load bank to simulate station loads.  This provides a more thorough operational 

test than a no-load test with a similarly low level of risk but does not exercise or test the transfer 

switch. Use of a load bank is often the most practical way to test a generator set to full rated 

operational load. While most load banks are purely resistive, reactive load banks can simulate the 

power factor of many inductive or capacitive loads. NFPA 110 (2016) recommends performing a 

stepped load-bank test to 100% of rated capacity at system commissioning and following 

intensive maintenance, but NFPA 110 only recommends routine load-bank testing if site 

operational loads are low. For sites with low operational loads, a load bank permits testing of the 

site power equipment at higher loads than would normally be possible.   

 

OPERATIONAL LOAD TESTS 

Operational load tests of emergency diesel-electric generator sets involve starting the 

generator set and transferring the facility load to the generator system. This test is frequently 

accomplished by momentarily paralleling the generator sets with utility power to avoid a break in 

facility power or by synchronizing the generator phase angle to match utility power and then 

performing an open-transition transfer with an interruption of power lasting no more than 100 

milliseconds. A monthly load test including the exercising of automatic transfer switchgear is 

legally required by NFPA 110 (2016) for generator sets in some applications including life-

safety and for Department of Defense generator sets by Joint Departments of the Army, the 

Navy, and the Air Force Technical Manual TM 5-683 (1995). 
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DEAD-BUS TESTS 

A dead-bus test involves simulating a utility failure and is the most comprehensive and 

operationally realistic generator test. This test, by its nature, requires a momentary break in 

facility power and increases the risk of an uninterruptible power supply (UPS) failure causing an 

uninterruptible critical power outage. It also results in nuisance outages to equipment not 

supplied with uninterruptible critical power. The generator system experiences the full in-rush 

and magnetization currents of station loads during a dead bus test, so this test can reveal 

problems not apparent during paralleled transfer or open-transition synchronized operational load 

tests.  

 

GENERATOR SET RATINGS 

ISO 8528-1 (2005) defines generator set duty ratings by four categories.  Emergency 

standby rated generator sets are capable of delivering up to 200 hours of operation per year at an 

average of up to 70% of the generator set rating over any 24 hour period.  Limited-time running 

rated generator sets are capable of delivering up to 500 hours of operation per year at 100% of 

the generator set rating.  Prime rated generator sets are capable of unlimited annual running time 

at an average of up to 70% of the generator set rating over any 24 hour period. Continuous rated 

generator sets are capable of unlimited annual running time at 100% of the generator set rating.  

Although prime and continuous rated generators are not restricted in annual run time by the 

manufacturers, they cannot be run continuously in practice due to maintenance requirements that 

require shut-down to perform. The type of generator sets included in this research are not 

typically used in prime or continuous power applications, as they are not typically economical in 

those applications, but prime or continuous rated 1500-1800rpm generator sets are often selected 
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for emergency standby use if there is risk that extended utility power outages might occur that 

could require generator sets to operate for more than 200 hours in one year. 

It is common practice for manufacturers to dual-rate a diesel-electric generator set model 

at one capacity rating for standby duty and at a 10% lower kW rating for prime duty.  For 

example, a generator set might be rated 1.2MW for prime duty and 1.32MW for standby duty 

and may even have both ratings listed on the nameplate. Generator sets are sized at some sites by 

their prime rating to allow an emergency plant to operate for extended periods of utility outage 

without violating manufacturer ratings but, in all other respects, perform as an emergency 

standby generator set. The Fehr (2014) framework considered prime rated generators running in 

emergency standby duty as if they were emergency standby generators and does not differentiate 

between these two ratings. This research included standby, prime and continuous rated generator 

sets but was delimited exclusive to those generator sets that operate normally in emergency 

standby duty and have not exceeded 200 hours of operation in any one year since installation. 

Another common practice among generator manufacturers is to de-rate one model and 

sell it as a lower-rated model. For example, an 800kW generator set may also be sold as a 

650kW generator set for marketing and price stratification purposes with only minor differences 

in programming and construction between the 650kW and 800kW models. The Fehr (2014) 

framework did not differentiate based on the potential capacity of various frame sizes and treated 

each generator set by its reported nameplate rating. The Fehr (2014) framework was structured to 

detect statistically significant differences in performance between different generator makes and 

models, although it cannot discern between manufacturing tolerances and design or material 

changes made during a production run of a particular model series. 
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II.  LITERATURE REVIEW 

 

Despite the ubiquity of emergency diesel-electric generator sets in commercial and 

industrial facilities, there has been very little published research on the impact of maintenance 

and tests on the reliability of diesel-electric generator sets manufactured in the last twenty years. 

Hale and Arno (2009) indicated maintenance quality level was influenced equipment availability 

in previous studies, but viewed it as a source of potential bias and but those studies did not 

attempt to quantify equipment reliability or availability as a function of maintenance quality. In 

the generator reliability studies Hale and Arno (2009) performed in the 1990s, they carefully 

chose diversified data sets to reduce the potential of bias from maintenance quality.  

Although there is some published research on older diesel-electric generator sets in 

service during the 1970s, 1980s and 1990s, stringent emissions and environmental restrictions in 

the United States and Europe have driven design changes in the diesel engines powering 

emergency diesel-electric generator sets produced since the early 1990s when the Euro and Tier 

emissions standards came into effect in Europe and the United States. Design changes in these 

modern diesel engines include increased fuel injection pressures, retarded injection timing, 

exhaust gas recirculation, higher peak combustion pressures, and articulated pistons with steel 

crowns and high top rings (Margaroni, 1999; Walbolt, 2010), as well as sophisticated emissions 

monitoring systems and digital controls. Advances in metallurgical techniques, emissions 

reduction techniques, and component designs continue to improve performance (Walbolt, 2010). 

Changes since the 1990s are known to impact the life of lubrication oils (Margaroni, 1999), but 

impact of this and other changes with respect to reliability as a function of maintenance and 

testing of units in emergency standby duty is not yet well known.   
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NFPA 70B (2016) and NFPA 110 (2016) recommendations represent the standard for 

power component and emergency diesel-electric generator set maintenance and are referenced by 

Department of Defense guidance (TM 5-683, 1995) and IEEE publications (IEEE 3007.2-2010), 

along with recommendations to follow manufacturer recommendations. The commercial 

standards for recommended preventative maintenance have changed little in past revisions of 

NFPA 70B and NFPA 110 and are largely based on studies conducted on diesel-electric 

generator sets in use between 1971 and 1998 (Hale & Arno, 2009; IEEE 493-2007). 

Manufacturers of large emergency diesel-electric generator sets include Caterpillar, 

Cummins Power Generation, Generac Power Systems, Detroit Diesel/MTU Friedrichshafen, 

Volvo-Penta, SDMO, and Kohler. Some of these manufacturers directly reference NFPA 110 for 

recommended maintenance and tests, but others have model-specific maintenance and test 

recommendations. These engines have a lot of similarity of design and often include components 

manufactured by the same suppliers as their competitors (Walbolt, 2010), and it’s possible to 

find major components such as entire engines in generator sets of different manufacturers. 

General recommendations published by Caterpillar (SEBU6042-04, 1997) closely match 

most of the maintenance recommendations of NFPA 110 (2016) including weekly inspection, 

weekly fluid checks, and additional maintenance at one-year and three-year intervals. While 

NFPA 110 (2016) requires monthly generator load tests, Caterpillar only recommends weekly 

no-load tests, with no mention of monthly tests that are legally required on units supporting life-

safety equipment. Other specific maintenance recommendations differ between similar models of 

the same family of generator sets (Caterpillar, 1997; Caterpillar, 2010a; Caterpillar, 2010b; 

Caterpillar, 2010c; Caterpillar, 2010d). Manufacturer-certified technicians often contradict 

manufacturers’ published recommendations with respect to tests. Some technicians feel that no-



19 

 

 

 

load tests damage the engine and should be avoided, while others strongly advocate weekly no-

load tests, and still others recommend only quarterly maintenance. While Caterpillar publications 

recommend weekly and monthly maintenance and tests on all emergency diesel-electric 

generator sets, Caterpillar honors the manufacturer’s warranty on generators that receive only 

quarterly service provided by qualified technicians.  

 

 

 

Table 2.  Cummins Power Generator Recommended Maintenance (Loehlein, 2007) 
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The published recommendations of Cummins Power Generation (Loehlein, 2007), shown 

in Table 2, are more stringent than NFPA 110 (2016). Cummins Power Generation recommends 

performing daily checks for a number of items that Caterpillar and NFPA 110 (2016) 

recommend performing weekly. Cummins Power Generation explicitly recommends holding 

periods of no-load operation to a minimum and recommends a 30-minute generator load test 

once a month, similar to the monthly load test required by NFPA 110 (2016) and Joint 

Departments of the Army, the Navy, and the Air Force Technical Manual TM 5-683 (1995). 

 

HISTORICAL EMERGENCY DIESEL-ELECTRIC GENERATOR RESEARCH 

Fehr and Cotter (2014) proposed the methodology used herein to determine the 

relationship between generator set maintenance and testing and reliability. Fehr (2014) expanded 

and tested this methodology, but data acquisition was limited only to a small number of well-

maintained generator sets to test Fehr’s methods, and did not include enough operational failure 

data to achieve statistically significant results. Nevertheless, Fehr’s initial small-scale data 

analysis validated the methodology and the data provided important information on the mean 

reliability of well-maintained generator sets, even if the 2014 study was insufficient to determine 

relationships between maintenance and test predictors and reliability. 

The United States Army Corp of Engineers’ Power Reliability Enhancement Program 

(PREP) investigated the reliability and availability of emergency generators from studies 

compiled from multiple sources in the early 1970s. PREP discovered these earlier studies 

contained confusing information, and the database often contradicted itself (Hale & Arno, 2009). 

Those studies are obsolete now, but they were the foundation that commercial and governmental 

policies for emergency diesel-electric generator set maintenance was built upon.  
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The most recent large-scale study on generator set reliability was conducted on behalf of 

PREP in the mid-1990s, and the results were compiled in TM 5-698-5 (2006). This was a broad 

study looking to update previous records by looking at the contemporary technology equipment 

installed since 1971. The PREP study forming the basis for TM 5-698-5 (2006) recognized that 

there are differing levels of maintenance for different generators but did not differentiate 

between the reliability of each maintenance plan. Instead, the authors chose a cross-section of 

generators of differing maintenance to reduce bias so that they could present a single set of 

reliability and availability numbers for each category of equipment for the purpose of system 

reliability and availability calculations. This PREP study assumed exponential failure 

distributions and calculated an annual reliability factor of 0.8838 for packaged diesel engine 

generators of 250kW-1.5MW rated capacity in standby duty, based on 672.1 unit-years of 

operation with 83 failures. This PREP study calculated an annual reliability factor of 0.5310 for 

unpackaged diesel engine generators of 750kW-7MW rated capacity in standby duty, based on 

235.4 unit-years and 149 failures. 

IEEE 493-2007, often referred to as the IEEE Gold Book, is the commercial standard for 

design of emergency and critical power plants. It contains methods for calculating overall power 

system reliability and contains reliability and availability values for making those calculations. 

IEEE 493-2007 references a 1980 generator survey that states the failure rate of emergency and 

standby generators is 0.00536 failures per run-hour and 0.0135 failures per start attempt, with an 

aggregated failure rate of 0.1691 failures per year and an average downtime of 478.0 hours per 

failure. This differs from the results of a later study presented in the same IEEE document and 

TM 5-698-5 (2006), which found 0.1235 failures per year and a mean time to repair of 18.28 

hours. While the reduced failure rate from the 1980 study to the late-90s study could be 
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explained as increased reliability from technological advances, the order of magnitude disparity 

in downtime and mean time to repair is difficult to ignore and could be a result of using small 

pools of data or including out-of-control data in the average. The disparity and scarcity of data 

from the two primary studies puts the reliability of this data in question. If the reliability of data 

for such high profile equipment as generators is in question, the reliability of data for other 

equipment with lower incidence of record keeping is also in question.  

Fehr (2014) used TM 5-698-5 (2006) methods to calculate an annual reliability factor of 

0.921 and 0.074 failures per year based on 126.71 unit-years of well-maintained generator sets in 

standby service operation and 9 test and operational failures. This is a much lower failure rate 

than 0.1235 (TM 5-698-5, 2006) or 0.1691 (IEEE, 2007) recorded by previous studies. Fehr 

(2014) estimated the inherent availability Ai = 0.999712 for the well-maintained generator sets in 

that data set, which is an order of magnitude lower unavailability than the Ai = 0.9974 listed in 

the PREP database (TM 5-698-5, 2006). It is not clear from prior research whether the 

discrepancies between these results is due to higher reliability of the latest models of generators, 

due to different maintenance practices, or due to some combination of these or other conditions. 

 

DIESEL ENGINE MAINTENANCE RESEARCH IN OTHER APPLICATIONS 

There have been several studies researching preventative maintenance and replacement 

cycles for diesel engines in transportation and construction fleets, but emergency generator sets 

run at a much different duty cycle with fewer run hours than most other diesel engines and 

exhibit different wear profiles. Though the findings of these studies are not directly applicable to 

emergency diesel-electric generator sets, the structure of the studies, models used, and other 

aspects of this research are useful. 
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Márquez and Herguedas (2004) investigated the failure rate of diesel engines powering 

earthmoving equipment in mining operations in Spain, concentrating on cylinder liner failures in 

1.8MW, 16-cylinder diesel 1900 rpm engines similar to those used for emergency generators. 

Through their research, they discovered 50% of the failures were occurring in 24% of the 

cylinders and worked with the manufacturer to determine the assignable cause was excessive 

vibrations in the crankshaft at high engine inclinations. This allowed the manufacturer to address 

the problem in future designs and for the mine maintenance departments to increase preventative 

maintenance on the problem cylinders.  Márquez and Herguedas (2004) used maintenance 

records to conduct this analysis. The records included fifteen trucks with twenty-three failures. 

They recognized data censoring and devised a model that was insensitive to the data censoring. 

For the analysis, they simplified the data results and performed a bi-parameter Weibull plot of 

engine run-hours with linear and quadratic trend regression. They were then able to select a tri-

parameter Weibull to analyze the failure of specific cylinders. 

Leung and Lai (2003) investigated the preventative maintenance and replacement of 

diesel engines powering city buses in Hong Kong. They reviewed a subset of 2,282 repair 

records from buses powered by 171.5kW 1900 rpm turbocharged diesel engines and 134.2kW 

1850 rpm naturally aspirated diesel engines. They used the maximum-likelihood density 

estimation (MLDE) and nearest-neighbor density estimation (NNDE) procedures with the 

sequential method to determine optimal preventative maintenance and replacement intervals. By 

these means, they calculated the lowest combined total cost of preventative maintenance, 

corrective maintenance, and opportunity costs lost during maintenance and repair. Leung and Lai 

determined that the sequential method was better than the non-homogeneous Poisson process 

(NHPP) model for analyzing this engine data, as the NHPP model assumed repairs returned the 
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system to original condition while the sequential model accounted for slow degradation of 

engine components due to use.   

The duty cycle of city busses and emergency diesel-electric generator sets differ 

considerably. The city buses in Leung and Lai’s (2003) study experience more run-hours in one 

or two days than a typical emergency diesel-electric generator experiences in a year, so the 

assumptions made by Leung and Lai regarding slow degradation may not entirely apply to 

emergency diesel-electric generator sets. The sequential method may not provide any advantages 

over NHPP for analyzing emergency diesel-electric generator set reliability. 

 

 

 

Table 3.  Equipment Failure Rate Multipliers vs. Maintenance Quality (IEEE 493-2007) 

Maintenance 

Quality 

Transformers Circuit Breakers Motors 

Excellent 0.95 0.91 0.89 

Fair 1.05 1.06 1.07 

Poor 1.51 1.28 1.97 

All 1.00 1.00 1.00 

Perfect Maintenance 0.89 0.79 0.84 

 

 

 

 

A study published in 1974 regarding the impact of maintenance on the reliability of 

electrical equipment in industrial plants found that maintenance quality and periodicity had a 

significant impact on failure reduction. Failure rate multipliers were calculated from this data 

showing that excellent maintenance could increase reliability of those power system components 

40-120% more than similar components receiving poor maintenance (IEEE, 1974). These values 

are shown in Table 3. 

The airline industry and FAA found that preventative maintenance was only effective for 

items with certain failure patterns and had no benefit for other areas, forming the basis of 
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reliability-centered maintenance and failure modes and effects analysis (Moubray, 1997; IEEE 

493-2007). 

 

RARE EVENTS SURVIVAL ANALYSIS 

While the field of risk analysis includes a great deal of research on rare events, rare 

events are considered differently in statistical analysis and risk analysis, as risk analysis 

considers events as a combination of occurrence rate and consequence (Osterloh & Jaenish, 

2016) while statistical analysis only considers occurrence rate. Another difficulty in researching 

statistical techniques for rare events is that there is no single universal definition. Some risk 

analysis researchers calculate numerical probabilities while others use subjective definitions and 

rely on polls of experts to develop quantitative results. While subjective polling techniques may 

be applicable to extremely complex systems that are difficult to mathematically model, or events 

so rare there is little hard quantitative data available, they’re less precise in areas where 

numerical studies are possible, and can be off by many orders of magnitude (Osterloh & Jaenish, 

2016).  

 Rowe (2006) defines a rare event as one that has np < 0.01 chance of occurring per year, 

and defines all others as ordinary events. While total power system failures may be considered 

rare events in facilities with power systems designed with redundancy and high availability, the 

failure rate of an individual generator set is reported by previous studies as and λ = 0.074 (Fehr, 

2014) and λ = .1235 (TM 5-695-5, 2006), neither of which are considered rare events per Rowe. 

However, statistical techniques describing ordinary events create difficulties for events that while 

perhaps not considered rare, remain uncommon. Some of the challenges present in rare events 
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analysis are present in the field of generator set maintenance, such as belief overcoming hard 

data.   

 Xiao and Xie (2016) found maximum likelihood estimator techniques resulted in ill-

posed estimates when no failures were observed and resulted in very high variances when the 

time, t, is small. However, Xiao and Xie also found that given enough time, the maximum 

likelihood estimate can provide good results. While generator set failures may be observed as 

rare by maintainers whose experience is limited to a small set of units, generator set failures are 

considered ordinary rate events in statistics. Therefore, increasing the amount of data in the study 

may be a reasonable means to achieve high quality results. This finding may help address the 

concern raised by Fehr (2014) that poorly-maintained generator sets often have poor quality logs 

and are more difficult to acquire data for than well-maintained generator sets. Even if data is 

harder to acquire for poorly-maintained generator sets, less data is needed due to the higher 

failure rates of those units as compared to well-maintained generator sets for which data is more 

readily available, but failure rates are lower. 

 

ANALYSIS METHODS IN RELATED FIELDS 

To determine the optimum maintenance cycle of diesel bus engines, Leung and Kai 

(2003) used a maximum-likelihood density estimation (MLDE) procedure, assuming a Weibull 

estimation. They used η as the scale parameter and m as the shape parameter, with a cumulative 

Weibull distribution equation of the form: 

 

 

 

𝐹(𝑡|𝜃) = 𝐹(𝑡|𝜂,𝑚) = 1 − 𝑒
−1(

𝑡
𝜂
)
𝑚

, 𝑡 ≥ 0 
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 Leung and Kai (2003) estimated the value of 𝜃 = (𝜂,𝑚) using the nearest neighbor 

distribution estimation (NNDE). 

 Márquez and Herguedas (2004) also used a Weibull distribution to determine failure rates 

for earthmoving equipment but took a more straightforward approach to calculate Weibull scale 

and shape parameters by using spreadsheet software. They graphed distribution function data as 

an x/y plot of⁡𝑥 = ln(𝑡) and 𝑦 = ln⁡(ln⁡(1 ⁄ (1 − 𝐹(𝑡)⁡))⁡), where 𝐹(𝑡) is the life distribution 

function based on manufacturer laboratory testing, and they used the spreadsheet software’s 

built-in functions to calculate quadratic and linear trend lines. If the two trend lines were similar, 

they estimated the bi-parameter Weibull distribution using the parameters from the linear 

regression. Where the two were not similar, they modified the time origin to reach a better fit and 

chose a tri-parameter Weibull instead.  

 Hale and Arno (2009) used an exponential failure distribution to model emergency 

diesel-electric set reliability as R(t)=e-λt, with the failure rate per year (λ) calculated as the total 

number of failures divided by the calendar time the records were collected. They calculated 

availability as a function of mean time between failures (MTBF), mean down-time (MDT), and 

mean time to repair (MTTF), where operational availability (Ao) is Ao = MTBM/(MTBM+MDT) 

and inherent availability (Ai) is Ai = MTBF/(MTBF+MTTR).  TM 5-698-5 (2006) and IEEE 493-

2007 use the same methods and nomenclature. For time-truncated data sets where no failures 

were recorded, TM 5-698-5 (2006) utilized a χ2 60% single side confidence interval to calculate 

λ and MTBF. 

 Zhou et al. (2014) attempted to develop a survival model for a highly censored sample of 

800 utility transformers to gain knowledge regarding transformer lifecycles. Zhou et al. found 44 
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failures, only one of which was determined to be age related. With a failure rate of 

approximately 0.2% per year, transformer failures in this study were rare events, and Zhou et al. 

required special techniques to overcome censoring. Zhou et al. attempted to analyze this sample 

using a Weibull distribution, but met with considerable challenge due to the high level of 

censoring and dominance of random failures over age related failures. The failure distribution for 

this sample more closely resembles an exponential distribution than a Weibull distribution, as is 

common in the mid-life cycle of a Weibull distributed group, and Zhou et al. concluded the 

sample size was too heavily censored and did not include enough units reaching the end of the 

Weibull wear-out cycle. 

 Relevance vector machine (RVM) (Tipping, 2001) and support vector machine (SVM) 

machine learning techniques have been used in several studies related to engine maintenance (Jia 

& Zhao, 2006; Wang et al, 2013). RVM and SVM utilize a combination of mathematical 

regression and Bayesian statistics to map data points into two different categories. While these 

techniques have applications in condition-based maintenance and predictive maintenance, they 

are difficult to apply to survival data with high degrees of left truncation and right censorship and 

do not appear to have advantages over Cox (1972) regression for this type of survival analysis. 

Many research teams including Amorim and Cai (2015); Hosmer, Lemeshow, and May 

(2008); Kalbfleisch and Prentice (2002); and Kelly and Lim (2000) have discussed methods 

developed for recurring events in the medical field. The Andersen and Gill (1982) method is a 

counting method formulated in terms of increments in the number of events along the timeline, 

but it is restrictive for application to emergency generator set reliability as it requires a right-

continuous process without left truncation and is intolerant to treatment changes over the life of 

the process. The Anderson and Gill (1982) method is used as a basis for many related methods 
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that share many of the same application restrictions (Amorim & Cai, 2015; Kelly & Lim, 2000). 

The only emergency generator sets that could be analyzed by these methods would need to have 

complete records available back to installation and no changes in maintenance or test periodicity 

over potentially decades of operation. However, placing such a restriction on data acquisition to 

only generator sets with such records and history could introduce bias. The most appropriate 

methods for analyzing generator set records must be insensitive to left truncation and right 

censorship. Other models discussed by research teams extend from Andersen and Gill (1982)and 

share the same limitations or require special cases not applicable to emergency generator set 

reliability. Hosmer, Lemeshow, and May (2008) criticize the Andersen and Gill (1982) method 

for assuming complete independence between events to be unrealistically simple for events such 

as cancer reoccurrence, but this is not necessarily the case for a repairable machine, and models 

dependent on stratification of recurrent failure data are difficult to apply to generator sets which 

fail in a multitude of ways.    

Kelly and Lim (2002) discuss conditional approaches to analyzing recurrent event data 

and observed that while conditional approaches assume the current event is unaffected by earlier 

events, that assumption can in some cases be relaxed by means of additional covariates to 

represent prior events or other dependencies. This approach appears similar in concept to the 

introduction of generator set age and run hour covariates independently proposed by Fehr (2014) 

to analyze time dependent covariates for generator set age and cumulative run hours within a 

Cox linear regression of arbitrary start time. One conditional approach is the Prentice, Williams, 

and Peterson (1981) gap-time method, which is similar to Anderson and Gill (1982) but resets 

the clock after each event. Gap-time includes stratification in the model, with each failure 

representing a different stratum. Unfortunately, gap-time is still sensitive to left truncation and 
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requires full knowledge of prior failures to assign strata to each data set, and is thus not suitable 

to apply to emergency generator set reliability modeling.   

 

POST-HOC POWER ANALYSIS AND VALIDITY 

Numerous methods have been developed for pre-hoc power analysis for statistical 

models, but little research has been accomplished regarding post-hoc power analysis of 

parametric survival models based upon unconstrained and heavily censored data sets. Existing 

literature was reviewed for methods of calculating post-hoc Type II error and realized power.  

Schoenfeld (1983), Hsieh and Lavori (2007), Cohen and Cohen (1983), Cohen (1987), Lachin 

(1984), and Liu (2014) provided relevant methods for pre-hoc regression power analysis, but not 

post-hoc, and not specific to survival analysis.  Lachin (1984) spoke directly to survival analysis, 

but Lachin’s methods are only applicable to groups with a single binary independent variable and 

an exponential failure distribution. Of these methods, Hsieh and Lavori (2007) were the most 

relevant to this research and were used herein for pre-hoc power analysis and the estimation of 

data required.  Although none of the power analysis methods reviewed herein were discussed by 

their authors for post-hoc analysis, methods for potential applicability were reviewed.  

Lachin (1984) discussed different methods for F-test based calculations of power for 

uncensored and censored survival data, but both methods require the calculation of exponential 

failure rates λc and λt for the control and treatment groups. While Lachin’s discussed methods are 

applicable to designed experiments or data sets where subjects are randomly assigned to either 

subpopulation, the Fehr (2014) model includes 26 predictors which are unlikely to all be fully 

independent. Without independence of those predictors, single values of λ cannot be accurately 

calculated for subpopulations without a large risk of sampling bias in the results. For example, 
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the subpopulation for a low-cost generator set model may include a disproportionate sample of 

low-cost maintenance, and attempts to calculate a subpopulation λmodel would be biased by the 

difference in maintenance. As Lachin’s method is highly sensitive to such sampling bias but does 

not provide a means of accounting for it, it cannot be used to calculate power for emergency 

diesel-electric generator set research.   

Cohen and Cohen (1983) provided a method to calculate n* for multiple regression 

correlation based upon the regression variance R2 and tables of values for different degrees of 

freedom and several Type I and Type II error levels. Cohen and Cohen (1983) provided 

equations both for population R2 and for sample R2 and an equation that, given known n* and R2, 

can be solved for power.  Cohens’ method, in Cohens’ Equation 3.7.2, was designed for pre-hoc 

determination of the quantity of data required and uses the population effects size f2 (Cohens’ 

Equation 3.7.1), although Cohen and Cohen cautioned against using this for a sample and stated 

the F equation (Cohen’s Equation 3.6.1) should be used for sample values.   

 

 

𝑓2 =
𝑅2

1 − 𝑅2
 Cohens’ (1983) Equation 3.7.1 

𝑛∗ =
𝐿

𝑓2
+ 𝑘 + 1 Cohens’ (1983) Equation 3.7.2 

𝐹 = (
𝑅2

1 − 𝑅2
) (

𝑛 − 𝑘 − 1

𝑘
) Cohens’ (1983) Equation 3.6.1 

 

 

 

 

Post-hoc, n* = n, and are R2 and k are known.  Substituting these known values into 

Cohen’s Equation 3.6.1 and 3.7.2 and solving for L instead of n* gives Equation 2.  As noted by 
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Cohen (1987), this permits use of Cohen’s L tables in reverse to look up the observed power β 

associated with the experimental results.  A direct calculation of this is also supported by the 

f2.test function in the R library pwr (Champeley et al., 2016). 

 

 

 

𝐿 = (
𝑅2

1 − 𝑅2
)
(𝑛 − 𝑘 − 1)2

𝑘
 (2) 

 

 

 

 

Cohen and Cohen (1983) provided a similar method to calculate the n* required for each 

independent regression coefficient for desired power prior to the experiment, but not a means to 

calculate the observed power after data is acquired. Hoenig and Heisey (2001) provided a 

method to estimate observed power for regression coefficients directly from the p-values 

automatically calculated and provided in many software packages. This method is only 

applicable to significant predictors and cannot be used to estimate the observed power for 

predictors found not significant in the regression results; attempts to use the p-value to calculate 

β from post-hoc predictors excluded from the final regression model do not give valid results. 

None of the literature reviewed provided a method for determining the post-hoc observed power 

for these excluded predictors and the failure to reject the null hypothesis, only pre-hoc 

estimations of power as a function of anticipated R2; Steidl, Hayes, and Schauber (1987) 

contends such a measurement is meaningless. Murphy, Myors, and Wolach (2014) discussed use 

of post-hoc findings to create an estimate of the potential power of prior research, but did not 

present any methods for calculating realized power. Thus, these power estimates can be refined 
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using experimental data to increase the accuracy of pre-hoc estimates, but offer little benefit for 

model validation. 

Hoenig and Heisey (2001) argue that observed power is not useful in post-hoc analysis 

due to what they call the power approach paradox, that higher observed power does not imply 

stronger evidence for a null hypothesis that is not rejected. In support of this assertion, they 

provide several examples where post-hoc observed power analysis presents logical flaws and 

often nonsensical results. They further contend that once the confidence interval is calculated, 

power analysis provides no further useful information, and recommend post-hoc power analysis 

should not be done. Steidl, Hayes, and Schauber (1987) states this similarly, contending that 

retrospective power analysis provides results with no relation to true power. These arguments are 

themselves not without criticism, but there remains little published literature on the subject.  This 

is unfortunate given the importance of quantifying observed power and Type II error 

probabilities for excluded predictors, but is consistent with the lack of post-hoc power analysis in 

prior multiple regression/correlation analysis research. Liu (2014) discusses the relationship 

between confidence intervals, power, and precision, but does not provide a post-hoc method to 

determine observed β.  Steidl, Hayes, and Schauber (1987) and Hoenig and Heisey (2001) 

recommend the use of confidence intervals as useful for determining what range the effects size 

may be and potentially the low probability than a specified effects size exists. Therefore, while it 

may not be possible to directly calculate the probability of falsely failing to reject the null 

hypothesis, by calculation of the confidence interval it is possible to make a reasonable 

calculation of the probability that the effects size is so small as to not be of practical importance 

(Steidl, Hayes, & Schauber, 1987; Lenth, 2007). 
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Another question raised by this research relates to validation of the model for 

applicability to various subpopulations. Specifically, make, model, and size were included in the 

model as predictors, but were not anticipated to have significant results. Cox (1972) non-

parametric regression methods can calculate α for these predictors but cannot return any direct 

information about β or the risk of falsely failing to reject the null hypothesis that there is no 

relationship between generator set make, model, and size and reliability. Steidl, Hayes, and 

Schauber (1997), Hoenig and Heisey (2001), and Murphy, Myors, and Wolach (2016) advocated 

utilizing the model confidence intervals to qualitatively judge model adequacy, but this does not 

provide much useful information on the validity of smaller subgroups. Cohen (1987) provided a 

method for analyzing data sets that is applicable to Cox regressions; although this method is only 

discussed for pre-hoc power analysis, solving with known values from experimental data can be 

used to estimate experimental power and permits to assessment of model validity with more 

confidence.  

Fehr (2014) made a general a priori assumption that generator set make, model, and size 

within the delimitations of this research represent a common population with a common response 

to maintenance.  Present maintenance guidance (NFPA 70B, 2016) does not make distinctions of 

differing maintenance on make, model, or size and there are reasonable arguments for this 

assumption supported by many technicians (Walbolt, 2010). Despite such industry confidence, 

there is no solid research to support the assertion of common response. Fortunately, this 

assumption can be easily tested within the framework of this research by inclusion of make and 

model factors and a size covariate in the model. If the p-values for these predictors are found to 

be non-significant, then the a priori assumption of a common population with common response 
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to maintenance holds. However, if any of these subpopulation predictors are found to be 

significant, model validity for these subpopulations must be determined. 

If the common population assumption fails, there is little research into subpopulation 

validity in survival distributions with high levels of left truncation and right censorship that can 

be directly applied to address it. Cohen (1983) presents a related method intended to estimate the 

proportion of the variance contribution of the subpopulation Y∙B in equation 4.5.2. B represents 

the subpopulation being analyzed and A represents the population containing all others. Y∙B is the 

experimental sample data set for subpopulation B, Y∙A is the experimental sample set for the 

remaining population, and Y∙AB represents the entirety of the experimental data. Utilizing the F 

equation for samples instead of the population effects size f2, and solving for L results in 

Equation 3 and permits use of Cohen’s L tables in reverse to look up the observed power β 

associated with this data set.   

 

 

 

𝐹 =
𝑅𝑌∙𝐴𝐵
2 − 𝑅𝑌∙𝐴

2

1 − 𝑅𝑌∙𝐴𝐵
2

𝑛 − 𝑘𝐴 − 𝑘𝐵 + 1

𝑘𝐵
 Cohen (1983) Equation 4.4.2 

𝑛∗ =
𝐿

𝑓2
+ 𝑘𝐴 + 𝑘𝐵 + 1 Cohen (1983) Equation 4.5.2 

𝐿 = (
𝑅𝑌∙𝐴𝐵
2 − 𝑅𝑌∙𝐴

2

1 − 𝑅𝑌∙𝐴𝐵
2 )

(𝑛 − 𝑘𝐴 − 𝑘𝐵 − 1)2

𝑘𝐵
 (3) 

 

 

 

 

 However, Cohen’s (1983) F-test statistic for data sets has a weakness when data sets are 

not similar size. For example, if Y∙AB represented student GRE scores and Y∙A consisted of 

20,000 graduate students while Y∙B consisted of 20 preschoolers, Cohen (1983) F-test Equation 
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4.4.2 would inaccurately indicate high power that the two subpopulations were the same. As the 

data sets anticipated from this study are likely to include some makes, models, or sizes in much 

larger or smaller numbers than others, use of this equation could be problematic.   

Cohen’s (1983) more general Equation 3.6.1 does not share the same weakness for 

proportionately small sample subpopulations, and Equation 2 derived from this can be directly 

applied to each sample subpopulation. However, as the sample subpopulations may be too small 

or too homogenous in test and maintenance periodicity to independently derive significant 

models, methods comparing Cox (1972) regression models cannot be used with any confidence 

of high quality results. As a model already exists from the general population regression, the 

regression sum of squares for the final model can be calculated for each sample subpopulation, 

and an F test performed to compare each sample subpopulation to the general population. If the 

model is valid for the sample subpopulation and the relationship with the subpopulation can be 

represented as a treatment in the model, the weighted difference between the sum of squares 

response for the subpopulation and general population should be statistically insignificant. If this 

test fails, additional interaction terms can be explored that may better represent the 

subpopulation, or the subpopulation removed from the study if appropriate.  

 

SECONDARY DATA 

Enormous quantities of data exist in the form of historical logs and records from 

operations, maintenance, and repair of emergency diesel-electric generator sets, similar to other 

existing data across a myriad of applications and industries. The primary advantage of such data 

is that it already exists and is therefore often easier to collect than devising and conducting new 

experiments. This data also includes real-world performance that’s difficult to replicate in a lab. 
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than six months, and by changing the status of data from some of the oldest units from censored 

to failure, but the regression relationships varied little during this sensitivity analysis. This 

increases confidence that the relationships determined by the Cox regression exist in the sample 

population and are not purely statistical chance.  

The resultant Cox model selected from the analysis is show in Equation 11 and includes 

log(Tage), log(Trtfv), and x16 with coefficients calculated from the regression. 

 

 

 

logℎ(𝑡|𝑥𝑖) = log⁡(ℎ0(𝑡)) − 1.476 log(𝑇𝑎𝑔𝑒) + 0.700 log(𝑇𝑟𝑡𝑓𝑣) + 0.240𝑥16 + 𝜀 (11) 

 

 

 

The proportionality assumption was tested on Equation 11 utilizing the cox.zph 

proportionality test function and resid residuals function which validated the proportionality 

assumption. The regression functions, test results, residuals, and survival fits associated with the 

analysis are shown in Appendix B. 

Predictor significance is presented in Table 6 as a listing of the Wald p-values of each 

predictor when added as a fourth predictor to the model of Equation 11 and as a replacement for 

x16. Different order time predictors replaced the Weibull component were also tested, either as an 

additional predictor or as a replacement for the relevant time predictor. For the special cases of 

log(Tage) and log(Trtfv), the other time predictor was removed from the model. Predictors with 

significance within α ≤ 0.10 are notated with *.  Predictors selected for the final model are 

notated with **. 

The survival fit of the Cox regression using mean covariate values is shown in Figure 5. 

However, while the coxreg and coxph functions deal properly with log(Tage) and log(Trtfv) in the 
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computations, the survfit function plot treats both log(Tage) and log(Trtfv) as static covariates 

based on the sample population mean. The survfit function assumes all generator sets are 

eternally 12.4 years old with 395 run hours, and does not accurately represent the time 

dependency of these covariates. This issue will be addressed in greater depth during the 

parametric regression analysis.  

 

 

Table 6. Table of Predictor Significance When Added to or Replacing a Potentially Conflated 

Predictor in the Model of Equation 11. 

Predictor 
Addition 
p-value 

Replacement 
p-value 

 
Predictor 

Addition p-
value 

Replacement 
p-value 

x1 0.751 0.971 
 

x19 0.504 0.306 

x2 0.914 0.897 
 

x20 0.742 0.157 
x3 0.931 0.833 

 
x21 0.896 0.106 

x4 0.934 0.83 
 

x22 0.993 0.101 
x5 0.931 0.833 

 
x23 0.867 0.658 

x6 0.871 0.661 
 

x24 0.873 0.847 
x7 0.871 0.661 

 
xb23 0.233 0.078* 

x8 0.871 0.661 
 

xb24 0.243 0.078* 
x9 0.872 0.666 

 
kW 0.506 0.094* 

x10 0.872 0.666 
 

xL 0.173 0.062* 
x11 0.866 0.657 

 
xsrc 0.434 0.039* 

x12 0.565 0.048* 
 

log(log(Tage)) 0.678 0.0008* 
x13 0.731 0.086* 

 
log(Tage) 0.000018** 0.0004* 

x14 0.606 0.107 
 

Tage 0.313 0.0096* 
x15 0.752 0.905 

 
log(log(Trtfv)) 0.236 0.026* 

x16 0.047** N/A 
 

log(Trtfv) 0.007** 0.023* 
x17 0.572 0.059* 

 
Trtfv 0.379 0.025* 

x18 0.572 0.059* 
 

log(x16) 1.000 0.567 
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Figure 5.  Survival fit of regression by time in standby service, h(t). 

 

 

 

PARAMETRIC REGRESSION ANALYSIS, FULL MODEL 

This study required the assumption of an exponential base hazard rate to permit Cox 

regression analysis of multiple-failure systems. While Weibull base hazard rates are supported 

within this method, h0 must be a constant, h0 = λ. This delimitation permitted taking the Cox 

regression results in Equation 11 to create the parametric hazard function in Equation 12. 

 

 

 

ℎ(𝑡) = 𝜆𝑒0.240𝑥16−1.476 log(𝑇𝑎𝑔𝑒)+.700 log(𝑇𝑟𝑡𝑓𝑣)+𝜀  (12) 

 

 

 

This hazard rate is time dependent due to the Weibull relationships of log(Tage) and 

log(Trtfv). As time t as used in the Cox regression is not in this equation, the arbitrary measure of 

time and arbitrary establishments of t = 0 as used in the Cox regression have little meaning. A 
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more meaningful unit of measurement for the parametric model is absolute time from the 

original installation of the generator, Tage = 0. Therefore, in the parametric mathematical model 

Tage = t, it can be represented with t. Run hours Trtfv is time dependent as well, and it will never 

decrease over time, but Trtfv is not necessarily linear. The mean annual run-time in the sample 

population was 31.2 hours per year, but this differs randomly from year to year and from 

different test periodicities. Different run hours are explored later in the discussion, but Trtfv was 

approximated for this analysis as related to the mean annual run-time for the sample population 

multiplied by the generator set age, Trtfv = 31.2Tage. This approximation permits further 

development of this parametric equation into the more standard time dependent form in Equation 

13. In this form, t represents the time passed since generator set installation, as measured in 

years. 

 

 

 

ℎ(𝑡) = 𝜆𝑒0.240𝑥16−1.476 log(𝑡)+.700 log(31.2𝑡)+𝜀 (13) 

 

 

 

The presence of two time-dependent Weibull predictors log(Tage) and log(Trtfv) in the 

model pose challenges for parametric regression as standard tools like the phreg function in R 

are not structured to deal with repairable systems. The parametric regression must use Equation 

12 to develop regression coefficients, but simultaneously use Equation 13 to fit the parametric 

model to the data. None of the techniques proposed by Thomas and Reyes (2014) or Fehr (2014) 

yielded accurate results due to the inability of the function to accurately model Tage and Trtfv as 

time dependent variables. The phreg function extensions required for parametric regression this 

have not yet been developed. The regression was tested in R to see what the results would be, 
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and while the parametric regression results from phreg returned very similar predictor 

coefficients as the Cox non-parametric regression, phreg was unable to accurately fit h0(t) to the 

data due to function limitations, resulting in nonsensical hazard rates and an extremely poor fit to 

the actual data.   

It was instead chosen to apply a piece-wise constant hazard model in Microsoft Excel 

which effectively permitted treating the complex relationship as a summation series of standard 

exponential distribution expressions. This method leveraged the predictor coefficients returned 

by the Cox model and allowed the iterative fitting of h0(t) values to the data until a good fit was 

achieved. As this methodology had an underlying assumption of an exponential distribution, it 

was assumed that h0(t) = λ, with a single value of λ for all populations. The only variable left 

unsolved in h(t) is λ. A piece-wise constant hazard parametric model was constructed using 

Equation 13 and the Cox (1972) survival equations. The following equations were used to build a 

piece-wise constant hazard parametric model as s spreadsheet in Microsoft Excel. 

 

 

 

𝑓(𝑡) = ℎ(𝑡)𝑆(𝑡 − 1) 
 

𝐹(𝑡) =∑ 𝑓(𝑡)
𝑇

𝑡=0
 

 

𝑅(𝑡) = 𝑒−ℎ(𝑡) 
 

𝑆(𝑡) = 𝑒−𝐹(𝑡) 
 

 

 

 

To fit the model to the data, the sample population data was stratified into two 

subpopulations based upon existing stratification of x16, one subpopulation with x16 = 7 years and 

one subpopulation x16 ≤ 1 year. The value of 7 was selected to represent units receiving no 
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maintenance by Fehr (2014). The mean value of x16 for the latter subpopulation was 0.45 years.  

Sample mean time between failures MTBF = Σ t / Σ Fov  = 20.7961 years as calculated from the 

raw data for the subpopulation with x16 = 7 years, and 60.2178 for the subpopulation where 

x16 < 7 years. The equation Rdata = e-1/MTBF yields an estimation of 98.4% and 95.3% reliability for 

each respective subpopulation. These values were compared to the average reliability R(t) of the 

time-dependent model, which was weighted by a histogram function of the age of the generators 

in the sample pool. Values for λ were iteratively selected to minimize the variance between the 

model prediction for the two subpopulations and the sample MTBF. A value of λ = 0.00696 was 

found to yield the best model fit using these reliability estimators. The final parametric model, 

where t represents the age of the generator set in years, is shown in Equation 14. The hazard 

function values for the two subpopulations are plotted in Figure 6 for comparison. The survival 

functions are shown in Figure 7 and Figure 8. 

 

 

 

ℎ(𝑡) = 0.00696𝑒0.240𝑥16−1.476 log(𝑡)+.700log⁡(31.2𝑡) 
(14) 
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Figure 6. Generator reliability parametric model stratified hazard function values 

 

 

 

Figure 7. Generator reliability parametric model for the x16 ≤ 1 subpopulation 
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Figure 8. Generator reliability parametric model for the x16 = 7 subpopulation 

 

 

 

This model yielded a weighted average annual reliability for x16 = 7 years of 94.7% 

compared to the sample subpopulation net annual reliability of 95.3%. This model yielded a 

weighted average annual reliability for x16 = 0.45 of 98.9% compared to the x16 ≤ 1 sample 

subpopulation net annual reliability of 98.4%. 

The fitted models were visually compared to the Nelson-Aalen estimators (Müller, 2004) 

for goodness-of-fit and were found to be consistent with the data. The Nelson-Aalen estimators 

were calculated in Microsoft Excel using a Boolean summation algorithm with record lengths 

rounded up to the next whole year. The data was stratified by x16 = 7 and x16 ≤ 1 and the Nelson-

Aalen curves are shown in Figure 9 and Figure 10. The Nelson-Aalen curves did not reflect as 

many early deaths as the infant mortality curve of log(Tage) plots would indicate, but instead 

reflected relatively linear rates with sudden knees and low failure rates for older units. Using 

Microsoft Excel to fit a curve to match the shape of the Nelson-Aalen plot for x16 = 7 yielded a 

linear plot as the highest R2 = 0.96. The exponential trendline fit in Microsoft Excel yielded an 
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Figure 9. Generator reliability parametric model for the x16 ≤ 1 subpopulation with Nelson-Aalen 

estimator. 

 

 

 

 

Figure 10.  Generator reliability parametric model for the x16 = 7 subpopulation with the Nelson-

Aalen estimator. 
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Figure 11.  Simplified model parametric functions. 

 

 

Figure 12. Graphical goodness-of-fit test of the simplified model, Exponential vs Cox 
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Figure 26. Schoenfeld residuals of cox.zph fit test for x16, simplified model by run-hours 
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SIMPLIFIED PARAMETRIC REGRESSION MODEL ANALYSIS 

A simplified time-independent parametric regression model fitted to an exponential 

survival distribution using x16 as the only predictor was developed. The following output is from 

R during analysis of the data set using the phreg function in R. The predictors are as defined in 

Table 1. This utilized data set “g41r” which represents the final data set reduced by the removal 

of units that lacked run-hour chronometers. Time at start (T2s), was used to represent time at the 

start of the observation period and was set as T2s = 0 for all observations. T2ey represents time (in 

years) accumulated during each observation period as T2ey = (Tfv - Tsv)/365.   

The p = 0.94 value calculated for the fixed shape exponential distribution by phreg 

appears to be in error as phreg is comparing the log likelihood to a test statistic of 0. The p-value 

calculated for the unrestricted Weibull distribution returns a shape nearly identical to the 

exponential function but a statistically significant value of p = 0.022. As the predictor β16 value 

(0.207 and 0.208 respectively), shape (1 and 0.962 respectively) and log likelihood values 

(-234.98 and -234.91 respectively) for these two functions are nearly identical, the p-value for 

the exponential model should also be very close to p = 0.022. 

The plots of these functions are shown in Figure 11 and Figure 12 in the Chapter IV. 

 

> fit.x16.c <- coxreg(Surv(T2s, T2ey, Fov) ~ x16, data = g41r) 
> fit.x16.c 
Call: 
coxreg(formula = Surv(T2s, T2ey, Fov) ~ x16, data = g41r) 
 
Covariate           Mean       Coef     Rel.Risk   S.E.    Wald p 
x16                 6.273     0.199     1.220     0.115     0.084  
 
Events                    58  
Total time at risk        1281.3  
Max. log. likelihood      -279.75  
LR test statistic         4.57  
Degrees of freedom        1  
Overall p-value           0.0325215 
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> fit.x16.e <- phreg(Surv(T2s, T2ey, Fov) ~ x16, data = g41r, dist="weibull", 
shape=1) 
> fit.x16.e 
Call: 
phreg(formula = Surv(T2s, T2ey, Fov) ~ x16, data = g41r, dist = "weibull",  
    shape = 1) 
 
Covariate          W.mean      Coef Exp(Coef)  se(Coef)    Wald p 
x16                 6.273     0.207     1.230     0.115     0.072  
 
log(scale)                    4.456    86.165     0.792     0.000  
 
 Shape is fixed at  1  
 
Events                    58  
Total time at risk        1281.3  
Max. log. likelihood      -234.98  
LR test statistic         0  
Degrees of freedom        1  
Overall p-value           0.945997 
 
> fit.x16.w <- phreg(Surv(T2s, T2ey, Fov) ~ x16, data = g41r, dist="weibull") 
> fit.x16.w 
Call: 
phreg(formula = Surv(T2s, T2ey, Fov) ~ x16, data = g41r, dist = "weibull") 
 
Covariate          W.mean      Coef Exp(Coef)  se(Coef)    Wald p 
x16                 6.273     0.208     1.232     0.115     0.070  
 
log(scale)                    4.576    97.116     0.891     0.000  
log(shape)                   -0.040     0.961     0.109     0.717  
 
Events                    58  
Total time at risk        1281.3  
Max. log. likelihood      -234.91  
LR test statistic         5.17  
Degrees of freedom        1  
Overall p-value           0.0229996 

 

Using this model with the spreadsheet regression method returns the following: 

For x16 ≤ 1, Rdata = 0.98353, Rmodel = 0.98739 

For x16 = 7, Rdata = 0.95305, Rmodel = 0.95434  
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APPENDIX C 

RELIABILITY TABLES 

Tables are provided for reliability based upon the model in Equation 18. Table 10 reflects 

typical values assuming an average of 31.2 hours annual run time, the average for the sample 

population in this study. Table 11 reflects units an average 100 hours annual run time. Generator 

sets receiving weekly no-load tests and bimonthly or quarterly maintenance visits are represented 

by the average intensity column. Generator sets receiving NFPA 110 (2016) recommended 

maintenance are represented by the high intensity column. Units well exceeding NFPA 110 

(2016) recommendations are represented by the extremely high intensity column. Reliability for 

specific generator set age, run hours, and maintenance intensity can be calculated using Equation 

18. Values of 0.08333, 1, and 7 were used respectively for average, high, and extremely high 

maintenance intensity. 

 

ℎ(𝑡) = 0.00696𝑒0.240(𝑀𝑎𝑖𝑛𝑡⁡𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦)−1.476 log(𝐴𝑔𝑒)+.700 log(𝑅𝑢𝑛⁡𝐻𝑜𝑢𝑟𝑠) 

 

(18) 

 

Table 10. Emergency Diesel-Electric Generator Set Typical Reliability Table for 31.2 Annual 

Run Hours 

 

Maintenance Intensity 

Age 

Extremely 

High High Average 

0 < t ≤ 5 0.985201 0.981593 0.924670 

5 < t ≤ 10 0.989952 0.987493 0.948271 

10 < t ≤ 15 0.991500 0.989419 0.956098 

15 < t ≤ 20 0.992390 0.990525 0.960616 

20 < t ≤ 25 0.992995 0.991278 0.963701 

25 < t ≤ 30 0.993445 0.991837 0.965998 

30 < t ≤ 35 0.993798 0.992277 0.967805 

35 < t ≤ 40 0.994085 0.992635 0.969280 
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Table 11. Emergency Diesel-Electric Generator Set Typical Reliability Table for 100 Annual 

Run Hours 

 

Maintenance Intensity 

Age 

Extremely 

High High Average 

0 < t ≤ 5 0.978981 0.973879 0.894474 

5 < t ≤ 10 0.985712 0.982227 0.927113 

10 < t ≤ 15 0.987910 0.984958 0.938033 

15 < t ≤ 20 0.989173 0.986527 0.944356 

20 < t ≤ 25 0.990033 0.987595 0.948679 

25 < t ≤ 30 0.990672 0.988389 0.951904 

30 < t ≤ 35 0.991173 0.989013 0.954441 

35 < t ≤ 40 0.991582 0.989522 0.956514 
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APPENDIX D 

NFPA 110 (2016) RECOMMENDATIONS 
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ROUTINE TESTING

Generator set no-load test

Generator set load test on load bank

Generator set load test on operational load

"Dead bus" operational load test

Check electrical tightness

Engine intensive maintenance

Generator (electrical) intensive maintenance

NFPA110 (2013) Test Frequency

Battery voltage & physical condition

Check fan belt(s)

Battery resistance or impedance test

Clean unit exterior (including radiator & louvers)

Fuel cleaning (or fluid analysis)

Oil change (or fluid analysis)

Visual inspection for leaking fluids

Visual inspection of hoses, cables, etc.

Check fuel level

Check oil level

Check coolant level

Check air filter

NFPA110 (2013) Maintenance Frequency

ROUTINE PREVENTATIVE MAINTENANCE

Check alarms

Check switch & breaker positions



161 

 

 

 

VITA 

Stephen John Fehr 

Engineering Management & Systems Engineering 

2101 Engineering Systems Building 

Norfolk, VA 23529 

757-683-4558 (office) 

 

Stephen John Fehr earned a Master of Science in Engineering Management from Old 

Dominion University in 2014, specializing in emergency generator set reliability modeling; a 

Bachelor of Science in Engineering Science from Pennsylvania State University in 1997, 

specializing in semiconductors and microelectrical mechanical systems; and is conducting 

doctoral research at Old Dominion University into emergency generator set reliability modeling 

and risk management of high reliability complex systems. Stephen is the Emergency Power 

Program Manager at United States Navy Information Forces, an adjunct instructor at Old 

Dominion University teaching engineering economics, and a licensed Professional Engineer in 

the Commonwealth of Virginia. 


