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Abstract

The emergency shutdown valve is a critical element of a typical safety instrumented
function. Consequently, both effective proof testing and an appropriate test interval
are imperative to ensure the desired functionality, and hence a reliably safe operation
of a high-hazard process facility.

This research investigates the application of a Fuzzy Inference System (FIS) to model
data uncertainty in Failure Modes, Effects, and Diagnostic Analysis (FMEDA) for
safety-critical systems. The research aims to address the limitations of traditional
FMEDA methods in managing subjective expert data. A novel FIS-based framework
was developed that employs trapezoidal membership functions to encode expert knowl-
edge and analyse proof test coverage. Validation was performed using both real and
synthetic datasets, achieving strong regression and low error metrics, with an overall
R? value of 0.96 and RMSE of 7, thus confirming the accuracy of the model.

The variation in proof test coverage predictions between the FMEDA and FIS methods
was observed to be up to 3% for a full stroke test and up to 22% for a partial stroke
test. A comparison of the FMEDA and FIS proof test coverage results suggests that
the FIS approach supports further optimisation of emergency shutdown valve main-
tenance by integrating full and partial proof tests, extending proof test intervals, and
enhancing plant uptime without compromising safety. The FIS results indicate a 100%
improvement in both test intervals, which could extend the typical partial stroke test
interval from six months to one year and the usual full stroke test interval from one
year to two years.

This work demonstrates that fuzzy inference systems can be employed to overcome
issues relating to FMEDA data subjectivity allowing emergency shutdown valve proof
test coverage estimates to be determined for both full and partial stroke tests. This re-
search contributes to the integration of expert judgement in safety-related assessments,
laying the foundation for future studies to validate and refine the model further.
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Chapter 1

Introduction

Safety instrumented systems are essential for preventing adverse incidents, ensuring
the safe operation of industrial processes, and safeguarding people, equipment, and
the environment. This thesis examines the maintenance procedures associated with
these systems, with a specific focus on the concept of proof testing, which informs
maintenance protocols. A significant area of discussion concerns the selection of pa-
rameter values, such as proof test coverage, which influence reliability calculations and,
in turn, inform the determination of appropriate proof test intervals. The use of in-
appropriate or inaccurate proof test coverage values can result in either over-testing
or under-testing. Published estimates of proof test coverage are frequently based on
expert judgement and can be somewhat subjective, thereby introducing uncertainty
into the analysis.

1.1 Hazards and Incidents in the Process Industry

Process sector industries such as oil and gas, and chemical handle large inventories
of hazardous substances, in some cases at elevated temperatures and pressures, and
therefore have an inherent potential for major accidents involving hazards such as
fire, explosion, and toxic release [1]. Process safety is aimed at preventing major
accidents involving hazardous materials and loss of containment, while occupational
safety protects workers from daily work hazards such as slips, trips, and falls. In
this context, a commonly accepted definition of process safety is from the Centre for
Chemical Process Safety (CCPS):

" A disciplined framework for managing the integrity of hazardous operating systems
and processes by applying good design principles engineering and operating practices.
It deals with the prevention and control of incidents that have the potential to release
hazardous materials or energy. Such incidents can cause toxic effects, fire or explosion
and could ultimately result in serious injuries, property damage, lost production and
environmental impact” [2, p. 1].

The number of major industrial accidents in the process industry sector (hydrocar-



bon and chemical) over the last four decades is significant. The main contributing factor
in a number of the cases has been maintenance (or, rather, the lack of or inadequacy
of) [3]. These accidents include the Bhopal Gas Tragedy (1984), the Phillips 66 Disas-
ter (1989), the Texaco Refinery Explosion (1994), the Texas City Refinery Explosion
(2005), the Deepwater Horizon Explosion (2010) and more recently the Philadelphia
Refinery Explosion (2019).

Table 1.1 provides examples of major industrial accidents and associated losses.
Some accidents can also have a significant environmental impact, such as the Deepwater
Horizon accident. This was the largest oil spill in the history of marine oil drilling
operations, with a discharge of approximately 4.9 million barrels of oil into the sea
over an 87-day period, before it was finally capped [4].

Table 1.1: Examples of Major Accident Losses [4-8]

Accident Safety impact Cost impact

Texaco Refinery Explosion,
Pembrokeshire (1994)

BP Texas City Refinery,
Explosion, Texas (2005)
Deepwater Horizon Explosion,
Gulf of Mexico (2010)

I adjusted for inflation.

26 injuries £120 million*

15 fatalities, 180 injuries ~ US$3 billion

11 fatalities, 17 injuries  US$65 billion

History has shown that major industrial accidents can have severe consequences for
human life, the environment, and the financial stability of the operating company. This
highlights the importance of ensuring that potentially hazardous events are prevented
and mitigated appropriately through well-engineered processes and safety systems, and
effective asset management.

1.2 Achieving Process Safety: The importance of
Functional Safety

Process safety is a globally recognised discipline, with regulatory frameworks estab-
lished across many industrialised nations. In the UK, the Control of Major Acci-
dent Hazards (COMAH) Regulations [9] and the Offshore Safety Case Regulations
(SCR) [10], derived from the European Seveso III Directive [11], require operators to
demonstrate that risks are reduced to As Low As Reasonably Practicable (ALARP).
In the United States, a comparable framework exists under the Occupational Safety
and Health Administration’s (OSHA) Process Safety Management (PSM) standards
[12, 13], which mandate the identification, evaluation, and control of hazards associ-
ated with highly hazardous chemicals. ALARP is achieved when the time, practicality,
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and cost of further reduction measures become unreasonably disproportionate to the
additional risk reduction obtained [14, 15].

Figure 1.1 shows the tolerability of risk model. Application of the ALARP principle
involves specifying two sets of risk tolerance criteria. The first set of criteria (the
dividing line between unacceptable and tolerable regions, usually called the maximum
tolerable risk is a minimum requirement that must be met. This refers to a level
of risk that is clearly unacceptable to most people, necessitating action to reduce
it. The second set of criteria, the dividing line between the tolerable and broadly
acceptable regions, usually called broadly acceptable risk is a goal that may not be
reached, but toward which progress must be made until risk reduction measures involve
grossly disproportionate sacrifices. This refers to a level of risk that is minimal and
not concerning, effectively a virtually safe level widely considered acceptable, requiring
no further action for reduction. A range of risks is tolerable between the two sets of
criteria. The residual risk, or the risk remaining after implementing controls, should
ideally fall within the broadly acceptable region or at the lower end of the tolerable
region [15].

Unacceptable region

Maximum Tolerable Risk

Tolerable region
(ALARP)

Broadly Acceptable Risk

Broadly acceptable
region

Increasing Individual risks and societal concerns

Negligible risk

Figure 1.1: Tolerability of Risk - ALARP Principle [14-17]

Figure 1.2 illustrates a layer of protection methodology as a means to achieving
ALARP high-hazard facilities. Each layer of protection is designed to be independent
from each other, so that failure of one layer does not impact the operation or per-
formance of another layer. Layers can be preventative, such as safety instrumented
systems, or mitigating, such as fire and gas systems. Preventative layers are intended
to reduce the likelihood of hazardous events occurring, while mitigating layers aim to
minimise the consequences should such events occur. Safety instrumented systems pro-



vide protection from process excursions caused by initiating events such as failures in
the Basic Process Control System (BPCS) or human error, hence preventing escalation
of potentially hazardous events.

COMMUNITY EMERGENCY RESPONSE
Emergency broadcasting
PLANT EMERGENCY RESPONSE
Evacuation procedures
MITIGATION
Mechanical mitigation systems
Safety instrumented systems (Fire & Gas)
Operator supervision

PREVENTION
Mechanical protection system
Process alarms with operator corrective action

Safety instrumented systems

CONTROL and MONITORING
Basic process control system
Monitoring systems (process alarms)

Operator supervision
\\K PROCESS j//

Figure 1.2: Layers of Protection [17-19]

Process safety is achieved, in part, by the implementation of functional safety util-
ising safety instrumented systems. Figure 1.3 shows the architecture of a safety instru-
mented system which consists of sensors, logic solvers and final elements.

Logic Final

Sensor(s) e >

Solver(s) Element(s)

Figure 1.3: Safety Instrumented System Architecture [17]

A Safety Instrumented System (SIS) has a number of individual Safety Instru-
mented Functions (SIFs) that protect a process plant/facility from potentially haz-
ardous events. SIFs are designed to protect against specific hazardous events for ex-
ample, overfilling a storage tank or over pressurising a pipeline, thereby preventing a
loss of containment. These systems typically culminate in the shutdown of the process
that prevents the flow of a hazardous material.



Measurements of process variables such as pressure, temperature, flow, and level are
achieved with sensors, typically in the form of process transmitters. The transmitters
send hardwired signals to the logic solver providing real-time process measurements.
A logic solver typically consists of a Programmable Logic Controller (PLC) and/or
a hardwired system that make decisions based on inputs from process variable mea-
surements. The logic solver then generates one or more outputs to the final elements
as a mechanism to prevent a specific hazardous event from occurring. Final elements
typically include Emergency Shutdown Valves (ESDVs) and/or contactors or relays
used to stop pump motors. State-of-the-art sensors and PLCs are often equipped with
onboard diagnostics, enabling some dangerous failures to be detected during opera-
tion. In contrast, ESDVs typically lack such diagnostic capabilities. The limited of
diagnostic coverage emphasises the importance of proof testing ESDVs compared to
other components of a SIF.

1.2.1 Industrial Asset Management and the Concept of Proof
Testing

Maintenance falls under the umbrella of Industrial Asset Management (IAM), which is
the comprehensive approach to the management of physical assets of a company. IAM
includes developing, maintaining, modifying, and decommissioning assets in the most
cost-effective manner, with guidance provided in standards such as the BS ISO 55000
[20] series. As previously discussed, many major industrial accidents have occurred
due to insufficient, inappropriate, or, in some cases, a complete lack of maintenance.
This section discusses the types of maintenance that are available and identifies the
importance of carrying out maintenance at the appropriate frequency.

Figure 1.4 illustrates the two general types of maintenance undertaken on an in-
dustrial facility, these are corrective maintenance and preventive maintenance.

Maintenance
Corrective Preventive
Condition Predetermined
Based
[ [
Deferred Immediate Scheduled, Scheduled
continuous or on
request

Figure 1.4: Maintenance Types [21]



Corrective maintenance, also known as repair or breakdown maintenance, is a type
of task typically performed after equipment failure. Corrective maintenance is con-
sidered as all the activities that restore failed or broken down assets to their normal
working condition, i.e., it is reactive in nature. Whenever an asset fails, it is replaced,
repaired, or restored to its original design intent.

There are two main methodologies of preventive maintenance: predetermined main-
tenance and Condition-Based Maintenance (CBM). Predetermined maintenance, also
known as Planned Preventive Maintenance (PPM), is time-based and consists mainly
of standard maintenance activities carried out at fixed intervals. Preventive mainte-
nance can be defined as scheduled tasks aimed at preserving an asset’s functionality
and lifespan, such as cleaning, adjustments, lubrication, and component replacement
[22].

Condition-Based Maintenance (CBM) is a predictive maintenance strategy that
monitors the real-time condition of an asset to determine what maintenance tasks are
required. Unlike PPM, which uses calendar-based maintenance or other means to de-
termine when to schedule and perform maintenance, CBM dictates that maintenance
should only be performed when real-time indicators show signs of decreasing perfor-
mance [23]. Figure 1.5 illustrates the typical objective and subjective techniques and
tools used for condition monitoring, including more advanced ’simulated’ techniques.

Condition Monitoring

|
| | |

Objective Subjective Simulated
— IR Thermography — T‘_’“Ch — Augmented Intelligence
—— Vibration Analysis — Listen — Deep Mapping
— QOil & Wear Debris Analysis Look Mixed Reality
——Motor Circuit Analysis Smell Programmable Materials

—— Pressure Measurement
—— Speed Measurement
—— Performance Monitoring
—— NDT

Figure 1.5: Condition monitoring techniques [22]

Proof testing in the context of process engineering is a form of PPM through which
periodic functional tests are carried out on safety-related equipment such as safety
instrumented systems. ESDV proof testing utilises a range of measurements and ob-
servations as an indicator for the likely condition and functionality of the component,
these include measuring the closing and/or opening speed, smoothness of operation is
observed and in some cases pressure measurements are used to determine seat leakage
rates. Any faults found from testing are then rectified, restoring the system to its orig-
inal condition. This is a form of Opportunistic Maintenance, in which an opportunity



has arisen to repair or replace the equipment having suitable maintenance resource al-
ready on location. There is also potential for Design-Out Maintenance (DOM) usually
a strategy after commissioning a new installation or equipment, and typically a one-off
activity that allows modifications to be made allowing improved performance of the
equipment. Hence, proof testing is essential in high-hazard process industries because
it assures the reliability of safety instrumented systems.

Proof testing procedures are carried out at fixed intervals, which are quantitatively
determined through reliability calculations. These calculations incorporate several pa-
rameters, including equipment failure rates and proof test coverage, which is influenced
by the type of proof test regime applied. It is essential that these calculations use ap-
propriate parameter values to ensure that proof test intervals are suitably defined,
balancing the trade-off between over-testing and under-testing. Using inappropriate
parameter values can lead to reduced test intervals, resulting in more frequent tests,
increased plant downtime, and additional hours required for planning and execution.
On the contrary, if the proof test intervals are calculated to be too infrequent, there
is potential for safety consequences, i.e., the safety system fails to operate on demand
hence leading to a hazardous event. Considering that a plant may have tens or even
hundreds of safety-critical devices, the potential implications of incorrect proof test
intervals can be significant, both in terms of maintenance costs and safety.

Figure 1.6 illustrates the cost implications associated with maintenance intervals,
showing that the optimal point occurs where the direct costs of preventive maintenance
intersect with the indirect costs of corrective maintenance.

MAINTENANCE COST
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Figure 1.6: Maintenance cost v Maintenance interval [24]



1.2.2 Proof Testing ESDVs

In contrast to equipment used in process control, safety instrumented functions gen-
erally operate in low demand mode, i.e., less than one demand per year, which means
that ESDVs can remain inactive in the field for extended periods. The purpose of proof
testing is to reveal potentially dangerous failures, which are not revealed by equipment
on-board diagnostics. For ESDVs, diagnostics are often limited or unavailable, making
proof testing the most reliable method for detecting faults. The effectiveness of proof
testing for detecting a failure is defined as Proof Test Coverage (PTC), which is the
percentage of dangerous failures that are revealed during a proof test.

There are various proof test methods, but they are generally classified as either full
stroke or partial stroke test types. The types of proof test methods seen industrially are
typically imposed by the limitations of the plant design and its operation, for example,
it may be disruptive or impractical to test ESDVs when the process is operating, so
an offline test may be carried out or a partial test when the plant is online. The
demands placed on the ESDV during testing may not fully reflect the conditions it
will face when it must operate in a real scenario. For example, partial stroke testing
involves limited valve movement and process conditions, such as flow, temperature,
and pressure, can differ from those experienced during actual operation when the test
is conducted offline. This results in an imperfect and subjective test that does not
accurately reflect the true operational demands of the valve. However, it still serves as
a reliable tool for guiding maintenance decisions.

Accurately estimating credible values of Proof Test Coverage (PTC) is essential for
determining appropriate proof test intervals. Poor estimation of PTC can result in test
frequencies that are either too low, potentially compromising safety, or too high, leading
to unnecessary maintenance costs. The cost of proof testing includes factors such as
man hours (for planning and execution), test equipment, and plant downtime. Plant
downtime being the dominant factor, with figures in the region of £17,000 per hour
for a process plant [25]. Assuming that a single proof test of an emergency shutdown
valve (ESDV) takes approximately four hours, there can be a significant difference
in annual maintenance costs between conducting tests twice per year and conducting
them quarterly. For example, the estimated annual cost is approximately £34,000 for
biannual testing, compared to £272,000 for quarterly testing. As previously discussed,
a plant or facility may contain numerous ESDVs. When the total number of ESDVs is
considered, the cumulative cost of proof testing can become substantial, highlighting
the importance of using appropriate estimates of proof test coverage. A typical LNG
terminal may operate up to 100 ESDVs, while oil refineries can have several hundred
in use.

1.2.3 Failure Modes, Effects and Diagnostics Analysis (FMEDA)

Estimating proof test coverage can be carried out in a number of ways as previously
described, semi-quantitatively or quantitatively. A commonly used method of estimat-



ing proof test coverage is using a Failure Modes, Effects, and Diagnostics Analysis
(FMEDA). This is a systematic approach at the component level that requires an un-
derstanding of how each component can fail, its impact on the device itself, and whether
the failure mode can be detected by diagnostics or revealed during testing. Part of the
analysis requires the assessor to assign failure rates to the failure modes. Mechanical
equipment failure rate databases exist, but these have not been standardised, which
has allowed a small number of industry-based organisations such as OREDA [26], SIN-
TEF [27], exida [28] and Technis [29] to collect failure rate data to create their own
databases which are made available to the industry.

1.3 Aims and Objectives

The root cause of many major industrial accidents is the inadequate maintenance of
plant and equipment [1]. Maintenance and testing of safety-related devices, such as
Emergency Shutdown Valves (ESDVs) is paramount in achieving process safety [30].
The scope of this research is limited to ESDVs and does not include other elements
of safety instrumented function, such as sensors and logic solvers, as these have diag-
nostics and are not as dependent on proof testing as ESDVs. Proof test intervals for
ESDVs are determined based on a number of parameters such as Proof Test Coverage
(PTC), yet published estimates of PTC vary substantially and there is no industry-
wide consensus. A review of the literature has identified Failure Modes, Effects, and
Diagnostics Analysis (FMEDA) as the preferred technique for estimating PTC, and
is a recognised industry standard method, based on IEC 60812 [31]. The review also
identified that fuzzy inference systems are effective in solving problems where there is
subjectivity in the data.

The main aim of this research is to develop an inference system that addresses the
subjective nature of the data used in an emergency shutdown valve FMEDA, allowing
reasonable proof test coverage estimates to be determined. The research will focus
on the use of the FMEDA technique using data obtained from a number of industry
experts, combined with the use of an inference system as a means of handling the
implicit uncertainty in the data. Fuzzy inference systems have been used previously
with FMEAs but not with FMEDA; this is the originality of this research.

1.4 Thesis Layout

This chapter has offered a brief overview of the significance of correctly estimating
proof test coverage for safety instrumented systems, particularly Emergency Shutdown
Valves (ESDVs), while also emphasising the subjectivity inherent in component failure
rate data. The remainder of this thesis will be presented in the following format.

e Chapter 2 - A literature review that encompasses functional safety and the re-
quirements relating to proof testing and proof test coverage, as well as detailed



information on the construction and operation of ESDVs. An examination of
methods for estimating proof test coverage and methods for managing data sub-
jectivity is also included.

Chapter 3 - This chapter describes the methods used to estimate Proof Test
Coverage (PTC) and presents the development of the design criteria for the Fuzzy
Inference System (FIS).

Chapter 4 - This chapter discusses a method of estimating proof test coverage
utilising maintenance and test data for ESDVs collected from the industry, yield-
ing valuable results for use and comparison with the results in later chapters.

Chapter 5 - This chapter employs Failure Modes, Effects, and Diagnostic Analysis
(FMEDA) to estimate proof test coverage, drawing on various industry data
sources, including component failure databases, and expert judgement.

Chapter 6 - Building on the previous chapter, this chapter investigates Fuzzy
Inference Systems as a method for managing subjectivity in the data utilised
during the FMEDA process, enabling the determination of inferred proof test
coverage estimates.

Chapter 7 - This chapter explores the influence of human error on proof testing
and, consequently, how it impacts proof test coverage.

Chapter 8 - Conclusions are drawn from this work, and recommendations for
future study are presented.
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Chapter 2

Literature Review

2.1 Introduction

This chapter provides an in-depth review of the literature on Emergency Shutdown
Valves (ESDV) Proof Test Coverage (PTC) and approaches to managing data uncer-
tainty, with a particular focus on Fuzzy Inference Systems (FIS). It begins with a
general overview of functional safety and includes additional details on the structure
and application of FIS. Figure 2.1 provides an overview of the structure of this chapter.

Functional Safety Overview

N\

ESDV Proof Test Coverage

NS

Managing Data Uncertainty

NS

Fuzzy Inference Systems

Figure 2.1: Chapter Two Structure

2.2 An Overview of Functional Safety

Functional safety is defined as being part of the overall safety that relates to the
process and the Basic Process Control System (BPCS), which depends on the correct
functioning of the Safety Instrumented System (SIS) and other protective layers [17].
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Functional safety guidance, such as IEC 61508 [32] and IEC 61511 [17], are bench-
marked within the COMAH directive [9]. These standards are seen as best practice,
offering guidance on the application of appropriate safety engineering activities in the
hydrocarbon and chemical industries.

As prescribed by functional safety standards, implementation is achieved using a
life cycle approach from the early stage of undertaking a hazard and risk analysis to
decommissioning. Figure 2.2 illustrates a typical SIS life cycle, beginning with the
Hazard and Risk Analysis phase and progressing to the Operation and Maintenance
phase as the end goal.

Mo ation /

D mission

Figure 2.2: Safety Instrumented System Life Cycle [17]

The following provides a brief overview of each phase of the life cycle [33]:

e Hazard and risk analysis - perform hazard and risk analysis, typically Hazard
and Operability Study (HAZOP) [34], Layer of Protection Analysis (LOPA)
[18, 35, 36], or Fault Tree Analysis (FTA) [17, 37], to define the required func-
tionality and integrity for each protective function and the allocation of safety
functions required to achieve the necessary risk reduction to specific protection
layers. Safety Integrity Level (SIL) targets are determined for specific safety
instrumented functions.

e Specification - develop a Safety Requirements Specification (SRS) [17] to achieve
the required functionality and integrity while meeting plant targets for reliability,
maintainability, and operability.
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e Design - the hardware and software of the SIS is designed to meet the require-
ments of the safety requirements specification. Consideration of how Safety In-
strumented Functions (SIFs) will be tested and maintained.

e Installation, commissioning, and validation - installation of the SIS and other
protective layers. Followed by commissioning and validation to ensure that the
SIS meets the intended design and specification.

e Operation and maintenance - specify the requirements necessary to ensure safe
operation across all modes, including start-up, normal operations, abnormal con-
ditions, and shutdown. Maintain the installed equipment, inspect and proof test
to verify its intended functionality and confirm it meets the target integrity and
reliability standards.

e Modification - to include analysis of the data collected from hazard and risk as-
sessments, plant operations, and maintenance activities to assess if modifications
are required to maintain or enhance protective functions.

Throughout the life cycle, emphasis is placed on key phase verification and func-
tional safety management activities, including competency management, planning, au-
diting, functional safety assessments, and configuration management [17].

2.2.1 Safety Instrumented Systems

A Safety Instrumented System (SIS) comprises multiple Safety Instrumented Functions
(SIFs), each designed to protect a process plant or facility from potentially hazardous
events. SIFs are designed to protect against specific hazardous events for example,
overfilling a storage tank or over pressurising a pipeline, hence preventing a loss of
containment. These systems typically culminate in the shutdown of the process that
prevents the flow of a hazardous material. Figure 2.3 illustrates a typical SIS architec-
ture consisting of sensor(s), logic solver(s) and final element(s) [17]:

Typically 4-20 mA Typically 24VDC
analogue signals digital signals
Sensor(s) Logic Solver(s) ‘ Final Element(s)
Pressure, level, flow, Programmable logic Emergency shutdown
and temperature controllers (PLCs) valves (ESDVs) and/or
transmitters and/or and/or hardwired contactors/relays for
switches relay systems pump and motor sets

Figure 2.3: SIS Architecture
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Sensors typically include process transmitters (pressure, temperature, flow, level).
Logic solvers typically include Programmable Logic Controllers (PLCs) and/or hard-
wired systems. Final elements typically include Emergency Shutdown Valves (ESDVs),
and/or contactors/relays (for pump motor stops). State-of-the-art sensors and PLCs
have onboard diagnostics allowing a quantity of dangerous failures to be diagnosed
when in operation, unlike ESDVs which do not have onboard diagnostics. The lack
of diagnostics emphasises the importance of proof testing ESDVs compared to other
components of a Safety Instrumented Function (SIF).

Figure 2.4 illustrates an example of a storage tank overfill protection SIF. In this
scenario, a storage tank is being filled with a highly flammable liquid, Liquefied Natural
Gas (LNG), where overfilling could result in a loss of containment and potentially
hazardous consequences such as fire and/or explosion.

Alarm [ __ s (S mmmmmmemam o BPCS |-occmeoooee
System i ! i
. i
b !
E ! oo Safety | . H
: ! : PLC 1ESDV i Level control
! ! i valve
Tank outlet i ! !
. 1 !
pipe to process ' ! . Tank inlet pipe
< = @ T from ship transfer

Figure 2.4: LNG Storage Tank with a Level Control System and Overfill Protection

The Basic Process Control System (BPCS) controls the level within the LNG tank
by measuring the actual level using level transmitter LT2 and comparing the measure-
ment with a defined control set-point. The level control valve is modulated accordingly
to maintain the desired level in the tank. Sensors are typically transmitters, also known
as Self-Monitoring, Analysis, and Reporting Technology (SMART') devices and are ca-
pable of continuously monitoring process measurements and have on-board diagnostics.
The high-level alarm generated by the LT1 level transmitter alerts the process operator
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in the control room if the BPCS fails to maintain the LNG level within the desired
range. In the event that the level control system and the high-level alarm system on
the tank fails, the safety instrumented function, which is an independent layer of pro-
tection, will prevent overfilling. The level transmitter (LT3) measures the liquid level
and sends the signal to the safety PLC which continuously monitors the level. When
the tank liquid level is above a certain level, known as a trip set point, the safety PLC
action is to initiate the closing of the ESDV to prevent further filling of the tank.

Figure 2.5 shows a High Integrity Pressure Protection System (HIPPS). The HIPPS
is a Safety Instrumented Function (SIF) that protects a process line from over-pressurising.
Overpressure can damage the process line, potentially causing a rupture and loss of
containment of hazardous materials, which may escalate into a dangerous event such
as a fire and/or explosion. Overpressure may be caused by, for example, failure of
equipment downstream or human error, i.e., closing an isolation valve in error. Upon
detection of high pressure in the process line, the logic solver activates the closure of
the ESDVs. The HIPPS configuration has multiple inputs, i.e., pressure transmitters
(PT1, PT2, PT3) and multiple outputs, i.e., emergency shutdown valves (ESDV1,
ESDV2). Multiple inputs and outputs provide redundancy, enabling the system to
tolerate a single device failure, a concept known as Hardware Fault Tolerance (HFT).
This redundancy enhances the integrity of the SIF, thereby improving overall system
reliability. The pressure transmitters are configured in a two-out-of-three (2003) voting
arrangement requiring two of three transmitters to register a high pressure before acti-
vation, or "tripping”, of the system, and thereby causing the ESDVs to close. The 2003
configuration also lends itself to reducing spurious trips, i.e., unintended activation of
the safety instrumented function caused by a transmitter fault. ESDVs are configured
in a one-out-of-two (1002) voting arrangement requiring either valve to close to ensure
a safe state is achieved.

1A 1A
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| poo===== ™ L
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Direction of flow —» i D g {> -
ESDV1 ESDV2

Figure 2.5: HIPPS Architecture [38]
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As part of ongoing maintenance, SIFs must be proof tested periodically to reveal
dormant dangerous failures, i.e., failures which are neither self-evident nor detected
by automatic diagnostics [17]. The frequency at which a device is proof tested is
determined by calculating the unavailability of the SIF, expressed as the Probability
of Failure on Demand Average (PFD,y,).

Table 2.1 shows the Safety Integrity Levels (SILs), for demand mode of operation,
and corresponding PFD,,, and Risk Reduction Factor (RRF) values. As discussed
previously, the SIL target for a safety instrumented function is determined prior to the
specification and design phase as part of the hazard and risk assessment process.

Table 2.1: Safety Integrity Level, PFD,,, and Risk Reduction Factor (RRF) [17]

Safety Integrity Level PEFD,yg Risk Reduction Factor
1 > 1072 to < 107} > 10 to < 100
2 > 1073 to < 1072 > 100 to < 1000
3 >10"* to < 107° > 1000 to < 10000
4 > 107" to < 10™* | > 10000 to < 100000

Parameters considered in the PFD,,, calculations include equipment failure dan-
gerous undetected failure rates (Apy), Proof Test Interval (PTI), Proof Test Coverage
(PTC) and Mission Time (MT). The equation for PFD,,, in its basic form, is given
by [25, 39]:

PTI MT
+(1—PTC) X)\DUXT (21)

PFD(wg:PTCX)\DUX

MT is the period of time between when the SIF (or device) is put into service and
when it is replaced or completely refurbished to ”as new” condition [40].

Smith [41] provides extended PFD,,, equations specifically designed for testing
regimes that incorporate both partial and full stroke testing.

Proof Test Coverage (PTC) is determined by the ratio of the sum of the revealed
dangerous undetected failure rates (Revealed Apy) to the sum of the total dangerous
undetected failure rates (7Total Apy), and expressed as a percentage [25]:

Revealed \py

PTC =
¢ Total )\DU

(2.2)

2.2.2 ESDV Assembly Components

An Emergency Shutdown Valve (ESDV) is a complex electromechanical device compris-
ing numerous components, all of which are potentially susceptible to failure in service.
This section outlines the main components of an ESDV: the Solenoid-Operated Valve
(SOV), actuator, and valve. Figure 2.6 shows a schematic of the main components of
an ESDV assembly, and Figure 2.7 shows a photo of an ESDV assembly in the field.
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Figure 2.6: ESDV Assembly Schematic

Figure 2.7: ESDV assembly in the field (A - SOV, B - Actuator, C - Valve) [42]

An SOV is a device that, upon activation by an electrical signal, delivers pressurised
air to an actuator. The actuator cylinder becomes pressurised and its piston moves in a
linear motion. The linear motion is converted to angular motion, via a rack-and-pinion
or scotch-yoke mechanism, allowing the valve to turn through 90 degrees to its driven
closed or open position depending on its fail safe mode. Removal of the electrical signal
allows the actuator cylinder to vent to atmosphere, allowing the actuator to return to
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its original position via spring force, hence opening or closing the valve.

2.2.2.1 Solenoid-Operated Valve (SOV)

An SOV is an electromechanical device that controls the supply of air to the actuator,
upon receiving an electrical signal from the logic solver, and determines whether or not
a valve is activated (opened or closed) by providing pressured air to the valve actuator.
As described earlier, an SOV is used to switch pressurised air to the actuator to allow
the actuator to open or close the valve. Figure 2.8 shows a commonly used SOV in
ESD applications, a pneumatic 3/2 direct-acting poppet type. A poppet is a type of
valve that is used in many mechanical systems, such as pneumatic or hydraulic devices.
It consists of a movable component, typically a disk or tapered plug, that seals against
a valve seat to control the flow of gases or fluids.

Figure 2.8: Solenoid-Operated Valve (SOV) [43]

3/2 relates to: three ports (pressure, control and exhaust) and two positions (ener-
gised and de-energised). An SOV used in safety applications is normally designed so
that it is De-energised To Trip (DTT), meaning that in normal operation the device is
energised allowing air to flow to the actuator, maintaining the valve in its open posi-
tion. In the event of a demand or a failure in signal integrity, the SOV will de-energise,
causing the valve to close. Operation of an SOV is via a solenoid coil which is energised
with an electrical signal from the safety PLC (typically 24VDC). The magnetic field
generated by the coil moves the armature which is connected to the poppet via a stem,
thus allowing instrument air to be supplied to the actuator.
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Figure 2.9 shows the energised solenoid position. Pneumatic air supplied from the
instrument air supply is connected to the pressure port (P). The control port (C) is
connected to the supply port of the actuator. In this position the actuator cylinder
will be pressurised by the instrument air flow from pressure port (P) to control port

(©).

Solenoid coil [} \ Return spring
T

Figure 2.9: Energised position - with electrical signal applied

Figure 2.10 shows the de-energised solenoid position. In this position, the actuator
cylinder will vent through the exhaust port of the SOV, allowing flow from the control
port (C) to the exhaust port (E). The exhaust port (E) vents to atmosphere.

c)

Solenoid coil [T I Return spring
1 [\
TlT
[
(2)P E(3)

Figure 2.10: De-energised position - without electrical signal applied

Figure 2.11 illustrates a more detailed view of a SOV.
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Figure 2.11: Solenoid-Operated Valve (SOV) - detailed view [43]

2.2.2.2 Actuator

An actuator is typically a pneumatic powered device that supplies force and motion to
open or close a valve via the air supplied from the SOV. This movement is normally
countered by a spring that holds the actuator in a normally closed or normally open
position unless the actuator receives a pneumatic signal. An actuator is a mechanical
device that converts linear movement of the actuator piston into rotational torque, to
allow movement of a quarter-turn valve. Actuators are typically either single-acting
or double-acting. Single-acting actuators use air pressure to move the piston in one
direction and rely on a spring for the return stroke. In contrast, double-acting actuators
require air pressure to move the piston in both directions and do not use a spring. Single
acting actuators are typically used for SIS ESDVs as they are fail-safe by design, loss
of air supply will allow the valve to move to its safe state via spring force. A commonly
used actuator, the single-acting scotch yoke type, is made of three main components:

e Housing containing the yoke mechanism.

e Pressure cylinder containing the piston.
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e Spring enclosure.

When air pressure is supplied into the cylinder chamber, a linear force is applied
to the surface of the piston. Due to the movement of the sliding block in the yoke
slot, an anti-clockwise rotation is generated on the yoke and the valve is driven to
the open position. At the same time, the actuator spring is compressed. Figure 2.12
illustrates when air pressure is removed, the spring is automatically released, the yoke
moves clockwise, driving the piston back to the starting position and thus the valve to
the fail-safe closed position.

Air out

Figure 2.12: Scotch Yoke Actuator [44]

Figure 2.13 illustrates a more detailed view of a scotch yoke actuator.

13
11 of
Eg T
10
1- Housing 8- Cylinder
2 - Guide block 9- Piston
3 - Guide bar 10- Tie rod
4 - Pistonrod 11 - Travel stop
5- Innercap 13 - Spring
6 - Outer cap 14 - Pressure supply port
7 - Yoke 15 - Pressure vent port

Figure 2.13: Actuator - detailed view [45]
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2.2.2.3 Valve

A valve is a device for controlling the flow of material in a pipeline and contains the
components that are wetted by the process fluid. Figure 2.14 illustrates a ball valve,
a commonly used valve in SIS applications. A ball valve is characterised by a long
service life and can provide a reliable sealing (two sealing faces) over its life span, even
when not in use for long periods.

Figure 2.14: Ball Valve [46]

A valve is made up of a number of components, typically:

e Body — the pressure containing part of the valve, which contains the components
that contact the fluid.

e Bonnet — closure for the valve body through which the stem passes.

e Obturator — a ball, disc, gate, or plug that is positioned in the flow stream to
permit or prevent flow with either linear or rotary motion.

e Stem — the connector from the actuator to the inside of the valve — transmits
force to move the obturator.

e Seat ring — the surface that the valve plug contacts when the valve is closed, thus
forming the seal.

Within these components there are subcomponents such as springs, bearings, and
seals which can fail individually thus causing the failure of that component.

Figure 2.15 shows the operation of a ball valve, with the ball moving from the open
to the closed position (from left to right), noting that this is a manually operated ball
valve as opposed to an actuated ball valve.
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Figure 2.15: Ball valve operation — sequence from left to right shows the valve transi-
tioning from fully open to fully closed.

Figure 2.16 illustrates a detailed view of a quarter-turn top entry full-bore, trunnion-
mounted ball valve with seat rings and springs.

1 - Stem seal

2 - Stem bush/bearing

3 - Bonnet

4 - Bonnet bolt

5 - Valve body

6 - Seat ring and springs
7 - Stem

8 - Obturator (ball)

9 - Trunnion bush/bearing
10 - Valve body seals

N

Figure 2.16: Ball Valve - detailed view [45]

Full bore indicating that the internal diameter of the valve is the same as the pipe
to which it is connected, used where the system pressure drop is a factor, in contrast
to a reduced bore which has a smaller diameter than the pipe to which it is connected.
A trunnion is used for larger valve sizes and is a supporting mechanism that allows
for more stability of the ball, hence reducing misalignment issues. A valve without a
trunnion is commonly known as a ”floating” type.

An ESDV is a complex electromechanical device designed to act as a critical safety
barrier in process facilities. Its complexity arises from the integration of various com-
ponents, including springs, seals, mechanical linkages, bearings, and bushes each of
which can contribute to its overall functionality. This intricate design inherently in-
troduces numerous potential failure modes, such as mechanical wear, seal degradation,
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component binding, and electrical faults. These potential failures underscore the im-
portance of rigorous testing, maintenance, and reliability analysis to ensure that the
ESDYV performs its intended safety function effectively under all operational conditions.

2.2.3 Proof Test Methods

Technis [76], Stewart [47], NAMUR [48] and Dearden [49] provide PTC values for
various types of proof tests, ranging from partial stroke testing to full stroke testing
conducted under operating conditions, including seat leakage testing. Partial stroke
testing is an option for a continuously running plant, as a full stroke test is not possible
without shutting the plant down [50]. Furthermore, Brissaud et al. [51] suggests
a combination of partial and full testing as a means to optimise the performance of
safety-related systems. Stewart [47] identifies five different ESDV assembly proof tests,
which include:

1. Partial stroke test - the valve is typically moved from 5% to 20% [52-54], online
(under process operating conditions).

2. Full stroke test — the valve moved to its fully closed (or open) position, offline
(not under process operating conditions).

3. Full stroke test at process operating conditions — as per test (2) with the valve
online.

4. Full stroke test and leak test — with the valve offline.

5. Full stroke test at process operating conditions and leak test — as per test (4)
with the valve online.

Full stroke testing under operating conditions, when the plant is live and the valve
is online, is generally considered undesirable from an operator’s perspective, as it dis-
rupts process conditions and may potentially lead to a plant shutdown. In practice,
offline Full Stroke Testing (FST) and online Partial Stroke Testing (PST) are the most
commonly used test regimes in industry. As discussed, partial stroke testing is usually
implemented in facilities where the process is continuously operating for extended peri-
ods between planned shutdowns, such as refineries and chemical plants. The trade-off is
that a FST offers greater proof test coverage but can disrupt plant operations, whereas
a PST provides lower proof test coverage but is less disruptive as it can be conducted
without affecting plant uptime. Depending on the plant’s design and operation, proof
testing can be optimised by combining full and partial tests, ensuring maximum proof
test coverage while minimising plant downtime.

2.2.3.1 Process Safety Time

Process safety time is a parameter defined as the time period between a failure that
occurs in the process or the basic process control system (with the potential to cause a
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hazardous event) and the occurrence of the hazardous event if the Safety Instrumented
Function (SIF) is not performed [17].

Calculating process safety time allows the response time of the SIF to be determined
which is a key design parameter and a SIF safety requirement [17]. The ESDV is
specified with a closing time to align with the SIF response time. The specified closing
time then serves as a proof test metric for assessing the ESDV’s performance and
verifying the Delayed Operation (DOP) failure mode. Closing time is also a good
measure of valve performance, as historical data will provide insight into potential
degradation.

2.2.3.2 Tight Shut-Off (TSO)

Technis [76], Stewart [47], NAMUR [48] and Dearden [49] have also included test
regimes for Tight Shut-Off (T'SO) applications. TSO refers to the ESDV’s ability to
completely stop the flow of a fluid when it is in the closed position, ensuring no mea-
surable leakage past the valve. TSO is typically an operational requirement for the
isolation of plant sections rather than a means to suppress a potentially hazardous
event; typically, simply throttling the flow is sufficient for a Safety Instrumented Func-
tion (SIF) [49]. This is a common misconception, as company standards often mandate
TSO without adequately considering the specific requirements of the SIF. Specifying
TSO leads to onerous testing and maintenance; therefore, to achieve an effective proof
test, the test must include a seat leakage test that meets the specified TSO seat leakage
class. In reality, this type of testing is difficult to implement as additional equipment
needs to be considered for test and verification purposes, which typical process piping
designs do not normally incorporate. If online seat leak testing is not feasible, the test
can be performed with the valve out of service in a workshop environment. In this
setup, the valve is pressurised on the inlet side, while the leak rate is monitored on
the outlet side. Removing and reinstalling equipment can introduce additional risks,
such as human error during reinstallation and the need for recommissioning and testing
before the equipment is returned to service. Therefore, it is essential to ensure that
ESDVs are properly specified to meet the requirements of the SIF.

2.2.4 Partial Stroke Testing (PST) in More Detail

Partial Stroke Testing (PST) complements Full Stroke Testing (FST) rather than re-
placing it. The reliability improvement obtained by introducing PST can be used in
two ways [55]:

1. To improve safety: PST is added to the initially scheduled FSTs. This leads to a
reduction in the calculated PFD,,,. With a lower PFD,,,, the safety improves.

2. To reduce costs: The potential reliability improvement is used to extend the
interval between FSTs so that the calculated PFD,y, is kept unchanged. As a
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result, operating and maintenance costs may be reduced as less man-hours and
less plant downtime.

An important aspect of functional safety is the ability to detect device failure, e.g.,
incipient, degraded, and functional, so that identified failures can be corrected. For
actuated valves, such as ESDVs, complete online testing is limited in many applications.
The extension of fixed equipment maintenance intervals, i.e., plant outages, has resulted
in reduced off-line test opportunities, and the actuated valve must meet the required
reliability in the operating environment.

PST is a method of proof testing that requires the valve to be stroked typically 5%
to 20% of its travel, allowing testing to be carried out online without impacting the
process. PST can be performed on-line with a wide variety of equipment and can
be executed either manually or automatically. The focus of this research relates to
manual periodic PST. PST may provide early detection of valve failures and provide
indications of developing valve movement failures.

The main advantages of performing PST is the ability to test a valve assembly when
the process is online without having to bypass the process. The limitations of a PST
is that it is not possible to verify certain failure modes in comparison to an FST. For
example, it is not possible to verify the following dangerous failure modes:

e Fail to Close (FTC) - although it is possible to verify stuck in the open or closed
position, it is not possible to determine whether the valve would fully close.
Therefore, it is possible to partially verify FTC.

e Delayed Operation (DOP) - it is not possible to verify if the valve assembly would
close in the specified time, but it is possible to verify the closure time for 20% of
the valve travel.

e Leak in the Closed Position (LCP) - it is not possible to verify valve seat leakage
using PST.

2.2.4.1 Partial Stroke Testing (PST) Methods

The following describes a number of different methods of carrying out a partial stroke
test, both manual and automated type tests:

e Mechanical limiting - Mechanical limiting methods involve the installation of
a mechanical device to limit the degree of ESDV travel [56]. When mechanical
limiting methods are used, the ESDV is not available for process shutdown during
the partial stroke test. Mechanical devices used for partial stroke testing include a
valve collar, valve jack, mechanical jammer, or an actuator-integrated mechanical
stop.

e Travel limiting devices - These devices include any pneumatically or hydrauli-
cally engaged mechanical travel limiting devices that are internal to the ESDV
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actuator. These limiting methods may involve the addition of tandem pistons
within the actuator, where adjustable tandem pistons act as pneumatically en-
gaged travel stops for the primary pistons. While the primary pistons enable full
actuator stroking, the tandem pistons provide adjustable stroke limitation [58].

Valve positioner - These devices use an electro-pneumatic or electro-hydraulic
positioner to move the valve to a pre-determined point. An option for the auto-
matic PST function requires the use of the intelligent valve positioner instead of
a Solenoid-Operated Valve (SOV). PST can be conducted manually or automati-
cally as a manufacturer standard function of the positioner. When the positioner
receives the start trigger, the ESDV moves to a preset position and then re-
turns to the original position, with continuous monitoring of the ESDV position
and travel time [57]. Positioners transmit diagnostic information to maintenance
personnel through both local and online systems.

Solenoid-Operated Valve (SOV) - Several different approaches have been used to
perform a PST by removing or reapplying power as required to allow SOVs to
change state. The test can be conducted by operating a field-mounted switch,
which de-energises the solenoid coil for as long as the switch is held. The field
operator monitors the ESDV position and releases the switch once the ESDV
movement is confirmed. When the ESDV moves, it can be inferred that the SOV
has successfully vented. One of the risks is that the operator may hold the switch
too long, allowing the ESDV to disrupt the process, resulting in a possible plant
shutdown [56]. The use of pneumatic travel limit switches to restrict the travel
of the ESDV can be used to prevent such scenarios. An example of this type of
configuration with limited actuator travel is shown in Appendix A.1.

During PST with a simplex SOV, the solenoid is de-energised and then re-
energised. Failure of the SOV to reset will cause the ESDV to fully close and
shut down the plant. Using redundant solenoid valves can effectively prevent this
problem [58].

2.3 ESDYV Proof Test Coverage

2.3.1 Importance of Proof Test Coverage and Guidance

As highlighted by Gubert et al. [59] the majority of the literature on the subject of
proof testing tends to ignore Proof Test Coverage (PTC), hence the assumption that
proof tests are perfect and capable of detecting all failure modes. This overestimation
can lead to very optimistic results. This approach is also reflected in industry, many
operators do not consider PTC in SIF Probability of Failure on Demand Average
(PFD,yg) calculations. This issue is very much historical, as during the infancy of
functional safety, even associated international standards, IEC 61508 [32] and IEC
61511 [17], overlooked PTC. These standards have since evolved with revisions that

27



now include PTC requirements, albeit with limited guidance. Table 2.2 shows the
evolution of functional safety standards in relation to PTC:

Table 2.2: TEC Functional Safety standards historical PTC requirements and guidance

IEC Title Edition, Year | PTC PIC

Standard Requirements | Guidance

61508 FS of electrical/electronic/ 1, 1999 Not provided | Not provided

(Parts 1-6) programmable electronic safety- 3.2010 Provided Minimal
related systems

61511 FS — safety instrumented 1, 2003 Not provided | Not provided

(Parts 1-3) zz(s;?;:ls for the process industry 3.2016 Minimal Not provided

The effect of imperfect testing has a negative impact on the SIF PFD,,,, and after
each proof test the PFD,,, increases; eventually, after several intervals of proof testing,
the PFD,y, is significantly higher due to the poor effectiveness of the proof test [60]. It
is important that the SIF design phase incorporates a design that produces the most
effective proof test and that the effectiveness of the test, i.e., PTC is incorporated
within the SIF PFD,,, calculations [61]. Likewise, Hokstad et al. [62] places emphasis
on incorporating PTC in the SIF PFD,, calculations if the proof tests are imperfect.
Similarly, Green and Bell [25], Abonyi et al. [63] and Rielly [64] demonstrate by
calculation, using various values of PTC, the effects on PFD,,,. In some cases, there can
be a significant difference, of an order of magnitude, in the results, which emphasises the
importance of including accurate estimates of PTC in the calculations. Jin et al. [65]
also emphasises the effects of imperfect proof tests on system PFD,,, using a modelling
tool presented by Hauge et al. [66] which differs from the IEC 61508 [32] approach —
but the results are comparable. There is consensus that guidance on determining PTC
is limited; Lundteigen and Rausand [67] suggest that many authors on the subject of
PFD,ys calculations have discussed how to include PTC in SIF PFD,,, calculations,
but not how to determine test coverage. Similarly, Jin et al. [68] states that the
guidance is sparse and that the authors have discussed approaches to determine the
PTC that are based on expert judgement, and that there is little guidance available
on how to estimate PTC, and the values used in many SIF PFD,, calculations are
assumptions. Furthermore, Smith [69] adds that there are several sources that offer
guidance on the subject, but due to the lack of data related to the results of the proof
test, it is more likely that they are based on subjective judgement rather than empirical
data.

2.3.2 Methods for Estimating PTC

Several methods are used to determine the PTC, including semi-quantitative and quan-
titative methods. Several authors have identified the use of a quantitative Failure
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Modes and Effects Analysis (FMEA) as a means of determining proof test coverage.

FMEA is a qualitative method that identifies potential failure modes, their causes,
and effects on a system. In contrast, Failure Modes, Effects and Diagnostics Analy-
sis (FMEDA) extends FMEA by adding quantitative data such as failure rates and
diagnostic coverage, making it suitable for safety-critical applications. FMEDA is a
technique originally developed to determine the diagnostic coverage of electronic equip-
ment, by identifying the failure modes of electronic components and their effects on
the system and whether the failures are detected or not by diagnostics [70]. The tech-
nique requires component failure rates to be assigned to failure modes which allows
the distribution of failures and the overall diagnostic coverage to be determined. The
FMEDA technique as described by Stewart [47] can also be used to determine proof
test coverage of mechanical systems such as ESDVs. Similarly, Easton [71] and Green
and Bell [25] agree that FMEDA is an appropriate tool for this purpose. Furthermore,
Lundteigen and Rausand [67] suggest the use of an FMEA-type study to determine
proof test coverage for partial stroke testing valves. Following the work of Bukowski
and van Beurden [72], estimates of the effectiveness of the proof test can be determined
using FMEDA and evaluating dangerous undetected failures that can be revealed from
specific proof test procedures.

Easton [71] and Green and Bell [25] suggest that the preferred approach is to use
IEC 61508 compliant equipment and refer to the manufacturer’s safety manual for
PTC values. Easton [71] also suggested that, in cases where the valve safety manual
provides limited information, the operator (end user) should conduct an FMEDA. If
this is not feasible, alternative methods for estimating PTC are recommended, such
as the approach presented by Technis [76]. Valve manufacturer safety manuals are a
valuable resource and a good starting point; however, the proof test information they
provide often does not align with the specific requirements of the end user and the
test procedures are frequently vague in their descriptions. For example, it is common
for manufacturers to provide a PTC value for a full stroke proof test that requires
verification of valve seat leakage. In reality, it is much the case that the valve proof
test does not include this verification, hence the quandary of knowing what value is
appropriate for PTC. With regard to the operator conducting an FMEDA and com-
paring the output against the proposed proof test procedure to determine the PTC —
this requires expertise that is not readily available to the end user.

2.3.3 Failure Rate Data

Failure data used in the FMEDA, identified by O'Brien et al. [73], are based on a
number of sources, including component failure rate databases, equipment failure rate
databases, equipment manufacturer field return data, and cyclic test data. Since cyclic
testing assumes constant dynamic operation, it is suitable only for safety functions
with high demand rates (at least once a week) [74]. NAMUR [48] uses failure rate
data from user experience gained with fault data management and industrial fault
databases. Abdelrhafour et al. [75] provides a number of methods, one of which is
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FMEDA, but where there is a lack of plant equipment failure data, generic failure
rate data, such as data from Offshore and Onshore Reliability Data (OREDA) [26],
are used instead. Similarly, Smith [69] suggests using Failure Rate Data In Perspective
(FARADIP) [29] data for failure modes and failure rates. Valve service companies offer
another potential avenue for valve failure rate data. These types of companies typically
record the findings of the evaluation of a failed valve and the remedial work required
to return to "as new” condition (this can be both in the field with the valve installed
on the plant or in the workshop). Due to the large uncertainties of equipment failure
rates and varying failure modes, precise values of proof test coverage are not possible
[49]. Similarly, Isenburg [77] argues that the absence of a standardised database for
mechanical component failure rates introduces subjectivity, which in turn affects the
reliability of the assessment outcomes. Data sources can include generic failure rates
from component and equipment databases, such as OREDA [26], SINTEF [27] and
FARADIP.FOUR [29], and field data (from operators — maintenance and test data),
manufacturers data (FMEDA and warranty returns) and service company data. This
multi-source approach has been adopted by NAMUR  [48], whereby generic PTC values
are derived from a combination of sources, including manufacturer FMEDA results,
user experience with fault data management, industrial fault databases, and theoretical
modelling.

A comparison of equipment failure rates from the OREDA [26], SINTEF [27],
FARADIP [29], and SILSafe [78] databases reveals significant variations, indicating
a degree of uncertainty. The dangerous failure rates for an ESDV assembly range from
approximately 200 FIT to 2500 FIT. Experts also have different opinions on the failure
rates of mechanical components. The impact of this is that the proof test coverage
estimates are likely to vary, which is highlighted in the next section.

2.3.4 Variation in Proof Test Coverage Estimates

A commonly used ESDV assembly proof test is the full stroke test, which is a test
that is offline, i.e., not under process conditions, with a timed closure and does not
include a seat leakage test. Figure 2.17 illustrates the wide range of published Proof
Test Coverage (PTC) estimates for a full stroke test.
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Figure 2.17: Published Full stroke test PTC estimates. Stewart [47], Abdelrhafour et
al. [75], ISA TR96 [79], Dearden [49], NAMUR [48], Technis [76], Ottermo [27], ISA
TR84 [80]

The PTC estimates were determined by the following methods: Abdelrhafour et al.
[75], Technis [76] and Dearden [49] use qualitative credit scoring methods, Stewart [47]
quantitative (FMEDA) and ISA TR84 [80], ISA TR96 [79], NAMUR [48] and Ottermo
[27] use a combination of quantitative and semi-quantitative methods. It should be
noted that the method presented by Abdelrhafour et al. [75] and assumes seat leakage
rate testing to ANSI FCI 70-2 [81] is part of the proof test, hence the particularly low
estimation of PTC. Likewise, ISA TR96 [79] assumes that the valve has a defined seat
leakage rate requirement, such as tight shut-off.

In addition, the estimate presented by Ottermo [27] has been derived from the
NAMUR [48] estimate but includes additional factors. The literature review confirms
that there is a wide range of estimated values of PTC for the same type of proof test,

e., from 35% to 90%. The variance if applied to PFD,,, calculations produces a
significant difference in the result, almost an order of magnitude, and can impact the
proof test interval, which can be a concern from both a safety and an operating cost
perspective. Although there is a wide variance in PTC values, there is some agreement
that proof testing should not be assumed 100% [73]. Furthermore, PTC is a range
from 0% to 100%, but is generally between 40% and 90% [47], the PTC value depends
on the type of test being performed. An interesting observation is that some authors
include in their guidelines a specified percentage of the PTC to be allocated to physical
inspection of the equipment, with values ranging from 1% to 20%. This approach seems
misguided in terms of in situ testing as inspection would not normally be invasive to
the extent of revealing any undetected failures.
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A full stroke test does not typically test the integrity of the valve seats by leakage
testing; hence the majority of dangerous failures of an ESDV assembly that cannot be
revealed are associated with the valve itself. The SOV and actuator operation can be
tested with a high degree of confidence as quoted by O’Brien et al. [73], suggesting
following PTC estimates; SOV 95%, actuator 95%, valve 55%. O’Brien et al. [73] also
include PTC values for different valve types such as gate, ball, and butterfly valve.

Figure 2.18 illustrates the wide range of published PTC estimates for partial stroke
testing, similar to the variability observed for full stroke testing.
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Figure 2.18: Published Partial stroke test PTC estimates. Stewart [47], Abdelrhafour
et al. [75], ISA TR96 [79], Dearden [49], NAMUR [48], ISA TR84 [80], Lundteigen
[67], Summers [56]

2.4 Managing Uncertainty in Data

In reliability and safety assessments, managing uncertainty is a critical concern, partic-
ularly when dealing with incomplete, imprecise, or subjective data. A range of meth-
ods has been developed to address this challenge, broadly categorised into established
mathematical frameworks and more recent Al-based techniques. The following subsec-
tion first focuses on conventional methods, including probabilistic approaches, fuzzy
set theory, possibility theory, and evidence theory. This is followed by a discussion of
Al-based approaches that have emerged as powerful tools for handling uncertainty in
complex and data-limited environments.
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2.4.1 Conventional Approaches to Managing Uncertainty in
Data

As highlighted in section (2.3.3) there is varying opinion on failure rate data associated
with ESDVs, hence the data are subjective indicating a degree of uncertainty. More
work is required to manage the uncertainty of the data, as discussed in this section.

According to Pate’Cornell [82] there are two sources of uncertainty, Aleatory uncer-
tainty or Epistemic uncertainty. Aleatory uncertainty arises from the natural variabil-
ity of the physical world and represents the inherent randomness found in nature. It
exists naturally, independent of human knowledge. Conversely, epistemic uncertainty is
a systematic uncertainty that is due to a lack of knowledge and the subsequent ability to
model and measure the studied system. When data are available, epistemic uncertainty
can be expressed using probabilities and reduced by collecting additional information
about the system being studied [83]. In contrast to aleatory uncertainty, which is in-
herent and cannot be reduced, epistemic uncertainty can be diminished through better
understanding, improved data, and more accurate modelling techniques.

According to Yiping et al.[84] the main theories for managing data uncertainty in-
clude probability theory, fuzzy theory, info-gap theory, and derived uncertainty theory.
Salahdine et al. [83] suggest that there are several methods to handle uncertainty in
data and avoid imprecise decisions. These are classified into four categories: proba-
bilistic, fuzzy set, evidence-based, and possibility-based theories. Figure 2.19 provides
an overview of these theories.

Handling Epsitemic
Uncertainty
Techniques

Probabilistic Theory Fuzzy Set Theory Evidence Theory Possibility Theory

Figure 2.19: Theories for handling epistemic uncertainty [83]

Yiping et al.[84] state that probability theory is the most widely used method in
almost every field. Monte Carlo and Bayesian methods are two common probabil-
ity theory approaches for addressing epistemic uncertainty, which arises from limited
knowledge or data in a system.

Monte Carlo (MC) methods refer to a broad category of stochastic simulation tech-
niques widely applied to solve optimisation and inference problems in science and engi-
neering. MC methods operate by generating a large set of potential parameter values,
allowing integrals to be approximated by sampling averages. In practice, these param-
eter values are obtained by physically replicating the experiment or by probabilistically

33



modelling it and generating random samples [85].

The Bayesian method is a data analysis approach grounded in the Bayes theorem.
In which existing knowledge about parameters is updated within a statistical model
using observed data. This prior knowledge is represented as a prior distribution and,
when combined with observational data through a likelihood function, produces the
posterior distribution. The posterior distribution can then be used to make predictions
about future events [86].

Fuzzy set theory, introduced by Lotfi Zadeh in 1965, extends classical set theory
to handle uncertainty and vagueness in data by allowing partial membership in sets
[87]. Unlike traditional sets where an element belongs or does not belong, i.e., its
binary (0 or 1), fuzzy sets assign a degree of membership to each element, ranging
from 0 (no membership) to 1 (full membership) [89]. This flexibility makes fuzzy set
theory especially useful in situations where boundaries are not sharply defined, such as
linguistic or subjective assessments. Widely applied in fields such as control systems,
decision making, and data analysis, fuzzy set theory provides a structured way to
incorporate imprecise information into mathematical models.

Evidence theory, also called theory of belief functions or Dempster-Shafer Theory
(DST), is a mathematical theory of evidence. Developed by Dempster [90] and further
expanded by Shafer [91], the Dempster-Shafer theory can be interpreted as a gener-
alisation of probability theory where probabilities are assigned to sets as opposed to
mutually exclusive singletons. In traditional probability theory, evidence is associated
with only one possible event. In DST, evidence can be associated with multiple possi-
ble events, for example, sets of events. As a result, evidence in DST can be meaningful
at a higher level of abstraction without having to resort to assumptions about events
within the evidential set [92].

Possibility theory is a method to mitigate uncertainty and incomplete or impre-
cise data in multi-source information [93]. Possibilistic methods assess the degree of
feasibility (or possibility) of events rather than their probability, and they are often
applied when dealing with imprecise or incomplete information. Possibilistic logic in-
corporates certainty and possibility degrees that are not compositional for all logical
connectives and are applied to classical formulas, which means that they involve only
clear, precise and well-defined statements, without ambiguity [94]. Possibilistic logic
traditionally applies to classical logic statements that are either true or false. Then,
the possibilities and the certainty degrees are assigned to these definitive statements to
reflect confidence levels, but the statements themselves remain clear and unambiguous
in their content. This logic framework is used to manage uncertainty by attaching
these degrees to statements, providing a way to handle partial belief or feasibility in a
structured manner.

Fuzzy set theory is good at handling human ambiguity by modelling epistemic
uncertainty through fuzzy sets with membership functions. Salahdine et al. [83] suggest
that fuzzy theory is easy to implement and interpret.

Fuzzy set theory when used in a Fuzzy Inference System (FIS) offers a distinct
approach to handling uncertainty compared to other methods such as Monte Carlo,
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Bayesian, and Dempster-Shafer methods. FIS is particularly effective when dealing
with subjective and vague expert input [95, 96], as it translates linguistic terms into
numerical values through fuzzy sets. Unlike probabilistic approaches that require pre-
cise probabilities or distributions [97], FIS can manage qualitative assessments, which
are often easier to obtain in practice and more reflective of real-world expert knowledge.

An FIS tends to be more intuitive and interpretable than probabilistic methods
[98]. The IF-THEN rule structure in FIS aligns closely with human reasoning, making
it easier to explain the decision-making process to stakeholders. In contrast, Monte
Carlo and Bayesian methods may involve complex statistical models and computations
that can make results more difficult to interpret.

Although Bayesian and Dempster-Shafer approaches rely on probability distribu-
tions or belief functions [99], FIS uses degrees of membership, which do not require pre-
cise probabilities. This flexibility is advantageous when data are limited or uncertain,
allowing FIS to provide reliable outputs even with minimal or ambiguous input data.
Kulkarni and Johnson [100] propose a Dempster-Shafer theory approach to FMEA to
aggregate responses from multiple sources, team members, and experts. Combining
responses overcomes the subjective issue of assigning weights to different team mem-
bers. However, the implementation of DST to FMEA highlighted some issues using
the Dempster rule of combination.

An FIS is computationally less intensive than Monte Carlo simulations, which re-
quire numerous iterations, or Bayesian analysis, which often requires advanced algo-
rithms to estimate posterior distributions [101]. For applications requiring real-time
decision making or when computational resources are limited, an FIS can provide faster
results with fewer computational demands.

An FIS does not strictly require data distributions and can work effectively with
imprecise or limited data. Probabilistic methods such as Bayesian and Monte Carlo
often assume well-defined data distributions [101], which may not always be available
or reliable. In comparison, FIS adapts to the variability within the input data using
fuzzy sets, providing robustness regardless of data limitations.

Although an FIS offers a powerful means of capturing expert knowledge and man-
aging uncertainty, it is not without limitations. One key limitation lies in the subjec-
tivity involved in defining membership functions and rule sets, which may vary between
experts and introduce inconsistency [102]. Furthermore, as the number of input vari-
ables increases, the IF-THEN rule base can grow exponentially, making the system
increasingly complex and difficult to manage. Traditional FIS models also lack adap-
tive learning capabilities and do not automatically update based on new data unless
integrated with machine learning techniques [98]. Despite these limitations, the FIS
remains a highly valuable tool in scenarios where data are sparse or uncertain, and
expert judgement plays a critical role.

In summary, a fuzzy inference system is especially valuable when dealing with am-
biguous uncertainty, meaning uncertainty that does not stem from random variability
but rather from vagueness, imprecision, or incomplete knowledge. This makes a fuzzy
inference system ideal for applications where practical decision making relies on exper-
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tise or intuition rather than purely statistical or probabilistic data.

2.4.2 Al Techniques for Managing Uncertainty in Data

Artificial Intelligence (AI) has become increasingly important in reliability engineering,
predictive modelling, and decision support, particularly in situations involving incom-
plete, uncertain, or noisy data. Given its growing role across these domains, it is now
almost essential to review the range of Al techniques available, particularly those capa-
ble of handling uncertainty in engineering decision making. Several Al methods have
emerged as particularly relevant for such applications, each with unique strengths and
limitations.

Artificial Neural Networks (ANNs) are widely used for capturing non-linear rela-
tionships in complex datasets. They are especially effective in pattern recognition and
predictive modelling. Despite being powerful learners, ANNs are often criticised for
their ”black-box” nature and lack of transparency. Zhang et al. [103] provided a com-
prehensive review of their forecasting capacity, noting that while ANNs can outperform
traditional models, they require careful tuning and large datasets to be effective.

To improve the stability and accuracy of predictions, ensemble learning methods
such as Bagging and Boosting have been developed. Bagging reduces variance by train-
ing multiple models on bootstrapped data subsets and averaging the results. Boosting
reduces bias by sequentially focussing on errors made by previous models. Dietterich
[104] highlighted the robustness of ensemble methods, particularly in scenarios with
noisy data.

Reinforcement Learning (RL) is a dynamic learning approach in which an agent
interacts with an environment to learn optimal actions through trial and error, guided
by a reward signal. Kaelbling et al. [105] provided a foundational survey of RL,
highlighting its potential for sequential decision making in uncertain and adaptive
environments.

In contrast to data-intense models, Gray System Theory (GST) is designed for
systems with small samples and poor or incomplete information. Introduced by Deng
[106], GST uses differential equations to forecast trends with minimal data. Lin and
Liu [107] suggest its utility in forecasting and decision analysis, particularly where
statistical assumptions of traditional models cannot be satisfied.

Finally, Digital Twin (DT) modelling integrates real-time data from physical sys-
tems with virtual models to simulate, predict, and optimise system behaviour. This
approach has gained traction in smart manufacturing and asset management. Tao et al.
[108] reviewed the state-of-the-art in industrial digital twins, identifying their value in
predictive maintenance, operational efficiency, and decision support under uncertainty.

Together, these Al methods form a toolkit for addressing various dimensions of
uncertainty in engineering contexts, ranging from real-time system simulation to data-
driven prediction and decision making under incomplete information.

The next section provides a more detailed discussion of fuzzy inference systems.
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2.5 A Comprehensive Overview of Fuzzy Inference
Systems

Fuzzy inference systems can manage and process imprecise, vague, or ambiguous data
effectively. This aspect is fundamental in real-world applications where data might be
imprecise or subjective.

Fuzzy inference is the process of formulating the mapping from a given input to
an output using a set of rules. The mapping then serves as a foundation for making
decisions or identifying patterns. The two main types of fuzzy inference systems are:
Mamdani [109] and Sugeno [110], also known as the Takagi-Sugeno-Kang (TSK) fuzzy
inference system. These types of inference systems vary in the way their outputs are
determined.

With Mamdani-type inference, the output membership functions are fuzzy sets.
Following the aggregation process, there is a fuzzy set for each output variable, which
requires defuzzification. The Sugeno method of fuzzy inference is similar to the Mam-
dani method; for example, the first two parts of the fuzzy inference process, fuzzifying
the inputs and applying the fuzzy operator, are exactly the same. The main differ-
ence between Mamdani and Sugeno fuzzy inferences is that the output membership
functions are only linear or constant for Sugeno-type fuzzy inference [111].

The Mamdani rule-based fuzzy inference system is the most commonly used system
and has two types, Type-1 and Type-2. A traditional Type-1 membership function has
a single membership value or any value in the universe of discourse. Consequently,
although a Type-1 membership function represents the degree of membership within
a specific linguistic set, it does not account for the uncertainty in that degree of mem-
bership. To model this uncertainty, Type-2 [112] interval membership functions can be
used. In these Type-2 membership functions, the degree of membership is represented
by a range of values. The most commonly used out of the two types is the Mamdani
Type-1 inference system due to its simplicity of application.

A fuzzy set consists of a universe of discourse and a membership function that
maps every element in the universe of discourse to a membership value between 0 and
1. Formally defined, suppose X is the domain or universe of discourse, and z€X is a
specific element of the domain X, then, the fuzzy set A is characterised by a membership
mapping function:

pa(z) : X —[0.1] (2.3)

Therefore, for all x€ X, pA(x) indicates the certainty with which element z belongs
to fuzzy set A.

The membership function graphically represents the degree of participation for each
input. The membership function is used to associate the degree of membership of each
of the elements in the domain of the corresponding fuzzy set. Figure 2.20 illustrates
the various components of a fuzzy set.
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Figure 2.20: Fuzzy set components

Membership functions for fuzzy sets can be of any shape; the most commonly used
are triangular, trapezoidal, and Gaussian [113]. The choice of membership function
can be guided by the characteristics of the data and the desired behaviour the Fuzzy
Inference System (FIS) is expected to display. The triangular membership function
is considered the most simplistic and computationally efficient and is used in systems
where data is limited. The trapezoidal membership function provides more flexibility
than the triangular one when there is a need to capture a wider range of inputs as
having the same membership grade, i.e., where a range of values can be considered
fully belonging to a set. The Gaussian membership function is applied when the data
follows a normal distribution or when smooth, gradual transitions between fuzzy sets
are anticipated. In practice, a combination of these membership functions can be used
to achieve a balance between effectiveness and smoothness, depending on the specific
requirements of the FIS.

The graphical representation of the most common shapes, as described by Sabri et al.
[114], is presented as follows.

Triangular function, defined as:
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Gaussian function, defined as:
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2.5.1 The Mamdani Fuzzy Inference System

Figure 2.24) shows the main elements of a Mamdani (Type-1) Fuzzy Inference System
(FIS) as used in this research. In this case, the system inputs are the failure rates of the
ESDV component and the probability of revealing a failure during a proof test. The
output is the weighted revealed failure rate which is a consequence of the two inputs.

Rule Base
IF...THEN...
IF...THEN...
v
System System
Output
Inputs Fuzzification — Inference » Defuzzification _p»
» Component System »  Weighted
failure rate reyealed
* Probability of A A failure rate
revealing a
failure
Data Base

Low Med High

Failure rate

Membership

Figure 2.24: Mamadani FIS

The crisp inputs are converted to linguistic terms using membership functions, a
process called fuzzification. Figure 2.25 shows an example of a fuzzy set (triangular
type). This fuzzy set represents the input of the component failure rate and is divided
into five membership functions representing the universe of discourse (0 to 220 FIT)
using linguistic terms from Very Low (failure rate) to Very High (failure rate). A
Failure in Time (FIT) is defined as one failure in one billion operating hours. The
degree of membership in a fuzzy set is indicated by the y axis from 0 to 1, where 0
suggests that there is no membership in a fuzzy set and 1 is membership 100%. For
example, if the component failure rate input is 50 FIT then it is both a member of the
Very Low and Low fuzzy sets, approximately 0.6 and 0.35, respectively.
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Figure 2.25: Triangular membership function

As discussed, membership functions can differ in shape depending on the appli-
cation, with the most common types being triangular, trapezoidal, and Gaussian.
The number of membership functions can also vary, which is also application-specific.
Higher accuracy is obtained by using a greater number of membership functions.

Following the fuzzification process, the linguistic terms representing the input are
subjected to an IF-THEN rule base. The rules are based on application-specific in-
put/output criteria and are designed to activate outputs, which are also linguistic
variables. Taking the universe of discourse for the probability of revealing the failure
is in the range 0.5 to 1. Multiple rules can be activated with a single set of inputs. An
example rule is given:

IF the Component Failure Rate is Low AND the Probability of Revealing the
Failure is High THEN the Weighted Revealed Failure Rate is Low

Two processes that take place within the inference system: Implication and Aggre-
gation [20]. Implication is the process of combining two or more inputs, also known as
Antecedents. Implication is dependent on the operator used in the rules, for example
if an AND operator is used as in the example above then the MINIMUM value (degree
of membership) of the two inputs is taken forward to create a Consequent, the output.
Subsequently, if an OR operator is used, then the MAXIMUM value is taken forward.
The example in the following, Figure 2.26, shows the AND operator based on com-
ponent failure rate = 50 FIT and probability of revealing the failure = 1. Two rules
are activated. The minimum degree of membership of the two inputs for each rule,
shown with a green dotted line from the component failure rate input to the output
(the weighted revealed failure rate).
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Figure 2.26: Demonstration of two activated rules, showing how inputs are selected,
implications are applied, and outputs are aggregated in the fuzzy inference process.

Aggregation is the process of merging the outputs of the two or more rules to form
a common fuzzy output, using an OR operator, which in this case is the resultant
Weighted revealed failure rate. This is the most common type of Mamdani inference
system, also known as the Min-Max.

Defuzzification is the final step in the process through which the linguistic output
of the rules is converted back into a crisp value. The most common method is by
calculating the centroid (centre of area or centre of gravity) of the resultant geometric
shape from aggregation. Other methods of defuzzification are available such as max-
membership, weighted average, and mean-max membership. An example of centroid
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defuzzification is shown in Figure 2.27. The centroid is shown by the red dot and the
arrow indicating the crisp output value, in this case 44 FIT.
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Figure 2.27: Centroid defuzzification - the red arrow showing the crisp output value

The next section discusses the performance measures and metrics used to evaluate the
FIS design.

2.6 Performance Measures and Metrics used for
Model Evaluation

Safavi et al. suggest that the performance of Fuzzy Inference Systems (FIS) designs
should be evaluated against the coefficient of determination (R?), Mean Absolute Error
(MAE) and Root Mean Square Error (RMSE) [115]. However, Mean Squared Error
(MSE) is often preferred over Mean Absolute Error (MAE) in modelling FIS because
MSE penalises larger errors more heavily due to the squaring of differences. This
sensitivity can be advantageous in FIS modelling, where the goal is often to minimise
significant deviations and improve model precision. The emphasis of MSE on larger
errors aids in optimising fuzzy rule parameters, particularly when outliers or significant
deviations are critical in the application context. According to Guillaume [116], FIS
designs are typically evaluated and compared based on their Mean Square Error (MSE)
performance. As proposed by Ye and Wei [117] when modelling an FIS, MSE serves
as a measure of the average squared difference between the observed and predicted
values, while R? assesses the proportion of variance in the dependent variable that was
predictable from the independent variables.
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2.6.1 The Coefficient of Determination (R-squared or R?)

R? is a statistical measure that represents the proportion of the variance in the depen-
dent variable that is predictable from the independent variables in a regression model.
It provides an indication of the goodness-of-fit of the model, quantifying how well the
independent variables explain the variability of the dependent variable [118]. The R?
equation is given by [119]:

SSI‘ES

R?=1-
SStot

n
SSres = ) Ot = 902
i=1

n
S5Stot = z(yi - 37)2
i=1

Where:

S55,es= The sum of squares of the residual errors, representing the variation

that the model fails to explain

S5:ot = The total sum of squares, representing the total variation in the data

¥, = Predicted value for the i*" data point

v;= Actual value for the i data point

¥ = Mean value of the dependent variable

n =Number of observations (2_7)

Interpretation of Values:

e Low R-squared (close to 0): Suggests that the model does not explain much of
the variability of the response data around its mean. This might indicate that the
chosen predictors do not have a significant linear relationship with the response
variable or that important predictors are missing.

e High R-squared (close to 1): The model suggests that it explains a large part of
the variability in the response data around its mean. This is typically a sign that
the predictors chosen have a strong linear relationship with the response variable.

2.6.2 Mean Square Error (MSE)

Mean Squared Error (MSE) measures the squared differences between actual and pre-
dicted values, indicating how closely the line of best fit aligns with a data set. MSE
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is always positive because the squaring of the differences removes negative signs, pro-
viding a clear measure of prediction accuracy [118]. The MSE equation is given by
[119]:

n
1
MSE == (3, = y)?
=1

Where:

¥, = predicted value for the it data point

y;=Actual value for the it" data point

n = number of observations (2.8)

Interpretation of values:

e Low MSE: Indicates that the model’s predictions are close to the actual values,
reflecting a high accuracy.

e High MSE: Indicates that the model’s predictions deviate significantly from the
actual values, suggesting lower accuracy and potential room for improvement.

2.6.3 Root Mean Squared Error (RMSE)

The Root Mean Squared Error (RMSE) is a commonly used metric to evaluate the
accuracy of a model in predicting quantitative data. Measures the average magnitude
of errors between predicted and actual values, giving insight into how well a model
performs. RMSE provides a measure of the average magnitude of errors in the same
units as the target variable. The RMSE equation is given by [119]:

n
1
RMSE = |- (5, = y)?
i=1

Where: ’\J

%, = Predicted value for the it data point

y;= Actual value for the it data point

n = number of observations (2.9)

Interpretation of values:

e Low RMSE: Indicates that the model’s predictions are close to the actual values,
reflecting a high accuracy.
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e High RMSE: Indicates that the model’s predictions deviate significantly from the
actual values, suggesting lower accuracy and potential room for improvement.

Lower RMSE values indicate better model performance, but the acceptability of an
RMSE value, as with MSE, must be judged in the context of the data and the specific
application.

Although R? can be a useful initial measure to evaluate the performance of an FIS,
it should be accompanied by other metrics to gain a complete understanding of the
performance of the system. A multifaceted approach facilitates a better understanding
of both the relationship between the predicted outputs (FIS) and the actual outputs
(FMEDA), as well as the accuracy of the predictions.

In addition to accuracy and performance metrics, recent literature highlights the
importance of evaluating fuzzy systems based on their uncertainty, interpretability,
and robustness. Uncertainty analysis focusses on how well the fuzzy model handles
imprecise, vague, or incomplete input data, an inherent feature of many expert-based
systems. Techniques such as Type-2 fuzzy systems [120] and Monte Carlo simulations
[121] have been used to model and assess uncertainty in fuzzy logic applications. Pos-
sibility theory has also been applied to account for imprecision in knowledge-based
systems [122].

Interpretability remains a critical attribute, particularly when fuzzy systems are
intended to support expert judgement. Gacto et al. [123] provide a comprehensive
overview of interpretability measures for linguistic fuzzy rule-based systems, categoris-
ing them based on complexity, e.g., number of rules, rule length, and semantic aspects
such as how logically aligned and distinct the fuzzy sets are. Their framework is widely
used as a benchmark for evaluating and improving the interpretability of fuzzy models.

Evaluating the robustness and sensitivity of fuzzy systems is essential to ensure
reliable performance, particularly in environments with high levels of uncertainty or
variability in input data. Robustness refers to a system’s ability to maintain accept-
able performance under disturbances or parameter changes, while sensitivity analysis
examines how input variations influence system output behaviour.

Robustness in fuzzy reasoning refers to the stability of inference outcomes when
subject to small perturbations in input data or membership functions. Li et al. [124]
proposed a systematic approach to quantify this robustness by measuring how vari-
ations in fuzzy sets influence reasoning results. Their method provides a robustness
index based on the logical equivalence between original and perturbed reasoning out-
comes, offering a structured way to assess the resilience of fuzzy systems in uncertain
environments.

In addition to robustness analysis, sensitivity analysis provides insight into the
influence of individual inputs on the output of a fuzzy model. Javidan et al. [125] con-
ducted a fuzzy sensitivity analysis within a structural performance context, applying
a local sensitivity framework based on fuzzy random theory. Their study showed how
changes in uncertain input parameters could be systematically linked to variations in
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performance metrics, using visual tools and numerical metrics to evaluate the impact.
This approach helps identify critical parameters and improve model transparency and
reliability.

2.7 Gap Analysis and Aims of the Work

The differing opinions regarding ESDV proof test coverage estimates create a risk of
incorrectly calculating ESDV proof test intervals. This could result in ESDV proof
testing being conducted too frequently, leading to higher costs for the operating com-
pany, or too infrequently, creating a potential safety risk if the ESDV fails to operate
when required. Current approaches to estimating proof test coverage include quantita-
tive methods, such as Failure Modes, Effects, and Diagnostics Analysis (FMEDA), as
well as semi-quantitative and qualitative techniques, including credit scoring systems.
Although FMEDA is considered the most effective method, it still involves some sub-
jectivity, particularly in relation to component failure rate data. Given the importance
of this aspect of functional safety, the objective is to develop a model that can esti-
mate ESDV proof test coverage using the FMEDA technique while accounting for the
subjectivity of the data.

There is a consensus that effective proof testing and quantification of accurate
PTC estimates are critical to achieving functional safety [25, 47, 71, 72]. It has been
demonstrated that the effect of PTC on PFD,,, calculations is significant, and thus
utilising an inappropriate PTC value can have a considerable effect on the end result.
Proof tests must be designed to be as effective as possible, ensuring that the maximum
number of dangerous failures is revealed. The effectiveness of a proof test appears
to be governed by the design, installation, and operational budget; elaborate test
instrumentation and extensive testing required to achieve high levels of effectiveness
come at a cost. The literature review also indicates that guidance on determining PTC
is limited, with only a small number of sources offering estimates for PTC.

From the review it is apparent that the current published values of PTC vary, and
the degree of variance when incorporated into SIF PFD,,, calculations is significant,
i.e., almost an order of magnitude different between one end of the spectrum to the
other. It is also evident that manufacturers’ equipment safety manuals can be an
unreliable source of PTC. Furthermore, the expectation that the operator should con-
duct an analysis, such as an FMEDA, to determine PTC appears inappropriate, given
the level of expertise required to carry out such an assessment. With these points in
mind, it is clear that more research is required to develop a model that can be used to
determine accurate estimates of PTC.

A fuzzy inference system may be valuable when dealing with ambiguous uncertainty,
which means uncertainty that does not stem from random variability, but rather from
vagueness, imprecision, or incomplete knowledge. This makes a fuzzy inference system
ideal for applications where practical decision making relies on expertise or intuition
rather than purely statistical or probabilistic data.

As emphasised in this chapter, ESDVs are essential components of safety-critical
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systems, which require periodic proof testing to reveal hidden failures and support
condition-based maintenance. The intervals for conducting tests are influenced by
various factors, including Proof Test Coverage (PTC), which has been shown to vary in
the published literature. FMEDA was identified as the preferred method for estimating
PTC; however, the component failure rate data used in the analysis appear to be
subjective. Methods for managing data uncertainty include various methods including
Monte Carlo, Bayesian, Dempster-Shafer, and fuzzy inference systems. Fuzzy inference
systems were shown to be a suitable method for this application and have been applied
to similar techniques such as FMEA and FMECA previously.

FMEDA often involves significant subjectivity, particularly in the estimation of
component failure rates and the probability of revealing a failure due to gaps in em-
pirical data. Although modern AI techniques such as neural networks and ensemble
methods are effective for data-driven modelling, they typically require large datasets
and offer limited transparency, both of which are problematic in safety-critical appli-
cations. Fuzzy Inference Systems (FIS), in contrast, are specifically designed to handle
imprecise, qualitative input using linguistic rules, making them particularly well suited
to the FMEDA context. FIS allows expert judgement to be formalised in a mathemat-
ically structured but interpretable way, maintaining traceability of assumptions while
explicitly modelling the uncertainty and vagueness inherent in expert-driven assess-
ments. Moreover, its rule-based structure naturally aligns with the logical framework
already employed in FMEDA, offering an effective bridge between qualitative reasoning
and quantitative estimation.

With these knowledge gaps identified, this thesis aims to estimate ESDV proof test
coverage through multiple methods, focussing on FMEDA and using a fuzzy inference
system to manage data uncertainty.

The following chapter describes the methodology for this research, including the de-
velopment of fuzzy inference system design criteria.
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Chapter 3

Methodology

This chapter presents the methodology used to estimate Proof Test Coverage (PTC),
detailing the underlying principles, data sources, and analytical techniques applied
throughout the study. Three distinct methods were used to estimate PTC for emer-
gency shutdown valves. Each method differed in its approach to data, level of subjec-
tivity, and underlying assumptions. Together, they demonstrate the progression from
traditional approaches toward a more structured method for dealing with uncertainty
and expert judgement. Figure 3.1 provides an overview of the structure of this chapter.

Estimating PTC Using Equipment Failure Data

A4

Estimating PTC Using FMEDA and Component Failure Rate
Data

\Z

Estimating PTC Using a Fuzzy Inference System

\Z

Development of FIS Design Criteria

Figure 3.1: Chapter Three Structure

3.1 Estimating PTC Using Equipment Failure Data

The first method used high-level equipment failure rate data collected from industry
sources. This approach reflects conventional practice, whereby aggregated failure data
for the complete final element (e.g., valve assembly) are used to estimate PTC. The
data were obtained from operational records from real industrial installations. PTC
was calculated by comparing the number of failures detected during maintenance and
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proof testing with the total dangerous failures recorded over the operational period.
While this approach is based on real-world data, it lacks detail and may hide how
specific components or testing limitations affect the results.

3.2 Estimating PTC Using FMEDA and Compo-
nent Failure Rate Data

The second method applied a component-level Failure Modes, Effects, and Diagnostic
Analysis (FMEDA) using detailed failure mode and failure rate data. Data was sourced
from exida’s Component Reliability Data (CRD), which provides failure data for a wide
range of components used in ESDVs. This data was compared with expert-derived
FMEDA figures, highlighting the variability and subjectivity inherent in FMEDA-
based estimates. The comparison underscored the potential inconsistencies that can
arise from relying solely on expert judgement, even when structured within an FMEDA
framework. The Proof Test Coverage (PTC) was calculated by summing the revealed
dangerous undetected failure rates and dividing by the total dangerous undetected
failure rate, allowing for a granular and quantitative estimate. This method, while
more precise, depends heavily on the availability of high-quality component-level data
and consistent interpretation by analysts.

3.3 Estimating PTC Using a Fuzzy Inference Sys-
tem

The third method introduced a fuzzy logic approach to address the uncertainty and
subjectivity encountered in the FMEDA process. A Mamdani-type Fuzzy Inference
System (FIS) was developed using JuzzyOnline and MATLAB using two input vari-
ables: component failure rate and the probability of revealing the failure during the
proof test. An initial test set was created using randomised input combinations to
examine the behaviour of the system across the full input space. The FIS output was
then validated against expert-derived failure rates to assess its accuracy. Regression
analysis was used to compare the predictions of the fuzzy model with expert estimates,
focussing on metrics such as R?, MSE and RMSE. This approach allowed subjective as-
sessments to be modelled in a structured, transparent, and repeatable manner, thereby
offering a potential enhancement to traditional FMEDA methods.

The following section describes the development of the fuzzy inference system design
criteria.
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3.4 Development of Fuzzy Inference System Design
Criteria

Given the novelty of the Fuzzy-FMEDA approach, no published research was identi-
fied that applies a Fuzzy Inference System (FIS) to FMEDA. Therefore, the literature
review concentrated on related techniques, including FMEA and FMECA (terms of-
ten used interchangeably in the literature), where fuzzy logic has been more widely
explored. A FMECA traditionally has three inputs (Severity, Occurrence, and Detec-
tion), whereas FMEDA has two (Component failure rate and Probability of revealing
the failure). There are similarities between the inputs of FMECA and FMEDA, for
example, Occurrence is the equivalent of Component failure rate and Detection the
equivalent of Probability of revealing the failure. Research papers relating to the ap-
plication of fuzzy inference systems to Fault Tree Analysis (FTA) were also reviewed.

Research papers were reviewed to identify the most commonly used design criteria
for an FIS applied to an FMEA type assessment. The identified design criteria were
used to form the basis for the design of the FMEDA fuzzy inference system. Table
3.1 outlines the key design criteria required for an FIS, which are elaborated on in the
discussion that follows.

Table 3.1: FIS design criteria

# Criteria

[a——

FIS type (methods of implication and aggregation)

Membership function type

Universe of discourse for each membership function (inputs and outputs)

ESSI VS I ]

Partitioning of membership functions into fuzzy sets and the application of

linguistic variables

5 Overlap of fuzzy sets, including the use of shouldered fuzzy sets
6 Rule base
7 Method of defuzzification

3.4.1 FIS Type

The most commonly employed fuzzy inference system for FMEA applications is the
Mamdani (Type-1) rule-based type, which is evident in all reviewed research papers.
The Mamdani FIS is a tool for logical deductive inference used to analyse the
outcomes of a model structure in terms of a set of IF-THEN rules [126]. The I[F-THEN
rules use AND and/or OR operators which can be used to combine the input levels
expressed in terms of their linguistic terms, known as implication. The AND operator
selects the minimum degree of membership of the inputs, and the OR operator the
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maximum. Where multiple rules are activated, aggregation of rules are also realised
using the AND or OR operators. In this fuzzy inference design the AND operator is
utilised for combining the linguistic terms of rules and the OR operator for aggregation
of multiple rules. The type of FIS used in this study is known as a Mamdani Min-Max
inference system.

3.4.2 Membership Function Type

Membership functions are a means of converting crisp inputs into fuzzy (linguistic)
terms. Common types of membership functions used in fuzzy inference systems include
triangular, trapezoidal, and Gaussian, as illustrated in Figure 3.2, Figure 3.3 and Figure
3.4, respectively.
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Figure 3.4: Fuzzy set with six Gaussian membership functions

From the literature review the most commonly used membership functions in FMEA
applications is the triangular type [127], [126, 128-130], [131-133], [115, 117-125, 134~
136] followed by the trapezoidal type [126, 133, 136, 137, 139]. The Gaussian fuzzy set
type was the least utilised [138-141].

3.4.3 Universe of Discourse for Membership Functions

The universe of discourse for the membership functions was determined based on in-
dustry data collected from FMEDA experts. Specifically, the universe of discourse for
the component failure rate reflects the range of failure rates identified in this expert
data. Failure rate data ranged from 1 to 220 FIT, so the universe of discourse is 0 to
220 FIT, this range is also applied to the output membership function, the Weighted
revealed failure rate. The universe of discourse for the Probability of revealing the
failure is based on both full stroke test and partial stroke test applications. Typically,
the probability of revealing a dangerous failure for a full stroke test is 1. The dangerous
failures related to an ESDV being Fail to Close (FTC), Delayed Operation (DOP) and
Leak in the Closed Position (LCP). There may be an argument made for the reliability
of the means of revealing the failure, such as instrumentation, but generally a proba-
bility of 1 is acceptable. Conversely, the revealability of these failures is not 100% for
a partial stroke test, but an estimate of probability can be determined.

A partial stroke test is undertaken by moving the ESDV from its fully open position
to, typically, 20% of its closed position, hence we are only potentially revealing part
of the Fail to Close (FTC) and Delayed Operation (DOP) dangerous failure modes.
The FTC failure mode consists of two sub-failures, i.e. stuck open and fail to fully
close [55, 67]. Therefore, a probability of revealing the failure can be assigned to both
of these sub-failures, for example, stuck open can be revealed if the ESDV is moved
20%. Equally, the DOP failure mode is made up of two sub-failure, for example, fail
to close 20% in the specified time and fail to fully close in the specified time. Table
3.2 illustrates that dividing the failure modes equally, each sub-failure is assigned a
probability of 0.5. The probability of revealing a stuck open failure mode is considered
conservative at 0.5, like wise the probability of revealing fail to close 20% in the specified
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time. The universe of discourse for the probability of revealing a failure for both full
stroke test and partial stroke test was therefore assigned a range 0.5 to 1.

Table 3.2: Partial stroke test sub-failures

Failure mode | Sub-failure mode Probability of revealing the
sub-failure mode
) Stuck open 0.5
Fail to fully
close (FTC) )
Fail to fully close 0t00.5
Delayed Fail to close 20% in the specified time 0.5
Operation
(DOP) . . e
Fail to fully close in the specified time 0t00.5

Table 3.3 summaries the universe of discourse for the input and output membership
functions:

Table 3.3: Input and output membership function - universe of discourse

Membership function Type Universe of discourse
Component failure rate Input 0 to 220 FIT
Probability of revealing a failure Input 05to1l

Weighted revealed failure rate Output 0 to 220 FIT

3.4.4 Partitioning of Fuzzy Sets and the Application of Lin-
guistic Variables

With regard to partitioning of fuzzy sets, the number of membership functions varies
from three to ten, with the majority employing fuzzy inference systems with five mem-
bership functions [129-132, 138, 140, 141]. The greater number of membership func-
tions improves the accuracy of the FIS but with added complexity, for example a large
number of membership functions such as 10 will significantly increase the size of the rule
base. Equally spaced partitioning of membership functions is a common feature of FIS
in literature, which also provides a sensible starting point in the design, Adjustment
of partitioning can be carried out if necessary after testing and validation.

The linguistic variables used in the design are therefore Very Low, Low, Medium,
High and Very High, and equally spaced.
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3.4.5 Overlap of Membership Functions

The fuzzy sets are initially equally partitioned and implemented with an approximate
50% overlap between membership functions. Overlap between membership functions
provides smooth transition from one membership function to another. The recom-
mended degree of membership function overlap is from approximately 10% to 50%
[142]. Shouldered membership functions are employed on first and last membership
functions to allow low and high end values of the universe of discourse to be pro-
cessed. An example of a triangular 5 membership function fuzzy set, equally spaced
with shouldered membership functions is shown in Figure 3.5.
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Figure 3.5: Example fuzzy set showing equally spaced membership functions with
overlaps, shouldered membership functions and linguistic variables

3.4.6 Rule Base

The IF THEN rule base was developed by mapping different combinations of the inputs
to the output. A set of rules were developed based on five membership functions per
input (5x5) which results a total number of 25 rules. The rules were developed as
detailed in the following discussion.

The calculation of Weighted revealed failure rate is the product of the two in-
puts, Component failure rate and the Probability of revealing a failure. As discussed
previously the universe of discourse for component failure rate is from 0 to 220 FIT
and dividing into equally between five membership functions provides a range of ap-
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proximately 45 FIT per membership function. The same process was applied to the
probability of revealing a failure, where the universe of discourse ranges from 0.5 to 1.
By dividing this range equally into five membership functions, each function covers a
range of 0.1. Then taking the low, medium and high ranges of the fuzzy sets the fol-
lowing two tables were developed for the component failure rate membership functions
(Table 3.4) and probability of revealing a failure membership functions (Table 3.5):

Table 3.4: Component failure rate (FIT) membership function ranges

Membership function Low Medium High
Very Low 0 22.5 45
Low 46 67.5 89

Medium 89 111 133

High 133 154.5 176

Very High 177 198.5 220

Table 3.5: Probability of revealing a failure membership function ranges

Membership function Low Medium High
Very Low 0.5 0.545 0.59
Low 0.6 0.645 0.69
Medium 0.7 0.745 0.79
High 0.8 0.845 0.89
Very High 0.9 0.95 1

The various ranges of each membership function were then tabulated to calculate
the Weighted revealed failure rates for the Low, Medium and high ranges for each fuzzy
set. The low range values are shown in Table 3.6:
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Table 3.6: Example of the determination of linguistic variables for the Low range of
component failure rate (VL = Very Low, L = Low, M = Medium, H = High, VH =
Very High)

Component Probability of Weighted
failure rate (FIT) revealing a revealed failure
failure rate (FIT)
VL 0 VL 0.5 0 VL
L 46 VL 0.5 23 VL
M 89 VL 0.5 44.5 VL
H 133 VL 0.5 66.5 L
VH 177 VL 0.5 88.5 L
VL 0 L 0.6 0 VL
L 46 L 0.6 27.6 VL
M 89 L 0.6 53.4 L
H 133 L 0.6 79.8 L
VH 177 L 0.6 106.2 M
VL 0 M 0.7 0 VL
L 46 M 0.7 322 VL
M 89 M 0.7 62.3 L
H 133 M 0.7 93.1 M
VH 177 M 0.7 123.9 M
VL 0 H 0.8 0 VL
L 46 H 0.8 36.8 VL
M 89 H 0.8 71.2 L
H 133 H 0.8 106.4 M
VH 177 H 0.8 141.6 H
VL 0 VH 0.9 0 VL
L 46 VH 0.9 41.4 L
M 89 VH 0.9 80.1 L
H 133 VH 0.9 119.7 M
VH 177 VH 0.9 159.3 H

The Weighted revealed failure rate for Low, Medium and High ranges were then

compared and the dominant membership function linguistic terms identified, as shown
in Table 3.7.
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Table 3.7: Weighted revealed failure rates for Low, Medium and High ranges of mem-
bership values (VL = Very Low, L = Low, M = Medium, H = High, VH = Very High)

Low Medium High Dominant
Rule FIT | Membership FIT Membership | FIT | Membership | Membership

# range function range function range function function
1 0 VL 12.3 VL 26.6 VL VL

2 23 VL 36.8 VL 52.5 L VL

3 44.5 VL 60.5 L 78.5 L L

4 66.5 L 84.2 L 103.8 M L

5 88.5 L 108.2 M 129.8 M M

6 0 VL 14.5 VL 31.1 VL VL

7 27.6 VL 43.5 VL 61.4 L VL

8 53.4 L 71.6 L 91.8 M L

9 79.8 L 99.7 M 121.4 M M

10 106.2 M 128.0 M 151.8 H M

11 0 VL 16.8 VL 35.6 VL VL
12 32.2 VL 50.3 L 70.3 L L

13 62.3 L 82.7 L 105.1 M L

14 93.1 M 115.1 M 139.0 H M
15 123.9 M 147.9 H 173.8 H H

16 0 VL 19.0 VL 40.1 VL VL
17 36.8 VL 57.0 L 79.2 L L

18 71.2 L 93.8 M 1184 M M
19 106.4 M 130.6 M 156.6 H M
20 141.6 H 167.7 H 195.8 VH H
21 0 VL 21.4 VL 45.0 VL VL
22 41.4 L 64.1 L 89.0 L L
23 80.1 L 105.5 M 133.0 M M
24 119.7 M 146.8 H 176.0 H H
25 159.3 H 188.6 VH 220.0 VH VH

The dominant weighted revealed failure rate linguistic terms were then combined
with the input linguistic terms to create a rule set, with the inputs and outputs shown
in Table 3.8.
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Table 3.8: IF-THEN Rule Base

Component Probability of Weighted revealed
Rule # | failure rate (FIT) | revealing a failure failure rate (FIT)

1 Very Low Very Low Very Low
2 Low Very Low Very Low
3 Medium Very Low Low

4 High Very Low Low

5 Very High Very Low Medium
6 Very Low Low Very Low
7 Low Low Very Low
8 Medium Low Low

9 High Low Medium
10 Very High Low Medium
11 Very Low Medium Very Low
12 Low Medium Low

13 Medium Medium Low

14 High Medium Medium
15 Very High Medium High
16 Very Low High Very Low
17 Low High Low

18 Medium High Medium
19 High High Medium
20 Very High High High
21 Very Low Very High Very Low
22 Low Very High Low
23 Medium Very High Medium
24 High Very High High
25 Very High Very High Very High

Examples of the rules:

Rule #1 = IF Component failure rate is Very Low AND the Probability of
revealing the failure is Very Low THEN the Weighted revealed failure rate is

Very Low

Rule #5 = IF Component failure rate is Very High AND the Probability of
revealing the failure is Very Low THEN the Weighted revealed failure rate is
Medium

3.4.7 Method of Defuzzification

Common defuzzification methods include centroid (centre of area or centre of gravity),
weighted average and mean-max membership. The most commonly used methods of
defuzzification in literature were centroid [126-128, 130, 131, 134, 138, 140, 141] and
mean-max membership [136, 137, 139] and weighted average [132, 135].

The next chapter focusses on estimating proof test coverage using ESDV maintenance

and test data collected from industry; these results are later used to compare with the
findings from the fuzzy inference system method.
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Chapter 4

Method 1 - Estimating PTC using
Equipment Failure Data

4.1 Introduction

This chapter presents a method for estimating ESDV proof test coverage using equip-
ment maintenance and test data gathered from industry. The findings of this work
serve to validate the accuracy of both the FMEDA and fuzzy inference system ap-
proaches for determining proof test coverage for a full stroke test. Figure 4.1 provides
an overview of the structure of this chapter.

ESDV Data Collection

\Z

ESDV Data Analysis

A4

ESDV Data Validation

\Z

Estimation of ESDV Proof Test Coverage

Figure 4.1: Chapter Four Structure

4.2 Data Collection

A study was conducted with the objective of using Emergency Shutdown Valve (ESDV)
data collected from industry to calculate proof test coverage using failure modes, ef-
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fects, and diagnostic analysis (FMEDA). Several operating companies including Lig-
uefied Natural Gas (LNG) terminals, a Liquefied Petroleum Gas (LPG) terminal, a
nickel refinery, onshore gas terminals, offshore gas facilities, natural gas networks, and
oil refineries were exclusively contacted for this project with mixed success. Numerous
valve and actuator manufacturers and valve service companies were also contacted re-
garding failure data. ESDV maintenance and test data (secondary data) were supplied
by four organisations, but only two, which remain anonymous, provided data suitable
for analysis. The majority of companies do not undertake ESDV seat leakage tests;
therefore, their maintenance and test data would not necessarily include the Leak in
the Closed Position (LCP) failure mode. The purpose of collecting these data was to
establish the cause of failure, the failure modes, and the failure rates of the compo-
nents to be used as input to an FMEDA. The maintenance and test data was recorded
in their Computerised Maintenance Management Systems (CMMS) and access to the
data for this study was provided in the form of data downloads from these systems
into spreadsheets. The study concentrated on ball valves as these are typically used
for emergency shutdown (ESD) applications [30] and the focus of this research.

The recorded data was found to be at the equipment level rather than the compo-
nent level, making it unsuitable for input into an FMEDA. It lacked sufficient detail to
identify which ESDV component had failed and the cause of the failure. Further inves-
tigation would be required to obtain this information, which was not feasible during
the period of this investigation. The study was then reconsidered and the equipment
level data was used to assess the proof test coverage based on equipment failure modes
rather than component failure modes. The data enabled the calculation of proof test
coverage for a full stroke test, which would later prove useful for comparison with the
results from the FMEDA and fuzzy inference systems. Aspects of the data we also used
to determine the probability of revealing a failure for the Fail to Close (FTC) failure
mode. Data were reviewed to determine dangerous failure modes following the guid-
ance in standard BS EN 14224: Petroleum, Petrochemical and Natural Gas Industries
- Collection and Exchange of Reliability and Maintenance [143].

The use of FMEDA to determine proof test coverage is the focus of the next chapter
through which an assessment is performed using component failure rate data from an
industry database.

4.3 ESDYV failure modes

The BS EN 14224 standard was originally introduced in 1999 [144] (the most recent
revision released in 2016) with the objective of improving the way the petroleum,
petrochemical, and natural gas industries collect data so that it can be exchanged
to improve equipment safety, availability, reliability, and maintainability. The stan-
dard covers various industrial equipment, which includes numerous types of valve, and
for each piece of equipment the potential failure modes and associated failure codes.
Industry data handbooks such as Offshore and Onshore Reliability Equipment Data
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(OREDA) [26] and the Foundation for Industrial and Technical Research (SINTEF)
[27] identify equipment failure modes as prescribed in this standard. The boundary of
the ESDV assembly identified in BS EN 14224 is shown in Figure 4.2. The focus of
this research is the solenoid valve, actuator, and valve.
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Figure 4.2: ESDV Assembly Boundary [143]

Table 4.1 shows the failure modes and descriptions of valve assemblies, including
the universally accepted failure mode code.
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Table 4.1: ESDV assembly dangerous failure modes [143]

f:(llleure mode Description Examples of failure

AIR Abnormal instrument reading False alarm, faulty instrument indication

DOP Delayed operation Opening/closing time below spec.

ELP External leakage - process medium | Oil, gas, condensate, water

ELU External leakage - utility medium Hydraulic oil, lubrication oil, barrier oil, coolant,
water, etc.

FTC Failure to close on demand Does not close on demand

FTO Failure to open on demand Does not open on demand, stuck closed or fail to
open fully

HIO High output Overspeed/output above acceptance

INL Internal leakage Leakage internally of process or utility fluids

LCP Leakage in closed position Leak through valve in closed position

LOO Low output Delivery/output below acceptance

NOI Noise Abnormal or excessive noise

OTH Other Failure modes not covered above

PLU Plugged/ choked Partial or full flow restriction

SER Minor in-service problems Loose items, discoloration, dirt

SPO Spurious operation Fails to operate as demanded, false alarm,
premature closure/stop, unexpected
operation/fails to operate as demanded

STD Structural deficiency Material damages (cracks, wear, fracture,
corrosion), reduced integrity

UNK Unknown Too little information to define a failure mode

As discussed previously, the failure modes of interest from a proof test coverage
perspective are failures categorised as dangerous, as highlighted in Table 4.2.

Table 4.2: ESDV assembly dangerous failure modes [143]

Code Definition Description

FTC Fail to close on demand Stuck open or fail to close fully

DOP Delayed operation Closing time different from specification
LCP Leakage in closed position | Leak-through valve in closed position

As proof test coverage concerns only dangerous failures, safe failures such as internal
leak (INL), external leak process (ELP), and external leak utilities (ELU) were excluded
from this study. The purpose of proof testing is to reveal dangerous failures, and the
proof test coverage is a function of the number of dangerous failures revealed during
testing and the total number of dangerous failures.
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4.4 ESDV Data Details

Details of the datasets provided by companies are discussed in the following.

4.4.1 Dataset A’

Dataset ’A’ included maintenance and test data for the offshore platform Riser ESDV
(RESDV). RESDV isolates the topside process from the well and the subsea pipeline in
the event of an emergency shutdown, to prevent loss of containment [145]. RESDVs are
an essential risk reduction measure for offshore installations and are a legal requirement
under the Pipelines Safety Regulations 1996 [146]. Data included Solenoid-Operated
Valve (SOV), actuator (hydraulic), and valve failures. The data included the following
information:

e Date.
e Equipment ID (tag number).

e Work order number.

Location.

Description of failure.

e Failure mode (as per BS EN 14224).

A sample of the data collected is shown in Appendix B.1.

4.4.2 Dataset 'B’

Dataset 'B’ included maintenance and test data for Process ESDVs. Process ESDVs are
used to protect the facility from excursions from normal operating conditions. Data
included Solenoid-Operated Valve (SOV), actuator (pneumatic), and valve failures.
The data included the following information:

e Date.
e Equipment ID (tag number).

Location.

Application.

Description of failure.

Failure mode (as per BS EN 14224).
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4.4.3 Dataset 'C’

Dataset 'C’ included maintenance and test data for over pressure protection valves
(actuated ball valves). These devices are activated to close on detection of excessive
pipeline pressure to protect the pipeline from loss of containment. The data includes
actuator (pneumatic) and valve failures. The data included the following information:

e Date.

e Equipment ID (tag number).

Activity to rectify.

Defective part.
e Consequence of failure.

e Fault type (in-house fault codes assigned).

A sample of the data collected is shown in Appendix B.2.

4.5 ESDYV Data Analysis

A review of the datasets included confirming the assigned failure mode codes aligned
with the description of failures.

The company that provided Dataset 'C’ used its own in-house fault type coding
which did not conform to BS EN 14224 failure mode coding, which meant additional
work was required to determine appropriate failure mode codes that could be used in
this study.

4.5.1 ESDV Dangerous Failure Rates

Table 4.3 shows, for each dataset, the population of ESDVs, aggregated time the ESDVs
were in operation, total number of failures, and the overall dangerous failure rate for
the ESDVs. A Failure in Time (FIT) is defined as one failure in one billion operating
hours.
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Table 4.3: ESDV population, aggregated time in operation, total number of failures
and dangerous failure rate

Dataset ‘A’ | Dataset ‘B’ | Dataset ‘C’
Population of ESDVs 88 169 130
Aggregated time in 1.49E+07 | 2.85E+07 | 1.04E+07
operation (hours)

To.tal number of dangerous 16 24 27
failures

Dangerous failure rate (FIT) 1074 841 2585

The aggregated time is the product of the population of ESDVs and the time the
ESDVs were in operation. The dangerous failure rate (Ap) is calculated using the
following equation:

Ap =

f (4.1)

Where:
k = total number of dangerous failures
t = aggregated time in operation.

For example, Dataset 'C’ includes 130 ESDVs and data is collected over a period
of 3,348 days (80,352 hours); therefore, the aggregated time in operation is 10,445,760
hours. Thus, the total dangerous failure rate is

27

Ap= —
P10, 445, 760

= 2085 IT

4.5.2 ESDV Failure Modes, Number of Failures and Failure
Mode Distribution

Table 4.4 shows, for each dataset, the number of ESDV failures per failure mode and
the failure mode distribution.
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Table 4.4: The number of ESDV failures per failure mode and the failure mode distri-
bution

Dataset ‘A’ Dataset ‘B’ Dataset ‘C’
Failure No. of Failure Mode No. of Failure Mode No. of Failure Mode
Mode Failures Distribution Failures Distribution Failures Distribution
FTC 9 56% 17 71% 13 48%
DOP 4 25% 4 16% 10 37%
LCP 3 19% 3 13% 4 15%
Total 16 100% 24 100% 27 100%

As can be seen from the table, the dominant failure mode is the Fail to Close
(FTC) failure mode followed by Delayed Operation (DOP). Dataset 'B” has the highest
percentage of FTC failures at 71% and also the lowest percentage of Leak in the Closed
Position (LCP) failures at 13%.

The FTC failure mode is defined as ”stuck open or fail to fully close”. ”Stuck
open” failure mode is easily verified through testing. ”fail to fully close” not so, this
failure mode assumes that if the valve indicates fully closed via local position indicator
or limit switches [27] that the valve obturator has fully closed - but in fact, without
positive confirmation the obturator is in the closed position the revealability of FTC
remains an assumption.

4.6 Validation of Failure Rate Data against Indus-
try Databases

Validating failure rate data is crucial as it ensures that the data are credible and
meaningful. The datasets were validated against established industry equipment failure
databases, namely OREDA [26], SINTEF [27], FARADIP.FOUR [29] and exida [78].
The analysis of the datasets, considering overall equipment failure rates and the failure
mode distribution, indicated good correlation with that of industry equipment failure
databases, as discussed in the following.

4.6.1 Failure Rate Comparison

Table 4.5 shows the dangerous failure rates of the datasets compared to the figures of
the industry database.
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Table 4.5: Dangerous Failure Rate Comparison for ESDV assemblies (OREDA [26,
p. 453], SINTEF [27, p. 96], FARDIP.FOUR [29], exida [78]

Data source Dangerous failure rate (FIT)
OREDA 1380

SINTEF 2500
FARADIP.FOUR 1000

exida 800 to 2570

Dataset ‘A’ 1074 (hoo% = 675 to 1636)
Dataset ‘B’ 841 (Ao =580 to 1183)
Dataset ‘C’ 2585 (Ao = 1824 to 3565)

FARADIP.FOUR geometric mean is 2000 FIT. Noting that the FARADIP.FOUR
failure rate range is not specific to a type of failure, hence the high upper value. The
data suggest that the dangerous failure rates of all datasets are comparable with the
ranges stated in the industry databases. The Chi-Square (x?) 90% confidence interval
(upper and lower) failure rates are generally comparable, with the exception of Dataset
'C’, where the upper value is notably higher.

4.6.2 Failure Mode Distribution Comparison

Figure 4.3 indicates that the failure mode distribution of all datasets align with that
of OREDA [26] and SINTEF [27] industry databases, i.e., the dominant failure mode
is Fail to Close (FTC), followed by Delayed Operation (DOP) and then Leak in the
Closed Position (LCP).
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Figure 4.3: Failure Mode Distribution Comparison of Datasets and Industry Databases
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4.6.3 Dataset A’ Failure Mode Distribution Compared with
HSE COIN Database

The UK Health and Safety Executive (HSE) Corporate Operational Information sys-
tem (COIN) database is a central repository used to manage information related to
workplace health and safety inspections, investigations, and enforcement actions. The
database holds information on a wide range of incidents, safety violations, risk assess-
ments, and compliance reports from various industries throughout the UK.

The database is used primarily by HSE inspectors and officials to track regulatory
compliance, monitor workplace safety, and support enforcement decisions. It helps
HSE in maintaining records of inspections and incidents and can be used to analyse
trends and inform future safety initiatives. Access to the database is limited to HSE
officials and personnel and is not publicly available for general use. However, some
information obtained from the database can be referenced in reports or publications
issued by the HSE.

The HSE Data Mining team performed a database search to identify records of
Riser ESDV (RESDV) related failures, and identified 179 cases over a period of 8
years (2006 to 2014). The 179 cases were reviewed and, where possible, immediate or
underlying causes of failure were identified. Twenty-nine duty holders were contacted
with surveys on RESDV failures, of these twenty-two responded covering 117 of the 179
identified incidents. A total of 104 reports were submitted by duty holders, although
some of the incidents initially identified were not caused by RESDV failures.

Figure 4.4 shows the failure modes of RESDVs taken from the HSE’s COIN database
[147]. As can be seen, the dominant failure mode is Fail to Close (FTC) with 109
recorded incidents. The failure modes FTC, Delayed Operation (DOP), and Leak in
the Closed Position (LCP) account for approximately 93% of the failure modes.

= Other 1
= [eak
= Unknown

Leakge rate too great (LCP)

m Closure time too long (DOP)

= Failed to close (FTC)

Figure 4.4: HSE COIN RESDV Failure Modes (approximate numbers) [147]
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Figure 4.5 shows a comparison between Dataset #1 RESDV failure mode distribu-
tion and that of the HSE Corporate Operational Information (COIN) database [147].
The chart illustrates good correlation between the two sets of failure mode distribu-
tions, with the FTC failure mode being dominant, followed by DOP and then LCP.
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Figure 4.5: Dataset "A” and HSE COIN database Failure Rate Distribution Comparison

4.7 Estimation of Proof Test Coverage from ESDV
Failure Mode Distribution

The study included a total of 387 ESDVs over an aggregated operating period of
approximately 54 million hours. Validation checks suggest that valve failure rates and
failure mode distributions align with those of industry databases and therefore are
meaningful. The Proof Test Coverage (PTC) was assessed for each valve type based
on the following ESDV full stroke proof test and the field data analysed from Section
4.5:

e Offline
e Timed closure
e Full stroke of the valve (from open to closed)

e No seat leakage test (or confirmation of obturator closure)

Implementing the above proof test would suggest that the Fail to Close (FTC) and
Delayed Operation (DOP) would be revealed with a high level of confidence, hence the
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probability of revealing these failure modes would be assumed to be 1. On that basis,
it can be assumed that the estimate of PTC is the sum of the two revealable failure
modes, FTC and DOP [27, 75]. Table 4.6 shows the estimated PTC values for a full
stroke test using the failure mode distribution of the three datasets, indicating a PTC
range of 81% to 87%.

Table 4.6: Estimated PTC values based on failure mode distribution

Dataset ‘A’ Dataset ‘B’ Dataset ‘C’°

Failure | Failure Mode | Failure Mode | Failure Mode
Mode Distribution Distribution Distribution
FTC 56% 71% 48%
DOP 25% 16% 37%
LCP 19% 13% 15%
PTC | 81% | 87% | 85%

4.8 Discussion and Conclusions

For a full stroke test, the Fail to Close (FTC) failure mode is inferred through verifica-
tion by a local indicator or limit switches. If the ESDV is constructed with materials
suitable for its service conditions, the actuator is appropriately sized to match the
valve stem, considering the Maximum Allowable Stem Torque (MAST), and the local
indicator and limit switches are deemed reliable, the probability of false verification
will be significantly reduced. Monitoring of valve stem movement during testing, if
possible, should be considered as an additional means of verifying FTC.

Fail to Close (FTC) failure mode can be broken down into sub-failures, i.e., stuck
open and fail to fully close. From Datasets A’ and 'B’ it was possible to identify the
breakdown of these failure modes by the description of the failure. The percentage of
stuck open failure modes was approximately 70%. This value can be used as part of
the calculation for partial stroke testing proof test coverage, as discussed in more detail
in the following chapters.

Typically, proof tests which include seat leakage tests to confirm LCP failure mode
are executed offline at pressures far lower than operating pressures, therefore the prob-
ability of a lower failure rate is expected, as opposed to testing at worst-case process
conditions i.e. at maximum operating pressure. Hence, the PTC for an offline test is
likely to be lower than that of a test carried out at process conditions.

The ESDV assemblies in Dataset A’ (RESDVs) are equipped with hydraulic actu-
ators as opposed to Dataset ‘B’ and Dataset 'C” which are pneumatic. From a failure
rate perspective, these have comparable dangerous failure rate ranges, with the hy-
draulic type having a range of 325 FIT to 1100 FIT and the pneumatic equivalent 300
FIT to 1200 FIT [78]. The difference in the failure rates is marginal and therefore
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should not have a detrimental impact on the data analysis aspect of this study.

Proof test coverage assumes that the proof tests are performed perfectly by the proof
tester, without human error. Therefore, it may be necessary to examine the potential
impact of human error to determine the effect on the overall PTC. A Human Reliability
Assessment (HRA) focusses on evaluating and improving the reliability of human per-
formance in complex systems, particularly in high-risk industries such as nuclear power,
oil & gas, and chemical processing. The goal is to determine, quantify, and mitigate
the likelihood of human errors that could lead to system failures or accidents. Tech-
niques such as the Human Error Assessment and Reduction Technique (HEART) [148]
and Standardised Plant Analysis Risk-Human Reliability Analysis (SPAR-H) [149] are
examples of HRA techniques.

The proof test coverage results from this study indicate that the proof test coverage
for an ESDV full stroke test based on industry equipment maintenance and test records
is approximately 81% to 87% and comparable with published PTC estimates. The
PTC estimates align with the upper range of published values, resulting in favourable
PFD,,, outcomes and potentially allowing reduced proof test frequencies compared to
estimates at the lower end of the scale. Hence, a reduced maintenance overhead can
be recommended for the operating company.

Figure 4.6 shows the published PTC estimates (blue) and the results of this analysis
based on the equipment failure rate data (green).
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Figure 4.6: Published PTC estimates (blue) and results from analysis (green). Stewart
[47], Abdelrhafour et al. [75], ISA TR96 [79], Dearden [49], NAMUR [48], Technis [69],
Ottermo [27], ISA TR84 [80]

Although upper and lower Chi-square confidence levels (x?) were applied to the
data, additional data collection efforts would provide a broader sample that could be
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more representative of the industry. However, a significant challenge in this study was
acquiring equipment failure data from organisations, as it is considered commercially
sensitive.

Using equipment failure data collected from industry offers several advantages in
estimating proof test coverage. Since the data originates from actual operational con-
texts, it reflects real-world conditions, including wear, maintenance practices, and envi-
ronmental factors. This specificity provides tailored insights into proof test coverage for
a particular plant or system, rather than relying on generic assumptions. In addition,
industry data captures recent trends and evolving equipment performance, enabling
dynamic adjustments to maintenance strategies. Using this approach, plant operators
can achieve more accurate and context-specific optimisation of proof test intervals.

However, relying on industry data also has limitations. The quality and complete-
ness of the data often depend on how consistently maintenance and testing records
are kept, and this can vary widely between organisations. Access to comprehensive
datasets may be restricted due to commercial sensitivity or confidentiality concerns,
leading to smaller sample sizes and reduced statistical robustness. Furthermore, re-
sults derived from industry data can be biased or highly variable between different
sites, potentially limiting their generalisability. Despite these challenges, industry data
remains a valuable resource when available, especially when used in combination with
other methods to ensure a holistic understanding of proof test coverage.

4.8.1 Summary of Findings
The key findings of this chapter can be briefly summarised in the following points:

e Using equipment maintenance and test data, the proof test coverage for an ESDV
full stroke test can be estimated by identifying dangerous failure modes in accor-
dance with BS EN 14224.

e This study found that the PTC results for a full stroke test were consistent with
the upper values of the published estimates.

e Access to comprehensive datasets was restricted due to commercial sensitivity,
leading to a small sample size.

This chapter discussed a method of estimating proof test coverage using equipment
maintenance and test data obtained from industry. The quality of maintenance and test
data can vary as it is based on the precision and diligence of the individual conducting
and recording the activities. Access to comprehensive datasets has been shown to be
challenging, limited by commercial sensitivity and confidentiality constraints, resulting
in smaller sample sizes and decreased statistical reliability. To enhance the accuracy
of the PTC estimates, it is proposed that the analysis be focused at the component
level, utilising data from component failure rate databases and other relevant sources.
As identified in the literature review, failure modes, effects, and diagnostics analysis

74



(FMEDA) is the preferred method to estimate the Proof Test Coverage (PTC) of an
Emergency Shutdown Valve (ESDV).

The objective of the next chapter is to utilise a recognised component failure
database and other relevant sources to perform a Failure Modes, Effects, and Diag-
nostic Analysis (FMEDA) to estimate the proof test coverage for an ESDV.
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Chapter 5

Method 2 - Estimating PTC using
FMEDA and Component Failure
Rate Data

5.1 Introduction

In the previous chapter, proof test coverage for a full stroke test was estimated based on
ESDV maintenance and test data, in which failure data were focused at the equipment
level. The quality and completeness of industry data often depend on the consistency
of maintenance and testing record keeping, which can vary significantly between or-
ganisations. Furthermore, access to comprehensive datasets is frequently restricted
due to commercial sensitivity or confidentiality concerns, resulting in smaller sample
sizes and reduced statistical reliability. In addition, results derived from such data may
exhibit bias or significant variability between different sites, potentially limiting their
applicability and generalisability.

In addition to drawing on my prior industrial experience, I undertook a number of
industry-based technical training courses during the course of this research to reinforce
and broaden my understanding of key subject areas. These courses were chosen not
only to deepen my technical insight into areas such as Failure Modes, Effects, and
Diagnostic Analysis (FMEDA), but also to provide opportunities to engage with other
professionals and draw on their experiences related to the challenges I was investigating.
Certificates for the courses attended are included in Appendix G.

This chapter discusses the FMEDA technique and the process of estimating proof
test coverage based on ESDV component failure rate data. FMEDA offers a structured
and systematic approach to estimating proof test coverage by leveraging established
component failure rate databases and reliability data. This method ensures consis-
tency and repeatability in the analysis, as it relies on standardised failure modes and
probabilities rather than site-specific variations. Figure 5.1 provides an overview of the
structure of this chapter.
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Overview of the FMEDA Process

I

Undertaking a FMEDA using a Component Failure Rate Database

2

Estimation of ESDV Proof Test Coverage

\Z

Comparison of Failure Rate Data from other Data Sources

Figure 5.1: Chapter Five Structure

5.2 The FMEDA process

FMEDA is a systematic approach to the analysis of equipment failures. The analysis
is carried out at the component level through which failure modes are identified and
the effects of the failure on the component and system are assessed. Component failure
rates are then assigned to failure modes. Part of the assessment is to determine whether
a failure can be detected by on-board diagnostics, and if not, the probability of revealing
a failure during the proof test. The FMEDA methodology is based on the Failure
Modes and Effects (FMEA) technique, a technique that is well established in the field
of reliability engineering. Other types of failure modes analysis such as Failure Modes,
Effects and Criticality Analysis (FMECA) is also derived from the FMEA technique.
To perform an FMEDA, several inputs are necessary; typically this information can
be obtained from associated drawings and documentation. The inputs to an FMEDA
include the following:

e Equipment data-sheets
e Safety Requirements Specifications (SRS)
e Schematic and/or general arrangement diagrams

e Component failure rate data

The equipment data sheets will provide specification information regarding each
device of the ESDV assembly, including the device model and manufacturer. A typical
ESDV data sheet is shown in Appendix C.1. Before starting an FMEDA it is important
to identify the assessment criteria. Typically, this information can be found in the
safety requirements specification (SRS) and includes:
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e Safe state of the ESDV - fail safe state, open or closed.

e ESDV proof test requirements - Full Stroke Test (FST) or Partial Stroke Test
(PST). The method of verifying the proof test, i.e., locally to the ESDV or re-
motely via the control system. The type of partial stroke test facilities. Whether
the test is online or off-line and whether it will be possible to verify valve closure
by means of instrumentation for downstream pressure and/or flow measurement.

e ESDV seat leakage requirements - seat leakage class, typically a maximum allow-
able leakage rate as opposed to Tight Shut-Off (T'SO).

The FMEDA process begins with subdividing the device into its individual elements
or parts, in the case of an ESDV that is the Solenoid-Operated Valve (SOV), actuator
and valve, as shown in Figure 5.2. The schematic or general arrangement diagrams for
each device will be required to identify the individual component parts.

PNEUMATIC
SUPPLY

ELECTRICAL SOV

ACTIVATION
SIGNAL A %—’ VENT

ACTUATOR

PROCESS LINE [ g% ]

VALVE

Figure 5.2: An ESDV assembly schematic showing SOV, actuator and valve.

The parts are then subdivided into subassemblies or components. The block dia-
gram (Figure 5.3) shows the individual parts and components of an ESDV assembly.
The appropriate level of detail for the analysis should be determined by the context
and the specific desired outcomes. In general, greater detail in the level of subdivision
of the subject of the FMEDA provides an equivalent level of detail on possible failure
modes and effects, hence a more accurate evaluation|[31].
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Inner & outer cap Bonnet and bolts

Travel stops

ESDV
assembly
Solenoid operated
Actuator Ball valve
valve (SOV)
e T | I______________j |_______________i
: SOV Components | | Actuator Components | | Ball valve Components |
| Body : : Housing | : Body |
| Housing | | Guide block and bar : | Stem :
l Coil/armature | | Spring | I Stem seal |
| Springs : : Cylinder | : Stem bush/bearing |
: Poppet with seals | | Piston rod : | Seat ring and springs :
| Sleeve : : Yoke | : Obturator (ball) |
l | | Tie rod : | Trunnion bush/bearing :
| | |
| | |
| L . !
' I I ' | I

Figure 5.3: Block diagram of an ESDV assembly showing its individual parts and
components.

As discussed, it will be necessary to understand the safe and dangerous failure
modes of the equipment and specifications such as the required seat leakage require-
ments. Safe and dangerous failure modes are classified as such based on the context of
the application of the ESDV. It is important at this point to clarify the definition of
a dangerous failure, as it may be mistakenly assumed that a failure mode, such as a
leak to the environment caused by failed body seals, would be classified as dangerous.
However, in the context of a Safety Instrumented Function (SIF) ESDV, such a failure
would typically be considered a safe failure, despite its potential hazard. As discussed
previously, SIFs are designed for specific potentially hazardous events, for example
overfilling a storage vessel or overpressurising a process pipeline. Therefore, it is im-
perative, when performing an FMEDA, that the assessment is undertaken within the
context of the application of the ESDV. The application of the ESDV will be provided
in the Safety Requirements Specification (SRS).

Each component part is assessed to determine how it can fail (failure mode) and
what impact the failure (failure effect) has on the operation of the component, and on
the system, i.e., will the failure effect be Safe (S), Dangerous (D), No Effect (NE) or
No Part (NP). A safe failure occurs when a component involved in executing the safety
function malfunctions, causing the safety function to activate unexpectedly, either
bringing the plant to a safe state or maintaining it in a safe state [32]. In the case of an
ESDV, the safe state is the closed position (for a fail-safe closed ESDV). A dangerous
failure is the failure of a component that plays a role in the implementation of the safety
function that prevents it from operating when required so that the plant is placed in
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a hazardous or potentially hazardous state [32]. A "no effect” failure is a failure of
a component that plays a part in implementing the safety function but has no direct
effect on the safety function [32]. A "no-part” failure classification refers to the failure
of a component that does not contribute to the execution of the safety function [32].

A failure rate is assigned to the failure mode of the component, which is typically
a distributed value derived from the overall failure rate of the component, as there
is usually more than one type of failure mode. For example, a compression spring
shown in Figure 5.4 has two failure modes, i.e., settle and break. The final part of the
evaluation includes consideration of whether the failure mode will be revealed during
the proof test and the reliability of the proof test verification method, as described in
[67]:

e Revealability - to what degree is the failure mode revealable during a proof test,
e.g., a Partial Stroke Test (PST) might only reveal a relatively small percentage
of the Fail to Close (FTC) and the Delayed Operation (DOP) failure modes.

e Reliability - to what degree are the proof test results dependable, such that the
revealed results reflect the valve condition, e.g. the reliability of the limit switches
indicating Fail to Close (FTC) failure mode (assuming instrumentation is used
to verify the operation of the valve). Instrumentation such as limit switches will
typically have a high reliability, i.e., greater than 0.95, which will not have a
significant impact on the assessment.

The product of the component failure rate (for each particular failure mode), its re-
vealibility and the test reliability provides a 'weighted’ revealed dangerous undetected
failure rate. The resulting PTC is calculated from the sum of the weighted revealed
dangerous undetected failure rates (Weighted Revealed Apy) and the sum of the total
dangerous undetected failure rates (Total A\py) using the following PTC equation.

Weighted Revealed \py

PTC =
¢ Total )\DU

(5.1)

5.2.1 Component Failure Rate Data

The initial FMEDA assessment was performed using the exida’s Component Reliability
Database (CRD) handbook [28]. The exida component reliability database (CRD) pro-
vides a list of valve assembly components, such as Solenoid-Operated Valves (SOVs),
actuators, and valves. Potential failure modes, an overall component failure rate, and
a failure rate distribution for specific failure modes are also provided for each com-
ponent. Component failure rates are detailed with variations based on environmental
conditions. The exida failure modes and failure rates were used as a basis for the
FMEDA. Figure 5.4 illustrates an example of the entry in the CRD database for a
compression spring.
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COMPONENT _ ~ _ ITEM NO.
Springs, Coil — Compression, General Purpose M.9.1.1
| GENERAL INFORMATION
CoMPONENT TYPE | Springs, Coil - Compression
COMPONENT
T General Purpose
Position Retention, No Significant Cycles Or Stroke
Low Cycle Design, Low Cycle, Partial Stroke
- COMPONENT ) N . ITEM NO.
Low Cycle Design, Low Cycle, Full Stroke Springs, Coil — Compression, General Purpose
| COMPONENT USE - M.9.1.1
c High Cycle Design, Low Cycle, Partial Stroke = =
+ CATEGORIES - High Cycle Design, Low Cycle, . .
High Cycle Design, Low Cycle, Full Stroke Partial Stroke v 10.0 12.0 130 200
High Cycle Design, High Cycle, Partial Stroke F 7
High Cycle Design, Low Cycle, v 250 300 330 500
High Cycle Design, High Cycle, Full Stroke Full Stroke
DATA SOURCE R High Cycle Design, High Cycle, ;
FAILURE RATE exida Comprehensive Analysis e v 250 300 33.0 50.0
Tt - High Cycle Design, High Cycle, , 60.0 70.0 80.0 120.0
FAILURE MODES exida Comprehensive Analysis Full Stroke
Low Cycle: < 5,000 Cycles
High Cycle: = 5,000 Cycles FAILURE MODE DATA (1]
REMARKS Partial stroke: < 50% range of motion FAILURE MODE PROFLET- | oooriea | PROFIES | PROFILES
Full stroke: = 50% range of motion 3
Listed Useful Life Cycles may be increased if the Manufactuer has test data Settle 800 80.0 80.0 80.0
available to support a higher Lifetime. Break 20.0 200 0.0 20.0
o
FAILURE RATE DATA PER 10° HOURS [FITs] USEFUL LIFE
COMPONENT USE CATEGORY 24 | PROET | peorueq | Promies PROFILE 6 PROFILE 1-
H 3 COMPONENT SUB-TYPE 3 PROFILE 4 PROFILE 5 PROFILE 6
S(;z:gon Retention, No Significant 50 6.0 80 100 Springs, Coil - Years 15 15 15 15
Springs, Coil — Position Retention - , , ; .
Low Cycle Design, Low Cycle, v 250 300 330 500 Cycles N/A N/A N/A N/A
Partial Stroke =
Low Cycle Design, Low Cycle, / 000 1200 1300 2000 Springs, Ca!I - Lc.nw Cycle - Cycles 5000 5000 5000 5000
Full Stroke ¥ - | Springs, Coil — High Cycle - Cycles | 10000 10000 10000 10000

Figure 5.4: exida CRD data for a compression spring [28]

5.2.2 FMEDA Worksheet
Figure 5.5 the FMEDA worksheet that was developed and used in this research with

an example entry.

Item | Component | Failure Failure Failure Failure Failure | Failure | Distribution Failure Total Probability | Weighted
# type mode | effecton | effecton | type (S,D, | mode rate of failure | revealed by | distributed of revealed
component | assembly | NE,NP) | BSEN | (FIT) rate (%) diagnostics failure revealing failure
14224 (Y,N) rate (FIT) failure rate (FIT)
A B C D E G H I J K IL M
1 SOV spring | Break | SOV fails | ESDV Dangerous | FTC 130 20 N 26 1 26
to return to | does not
safe close on
position demand

The example

Figure 5.5: FMEDA worksheet with example entry

entry describes the breaking (C) of a SOV spring (B) which cause

the valve to not return to its safe position (D) and will result in the ESDV not closing
on demand (E), which is classed as a dangerous failure (F) and is assigned the failure
mode FTC (G) according to BS EN 14224. As a spring has two failure modes (break
and settle), the failure rate (H) is distributed between the two, with break (C) assigned
20% (I) with the resultant total distributed failure rate being 26 FIT (K). Figure 5.6
highlights the failure rate (H) and Figure 5.7 highlights the failure distribution (I) of
the exida CRD database.
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FAILURE RATE DATA PER 109 HOURS [FITs]

CoMPONENT UsSe CATEGORY 2n PRogLE - PROFILE 4 PROFILE 5 PROFILE 6
Position Retention, No Significant v 50 6.0 8.0 100
Cycle

Low Cycle Design, Low Cycle,

Partial Stroke v 250 30.0 33.0 50.0
Low Cycle Design, Low Cycle, y 1000 120.0 200.0
Full Stroke

Figure 5.6: exida CRD data for compression spring failure rate

FAILURE MODE DATA [%]

FAILURE MoDE PROFELLE - PROFILE 4 PROFILE 5 PROFILE 6
Settle 80.0 80.0 80.0 80.0
Break 20.0 20.0 200

Figure 5.7: exida CRD data for compression spring distribution of failure for the 'break’
failure mode

Note that the "Profile” in the component failure rates (Figure 5.6) refers to the
environmental conditions of the location of the equipment, with profile 5, for example,
representing the offshore environment. Profile 5 has been chosen in this study as it
is the worst case environmental conditions. Table 5.1 shows the various environment
profiles.

Table 5.1: Environmental profiles [2§]

Profile
1 2 3 4 5 6
Location Cabinet General General Subsea Offshore Process
mounted/ field field wetted
climate mounted mounted
controlled (30°C (40°C
average average
internal internal
product product
temperature) | temperature)

As this is assessment is for a full stroke test the probability of revealing the failure
(L) is 1 (i.e. 100%) because the if the valve will not close in the test, it can be assumed
it will fail in service. The weighted revealed failure rate (M) for the spring break
failure mode is the product of the total distributed failure rate (K) and the probability
of revealing the failure (L), i.e. 26 FIT. Table 5.2 provides an explanation of the
worksheet entries.
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Table 5.2: Explanation of FMEDA entries (exida CRD [28], BS EN 14224 [143])

Column | Description

A Component reference number.

B Name of the component, identified in the equipment schematic diagrams.

C The failure mode of the component, identified from the exida CRD
database.

D Description of the failure mode.

E Description of the failure effect on the ESDV assembly, i.e., the
consequence of the failure.

F Categorisation of the failure type, i.e, Safe (S), Dangerous (D), No Effect
(NE) or No Part (NP).

G Failure mode identified in BS EN 14224,

H The component failure rate (FIT), identified from the exida CRD database.

I Distribution of the failure rate in column H, identified from the exida CRD
database.

J Identifies whether the failure can be detected by diagnostics (Y) or not (N).

K Product of column H and I.

L Declares whether the failure can be revealed during a proof test and is

determined from the type of proof test considered, i.e., full stroke or partial
stroke test, which will be identified in the safety requirements specification
(SRS).

M Product of column K and L.

The total dangerous failure rate is calculated from the sum of entries in column
K (note: only items declared dangerous in column F). The total weighted revealed
dangerous failure rate is calculated from the sum of entries under column M (note:
only items declared as dangerous in column F).

5.3 FMEDA Results

Table 5.3 shows the results of the FMEDA carried out using exida CRD. The tables
show the components, failure modes and types, identified dangerous revealed and dan-
gerous unrevealed failures and associated failure rates. Safe failures are not included
as the calculation of proof test coverage is based on dangerous failures only. The full

FMEDA worksheet showing dangerous, safe and no effect failures is shown in Appendix
C.2.
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Table 5.3: FMEDA results - showing failure rates for components for an ESDV assem-
bly

Revealed | Unrevealed
Component Failure Failure dangerous | dangerous
mode mode type | failure rate | failure rate
(FIT) (FIT)
SOV
Sleeve bearing Bind FTC 22
Poppet w/seals Bind FTC 36
Spring Settle FTC 104
Spring Break FTC 26
Actuator
Piston rod Break FTC 20
Piston rod Deflect DOP 20
Yoke (includes guide block/bar) Break FTC 36
Yoke (includes guide block/bar) Bind DOP 36
Cylinder body Fracture FTC 3
Cylinder body Fracture DOP 3
Piston Bind DOP 8
Piston Fracture FTC 4
Piston seals Bind FTC 12
Tie rod Break FTC 3
Tie rod Deflect DOP 3
Spring Settle FTC 104
Spring Break FTC 26
Ball valve
Stem bush/bearings Bind FTC 47
Stem bush/bearings Bind DOP 47
Valve body Bind DOP 5
Valve body Bind FTC 5
Seat ring/spring A Bind FTC 23
Seat ring/spring A Major leak LCP 45
Seat ring/spring B Bind FTC 23
Seat ring/spring B Major leak LCP 45
Stem Bind FTC 27
Stem Bind DOP 27
Stem Break LCP 18
Obturator (ball) Bind FTC 25
Obturator (ball) Bind DOP 25
Obturator (ball) Break FTC 25
Obturator (ball) Major leak LCP 76
Trunnion bush/bearings Bind FTC 47
Trunnion bush/bearings Bind DOP 47
Total Revealed Dangerous Failure Rate (FIT) 837
Total Unrevealed Dangerous Failure Rate (FIT) 184
Total Dangerous Failure Rate (FIT) 1021
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The total dangerous failure rate for the ESDV is 1021 FIT which is in good agree-
ment with industry equipment databases such as OREDA [26] (1380 FIT), SINTEF
27] (2500 FIT) and FARADIP.FOUR [29] (1000 FIT). As discussed previously, the
total dangerous failure rate refers to the number of failures that inhibit the ESDV
from performing its intended function, which can result in a dangerous event. For the
ESDVs examined in this research, dangerous failures include fail to close (FTC), de-
layed operation (DOP), and leak in the closed position (LCP). There are no unrevealed
dangerous failures for the SOV or actuator, only for the valve. As it is a full stroke test
without seat leakage verification, it is possible to reveal all the failure types associated
with the SOV and actuator, i.e., fail to close (FTC) and delayed operation (DOP).
The distribution of failure modes is shown in Table 5.4, which aligns with the expected
distribution hierarchy, i.e., FTC highest failure mode percentage followed by delayed
operation (DOP) and then leak in the closed position (LCP). Therefore, the proof test
coverage estimate for a full stroke test based on exida CRD data was 82%.

Table 5.4: exida CRD FMEDA distribution of failure modes

Failure Mode | Failure Mode Distribution
FTC 60%
DOP 22%
LCP 18%

5.4 FMEDA Using Other Data Sources

Additional FMEDA assessments were undertaken by others and a comparison of the
results was made. Incorporating expert judgement posed a challenge in this research,
as only a small number of experts were able to provide input. The exida CRD failure
modes were used as a basis for the FMEDA but the failure rate data were sourced
elsewhere. The failure rate data sources included those from industry equipment fail-
ure rate databases, British Standards, and certified equipment reports. Six additional
FMEDA assessments were made using the FMEDA worksheet shown previously in
Figure 5.5.

Details of the FMEDA Datasets and the Experts involved in the assessments are pro-
vided as follows.

e Dataset #1 - the failure modes, component failure rates and failure rate dis-
tribution are based on exida CRD [28], and the failure types are based on the
judgement of Expert #1, #2 and #3.

e Dataset #2 - the failure modes are based on exida CRD [28], component failure
rates are based on FARADIP.FOUR [29] and the judgement of Expert #2, the
failure rate distribution is based on the judgement of Expert #2, and the failure
types are based on the judgement of Expert #1, #2 and #3.
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e Dataset #3 - the failure modes are based on exida CRD [28], component failure
rates are based on FARADIP.FOUR [29] and the judgement of Expert #3, the
failure rate distribution is based on the judgement of Expert #3, and the failure
types are based on the opinions of Expert #1, #2 and #3.

e Dataset #4 - the failure modes are based on exida CRD [28], component failure
rates are based on data from BS EN 61508 [32] certified equipment reports and the
judgement of Expert #1, the failure rate distribution is based on the judgement
of Expert #1, and the failure types are based on the opinions of Expert #1, #2
and #3.

e Dataset #5 - the failure modes are based on exida CRD [28], component failure
rates are based on data from BS EN 61508 [32] certified equipment reports, the
failure rate distribution is based on the judgement of Expert #1, and the failure
types are based on the opinions of Expert #1, #2 and #3.

e Dataset #6 - the failure modes are based on exida CRD [28], component failure
rates are based on data from BS EN 61508 [32] certified equipment reports, the
failure rate distribution is based on the judgement of Expert #1, and the failure
types are based on the judgement of Expert #1, #2 and #3.

e Dataset #7 - the failure modes are based on exida CRD [28], component failure
rates and the failure rate distribution are based on data from BS EN 17955 [150],
and the failure types are based on the judgement of Expert #1, #2 and #3.

Experts #1, #2 and #3 are registered with the UK Engineering Council as Char-
tered Engineers and have extensive experience in functional safety within the process
industry sector. All experts have more than five years of experience in the analysis of
failure modes and effects related to electromechanical equipment.

The exida Component Reliability Database (CRD) [28] provides a comprehensive
set of component failure rate, failure mode and useful life data. The datasets have
been derived for many engineering applications and provide all the data needed for a
realistic FMEDA prediction, a device failure rate prediction method that requires a full
set of data. The fifth edition was published in 2021 in a three volume set (Mechanical,
Electrical, Electrical Sensor). The data sets are provided for individual components
for electrical, mechanical and sensor. The mechanical volume includes contributions
from thirteen FMEDA experts.

The FARADIP database [29] is provided by Technis consultancy. FARADIP is a
unique failure rate and failure mode data bank, based on over 1000 published data
sources together with Technis’s own collection of reliability data. More than 50 ver-
sions since 1987. FARADIP is widely used as a data reference and provides failure rate
data ranges for a nested hierarchy of items that cover electrical, electronic, mechani-
cal, pneumatic, instrumentation and protective devices. Failure mode percentages are
included, together with an FMEDA package that calculates the Safe Failure Fraction.
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Vendor claims of so-called "data” and FMEDA predicted values, i.e., non-empirical
field data, are explicitly excluded from FARADIP. A long-standing Technis study has
shown that vendor-based claims of failure rates exhibit over half an order of magnitude
of optimism.

Certified equipment reports based on BS EN 61508 [32] are issued by certifying
organisations for manufacturers of equipment used in functional safety applications.
The reports provide details of the quantitative and qualitative assessments carried
out by functional safety experts. Reports can be obtained for all safety instrumented
function elements, that is, sensors, logic solvers, and final elements, such as ESDVs.
Typically, the components that make up an ESDV, such as SOVs, actuators, and
valves, are certified individually. The equipment is assessed from both a hardware
safety integrity and a systematic safety integrity perspective, enabling end users to
evaluate its viability for use. Hardware safety integrity refers to the ability of hardware
components within a safety-related system to perform their intended safety functions
reliably, especially in preventing failures that could lead to hazardous situations. It is
a measure of the reliability and fault tolerance of the physical components of a system,
such as sensors, logic solvers, and final elements, to maintain functional safety over time.
Systematic safety integrity refers to the ability of a safety-related system to perform its
intended function reliably and consistently, accounting for potential systematic failures.
Systematic failures arise from errors in the design and development process, and are
not due to random hardware faults. Typically, a report will include a summary of
the assessment with failure modes and associated failure rates for the equipment. The
reports are easily accessible in the public domain.

BS EN 17955 [150] is a European standard that establishes requirements for eval-
uating mechanical devices within automated industrial valve assemblies used as final
elements in safety instrumented systems (SIS). It also provides a database of mechan-
ical component failure rates for commonly used industrial valve assemblies.

5.4.1 Comparison of Dataset Component Failure Rates

Table 5.5 shows the results of the FMEDA assessments. Each component is identified
in conjunction with a specific failure mode and its corresponding failure mode type.
For each component failure mode, a failure rate was assigned. The table has been
colour coded to provide a ’heat map’ to emphasise the difference in the failure rate
data. Green indicates the lowest values, yellow the midrange values, and red the
highest values. Many components have a wide range of failure rates, e.g., Datasets #2
and Dataset #5 have significant differences for the SOV components, in particular the
sleeve bearing, poppet and spring. Similarly, the failure rates for the actuator piston
given by Dataset #1 and Dataset #7 are significantly different from all other datasets.
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Table 5.5: Variation in component failure rate data (FIT). Green indicates the lowest
values, yellow the midrange values, and red the highest values

Component Failure Failure Dataset | Dataset | Dataset | Dataset | Dataset | Dataset [ Dataset
mode mode type #1 #2 #3 #4 #5 #6 #1
Sleeve bearing Bind FTC 22 110 50 56 2 40 10
Poppet w/seals Bind FTC 36 220 30 45 1 32 6
Spring Settle FTC 104 165 40 45 1 32 16
Spring Break FTC 26 55 40 45 1 32 24
Piston rod Break FTC 20 19 30 13 11 13 5
Piston rod Deflect DOP 20 38 130 26 21 26 5
Yoke (includes guide block/bar) Break FTC 36 19 30 13 11 13 15
Yoke (includes guide block/bar) Bind DOP 36 150 70 52 43 52 15
Cylinder body Fracture FTC 3 19 30 13 11 13 12
Cylinder body Fracture DOP 3 19 20 13 11 13 12
Piston Bind DOP 8 150 160 104 86 104 16
Piston Fracture FTC 4 19 90 13 11 13 8
Piston seals Bind FTC 12 75 70 52 43 52 16
Tie rod Break FTC 3 19 30 13 11 13 5
Tie rod Deflect DOP 3 37 70 26 21 26 5
Spring Settle FTC 104 57 70 39 32 39 16
Spring Break FTC 26 19 30 39 32 39 24
Stem bush/bearings Bind FTC 47 73 43 24 22 7 45
Stem bush/bearings Bind DOP 47 73 43 48 44 15 45
Valve body Bind DOP 5 19 40 12 11 4 12
Valve body Bind FTC 5 19 20 12 11 4 12
Seat ring/spring A Bind FTC 23 55 40 24 22 7 6
Seat ring/spring A Major leak LCP 45 91 105 121 110 37 15
Seat ring/spring B Bind FTC 23 55 40 24 22 7 6
Seat ring/spring B Major leak LCP 45 91 105 121 110 37 15
Stem Bind FTC 27 73 20 73 66 22 15
Stem Bind DOP 27 73 20 73 66 22 15
Stem Break LCP 18 73 65 12 11 4 8
Obturator (ball) Bind FTC 25 19 43 12 11 4 6
Obturator (ball) Bind DOP 25 37 43 24 22 7 6
Obturator (ball) Break FTC 25 19 43 12 11 4 6
Obturator (ball) Major leak LCP 76 145 65 73 66 22 39
Trunnion bush/bearings Bind FTC 47 73 43 48 44 15 15
Trunnion bush/bearings Bind DOP 47 73 43 48 44 15 15
Total Dangerous Failure Rate| 1021 2248 1808 1369 1040 786 491

Figure 5.8 shows the minimum and maximum failure rates for each component
across all datasets. There are a number of component failure rates that differ by two
orders of magnitude. The most notable difference in failure rates is the SOV poppet
with seals, with a variance of 219 FIT. The significant difference is attributed to Dataset
#2, which has a notably high failure rate of 220 FIT, compared to all other datasets,
and Dataset #5 which has a notably low failure rate of 1 FIT. The smallest difference
in failure rates between datasets is observed in the valve body, with a variation of 16
FIT.
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Figure 5.8: Component failures rates - minimum
datasets

and maximum values across all

Figures 5.9 and Figure 5.10 illustrate the variance of failure rates between datasets

for ESDV assembly components in the form of Pareto

charts. The charts emphasise the

extent of the variation between datasets, including the hierarchy of component failures,

as well as the actual component failure rates. There

is some agreement, for example,

Datasets #4 and #5 identify that the seat ring is the most likely component to fail
and Datasets #3 and #4 identify that the valve stem is the least likely component to

fail.
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Figure 5.10: Pareto chart of assumed failure rates for ESDV components - Dataset #7

As previously discussed, significant differences exist between the datasets used to
perform an FMEDA, which can result in considerable variation in the overall failure
rate and proof test coverage outcomes. Tables 5.6, 5.7, and 5.8 present comparisons
of expert-derived failure rate datasets, with Table 5.6 using regression analysis (R?),
Table 5.7 employing the Mean Square Error (MSE) and Table 5.8 using the Root Mean
Square Error (RMSE) for evaluation.

Table 5.6 indicates that the majority (95%) of the R? values are less than 0.5, which
indicates a very poor correlation between the data from different experts.

Table 5.6: Regression analysis - comparing component failure rate datasets

Dataset #1 v Dataset #2 Dataset #1 v Dataset #3 Dataset #1 v Dataset #4 Dataset #1 v Dataset #5 Dataset #1 v Dataset #6 | Dataset #1 v Dataset #7

0.228 0.001 0.110 0.046 0.014 0.186
Dataset #2 v Dataset #3 Dataset #2 v Dataset #4 Dataset #2 v Dataset #5 Dataset #2 v Dataset #6 Dataset #2 v Dataset #7

0.075 0342 0.092 0315 0.054
Dataset #3 v Dataset #4 Dataset #3 v Dataset #5 Dataset #3 v Dataset #6 Dataset #3 v Dataset #7

0.258 0263 0410 0.001
Dataset #4 v Dataset #5 Dataset #4 v Dataset #6 Dataset #4 v Dataset #7

0.788 0.432 0.083
Dataset #5 v Dataset #6 Dataset #5 v Dataset #7

0.224 0.081
Dataset #6 v Dataset #7

0.011

Table 5.7 indicates that the majority (95%) of MSE values are greater than 500

indicating large deviations between datasets.
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Table 5.7: MSE - comparing component failure rate datasets

Dataset #1 v Dataset #2 Dataset #1 v Dataset #3 Dataset #1 v Dataset #4 Dataset #1 v Dataset #5 Dataset #1 v Dataset #6 | Dataset #1 v Dataset #7
3231 2135 1139 1150 950 750
Dataset #2 v Dataset #3 Dataset #2 v Dataset #4 Dataset #2 v Dataset #5 Dataset #2 v Dataset #6 Dataset #2 v Dataset #7
2815 2312 3719 3626 5033
Dataset #3 v Dataset #4 Dataset #3 v Dataset #5 Dataset #3 v Dataset #6 Dataset #3 v Dataset #7
1120 1421 1507 2645
Dataset #4 v Dataset #5 Dataset #4 v Dataset #6 Dataset #4 v Dataset #7
291 811 1504
Dataset #5 v Dataset #6 Dataset #5 v Dataset #7
743 1033
Dataset #6 v Dataset #7
532

Table 5.8 shows that the actual mean error between the expert datasets ranges from
17 FIT to 71 FIT, confirming the poor relationships between the expert datasets.

Table 5.8: RMSE (FIT) - comparing component failure rate datasets

Dataset #1 v Dataset #2 Dataset #1 v Dataset #3 Dataset #1 v Dataset #4 Dataset #1 v Dataset #5 Dataset #1 v Dataset #6 Dataset #1 v Dataset #7
57 46 34 34 31 27
Dataset #2 v Dataset #3 Dataset #2 v Dataset #4 Dataset #2 v Dataset #5 Dataset #2 v Dataset #6 Dataset #2 v Dataset #7
53 48 61 60 71
Dataset #3 v Dataset #4 Dataset #3 v Dataset #5 Dataset #3 v Dataset #6 Dataset #3 v Dataset #7
33 38 39 51
Dataset #4 v Dataset #5 Dataset #4 v Dataset #6 Dataset #4 v Dataset #7
17 28 39
Dataset #5 v Dataset #6 Dataset #5 v Dataset #7
27 32
Dataset #6 v Dataset #7
23

The above metrics indicate very poor regression and substantial deviations between
datasets. Table 5.9 shows the average and geometric mean values for the datasets.

Table 5.9: Average and geometric mean values of datasets

R? MSE RMSE
Average 0.191 1832 40
Geometric mean 0.081 1455 38

Figure 5.11 shows the variance in the datasets, the ESDV failure rates that range
from approximately 500 to 2200 FIT.
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Figure 5.11: ESDV total failure rate for each dataset

Table 5.10 shows the variation in proof test coverage calculated from the weighted
revealed failure rates and total failure rates, with a maximum difference being 16%
between Dataset #5 and Dataset #6.

Table 5.10: Proof test coverage estimates using expert datasets

Dataset #1 | Dataset #2 | Dataset #3 | Dataset #4 | Dataset #5 | Dataset #6 | Dataset #7
82% 82% 81% 77% 71% 87% 84%

5.5 Discussion and Conclusions

The Proof Test Coverage (PTC) estimates derived from FMEDA show significantly
smaller differences between the datasets compared to the variations in failure rates.
As discussed previously, PTC represents the percentage of dangerous failures that
are detected relative to the total dangerous failure rate. Therefore, regardless of the
general magnitude of the failure rate, the PTC is determined by the proportion of
failures revealed within a specific dataset. Thus, it is possible for a dataset with a
significantly higher overall failure rate to have a comparable PTC estimate as a dataset
with a much lower overall failure rate, as the PTC is determined by the proportion
of revealed failures, not the total failure rate itself. An example of this can be seen
with Dataset #2 and Dataset #7. Furthermore, it is possible for two datasets with
comparable total failure rates to have different PTC estimates, as seen with Dataset
#1 and Dataset #5. This variation occurs because the PTC depends on the proportion
of revealed dangerous failures, not just the total failure rate.
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The impact of the findings is significant if we compare the PTC results with those
of published data, in particular the FMEDA PTC estimate of 70% provided by Stewart
[47]. Dataset #5 provides a comparable result, while Dataset #6 shows an approxi-
mately 17% increase, indicating a more favourable PFD,,, and potentially leading to
less frequent proof testing, thus reducing maintenance overhead.

The FMEDA results indicate that the only part of the ESDV assembly that has
unrevealed failures is the ball valve itself, suggesting that the SOV and actuator can be
excluded when estimating proof test coverage for a full stroke test. Leak in the Closed
Position (LCP) being the only dangerous failure mode that is not revealed during a
full stroke proof test and the failure causes are attributed to the ball valve itself.

The scope of FMEDA assessments is limited to the primary elements of an ESDV
and typically excludes ancillary equipment, such as pressure filter regulators, pilot
valves, quick exhaust valves, and flow regulators, even though these components are
often specified in ESDV designs. Ancillary equipment has the potential to introduce
additional dangerous failure modes. For example, failure of a pressure-filter regulator
could lead to excessive pressure being applied to the actuator, thereby increasing actu-
ator torque and potentially over-stressing the valve stem. This over-stress could result
in the stem twisting or even shearing. However, actuator specifications typically take
into account the valve’s Maximum Allowable Stem Torque (MAST), which is deter-
mined based on the regulated air pressure supplied to the actuator, typically 4 barg,
regulated down from an instrument air supply of 8.5 barg. MAST is defined as the
maximum torque/thrust that can be applied to the valve stem without risk of damage

3.

5.5.1 Summary of Findings

The key findings of this chapter can be briefly summarised in the following points:

e The FMEDA process is complex, requiring numerous inputs such as component
failure rate data and failure modes, which are challenging to acquire due to the
lack of a standardised database.

e The component failure rates vary significantly across datasets showing poor re-
gression, Mean Square Error (MSE), and Root Mean Square Error (RMSE) met-
rics when compared against each other. The actual mean error between expert
datasets ranges from 17 FIT to 71 FIT.

e The corresponding proof test coverage estimates also showed considerable varia-
tion between the datasets, although not as pronounced as the failure rate data,
ranging from 71% to 87% for a full stroke test.

e The FMEDA PTC estimates are comparable to the estimates obtained from
industry data in Chapter 4. The average estimates of PTC for FMEDA and
industry data are 80% and 84%, respectively.
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The results of this chapter demonstrate that conducting an FMEDA of an ESDV
assembly reveals differing opinions on component failure rates among industry experts
and data sources. The differences in the datasets cause significant variation in the
estimation of proof test coverage. To address the differences in opinion, additional
work is required to reconcile the experts’ judgements, which is the subject of the next
chapter. The objective of the next chapter is to develop a Fuzzy Inference System (FIS)
that consolidates expert judgement, validated using datasets from various sources. The
performance of the FIS will be evaluated through statistical measures and metrics,
including linear regression analysis (R?), Mean Square Error (MSE), and Root Mean
Square Error (RMSE).
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Chapter 6

Method 3 - Estimating PTC using
a Fuzzy Inference System

6.1 Introduction

As discussed in the previous chapter, the input data used in an ESDV Failure Modes,
Effects, and Diagnostic Analysis (FMEDA) is subjective, derived from the interpreta-
tion of experts on the failure of ESDV components, resulting in a variety of different
assessment outcomes. The subjective data relates both to component failure rates and
the probability of revealing a failure during a proof test. The latter is particularly
significant when assessing proof test coverage for a partial stroke test, as it relies on
assumptions about the full movement of a valve based only on a partial stroke, making
it less definitive as a test. As identified in the literature review Fuzzy Inference Sys-
tems (FIS) are suitable for applications where data is subjective and have been used in
Failure Modes and Effects Analysis (FMEA) type applications such as Failure Modes,
Effects, and Criticality Analysis (FMECA) but not yet with the use of FMEDA.

This chapter discusses an approach to handling subjective data, such as component
failure rate and probability of revealing a failure, using fuzzy logic, and the method-
ology used to develop a suitable FIS to infer a weighted revealed failure rate to allow
calculation of proof test coverage. The objective is to design an FIS that models the
real world; in this case an FMEDA based on its input data, i.e., component failure rate
and probability of revealing a failure. Figure 6.1 provides an overview of the structure
of this chapter.
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Overview of the FIS Design Life-cycle

\Z

Proof of Concept: FIS Applied to FMEDA

\Z

FIS Development using Design Criteria from Literature

\Z

Further Investigation using Diverse Types of Membership Functions

\Z

FIS Design Improvements: Modifying the Fuzzy Sets and IF-THEN
Rules to accommodate Full and Partial Stroke Testing

\Z

Estimation of ESDV Proof Test Coverage

\Z

Comparison of FMEDA and FIS Proof Test Coverage Results

Figure 6.1: Chapter Six Structure

6.2 FIS Design Life-cycle

6.2.1 Development Phases

The fuzzy inference system was designed using five phases of development. Figure 6.2
shows the fuzzy inference system design life-cycle and the development phases from
conceptualisation through to validation.

The first phase is conceptualisation, where the problem is acknowledged and the
data, along with opportunities for improvement in the FMEDA technique, are identi-
fied. The theoretical framework of the potential solution is developed and a literature
review is undertaken to identify a fuzzy inference design criteria.

The second phase is the development of the fuzzy inference system design based
on the findings of the literature review, highlighting the most common FIS design
criteria. Criteria such as input and output membership function types, universe of
discourse (based on expert data), partitioning, fuzzy set overlap, rule base, and method
of defuzzification. FMEDA data is also collected from experts during this phase which
provides a beneficial input to the design development.

The third phase is the realisation of the FIS design in software. Initial FIS designs
were developed using JuzzyOnline [151], an open source online toolkit for fuzzy infer-
ence systems. MATLAB software (Fuzzy Logic Toolbox) was used in the latter stages
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of the life-cycle to refine the FIS design.

r \ A
Conceptulisation 1 Statement of the problem, theoretical framework,
phase proof of concept
\, — 7 \ /
r ' N\ _ — _ _ T\
2 Development of design criteria. Identify FIS design criteria
Design phase from literature review - membership functions, linguistic
variables, universe of discourse, rule base, method of
. — 7\ defuzzification. Data collection. )
r \ N
Realisation 3 Implement design using FIS software.
phase
{ - J
a B ™
4 Test design using random values of input data. Undertake
Test phase analysis of results.
A 7 J
i A \
L 5 Validate design using a sample of collected data.
Validation phase Undertake analysis of results.
N 7 j

Figure 6.2: FIS Design Life-cycle

The fourth and fifth phases are testing and validation, respectively. Tests were
carried out using random number datasets for both inputs of the FIS, these were
random numbers within the universe of discourse of the inputs. The validation was
carried out using datasets from various sources and includes expert judgement. The
goal was to identify an FIS that best represents the opinion of experts within the scope
of this research [128].

6.2.2 Phase 1 — Conceptualisation
6.2.2.1 Proof of Concept - FIS Applied to FMEDA

A preliminary demonstration to verify the feasibility of using the FIS for use with
FMEDA data was undertaken with the aims to show that the FIS can effectively address
the problem before moving forward with full-scale development or implementation.
Initial FIS designs were developed including setting up membership functions, input
variables such as component failure rates and probabilities, and the rule base needed
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to perform inference. Testing of the FIS was undertaken on a limited dataset to
demonstrate that it can provide reasonable outputs, to calculate proof test coverage
estimates. The outputs of the FIS were then compared with FMEDA outputs to assess
if it offers comparable or better results, to validate whether the FIS is a viable tool for
the problem.

Fuzzy inference research papers relating to FMEA and FMECA were reviewed,
noting that fuzzy inference applied to FMEDA is a novel idea, hence no such literature
is available. Fuzzy inference systems have been successfully applied to FMEA and
FMECA processes, making them valuable candidates for testing in FMEDA applica-
tions.

Initially, a fuzzy inference design was developed using JuzzyOnline [151], an open
source online toolkit for developing fuzzy inference systems (FIS). The aim of the FIS
design is to model the FMEDA process and its associated data input. The performance
of the FIS is determined by a number of attributes, including the type and size of the
membership function, the base of rules, and the method of defuzzification.

As discussed earlier, Mamdani Type-1 is the preferred FIS method over Mamdani
Type-2 and TSK due to its simplicity. Mamdani Type-1 is the most commonly used
type in the FMEA and FMECA applications and is the focus of this research. The FIS
design was developed and tested against random numbers and validated against a single
FMEDA dataset, experimenting with different fuzzy set shapes and configurations, a
‘trial and error’ method, to see what results could be obtained and if the idea was
worth pursuing.

The initial design was based on three inputs; component failure rate, revealability
(of the failure mode) and the reliability (of the failure mode detection hardware). The
output was referred to as the ‘Proof Test Coverage (PTC) significance’. The design
used the most simplistic membership function, the triangular type, with five, equally
partitioned, fuzzy sets. A fuzzy set is defined by a membership function that maps
each element in the universe of discourse to a degree of membership. The partitions
were labelled Very Low (VL), Low (L), Medium (M), High (H), and Very High (VH).
The input fuzzy sets are shown in Figure 6.3 and the output in Figure 6.4.
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Figure 6.3: Initial FIS design - Input fuzzy sets
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Figure 6.4: Initial FIS design - Output fuzzy set
As there were three input fuzzy sets with each having five membership functions,
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this generated an [F-THEN rule base of 125 rules. Figure 6.5 shows a sample of the
rules.

. If Failure rate (FITS) is VH and Revealability is VL and Reliability is VL then PTC Significance is VL
. If Failure rate (FITS) is VL and Revealability is L and Reliability is VL then PTC Significance is VL
. If Failure rate (FITS) is VL and Revealability is VL and Reliability is L then PTC Significance is VL
. If Failure rate (FITS) is L and Revealability is VL and Reliability is VL then PTC Significance is VL
)
)
)
)

(
(
(
(
. If Failure rate (FITS) is VL and Revealability is M and Reliability is VL then PTC Significance is VL
. If Failure rate (FITS) is VL and Revealability is VL and Reliability is M then PTC Significance is VL

(

(

(

e

. If Failure rate (FITS) is M and Revealability is VL and Reliability is VL then PTC Significance is VL
. If Failure rate (FITS) is VL and Revealability is L and Reliability is L then PTC Significance is VL

. If Failure rate (FITS) is L and Revealability is VL and Reliability is L then PTC Significance is VL
0. If Failure rate (FITS) is L and Revealability is L and Reliability is VL then PTC Significance is VL

= O 0 N O O W N =

Figure 6.5: Sample of [F-THEN rules

The design was tested using a set of random numbers, resulting in an R? value of
approximately 0.7, a high MSE of 5956, and an RMSE in the region of 77 FIT. These
metrics indicate that the model provides a poor fit to the data. Figure 6.6 shows a
comparison of FMEDA output and FIS output values.
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Random number combinations

—#— FMEDA (Observed values) —m— FIS (Expected values)

Figure 6.6: Initial FIS design - a comparison of FMEDA (Observed values) and FIS
(Expected values) outputs

The partitioning of the fuzzy sets was modified in an attempt to improve the fit
of the FIS to the FMEDA data. Figures 6.7 and Figure 6.8 show modifications of the
input membership functions. Figure 6.7 shows unequal partitioning to improve the
sensitivity at the lower end of the range.
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Figure 6.7: Modified input membership function (unequal partitioning to improve
sensitivity at the lower end of the range)

Figure 6.8 shows fuzzy sets with reduced overlap that did not improve the perfor-
mance of the system.
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Figure 6.8: Modified input membership function (reduced overlap of fuzzy sets)

Modifications to the output membership functions were also experimented with
as shown in Figure 6.9. This particular configuration did not improve the system
performance.

102



Figure 6.9: Modified output membership function (unequal partitioning)

Several iterations of the design improved the performance of the FIS. A key change
was the number of inputs; this was decreased from three to two. Originally the inputs
were component failure rate, revealability and reliability, but from testing it was ev-
ident that the system was too complex with three inputs which generated 125 rules.
Therefore, revealability and reliability were combined to make one input called Detec-
tion later renamed as the Probability of revealing the failure. Figure 6.10 shows the
modifications reduced the number of inputs, the change in the universe of discourse,
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and the shape of the fuzzy set, all improving the performance of the FIS.

Inputs Outputs
/\ 1.0
I'; 08| |||
/i |
Il} \ 06 ||
ity o4
[ty ! | :
- 0.2 | =
H =a
VH = 3 =, yH
S0 100 150 200 250 300 350 400 450 & 400 800 2 B0 0 1000
x_.)ﬂ_‘[ x.zm
A
[\
[\
I
¥l
B :
-
- H
A - yH
0.0 02 04 [ 08 10
* . Detection

Figure 6.10: Reduced number of inputs and universe of discourse
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Reducing the number of inputs meant that the rule base was much smaller with
only 25 which was far more manageable. The universe of discourse was also modified
to coincide with actual data set failure rate ranges, i.e., 1 to 220 FIT, mindful that the
universe of discourse could change in the event of expanding the model with new data
sets. Different shapes of fuzzy sets were used favouring trapezoidal for the probability
of revealing failure input and weighted revealed failure rate (output).

The optimised proof-of-concept final design is shown in the following figures. The
inputs, component failure rate and probability of revealing the failure and the output,
weighted revealed failure rate, are shown in Figures 6.11, 6.12, and 6.13, respectively.
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Figure 6.12: Probability of revealing the failure
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Figure 6.13: Weighted revealed failure rate

The IF-THEN rule base for the final design is shown in Figure 6.14.

Rules

X # 1. If Component failure rate (FIT) is VL and Probability of revealing the failure is VL then Weighted revealed failure rate (FIT) is VL

X # 2. If Component failure rate (FIT) is VL and Probability of revealing the failure is L then Weighted revealed failure rate (FIT) is VL

FIT

® # 3. If Component failure rate is VL and Probability of revealing the failure is M then Weighted revealed failure rate (FIT) is VL

X # 4. If Component failure rate (FIT) is VL and Probability of revealing the failure is H then Weighted revealed failure rate (FIT) is VL

* # 5. If Component failure rate (FIT) is VL and Probability of revealing the failure is VH then Weighted revealed failure rate (FIT) is VL

* # 6. If Component failure rate (FIT) is L and Probability of revealing the failure is VL then Weighted revealed failure rate (FIT) is VL

X # 7. If Component failure rate (FIT) is L and Probability of revealing the failure is L then Weighted revealed failure rate (FIT) is L

® # 8. If Component failure rate (FIT) is L and Probability of revealing the failure is M then Weighted revealed failure rate (FIT) is L

* # 9. If Component failure rate (FIT) is L and Probability of revealing the failure is H then Weighted revealed failure rate (FIT) is L

x # 10. If Component failure rate (FIT) is L and Probability of revealing the failure is VH then Weighted revealed failure rate (FIT) is L

® # 11. If Component failure rate (FIT) is M and Probability of revealing the failure is VL then Weighted revealed failure rate (FIT) is VL

X # 12. If Component failure rate (FIT) is M and Probability of revealing the failure is L then Weighted revealed failure rate (FIT) is L

X # 13. If Component failure rate (FIT) is M and Probability of revealing the failure is M then Weighted revealed failure rate (FIT) is L

* # 14. If Component failure rate (FIT) is M and Probability of revealing the failure is H then Weighted revealed failure rate (FIT) is M

X # 15. If Component failure rate (FIT) is M and Probability of revealing the failure is VH then Weighted revealed failure rate (FIT) is M

X # 16. If Component failure rate (FIT) is H and Probability of revealing the failure is VL then Weighted revealed failure rate (FIT) is VL

® # 17. If Component failure rate (FIT) is H and Probability of revealing the failure is L then Weighted revealed failure rate (FIT) is L

* # 19. If Component failure rate (FIT) is H and Probability of revealing the failure is H then Weighted revealed failure rate (FIT) is M

* # 20. If Component failure rate (FIT) is H and Probability of revealing the failure is VH then Weighted revealed failure rate (FIT) is H

* # 21. If Component failure rate (FIT) is VH and Probability of revealing the failure is VL then Weighted revealed failure rate (FIT) is VL

® # 22. If Component failure rate (FIT) is VH and Probability of revealing the failure is L then Weighted revealed failure rate (FIT) is L

* # 23. If Component failure rate (FIT) is VH and Probability of revealing the failure is M then Weighted revealed failure rate (FIT) is M

X # 24. If Component failure rate (FIT) is VH and Probability of revealing the failure is H then Weighted revealed failure rate (FIT) is H

(
(
(FIT)
(FIT)
(FIT)
(FIT)
(FIT)
(FIT)
X # 18, If Component failure rate (FIT) is H and Probability of revealing the failure is M then Weighted revealed failure rate (FIT) is M
(FIT)
(FIT)
(FIT)
(FIT)
(FIT)
(FIT)
(FIT)

® # 25. If Component failure rate (FIT) is VH and Probability of revealing the failure is VH then Weighted revealed failure rate (FIT) is VH

Figure 6.14: IF-THEN rule base
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The results of the testing and validation are shown in Table 6.1:

Table 6.1: Results from test and validation

Random Numbers | Expert Dataset
R? 0.94 0.92
MSE 222 90
RMSE (FIT) 14.9 9.5

The optimised FIS design comparing the FMEDA and FIS outputs using random
numbers is shown in Figure 6.15.
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Figure 6.15: Optimised FIS design showing a comparison of FMEDA and FIS output
values

The results of the proof-of-concept showed that it was feasible to design an FIS
capable of modelling the FMEDA process. It is important to note that this initial FIS
is trained on a single dataset and that any model’s effectiveness is inherently dependent
on the quality of the data it receives.

Given that expert opinions vary significantly, this fitting process is likely to perform
well only within the limits of the specific dataset. To create a robust model that can be
applied more broadly, a consolidation of opinions is necessary to ensure that it extends
beyond the expert views presented here. This will be addressed in a later section, but
the next step involves refining the model.

More work is required to enhance the performance of the FIS with a more in-depth
review of relevant research papers. Following the proof-of-concept exercise an FIS
design was developed based on scientific research papers relating to fuzzy inference
systems applied to FMEA type applications such as FMECA. The design criteria from
the literature review is discussed in the next section.
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6.2.3 Phase 2 — Development of an FIS Design Criteria Based
on Literature

Table 6.2 shows a summary of the FIS design identified from a review of literature
from Section 3.4.

Table 6.2: Identified FIS design criteria from literature

Item # | Criteria Identified design details

1 FIS type (methods of implication | Mamdani Type-1 Min-Max Inference

and aggregation)

2 Membership function type Triangular
3 Universe of discourse for each Component failure rate = 0 to 220 FIT
fuzzy set (inputs and outputs) Probability of revealing a failure = 0.5 to 1

Weighted revealed failure rate = 0 to 220
FIT

4 Partitioning of fuzzy sets and the | Equal partitioned with the following
application of linguistic variables | linguistic terms: Very Low, Low, Medium,

High and Very High

5 Overlap of membership functions, | Approximately 50% overlap, with
including the use of shouldered shouldered fuzzy sets

membership functions

6 Rule base Developed as shown in Section 3.3.1.6

7 Method of defuzzification Centroid

The following sections refer to the revised FIS design as the Triangular 5x5 design.

6.2.4 Phase 3 — Implementation of the Revised Design Using
JuzzyOnline

The fuzzy inference system was implemented using the JuzzyOnline FIS online toolbox
[151]. The input and output membership functions, and the Rule base as shown in
Figures 6.16, 6.17, Figures 6.18 and Figure 6.19 respectively.
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6.2.4.1 Input membership functions:

1. Component failure rate (FIT)
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Figure 6.16: Component failure rate (FIT) membership function

2. Probability of revealing a failure
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Figure 6.17: Probability of revealing a failure membership function
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6.2.4.2 Output membership functions:
Weighted revealed failure rate (FIT)
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Figure 6.18: Weighted revealed failure rate (FIT) membership function

6.2.4.3 Rule base

Figure 6.19 shows a sample of the IF-THEN rule base, extracted from JuzzyOnline
[151]. The full set of rules are shown in Appendix D.1:

X # 1. If Component Failure Rate (FIT) is Very Low and Probability of Revealing Failure is Very Low then Weighted Revealed Failure Rate
(FIT) is Very Low

X # 2. If Component Failure Rate (FIT) is Low and Probability of Revealing Failure is Very Low then Weighted Revealed Failure Rate (FIT) is
Very Low

% # 3. If Component Failure Rate (FIT) is Medium and Probability of Revealing Failure is Very Low then Weighted Revealed Failure Rate (FIT)
is Low

X # 4. If Component Failure Rate (FIT) is High and Probability of Revealing Failure is Very Low then Weighted Revealed Failure Rate (FIT) is
Low

X # 5. If Component Failure Rate (FIT) is Very High and Probability of Revealing Failure is Very Low then Weighted Revealed Failure Rate
(FIT) is Medium

X # 6. If Component Failure Rate (FIT) is Very Low and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is
Very Low

X # 7. If Component Failure Rate (FIT) is Low and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is Very
Low

% # 8. If Component Failure Rate (FIT) is Medium and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is
Low

x # 9. If Component Failure Rate (FIT) is High and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is
Medium

% # 10. If Component Failure Rate (FIT) is Very High and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is
Medium

Figure 6.19: Sample of the IF-THEN rule base
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6.2.5 Phase 4 — Testing of the Revised FIS Design

The purpose of testing a fuzzy inference system is to evaluate its performance in making
predictions based on its input data. The use of random numbers as input to the FIS is
a method of stress testing the design allowing modifications to be made based on the
test results prior to validation. Random numbers within the input fuzzy set’s universe
of discourse were generated using Excel, i.e., Component failure rate 1 to 220 FIT and
Probability of revealing a failure 0.5 to 1. Random numbers were inputted into the
FIS design using JuzzyOnline and the resulting values, i.e., the expected values, were
recorded for analysis against the FMEDA values, i.e., the observed values.

The operation of the FIS is shown in the following example, with inputs:

e Component failure rate = 87 FIT

e Probability of revealing a failure = 0.8

As shown in Figure 6.20, Rules #12, #13, #17 and #18 are activated to produce
an aggregated output.

110



1.00 1.00 1.00
0.75 0.78 0.75
12 0.50 0.50 0.50
0.25 0.25 0.25
0.00 0.00 0.00
a7 R ] 0 50 100 150 200
If Component Failure Rate (FIT) is Low and Probability of Revealing Failure is Madium then Weighted Revealed Failure Rate (FIT}) is Low
1.00 1.00 1.00
0.75 0.78 0.75
1 3 0.50 0.50 0.50
025 H 0.25 0.25
0.00 0.00 0.00
a7 VR ] 0 50 100 150 200
If Component Failure Rate {FIT) is Madium and Probability of Revealing Failure is Medium then Weighted Revealed Failure Rate (FIT) is Low
1.00 1.00 1.00
0.75 0.75 075
1 4 0.50 0.50 0.50
0.25 0.25 0.25
0.00 0.00 0.00
a7 0.8 0 50 100 150 200
If Compenent Failure Rate (FIT) is High and Probability of Rewealing Failure is Medium then Weighted Revealed Failure Rate (FIT) is Medium
1.00 1.00 1.00
0.75 0.75 0.75
15 0.50 0.50 0.50
0.25 0.25 0.25
0.00 0.00 0.00
a7 0.8 0 50 100 150 200
If Component Failure Rate (FIT) is Wery High and Frobability of Rewvealing Failure is Medium then Weighted Revealed Failure Rate (FIT} is High
1.00 1.00 1.00
0.75 0.75 0.75
1 ﬁ 0.50 0.50 { 0.50
0.25 0.25 0.25
0.00 0.00 0.00
a7 0.8 0 50 100 150 200
If Component Failure Rate {FIT) is Very Low and Probability of Revealing Failure is High then Weighted Revealed Failure Rate (FIT) is Wery Low
1.00 1.00 1.00
0.75 0.75 0.75
17 0.50 0.50 ! 0.50
0.25 0.25 0.25
0.00 0.00 0.00
a7 0.8 0 50 100 150 200
If Component Failure Rate (FIT} is Low and Probability of Revealing Failure is High then Weighted Revealad Failure Rate (FIT) is Low
1.00 1.00 1.00
075 0.75 0.75
18 0.50 0.50 ! 0.50 F—
0.25 i 0.25 0.25 ’ \
0.00 0.00 0.00
a7 0.8 0 50 100 150 200

If Component Failure Rate (FIT) is Medium and Probability of Revealing Failure is High

Figure 6.20: Activated rules - Rule #12, #13, #17 and #18

then Weighted Revealed Failure Rate (FIT) iz Medium

The aggregated output with centroid defuzzification is shown in Figure 6.21. The
observed value, the weighted revealed failure rate is 69.6 FIT and the expected output
is 87.8 FIT.
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Defuzzification method : | Centroid Defuzzification v |
Weighted Revealed Failure Rate (FIT) : 87.8072630351491

Figure 6.21: Aggregated output with centroid defuzzification

6.2.5.1 Analysis of the FIS test results - a comparison of the expected and
observed results

The regression trendline for the FMEDA output data (observed values) versus the FIS
output data (expected values) based on random numbers is shown in Figure 6.22. The
R? value is 0.9403 indicating that the data fit very well to the regression model. The
difference (errors) between the FMEDA output data and the FIS output data is shown
in Figure 6.23. The MSE value is 204 indicating a relatively low error between data
points. The actual mean error (RMSE) is approximately 14 FIT.
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Figure 6.22: Triangular 5x5 FIS Regression
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Figure 6.23: Triangular 5x5 FIS - FMEDA v FIS results
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6.2.6 Phase 5 — Validation

The first version of the design was tested on data that was used to design the FIS,
which can lead to ’over-fitting’ and poor generalisation to unseen data. The purpose
of validation is to ensure that the design can accommodate various datasets. The FIS
design was validated using data sets provided by experts in FMEDA (see Section 5.4 for
more details), including three synthetic datasets (Datasets #8, #9, and #10), which
are highlighted in blue in Table 6.3.

Table 6.3: FMEDA expert data (FIT). Synthetic datasets are highlighted in blue.

Datasets
Component #1 #2 #3 #4 #5 #6 #7
Sleeve bearing 22 | 110 | 50 56 2 40 10
Poppet w/seals 36 | 220 | 30 45 1 32 6
Spring 104 | 165 | 40 45 1 32 16
Spring 26 55 40 45 1 32 24
Piston rod 20 19 30 13 11 13 5
Piston rod 20 38 130 | 26 21 26 5
Yoke 36 19 30 13 11 13 15
Yoke 36 | 150 | 70 52 43 52 15
Cylinder body 3 19 30 13 11 13 12
Cylinder body 3 19 20 13 11 13 12
Piston 8 150 | 160 | 104 | 86 | 104 | 16
Piston 4 19 90 13 11 13 8
Piston seals 12 75 70 52 43 52 16
Tie rod 3 19 30 13 11 13 5
Tie rod 3 37 70 26 21 26 5
Spring 104 | 57 70 39 32 39 16
Spring 26 19 30 39 32 39 24
Stem bush/bearings 47 73 43 24 22 7 45
Stem bush/bearings 47 73 43 48 44 15 45
Valve body 5 19 40 12 11 4 12
Valve body 5 19 20 12 11 4 12
Seat ring/spring A 23 55 40 24 22 7 6
Seat ring/spring A 45 91 105 | 121 | 110 | 37 15
Seat ring/spring B 23 55 40 24 22 7 6
Seat ring/spring B 45 91 105 | 121 | 110 | 37 15
Stem 27 73 20 73 66 22 15
Stem 27 73 20 73 66 22 15
Stem 18 73 65 12 11 4 8
Obturator (ball) 25 19 43 12 11 4 6
Obturator (ball) 25 37 43 24 22 7 6
Obturator (ball) 25 19 43 12 11 4 6
Obturator (ball) 76 | 145 | 65 73 66 22 39
Trunnion bush/bearings | 47 73 43 48 44 15 15
Trunnion bush/bearings | 47 73 43 48 44 15 15
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Synthetic datasets (Datasets #8, #9 and #10) have been included in the validation
phase as only a limited amount of data could be gathered in the time frame of this
research. Synthetic data sets are derived from existing data (Datasets #1 and #4)
by applying multiplying factors to represent a range of values, encompassing both
optimistic and pessimistic scenarios, as described in the following.

e Dataset #8 - based on Dataset #4 with a multiplying factor of 0.5.
e Dataset #9 - based on Dataset #4 with a multiplying factor of 1.5.

e Dataset #10 - based on Dataset #1 with a multiplying factor of 2.

Synthetic data sets have the same distribution characteristics as original data sets,
that is, Pearson’s correlation coefficient = 1 [152]. Careful consideration is given to
these data when considering the overall results.

6.2.6.1 Analysis of the results from validation - a comparison of the ex-
pected and observed results

Table 6.4 shows the R? and MSE results from validation. There are a number of
results that show low regression, such as Dataset #1, #6, #7 and #8. The MSE
results indicates that the FIS for Dataset #3 has the smallest errors between data
points and Dataset #7 the largest.

Table 6.4: Validation results R? and MSE

Datasets
#1 #2 #3 #4 #5 #6 #7 #8 #9 | #10
R? 0.81 | 0.98 | 0.98 | 0.92 | 0.88 | 0.68 | 0.68 | 0.59 | 0.98 | 0.96
MSE 171 61 29 86 195 | 209 | 273 | 205 | 43 132

Figures 6.24 and 6.25 present a comparison of datasets with strong and weak re-
gression, respectively.

115



250

R>=0.9806

[
[
(=]

150 .”v'.

100

FIS (Expected values) FIT
z
¢

0 50 100 150 200 250
FMEDA (Observed values) FIT

Figure 6.24: Dataset #2 indicating strong R?
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Figure 6.25: Dataset #7 indicating weak R?

6.2.7 Discussion - Triangular 5x5 FIS Design

The test results (Section 6.2.5.1) using random data indicate that the Triangular 5x5
FIS design has a strong regression, i.e., R? = 0.9403, and the errors between FMEDA
(observed values) and FIS (expected values) are relatively low, i.e. MSE = 204. In
contrast, the validation results (Section 6.2.6.1) suggest that in some cases regression
is weak, i.e, R? is approximately 0.6, for Dataset #6, Dataset #7 and Dataset #S8.
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Weak regression indicates that the model fails to accurately capture the relationships
between inputs and outputs, i.e., a poor fit to the data. Causes of weak regression
include an inadequate IF-THEN rule base or poorly defined membership functions.

The results from validation indicate that the Triangular 5x5 design is not suitable as
the results from validation for four datasets indicate weak regression between observed
and expected data; therefore, further effort is required to determine an appropriate
FIS design. Using the methodology described earlier in Section 6.2 and returning to
Phase 2 to determine a suitable FIS design. The following section describes the further
research and analysis carried out to identify a suitable FIS design.

6.3 Refinement of Fuzzy Sets by Experimenting with
Different Types of Membership Functions (Shapes
and Quantities)

From the FMEA, FMECA, and FTA research papers, it is evident that the most
commonly used fuzzy set type is triangular. Trapezoidal and Gaussian types also
feature in the literature. This section examines FIS designs that include trapezoidal
and Gaussian fuzzy set types.

The other significant design feature is the number of membership functions used
in the fuzzy sets. The Triangular 5x5, which was based on the most common design
criteria identified in the literature review, has already been investigated, albeit with
unfavourable results. Additional commonly used variations in fuzzy inference design
were considered in the following sections, and an analysis of the results was performed
to determine the most suitable design. The variation in FIS design included:

e Triangular 3x3 membership functions.
e Triangular 6x6 membership functions.
e Trapezoidal 3x3 membership functions.
e Trapezoidal 5x5 membership functions.
e Trapezoidal 6x6 membership functions.
e Gaussian 3x3 membership functions.

e Gaussian 5xb membership functions.

e Gaussian 6x6 membership functions.

An example of a Trapezoidal 6x6 FIS deign is shown in Figure 6.26 Component
failure rate, Figure 6.27 Probability of revealing a failure and Figure 6.28 Weighted
revealed failure rate.
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Figure 6.26: Trapezoidal 6x6 - Component failure rate fuzzy set
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Figure 6.27: Trapezoidal 6x6 - Probability of revealing a failure fuzzy set
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Figure 6.28: Trapezoidal 6x6 - Weighted revealed failure rate fuzzy set

An example of a Gaussian 6x6 FIS design is shown in Figure 6.29 Component failure
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rate, Figure 6.30 Probability of revealing a failure, and Figure 6.31 Weighted revealed

failure rate.
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Figure 6.29: Trapezoidal 6x6 - Component failure rate fuzzy set
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Figure 6.30: Trapezoidal 6x6 - Probability of revealing a failure fuzzy set
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6.3.1 Testing of Experimental FIS Designs

The FIS designs were tested using random data as per Section 6.2.5. Table 6.6 shows
the R? values comparing FMEDA data (Observed values) with FIS data (expected
values) for the different design configurations and Table 6.6 shows the associated MSE

values.

Table 6.5: R? random number test results for different FIS designs

Membership functions | Triangular | Trapezoidal | Gaussian
3x3 0.878 0.874 0.661
5x5 0.940 0.959 0.943
6x6 0.974 0.971 0.955

Table 6.6: MSE random number test results for different FIS designs

Membership functions | Triangular | Trapezoidal | Gaussian
3x3 466 498 1821
5x5 204 181 230
6x6 105 122 152

The test results indicate that the best performing FIS design based on the R? and
MSE metrics is the Triangular 6x6 design, at 0.974 and 105 respectively. The worst
performing FIS design is the Gaussian 3x3 design, at 0.661 and 1821. Figures 6.32 and
Figure 6.33 show the regression graphs for the best and worst FIS designs, respectively.
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As can be seen in Figure 6.33, there is a greater spread of values around the regression
line for the Gaussian 3x3 design.
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Figure 6.32: Triangular 6x6 FIS design indicating good R?
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Figure 6.33: Gaussian 3x3 FIS design indicating poor R?

6.3.2 Validation of Experimental FIS Designs

Validation was carried out using expert data, based on a full stroke test that has a
probability of revealing dangerous failures = 1. Table 6.7 shows the Ry values compar-
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ing FMEDA data with the FIS data for different design configurations and Table 6.8
shows the associated MSE values.

Table 6.7: R? expert data validation results for different FIS designs

Tri 1
M;;T]z(;:snhslp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 0.689 0.943 0.934 0.776 0.777 0.542 0.046 0.516 0.951 0.906
5x5 0.808 0.981 0.978 0.918 0.876 0.679 0.677 0.591 0.981 0.957
6x6 0.904 0.997 0.999 0.980 0.951 0.887 0.755 0.772 0.999 0.989
Trapezoidal
M;; mnz)'ei:;snl:lp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 0.694 0.965 0.947 0.793 0.800 0.552 0.116 0.514 0.971 0.912
5x5 0.916 0.996 0.992 0.983 0.960 0.919 0.756 0.758 0.999 0.993
6x6 0.894 0.996 0.999 0.984 0.958 0.910 0.756 0.888 0.999 0.992
rel n
M;;mnl)'ei:;snhslp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 0.936 0.878 0.844 0.878 0.932 0.936 0.997 0.997 0.890 0.934
5x5 0.972 0.973 0.939 0.967 0.967 0.966 0.981 0.892 0.971 0.986
6x6 0.960 0.988 0.976 0.962 0.963 0.959 0.928 0.894 0.992 0.993

Table 6.8: MSE expert data validation results for different FIS designs

Tri
M;;::::"‘Ei:;ﬂ;lp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 489 220 81 314 533 594 818 625 167 338
5x5 171 61 29 86 195 209 273 205 43 132
6x6 84 15 1 30 91 94 123 95 4 54
Trapezoidal
Mfeuﬂ::)(ei:;'::p Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 489 218 79 313 552 593 823 622 168 339
5x5 120 36 31 61 130 139 170 163 22 93
6x6 105 19 6 33 93 96 124 96 7 58
Gaussian
Mf?ﬂ:’tei:;i:p Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 2232 1647 1789 1982 2187 2392 2576 2462 1681 1827
5x5 183 107 159 113 138 173 134 177 111 103
6x6 123 85 61 72 100 108 109 128 71 45

From these metrics, the best performing FIS design can be identified for a full
stroke test based on the datasets used for validation. The best performing FIS design
from a regression perspective was both the Triangular and Trapezoidal 6x6 for Dataset
#3 dataset at R? = 0.999. From an error perspective, the best performing FIS design
was the Triangular 6x6 for Dataset #3 at MSE = 1. The FIS design with the lowest
performance from a regression perspective was the Triangular 3x3 for Dataset #7
dataset at 0.046, and for the error it was the Gaussian 3x3 for Dataset #7 at MSE =
2576.

The results of validation confirm, in general, that the greater the number of fuzzy
sets, the better the regression and error values. There are exceptions, such as Gaussian
3x3 for Dataset #7 has the best regression with R* = 0.997 but also the worst MSE
value at 2576. The line chart, Figure 6.34, plots the Gaussian 3x3 FIS design for
Dataset #7 showing the FMEDA output versus the FIS output. The RMSE value
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is 51, i.e., the mean error between data points is 51 FIT. This is a good example of
under-fitting of the FIS design, indicating that the model is too simplistic.
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Figure 6.34: Gaussian 3x3 Dataset #7 - example of under-fitting

From the regression and error results it is evident that both the Trapezoidal and
Gaussian 6x6 design are preferred designs for the current datasets used for validation.
The Trapezoidal design producing a average R? = 0.938 and an average MSE = 64
and the Gaussian design 0.961 and 90. However, the Trapezoidal 6x6 design does not
perform well for Dataset #7 with R? = 0.756. The Gaussian design is more consistent
across all datasets and, therefore, the preferred design at this point.

6.3.3 An Assessment of FIS Designs Considering Manual Par-
tial Stroke Testing (PST)

Thus far the FIS design has considered the datasets relating to a full stroke test,
through which the probability of revealing a failure is assumed to be 1. Partial stroke
testing, on the other hand, will have varying values of probability of revealing a failure
as discussed, in Section 6.2.3 Table 3.2, from 0.5 to 1. Although testing has been carried
out using random numbers in the range of 0.5 to 1 (representing probability of revealing
a failure), validation tests are required to ensure that the FIS design is suitable for both
Full Stroke Test (FST) and Partial Stroke Test (PST) proof test coverage assessments.
Original component failure rate data provided by experts (Section 5.4) was used for
the validation of the PST (see component failure rates in Section 6.2.6, Table 6.3).
The probability of revealing a failure was determined by Expert #1 and Expert #2
for the revealable dangerous failure rates, Fail to Close (FTC), and Delayed Operation
(DOP). The probabilities are as follows:

e FTC failure mode — a probability of 0.7 based on field data collection within
Chapter 4.
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e DOP failure mode - a probability 0.8 considering sub-failures shown in Table 6.9
and the following justification.

Table 6.9: Probability of revealing DOP sub-failures [67]

Failure Mode | Sub-failure Mode Probability of Revealing the Sub-
failure Mode
Delays:d Fail to close 20% in the specified time. 0.5
Operation
(DOP) Fail to fully close in the specified time. 0t0 0.5

A probability of 0.5 assigned to sub-failure mode, Fail to close 20% in the specified
time, and an additional 0.3 based on the high likelihood that the ESDV will travel to
its fully closed position if it can reach the 20% closed position within the specified time.
Assuming the ESDV is still within its useful life period and the most recent proof test
record indicates a successful full stroke test. Leaving a total probability of revealing
DOP failures = 0.8.

The above probabilities can also be supported by considering the design of a Scotch-
yoke actuator, the type considered in this study. The torque curves for a Scotch-yoke
actuator are shown in Figure 6.35, in which the torque is greatest at the start and at
the end of its travel. In addition, it is standard practice to include a safety factor of 1.5
to 2 in operating torque when specifying valve and actuator assemblies. These features
provide confidence in the ESDV operation.

AIR/ STROKE
SPRING STROKE

TORQUE OUTPUT

0 10 20 30 40 50 60 70 80 90
ROTATICN (°)

Figure 6.35: Scotch-yoke actuator torque curves [44]

Examples of the Gaussian 6x6 FIS design using the probability of revealing a failure
= 0.7 for the FTC failure mode (Example 1) and 0.8 for the DOP failure mode (Example
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2) are presented in the following. These examples illustrate how the IF-THEN rules
are activated and aggregated to form the output, the weighted revealed failure rate.
Example 1
Component failure rate = 100 FIT
Probability of revealing the failure = 0.7 (representing FTC failure mode)

Figure 6.36 illustrates the activation of Rules #7 and #8.
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Figure 6.36: Activation of rules #7 and #8

Figure 6.37 shows the aggregated weighted revealed failure rate of 51.2 FIT.
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Figure 6.37: Aggregated output of the inputs, 100 FIT and 0.7 probability
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Example 2

Component failure rate = 100 FIT

Probability of revealing the failure = 0.8 (representing DOP failure mode)
Figure 6.38 illustrates the activation of Rules #12 and #13.
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Figure 6.38: Activation of rules #12 and #13

Figure 6.39 shows the aggregated weighted revealed failure rate of 88.1 FIT.
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Figure 6.39: Aggregated output of the inputs, 100 FIT and 0.8 probability

6.3.3.1 Validation of FIS designs considering PST

As with FST validation, the following R? (Table 6.10) and MSE (Table 6.11) metrics
were produced for the various configurations of FIS design for PST:
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Table 6.10: Validation R? results considering PST

Tri
M;; “I:?‘ei:;;':lp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 0.569 0.892 0.898 0.860 0.846 0.537 0.114 0.498 0.978 0.851
5x5 0.793 0.946 0.955 0.947 0.914 0.622 0.347 0.669 0.952 0.908
6x6 0.908 0.973 0.975 0.970 0.965 0.863 0.729 0.854 0.9867 0.966
Trapezoidal
M;:l Tl?‘ei:;;tlp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 0.635 0.915 0.914 0.863 0.861 0.553 0.007 0.658 0.972 0.836
5x5 0.844 0.958 0.922 0.968 0.954 0.790 0.722 0.857 0.9635 0.949
6x6 0.906 0.971 0.961 0.962 0.964 0.888 0.757 0.859 0.9862 0.958
ra -
M;; r:?:::)::m Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 0.943 0.694 0.759 0.754 0.847 0.777 0.934 0.958 0.777 0.679
5x5 0.757 0.933 0.826 0.944 0.952 0.850 0.917 0.809 0.939 0.958
6x6 0.778 0.938 0.907 0.896 0.962 0.927 0.866 0.786 0.9412 0.947
Table 6.11: Validation MSE results considering PST
Tri I
Mg::ftei;snl‘:lp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 822 503 354 593 879 953 1193 1002 469 594
5x5 298 162 89 204 336 354 459 363 135 245
6x6 141 109 89 141 175 182 204 159 88 175
Trapezoidal
Mfeu nr:?:i;ilhsm Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 656 465 291 473 714 751 961 789 472 542
5x5 270 163 228 221 298 377 329 274 152 256
6x6 144 100 133 150 174 180 186 145 85 198
Gaussian
M;; l:};:iz;l:lp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 2868 2368 2661 2795 2818 3200 3017 2943 2593 2624
5x5 398 252 415 306 327 390 330 376 269 237
6x6 266 221 235 314 209 213 187 245 200 160

From these metrics, we can identify the best performing FIS design for a partial
stroke test based on the datasets used for validation. The best performing FIS design
from a regression perspective was the Triangular 6x6 for Expert #9 dataset at R2 =
0.987. From an error perspective, the best performing FIS design was the Trapezoidal
6x6 for Dataset #9 dataset at MSE = 85. The FIS design with the lowest performance
from a regression perspective was the Triangular 3x3 for Expert #7 dataset at 0.007,
and for the error it was the Gaussian 3x3 for Dataset #6 at MSE = 3200.

6.3.4 Comparison of FST and PST Validation Results

The results of the validation of FST (Section 6.3.2) indicate that the most suitable
designs based on the average values of R?, MSE and RMSE, considering each config-
uration and dataset, are the Trapezoidal and Gaussian 6x6. Table 6.12 presents the
validation results for FST, highlighting that the Trapezoidal design demonstrates a
lower MSE, while the Gaussian design achieves a higher R? value.
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Table 6.12: Average values of R, MSE and RMSE for FST

FIS Design R? Average | MSE Average | RMSE Average (FIT)
Trapezoidal 6x6 0.938 64 8.0
Gaussian 6x6 0.961 90 9.5

The results of the PST validation (Section 6.3.3.1) imply that the most suitable
design based on average values of R?, MSE and RMSE is the Trapezoidal. Table 6.13
presents the validation results for PST.

Table 6.13: Average values of R?, MSE and RMSE for PST

FIS Design R? Average | MSE Average | RMSE Average (FIT)
Trapezoidal 6x6 0.921 149 12.2

Therefore, from the above metrics, in Table 6.12 and Table 6.13, it can be concluded
that the Trapezoidal 6x6 design is the most suitable design for the evaluation of the
coverage of the FST and PST proof test coverage assessments, based on the expert
datasets used in this study.

6.3.5 Comparison of FST and PST Proof Test Coverage Val-
ues

The Proof Test Coverage (PTC) values were calculated for both the Full Stroke Test
(FST) and the Partial Stroke Test (PST) using the Trapezoidal 6x6 FIS design. Table
6.14 shows that when comparing the PTC estimates derived from FST and PST, it
is evident that the Trapezoidal design is limited as the results indicate that in some
cases the value of PST PTC is equal to that of FST. For example, the PTC values are
the same for Dataset #7 and #8. As an FST will reveal more dangerous failures than
a PST, for the same ESDV, it should not be possible that the PST PTC values are
equal or greater than the FST PTC values.

Table 6.14: Trapezoidal 6x6 - FST and PST PTC values

Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10

FST 82% 82% 82% 78% 76% 88% 87% 80% 77% 80%
PST 79% 69% 75% 76% 75% 87% 87% 80% 67% 73%

Revisiting the FIS designs and comparing the values of FST and PST PTC it is
evident that all designs have the same problem as shown in Table 6.15 and Table 6.16,
where in some cases PST PTC > FST PTC, for example, Trapezoidal 6x6, Dataset
#1 PST PTC (85%) > FST PTC (84%):
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Table 6.15: FST PTC values

Tri It
Mt; mn:tei:i:;ip Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 87% 84% 83% 79% 80% 89% 88% 87% 78% 83%
5x5 85% 83% 81% 77% 76% 90% 88% 84% 76% 82%
6x6 84% 82% 81% 78% 75% 88% 87% 80% 77% 82%
Trapezoidal
M;lmnl’tei;:::ip Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 87% 84% 82% 80% 80% 89% 88% 86% 79% 83%
5x5 83% 83% 83% 79% 77% 87% 87% 81% 78% 83%
6x6 84% 82% 82% 78% 76% 88% 87% 80% 77% 82%
G n
Mf:,mnl’(ei::::ip Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 86% 86% 86% 86% 85% 88% 88% 86% 86% 87%
5x5 85% 83% 84% 81% 78% 87% 86% 83% 79% 82%
6x6 85% 84% 83% 78% 76% 87% 86% 83% 79% 82%
Table 6.16: PST PTC values
Tri It
Mgl mngtei;;hgip Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 99% 78% 86% 85% 87% 97% 96% 95% 79% 88%
5x5 94% 69% 75% 80% 81% 96% 97% 92% 65% 80%
6x6 88% 70% 74% 77% 76% 90% 91% 83% 68% 82%
Trapezoidal
Mf: mnftel::::lp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 91% 76% 81% 80% 80% 89% 88% 86% 77% 83%
5x5 89% 69% 76% 77% 81% 96% 96% 85% 67% 80%
6x6 85% 69% 75% 76% 75% 87% 87% 80% 67% 81%
G n
Mf: r:i)tei;::;ip Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 89% 84% 86% 87% 86% 91% 89% 86% 86% 89%
5x5 90% 69% 75% 79% 81% 88% 98% 89% 67% 81%
6x6 87% 67% 74% 80% 77% 86% 86% 83% 64% 79%

Table 6.17 highlights the FIS designs / Expert datasets where the FST PTC values
> PST (green cells), and where the PST PTC > FST PTC (red font).
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Table 6.17: Difference between PTC values from FST and PST approaches

Tri 1

Mfeu':f:i;;hsip Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 -12% 6% -3% -6% 1% -8% -8% -8% -1% -5%
5x5 -9% 14% 6% -3% -5% -6% -9% -8% 11% 2%
6x6 -4% 12% 7% 1% -1% 2% -4% -3% 9% 0%

Trapezoidal

Mfcu l:'l:):‘r)snhslp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
3x3 -4% 8% 1% 0% 0% 0% 0% 0% 2% 0%
5x5 -6% 14% 7% 2% -4% -9% -9% -4% 11% 3%
6x6 -1% 13% 7% 2% 1% 1% 0% 0% 10% 1%

G

Mfcu l:?:‘r)::lp Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10

3x3 -3% 2% 0% -1% -1% -3% -1% 0% 0% -2%
5x5 -5% 14% 9% 2% -3% -1% -12% -6% 12% 1%
6x6 -2% 17% 9% 2% -1% 1% 0% 0% 15% 3%

The table indicates that the FIS designs, considering all expert datasets, fail to
meet the following assumption: FST PTC > PST PTC. It is also evident that the
FIS designs where expert datasets do not comply with this criteria are generally the
datasets that are 1000 FIT or less (total dangerous failure rate of an ESDV assembly),
i.e., Dataset #1, #5, #6, #7 and #8.

6.3.6 Analysis of the Expert Datasets to Determine Distribu-
tion of Failure Rates

Considering the PTC issue discussed above, the expert datasets were further scruti-
nised. The Pareto chart, Figure 6.40, shows the spread of component failure rate for
Dataset #1 to Dataset #7, (noting that Datasets #8, #9 and #10 are synthetic). The
graph indicates that more than 80% of the data lie within the 1 FIT to 58 FIT region,
suggesting a skew towards the lower end of the distribution.
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Figure 6.40: Distribution of component failure rates - Dataset #1 to #7

The distribution graph, Figure 6.41, shows the plot of the Cumulative Distribution
Function (CDF) and the Probability Density Function (PDF) for the combined failure
rates of the datasets. The CDF and PDF are two key tools in probability theory and
statistics used to describe the distribution of continuous random variables. The graph
indicates that the majority of the data lie towards the lower end of the range, which is
characteristic of a right-skewed (positively skewed) distribution, with a mean of 36.1
FIT.
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Figure 6.41: Data distribution — Component failure rate CDF and PDF illustrating
right-skewed behaviour.
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The current FIS designs employ equally spaced fuzzy sets within the membership
functions. The above Pareto chart and distribution graph indicate that the data are
not equally distributed; therefore, there is a potential for error in the lower end of the
range. To improve Trapezoidal 6x6 FIS design, the membership function partitions
were modified to accommodate the skewed failure rate data to allow a more represen-
tative inference.

The following section discusses these modifications implemented using MATLAB,
a robust and versatile software platform widely used for engineering and scientific
computations. MATLAB’s advanced features and extensive toolbox for fuzzy logic
and data analysis make it ideal for developing and fine-tuning the FIS.

6.4 Use of MATLAB for FIS Design Enhancements

MATLAB (version R2024a) was used to redesign the FIS. MATLAB includes a Fuzzy
Logic Toolbox which is a more advanced application than the JuzzyOnline [151] toolbox
and allows a more efficient process to optimise FIS designs. It is important to note that
the MATLAB Fuzzy Logic Toolbox and the JuzzyOnline Toolbox have been shown to
produce comparable results [153]. The Fuzzy Logic Toolbox also includes applications
such as ’System Validation” and "Error Data’, which allow multiple inputs and outputs
to be analysed simultaneously. The system validation application provides automatic
charting for inputs and outputs, including a line chart showing errors between data
points with an RMSE calculation. This allows for quick interpretation of the FIS
design and identification of potential enhancement modifications. The following section
describes the modification process and discusses the results of the enhanced FIS design.

6.4.1 FIS Design Enhancements to Improve Low Range Sen-
sitivity
6.4.1.1 Membership functions

Figure 6.42 shows the histogram, based on which the partitioning of the Trapezoidal
6x6 membership functions was adjusted to accommodate the skewed failure rate data.
Six bins were used to represent the six membership functions of the fuzzy sets of the
Component failure rate input and the Weighted revealed failure rate output.
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Figure 6.42: Histogram of failure rates

Table 6.18 shows the range of occurrences that were used to determine the approxi-
mate ranges of the membership functions, in which three membership functions occupy
the first bin (Bin # 1) of the failure rates to improve the sensitivity at the lower end
of the failure rate range.

Table 6.18: Membership function ranges

Membership function | Range of failure rates (FIT)
Very Very Low 0 10
Very Low 11 20
Low 21 40
Medium 41 70
High 71 120
Very High 121 220

From the data in Table 6.18 it was then possible to create membership functions for
both the component failure rate input and the weighted revealed failure rate output,
as shown in Figure 6.43 and Figure 6.44, respectively.
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Figure 6.43: Modified Component failure rate membership function
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Figure 6.44: Modified Weighted revealed failure rate membership function

Figure 6.45 illustrates that the partitioning of the probability of revealing a failure
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fuzzy sets remained unchanged.
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Figure 6.45: Unmodified Probability of revealing the failure membership function

6.4.1.2 Development of rule base using new membership function ranges

The IF-THEN rule base was developed using the mid-range values of each membership
function as shown in Table 6.19 and Table 6.20.

Table 6.19: Component failure rate (FIT) membership function ranges

Membership function Low High Mid
Very Very Low 0 10 5.0
Very Low 11 20 15.5

Low 21 40 30.5

Medium 41 70 55.5

High 71 120 95.5

Very High 121 220 170.5
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Table 6.20: Probability of revealing a failure membership function ranges

Membership function Low High Mid
Very Very Low 0.5 0.58 0.54
Very Low 0.59 0.67 0.63

Low 0.68 0.76 0.72

Medium 0.77 0.85 0.81

High 0.86 0.94 0.90

Very High 0.95 1 0.98

Table 6.21 shows the mid-range values that were used to calculate the output values
to obtain the equivalent output fuzzy set.
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Table 6.21: Determination of the weighted revealed failure rates (FIT) (VVL = Very
Very Low, VL. = Very Low, L = Low, M = Medium, H = High, VH = Very High)

Component failure Probability of Weighted revealed
Rule # rate (FIT) revealing failure failure rate (FIT)
1 VVL 5 VVL 0.54 3 VVL
2 VL 15.5 VVL 0.54 8 VVL
3 L 30.5 VVL 0.54 16 VL
4 M 55.5 VVL 0.54 30 L
5 H 95.5 VVL 0.54 52 M
6 VH 170.5 VVL 0.54 92 H
7 VVL 5 VL 0.63 3 VVL
8 VL 15.5 VL 0.63 10 VVL
9 L 30.5 VL 0.63 19 VL
10 M 55.5 VL 0.63 35 L
11 H 95.5 VL 0.63 60 M
12 VH 170.5 VL 0.63 107 H
13 VVL 5 L 0.72 4 VVL
14 VL 15.5 L 0.72 11 VL
15 L 30.5 L 0.72 22 L
16 M 55.5 L 0.72 40 L
17 H 95.5 L 0.72 69 M
18 VH 170.5 L 0.72 123 VH
19 VVL 5 M 0.81 4 VVL
20 VL 15.5 M 0.81 13 VL
21 L 30.5 M 0.81 25 L
22 M 55.5 M 0.81 45 M
23 H 95.5 M 0.81 77 H
24 VH 170.5 M 0.81 138 VH
25 VVL 5 H 0.9 5 VVL
26 VL 15.5 H 0.9 14 VL
27 L 30.5 H 0.9 27 L
28 M 55.5 H 0.9 50 M
29 H 95.5 H 0.9 86 H
30 VH 170.5 H 0.9 153 VH
31 VVL 5 VH 0.975 5 VVL
32 VL 15.5 VH 0.975 15 VL
33 L 30.5 VH 0.975 30 L
34 M 55.5 VH 0.975 54 M
35 H 95.5 VH 0.975 93 H
36 VH 170.5 VH 0.975 166 VH

From Table 6.21, 36 IF-THEN rules were obtained. Examples of the rules are pre-
sented in the following.

Rule #8 = IF Component failure rate is Very Low AND the Probability of
revealing the failure is Very Low THEN the Weighted revealed failure rate is
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Very Very Low

Rule #12 = IF Component failure rate is Very High AND the Probability of
revealing the failure is Very Low THEN the Weighted revealed failure rate is

High

Table 6.22 shows an excerpt of the rule base developed in MATLAB.

Table 6.22: Example of the rule base developed in MATLAB

Rule

If Component Failure Rate is VVL and Probabhility of Revealing Failure is VVL then Weighted Revealed Failure Rate is VWL

If Component Failure Rate is VL and Probability of Revealing Failure is VVL then Weighted Revealed Failure Rate is VVL

If Component Failure Rate is L and Probability of Revealing Failure is VVL then Weighted Revealed Failure Rate is VL

If Component Failure Rate is M and Probability of Revealing Failure is VVL then Weighted Revealed Failure Rate is L

If Component Failure Rate is H and Probability of Revealing Failure iz VWL then Weighted Revealed Failure Rate is M

LI = I, T N R U )

If Component Failure Rate is VH and Probability of Revealing Failure is VVL then Weighted Revealed Failure Rate is H

If Component Failure Rate is VWL and Probability of Revealing Failure is VL then Weighted Revealed Failure Rate is VVL

If Component Failure Rate is VL and Probability of Revealing Failure is VL then Weighted Revealed Failure Rate is WVVL

w | e

If Component Failure Rate is L and Probability of Revealing Failure is VL then Weighted Revealed Failure Rate is VL

=

If Component Failure Rate is M and Probability of Revealing Failure is VL then Weighted Revealed Failure Rate is L

6.46.

The overall MATLAB FIS design showing the inputs and outputs is shown in Figure
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Probability of Revealing Failure (6 MFs)

System Trap6x6NEWDESIGNLATEST. 2 input, 1 output, 36 rules

Figure 6.46: Overview of enhanced FIS design developed in MATLAB
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6.4.1.3 Testing of the enhanced FIS design using random numbers

As discussed earlier, testing was undertaken using random numbers. Random numbers
within the input membership function universe of discourse were generated using Excel,
i.e., Component failure rate 1 to 220 FIT and Probability of revealing a failure 0.5 to
1. The results of the testing showed that the RMSE value was relatively high at 20.925
(MSE = 438). Figure 6.47 shows the inputs of random numbers and the associated
outputs. The first chart 'Input(1)’ shows the random data for the Component Failure
Rate (FIT). The second chart Input(2)’ shows the random data for the Probability of
revealing the failure. The third chart ’Output (1)" shows the output of the FMEDA
identified by Output(1)[Reference] (blue line) and the equivalent FIS output identified
by Output(1)[Trap6x6NEWDESIGNLATEST] (orange line). The fourth chart ’Out-
put(1)Error’ shows the error between the data points of the outputs of the FMEDA
(observed values) and the FIS (expected values). The actual RMSE value is also shown
in this chart.
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Figure 6.47: MATLAB FIS test charts showing random data points for component
failure rate and probability of revealing the failure (Input 1 and 2), the FMEDA and
FIS outputs (Output 1), and the RMSE (Output 1 Error).
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From the FMEDA v FIS output chart, Figure 6.48, it is evident that the FIS design
is limited on the mid to high end and causing the relatively high RMSE. The red arrow
indicates the different values between the FMEDA and FIS outputs, 103.7 FIT and
142.8 FIT respectively, an error of 39.1 FIT.
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Figure 6.48: MATLAB FMEDA and FIS outputs chart showing error in mid to high
FIT values

6.4.2 FIS Design Enhancements to Improve Mid to High Range
Sensitivity

To improve the sensitivity of the medium to high range, the fuzzy set of component

failure rates with the Medium (M) and High (H) membership functions were modified

to cover a greater range of component failure rates and the Very High (VH) membership
function was reduced in size, as shown in Figure 6.49.
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Figure 6.49: Modification of the Component failure rate Medium, High and Very High
fuzzy sets

The FIS was retested using random numbers and the results showed less error in
the mid to high range, as shown in Figure 6.50.
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Figure 6.50: MATLAB FMEDA and FIS outputs chart after modification
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The RMSE value improved from the original 20.952 FIT to 12.538 FIT as shown
in Figure 6.51.
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Figure 6.51: MATLAB FMEDA and FIS outputs RMSE chart

141



6.4.3 Validation of the Enhanced FIS Design Using Expert
Datasets

Validation was carried out using expert data, based on a Full Stroke (FST) and Partial
Stroke Tests (PST). The results of the validation are presented in the following. Table
6.23 shows the analysis metrics for FST and PST with probability of revealing a failure
of 0.7 (FTC) and 0.8 (DOP) as per section above, and metrics for PST for the low end
of the probability of revealing a failure range, i.e., 0.5 for both FTC and DOP failure
modes.

Table 6.23: Full stroke test and Partial stroke test validation metrics

Full Stroke Test
Metrics Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
R? 0.98 0.97 0.94 0.97 0.95 0.98 0.98 0.97 0.99 0.97
MSE 14 87 66 44 44 10 8 8 30 89
RMSE (FIT) 3.7 9.3 8.1 6.6 6.6 32 29 2.7 5.5 9.4
Partial Stroke Test with probability of revealing a failure = 0.7 (FTC), 0.8 (DOP)
Metrics Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
R? 0.86 0.92 0.89 0.91 0.91 0.96 0.93 0.92 0.93 0.95
MSE 74 211 116 91 93 42 29 41 132 138
RMSE (FIT) 8.6 14.5 10.8 9.5 9.7 6.5 54 6.4 11.5 11.8
Partial Stroke Test with probability of revealing a failure = 0.5 (FTC), 0.5 (DOP)
Metrics Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
R2 0.97 0.97 0.93 0.95 0.96 0.96 0.90 0.96 0.98 0.99
MSE 17 49 48 49 30 8 12 8 26 31
RMSE (FIT) 42 7.0 6.9 7.0 5.5 29 34 2.8 5.1 5.6

The validation results indicate high regression and low error values for full and
partial testing. Table 6.24 shows the average values of the metrics.

Table 6.24: Validation metrics average values

FST PST (0.7, 0.8) | PST (0.5, 0.5)
R 0.97 0.92 0.96
MSE 40 97 28
RMSE (FIT) 5.8 9.5 5.0

Table 6.25 shows the proof test coverage results for FMEDA and FIS for full stroke

test (FST) and partial stroke test (PST) variants.

Table 6.25: FMEDA and FIS Full stroke test and Partial stroke test PTC values

Full Stroke Test
Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
FMEDA PTC 82% 82% 81% 77% 71% 87% 84% 77% 77% 82%
FIS PTC 81% 81% 83% 80% 76% 87% 84% 79% 77% 82%
Partial Stroke Test with probability of revealing a failure = 0.7 (FTC), 0.8 (DOP)
Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
FMEDA PTC 60% 61% 60% 57% 54% 65% 62% 57% 57% 60%
FIS PTC 82% 69% 69% 52% 41% 37% 80% 78% 61% 77%
Partial Stroke Test with probability of revealing a failure = 0.5 (FTC), 0.5 (DOP)
Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
FMEDA PTC 48% 41% 41% 38% 36% 44% 42% 38% 38% 41%
FIS PTC 52% 62% 45% 42% 38% 43% 37% 38% 40% 47%
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The proof test coverage results for the full stroke test show a maximum difference of
approximately 5% between FMEDA and FIS. The partial stroke test with 0.7 and 0.8
probability of revealing a failure resulted in a maximum difference between FMEDA
and FIS of 28% and the partial stroke test with 0.5 probability of a maximum difference
of 21%. The results of the partial stroke test using the probability of 0.7 and 0.8 of
revealing a failure have PTC values, in some cases, similar to those of FST. On closer
inspection, it appeared that the FIS did not differentiate between the probability of
revealing failure values from 0.8 to 1, which was the main cause of such optimistic

PTC values. In order to improve the accuracy in this range, the design was modified
further.

6.4.4 Final FIS Design Enhancement to Improve Sensitivity
of the Probability of Revealing a Failure

The modified design included an additional membership function at the top end of the
discourse universe of the failure rate of the component to create a 7x6 FIS, shown in

Figure 6.52, which included 42 rules as opposed to 35 in the previous design. The rules
were developed as previously described.
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Figure 6.52: FIS overview of the 7x6 membership function design
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Figure 6.53 shows the output of the FIS design that was tested using random
numbers. The chart indicates a small improvement in RMSE compared to the previous
6x6 design. The 6x6 design RMSE = 12.5 FIT, compared to the 7x6 design RMSE =
11.1 FIT.
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Figure 6.53: FIS 7x6 Random Numbers RMSE chart
Table 6.26 shows the results of the validation of the 7x6 FIS design. The R? values
range from 0.9 to 0.99, indicating a strong fit between the datasets. The MSE values

range from 6 to 117, while the RMSE values vary between 2.5 and 10.8, reflecting
differences in prediction accuracy.

Table 6.26: Full stroke test (7x6 design) validation metrics

Full Stroke Test
Metrics Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
R? 0.98 0.96 0.99 0.99 0.99 0.99 0.98 0.98 0.98 0.98
MSE 19.4 107 39 35 33 8 7 6 65 60.2
RMSE (FIT) 4.4 10.3 6.2 5.9 5.7 2.9 2.7 2.5 8.0 7.8
Partial Stroke Test with probability of revealing a failure = 0.7 (FTC), 0.8 (DOP)
Metrics Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
R? 0.95 0.94 0.93 0.96 0.96 0.94 0.92 0.91 0.97 0.95
MSE 53.1 117 76 59 74 36 28 39 63 879
RMSE (FIT) 73 10.8 8.7 7.1 8.6 6.0 53 6.3 7.9 9.4
Partial Stroke Test with probability of revealing a failure = 0.5 (FTC), 0.5 (DOP)
Metrics Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
R2 0.97 0.90 0.95 0.98 0.99 0.97 0.90 0.97 0.97 0.95
MSE 17.0 116 57 44 39 6 11 6 85 70.1
RMSE (FIT) 4.1 10.8 7.5 6.6 6.2 2.5 33 2.5 9.2 8.4

The validation results indicate improved R?, MSE and RMSE values for the full

and partial tests. Table 6.27 shows the average values of the metrics:

Table 6.27: FIS (7x6 design) validation metrics average values

FST PST (0.7, 0.8) | PST (0.5, 0.5)
R? 0.98 0.94 0.95
MSE 38 63 45
RMSE (FIT) 5.6 7.8 6.1

Table 6.28 shows the Proof Test Coverage (PTC) results for the Full Stroke Test
(FST) and Partial Stroke Test (PST) variants. The FST values show that the maximum
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difference between FMEDA and FIS PTC is 3% for Dataset #8. For PST with a
probability of 0.7 (FTC) and 0.8 (DOP), the maximum difference between FMEDA
and FIS PTC is 22% also for Dataset #8&. In contrast, for PST with a probability of
0.5 (FTC & DOP), the maximum difference is 6% for both Dataset #7 and Dataset

410.

Table 6.28: Full stroke test and Partial stroke test (7x6 design) PTC values

Full Stroke Test
Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
FMEDA PTC 82% 82% 81% 77% 71% 87% 84% 77% 77% 82%
FIS PTC 81% 83% 81% 76% 72% 88% 84% 80% 77% 83%

Partial Stroke Test with probability of revealing a failure = 0.7 (FTC), 0.8 (DOP)
Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
FMEDA PTC 60% 61% 60% 57% 54% 65% 62% 57% 57% 60%
FIS PTC 70% 58% 61% 59% 61% 76% 80% 79% 54% 57%
Partial Stroke Test with probability of revealing a failure = 0.5 (FTC), 0.5 (DOP)
Dataset #1 Dataset #2 Dataset #3 Dataset #4 Dataset #5 Dataset #6 Dataset #7 Dataset #8 Dataset #9 Dataset #10
FMEDA PTC 41% 41% 41% 38% 36% 44% 42% 38% 38% 41%
FIS PTC 43% 41% 44% 40% 37% 42% 36% 38% 40% 47%

Figure 6.54 shows the absolute differences between the FMEDA and FIS PTC
results, indicating that the FST results have the smallest differences and the PST (0.7,
0.8) have the greatest differences.
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Figure 6.54: Absolute differences between FMEDA and FIS PTC results

6.4.5 Comparison of the Trapezoidal 6x6 and 7x6 Designs

A control surface diagram is a graphical representation that shows how the input
variables in a Fuzzy Inference System (FIS) are mapped to the output based on the
rule base. This diagram provides a comprehensive overview of the system and helps
visualise the relationships between inputs and outputs, offering valuable insights into
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the system’s behaviour. The inputs are the Component failure rate (z-axis) and the
Probability of revealing a failure (z-azis) and the output is the weighted revealed failure
rate (y-azis).

Figures 6.55 and Figure 6.56 show the control surface diagrams for the FIS 6x6 and
7x6 designs, respectively. The most prominent observations between the two diagrams
are the higher end values of the weighted revealed failure rate (highlighted in yellow)
and the smoother slope (more steps) of the weighted revealed failure rate range. The
6x6 design (Figure 6.55) shows minimal variation in the probability of revealing failure
values of 0.7 to 1, while 7x6 has improved this area.

Weighted Revealed Failure Rate

‘Component Failure Rate

Probability of Revealing Failure

Figure 6.55: FIS 6x6 design - control surface diagram
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Figure 6.56: FIS 7x6 design - control surface diagram

The aim is to design an FIS that has smooth contours, where the transition from
one value to the next is seamless, as idealised (with red lines) in the control surface
diagram (Figure 6.57). The issue is that the effort required and the complexity of the
design to attain such performance would not be justified.

s8533;3
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Figure 6.57: FIS design - control surface diagram with idealised contours shown in red.

Figures 6.58 and Figure 6.59 show the output and RMSE charts for the FIS 6x6 and
7x6, respectively, with extended testing using 10,000 random numbers. The random
numbers are within the universe of discourse for both FMEDA and FIS inputs, i.e., the
component failure rate and the probability of revealing a failure. The figures have two
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charts; the first chart (a) ’Output(1)’, this shows the FMEDA output (observed values)
which is the blue line, and the FIS output (expected values) is the orange line. The
second chart (b) Output(1) Error shows the mean error (RMSE) between the observed
values of FMEDA and the expected values of FIS.

The charts indicate, from extended testing, that the 7x6 design has an improved
RMSE value of 12.615 FIT compared to the 6x6 design, which is 16.322. These charts
also highlight the limitations of the designs, with the 6x6 design output (represented
by the orange line) capped at around 170 FIT, whereas the 7x6 design extends to
approximately 190 FIT. This further confirms the effectiveness of modifying the design
to enhance high-end sensitivity by increasing the number of membership functions from
6 to 7, which subsequently increases the number of IF-THEN rules from 36 to 42.
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Figure 6.58: FIS 6x6 design with 10,000 random numbers test, (a) shows the FMEDA
and FIS outputs and (b) shows the error (RMSE) between the FMEDA and FIS outputs
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Figure 6.59: FIS 7x6 design with 10,000 random numbers test, (a) shows the FMEDA
and FIS outputs and (b) shows the error (RMSE) between the FMEDA and FIS outputs
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6.5 Discussion and Conclusions

This chapter proposed the use of a Fuzzy Inference System (FIS)to manage the uncer-
tainty of data related to estimating proof test coverage using a Failure Modes, Effects,
and Diagnostics Analysis (FMEDA). Various designs were tested using both Juzzy-
Online’s toolbox and MATLAB’s Fuzzy Logic Toolbox. The final design of the fuzzy
inference system, the Trapezoidal 7x6, metrics indicate that the model is very close to
the expert data sets with an average R? value for the Full Stroke Test (FST) and Par-
tial Stroke Test (PST) data of 0.96 with an average MSE of 49. The average RMSE
value is approximately 7 FIT, which is less than 1% error when taking the average
ESDV assembly failure rate used in this research (1358 FIT). Although it may be
possible to improve the accuracy of the FIS model through further modifications, this
would increase its complexity, and the effort required would likely outweigh the benefits
achieved.

The Proof Test Coverage (PTC) for the FST suggests that there is only a 3%
difference between the FMEDA and FIS versions for the data sets within this research
(Table 6.28). This would likely have minimal impact on the PFD,y, or the proof test
interval. However, since the validation data in this research are limited, specifically the
number of expert datasets, it cannot be ruled out that other FMEDA data could result
in FIS values where the PTC values differ significantly from those of the FMEDA.

In contrast, the results of the PST proof test coverage test indicate a significant
difference between the FMEDA and FIS. The PST results that use probabilities of 0.7
and 0.8 to reveal a failure seem overly optimistic, with PTC estimates within 1% of
the FST, implying that the PST could be considered an equivalent test to the FST.
The PST results with a probability of 0.5 of revealing a failure were more conservative
compared to other studies, with the maximum differences between FMEDA and FIS
PTC being approximately 6% for Dataset #7 and Dataset #10.

The results of the PTC of the partial stroke test of FIS, in some cases, were 22%
greater than the FMEDA, as shown in Table 6.28, probability of revealing failure =
0.7 (FTC) and 0.8 (DOP), for Dataset #8. The significance of this is that applying
these findings to the PFD,,, calculations could lead to a reduction in the frequency
of partial stroke testing and/or allow for an extension of the full stroke test interval.
Although PST can improve the testing strategy and improve operational efficiency, it
should not typically replace FST in safety-critical applications. Instead, it is often
used in conjunction with FST to provide a more comprehensive assessment of valve
health and functionality. The potential outcome of these results is a reduction in ESDV
proof testing overhead, leading to maintenance cost savings for operating companies.
For example, using the FIS PTC estimates for Datasets #5, #6 and #7 it is possible
to extend the FST interval from one year to two years. Similarly, for Dataset #8 it
is possible to extend both the FST and PST intervals, from six months to one year
and from one year to two years, respectively. This suggests that ESDV proof test
intervals can be extended by up to 100% when applying the FIS PTC estimates from
this research.
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The limitations of the FIS design include a component failure rate range constrained
to 220 FIT and a probability of revealing a failure that spans from 0.5 to 1. The impli-
cations are that if component failure rates exceed 220 FIT, the FIS design will require
modification, specifically by extending the universe of discourse to accommodate these
higher rates. The distribution of failure rates, which is utilised to establish the spread
of the membership functions within the fuzzy sets, must also be taken into account, as
it could potentially influence the IF-THEN rules. The same applies to the probability
of revealing a failure, as any probability exceeding the current range of 0.5 to 1 will
require adjustments to the FIS design to accommodate these values.

The FIS full stroke test PTC results are in good agreement with published PTC
estimates ranging from 72% to 88%. The FIS PST results with probabilities of 0.7 and
0.8 range from 54% to 80%, which is relatively high, especially considering that the
maximum published PTC estimate is 70%. The FIS PST results with a probability
of 0.5 in the range of 36% to 44%. Although this is relatively low, it remains within
the range of published PTC estimates. The FIS full stroke test PTC results also align
well with the findings of the PTC estimates derived from the ESDV data in Chapter
4, indicating the accuracy of the FIS method.

As discussed previously, the assessment of the ESDV equipment in this research was
limited to the solenoid valve, actuator, and ball valve. In order to improve the accuracy
of the PTC assessment, consideration should be given to all auxiliary device failures
that could lead to a dangerous failure of an ESDV. This is particularly relevant for an
ESDV designed to facilitate partial stroke testing, as the number of auxiliary devices
required for such testing is significantly greater than that of the basic components of
an ESDV, as illustrated in Appendix A.1. The inclusion of auxiliary devices in the
assessment will not only increase the total dangerous failure rate of the ESDV, but is
also likely to affect the PTC estimates.

If a fuzzy inference system were to be designed again for similar purposes, it would
be beneficial to (1) use MATLAB for ease of implementation and design analysis ca-
pabilities (2) use trapezoidal membership functions for the initial design (3) analyse
the component failure rate data to understand its distribution, establish the universe
of discourse, and determine the partitioning of fuzzy sets. and (4) consider the number
of fuzzy sets per input to be based on the results of testing and validation.

This chapter demonstrated that a fuzzy inference system can effectively address
the subjectivity associated with FMEDA data, yielding some intriguing results despite
the limited datasets used to design and validate the model. This work represents the
preliminary steps in developing a tool for determining ESDV proof test coverage for
both full and partial stroke testing. Additional work is necessary to improve the design
by obtaining additional FMEDA datasets for validation. Subsequently, the FIS design
can be modified as needed based on the analysis results.

6.5.1 Summary of Findings
The key findings of this chapter can be briefly summarised in the following points:
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e Trapezoidal fuzzy sets were employed for the fuzzy inference system using seven
membership functions for component failure rates and six for probability of re-
vealing a failure. This FIS configuration produced the most favourable results,
with R, MSE and RMSE values of 0.96, 49, and 7, respectively.

e The variation in proof test coverage between FMEDA and the FIS results were
observed to be up to 3% for the full stroke test and as much as 22% for the partial
stroke test. It is important to note that these results were based on a limited
number of datasets.

e The generally higher proof test coverage values for partial stroke testing sug-
gest opportunities for optimising proof testing schedules, which could lead to a
reduction in maintenance overhead.

e In some cases, the FIS results demonstrate a 100% improvement in test intervals,
potentially extending the typical partial stroke test interval from six months to
one year and the full stroke test interval from one year to two years.

e MATLAB’s Fuzzy Logic Toolbox is a powerful and efficient tool for designing
fuzzy inference systems, offering a dynamic user interface and integrated tools
for performance evaluation.

In summary, this chapter introduces a novel Fuzzy-FMEDA framework that success-
fully models subjective expert data, which are challenging for traditional FMEDA tech-
niques to capture. Although no studies have directly applied fuzzy logic to FMEDA,
related research in the use of FMEA and FMECA supports the potential of this ap-
proach to address key limitations in traditional FMEDA methods. This unique con-
tribution provides a new approach to integrate expert judgement into safety-related
assessments, paving the way for future studies to further validate and refine the model.

Human errors, such as incorrect execution of the proof test procedure, can lead
to false positives or false negatives. This could result in dangerous failures being
undetected, causing proof test coverage to be overestimated, giving a false sense of
safety. The next chapter discusses the impact of human error on proof testing and the
potential implications on proof test coverage.
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Chapter 7

The Impact of Human Error on
Proof Testing

7.1 Introduction

The previous chapter examined the use of Fuzzy Inference Systems (FIS) to address
the uncertainty in data related to Failure Modes, Effects, and Diagnostics Analysis
(FMEDA) for estimating the Proof Test Coverage (PTC) of an Emergency Shutdown
Valve (ESDV). By utilising expert datasets and employing measures and metrics such
as R?, MSE, and RMSE, an FIS was developed to estimate PTC for both full stroke and
partial stroke tests, effectively addressing data subjectivity. However, this approach
did not account for the influence of human error during the execution of an ESDV
proof test and its potential effect on PTC.

This chapter examines the impact of human error on ESDV proof testing and its effect
on proof test coverage. It reviews existing methodologies for quantifying Human Error
Probability (HEP) and evaluates the extent to which human error can influence the
results of the proof test. Figure 7.1 provides an overview of the structure of this chapter.

Overview of Human Factors

\Z

Human Reliability Assessments

\Z

Data Collection

\Z

Comparison of Assessment Results

Figure 7.1: Chapter Seven Structure
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7.2 Overview of Human Factors

Reducing Error and Influencing Behaviour (HSG48) [154] is the key document to un-
derstand the approach of the UK Health and Safety Executive’s (HSE) to human
factors. HSG48 provides a simple introduction to generic industry guidance on human
factors, which is defined as:

"Human factors refer to environmental, organisational and job factors, and human
and indiwidual characteristics, which influence behaviour at work in a way which can
affect health and safety” [154, p. 5].

Human factors focus on what tasks individuals are being asked to perform (the task
and its characteristics), who is performing them (the individual and their competence),
and the environment in which they are working (the organisation and its attributes).

When assessing the effectiveness of a proof test, it is essential to account for the
possibility that the tester could make an omission, an oversight or other error that may
result in failing to detect a hardware fault. It is important to quantify the likelihood of
this possibility for comparison with other factors discussed in this thesis that contribute
to the ineffectiveness of the proof test. Human Reliability Assessments (HRA) provide
a means of quantifying task-related human error as discussed in the next section.

7.2.1 Overview of Human Reliability Assessments

Two of the most widely used Human Reliability Assessment (HRA) techniques are the
Standardised Plant Analysis Risk-Human Reliability Assessment (SPAR-H) method
[155] and the Human Error Assessment and Reduction Technique (HEART) [156].
Consequently, these methods were selected as the focus for evaluating HEP in this
study. The SPAR-H and HEART HRA models adopt a similar approach, which is
to select a task type and then to apply modifying factors based on the stresses and
environmental factors to which the proof tester is subjected.

7.2.1.1 SPAR-H

The SPAR-H method begins with identification of the generic task HEP which is based
on whether the task is diagnostic or action-based. The method is based on eight Per-
formance Shaping Factors (PSFs) that cover the majority of contributors to human
error [157]. The PSFs include: Available Time, Stress/Stressors, Complexity, Experi-
ence/Training, Procedures, Ergonomics/Human Machine Interface (HMI), Fitness for
Duty and Work Processes. Each PSF has various levels that reflect the degree of asso-
ciation with the task being assessed. The products of all the PSF's are then combined
with the generic task HEP to calculate the HEP for the task. Figure 7.2 shows an
overview of the SPAR-H process when evaluating a Human Failure Event (HFE).
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Figure 7.2: SPAR-H flowchart [158]

7.2.1.2 HEART

Similarly, the HEART method begins the quantification process by determining which
of a number of generic HEPs is appropriate for the task under investigation [159]. The
PSF effects on the task are then considered, though these are called Error Producing
Conditions (EPCs) in HEART terminology. After selecting EPCs from a range of 38
options, each is weighted based on the maximum impact they can have on performance,
the extent to which that maximum effect should be applied in the specific scenario is
then determined. The product of the effects is then combined with the generic task
HEP to calculate the HEP for the task. Figure 7.3 shows an overview of the HEART

process with an example.
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(categories A-T) category F
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onoh FPC o the nomiaal LEP e.g. use 50% of this maximum etfect

Calculate final HEP HEP=0.003x [((1I-1)x 0.5)+ 1]=0.018

Figure 7.3: HEART flowchart [159]

7.3 Human Reliability Assessment Data Collection

To evaluate the impact of human error on ESDV proof testing, HRA data were gathered
from four human factors experts. The experts are UK Engineering Council registered
(chartered engineers) with extensive experience of functional safety within the process
industry sector. All experts have more than five years of experience in HRAs.

Each expert performed a SPAR-H and HEART assessment based the following favourable
and unfavourable task definitions:

o Undertake an ESDV proof test to a detailed procedure, under normal environ-
mental conditions and with adequate competency.

e Undertake an ESDV proof test to a poorly written procedure, unfavourable envi-
ronmental conditions and inadequate competency.

In this chapter, it is pessimistically assumed that all human errors during preventive
maintenance will lead to a failure to diagnose. A comparison of the HRA results is
discussed in the next section.
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7.4 Comparison of Human Reliability Assessment
Results

Table 7.1 shows a summary of the HRA results (SPAR-H and HEART) carried out by
experts, considering both favourable and unfavourable maintenance factors. Refer to
Appendix E for HRA assessment worksheets for Expert "A’.

Table 7.1: SPAR-H and HEART Assessments - Human Error Probabilities (HEPs)

HRA type / Assessor Favourable Unfavourable
maintenance factors | maintenance factors
SPAR-H / Expert A 5.03E-03 8.35E-01
SPAR-H / Expert B 1.20E-02 2.44E-01
SPAR-H / Expert C 3.99E-03 7.50E-01
SPAR-H / Expert D 1.00E-02 5.03E-01
HEART / Expert A 7.85E-02 2.52E-01
HEART / Expert B 1.42E-02 1.92E-01
HEART / Expert C 5.16E-02 2.58E-01
HEART / Expert D 9.75E-03 2.17E-01

Figure 7.4 shows a comparison of HRA results, indicating a significant difference
in human error probabilities between favourable and unfavourable maintenance factors
related to ESDV proof testing. A logarithmic scale is used to handle the wide range of
HEP values.

7.68E-01 -

3.84E-01 A

1.92E-01 A

9.60E-02 -

4.80E-02 A

2.40E-02 -

1.20E-02 -

6.00E-03 -

Human Error Probability (HEP) [log scale]

3.00E-03 T T T T T T T

» ® C AY I ® C V]
\@W& \9}9& \@1&& \g&eﬁ«\@w& \g&& \qu(\«\@&eﬁ\

b b b 4\
» %QPS” SQB?‘ SQPX‘ 9&)8\ Y\‘?»P& ‘(\‘?}?\ ‘(\‘EP&

Sl

—@— Favourable maintenance factors —®— Unfavourable maintenance factors

Figure 7.4: SPAR-H and HEART - Favourable and Unfavourable Maintenance Factors
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The HRA results indicate that for a proof test with an adequate proof test pro-
cedure, appropriate environmental conditions, and a competent tester, an HEP of
1.38E-02 (geometric mean) with a range of 1.00E-3 to 7.85E-02 is achieved. The proof
test with unfavourable factors indicates a HEP of 3.47E-01 (geometric mean) with a
range of 1.92E-01 to 8.35E-01.

7.5 Discussion and Conclusions

This chapter examined the impact of human error on ESDV proof testing and reviewed
two commonly used Human Reliability Assessments (HRAs) to determine Human Error
Probabilities (HEPs) for the task. From the HRA results, it is evident that human
error can negatively impact the quality of proof testing if the proof test procedure,
environmental and training factors are inadequate. The results indicate that there is
an approximately 35% chance of an error when considering unfavourable proof test
factors as opposed to approximately 1% for favourable factors. Compared to the work
by Aalipour et al [157], the results show a similar trend, with a significant difference in
HEP between favourable and unfavourable maintenance tasks for both SPAR-H and
HEART. This suggests that the reliability of the proof test process itself is a key factor
preventing the system from reaching its maximum potential proof test coverage. Thus,
attention to proof test procedures, environmental conditions, and competency of the
tester is paramount.

When designing a safety instrumented function, consideration should be given to
ensuring that proof testing can be performed effectively, with adequate proof test
facilities available. The design should also account for the location of the installation,
ensuring that access to allow maintenance and testing is sufficient.

A written proof test procedure is a key tool in conducting a proof test effectively and
should describe every step that is to be performed by the proof tester, hence reducing
the opportunity for error. The procedures should be developed by a qualified engineer
familiar with the equipment and test methods. Procedures should be reviewed and
validated in the field by a competent proof tester, typically an instrument technician,
to ensure accuracy before they are issued for use.

The ideal proof tester is preferably a time-served apprentice with extensive expe-
rience in maintaining and testing safety instrumented systems, as well as familiarity
with proof testing ESDVs. A strong understanding of the fundamentals of functional
safety and the necessity and importance of proof testing is also highly desirable.

Planning activities such as proof testing is essential to ensure that the stress placed
on the proof tester is at a minimum. Allow ample time to carry out the test and report
the findings. Planning will also seek to gain co-operation from the operations team to
provide access to the equipment, i.e., taking the equipment out of service, if required.

Incorporating these factors will significantly reduce the likelihood of human error
during the execution of an ESDV proof test procedure.
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7.5.1 Summary of Findings
The key findings of this chapter can be briefly summarised in the following points:

e Using HRA techniques such as SPAR-H and HEART, it is possible to quantita-
tively demonstrate that human error can significantly impact the outcome of a
proof test.

e The HRA results of the experts demonstrate consensus in their evaluations of
the proof tests, considering both favourable and unfavourable factors.

e The HRA results indicate a roughly one in three chance of error during the proof
test, which limits the ability to achieve the maximum potential coverage for the
proof test.

e Key areas for reducing human error include the proof test procedure, the com-
petency of the proof tester, and environmental factors such as time constraints.
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Chapter 8

Conclusions and Recommendations

An Emergency Shutdown Valve (ESDV) is a critical element of a safety instrumented
function with limited online diagnostics; consequently, effective proof testing and test
interval are imperative to ensure the desired functionality and hence the safe operation
of a high-hazard process facility. There is much debate regarding the estimates of
Proof Test Coverage (PTC), in particular for an emergency shutdown valve, with great
variability evident in the published literature. The objective of this research was to
address this problem by developing a robust assessment method that can be used to
estimate proof test coverage.

Three methods were investigated to estimate the coverage of the proof test: us-
ing ESDV maintenance and test data from industry, performing a Failure Modes, Ef-
fects, and Diagnostics Analysis (FMEDA) based on an industry component failure rate
database and additional sources, and combining FMEDA with a fuzzy inference system
(Fuzzy-FMEDA). As human factors are essential when considering aspects of process
safety, it was necessary to also investigate the impact of human error on proof testing.
The focus of the research was on the application of the FMEDA technique, combined
with an inference system to address the inherent uncertainty in the FMEDA data.
This chapter consolidates the key findings from this research, focussing on the Fuzzy
Inference System (FIS) modelling of the uncertainty of the FMEDA data within safety
critical systems. The chapter outlines the main conclusions drawn from the research
objectives and discusses the broader implications of these findings. In addition, it
provides recommendations for future research and practical applications to enhance
understanding and management of proof test coverage.

8.1 Conclusions

Four primary investigations were conducted, which led to several conclusions. The key
findings are summarised and discussed in detail in the following sections.

e With sufficient and correct maintenance and test data, it is possible to estimate

160



proof test coverage by analysing the dangerous failure modes of ESDVs and
reviewing how often those failure modes are detected during proof testing.

e The FMEDA approach to estimating PTC provided a systematic means to analysing
failure modes of an ESDV but the subjectivity of the input data presented vari-
ance in results when estimating proof test coverage.

e To overcome the uncertainty in the FMEDA data, a fuzzy inference system was
developed, which demonstrated that it is possible to design such a system to
model the FMEDA process.

e The Fuzzy-FMEDA results indicated that the model could be integrated into an
ESDV maintenance strategy to help optimise the proof test intervals effectively.

e Human error, assessed through standard human reliability evaluation methods,
was found to significantly impact proof testing outcomes.

8.1.1 Estimating PTC using equipment failure data

Maintenance and test data were collected from industry and using BS EN 14224,
dangerous failure modes were identified. Based on these findings, proof test coverage
was estimated for a full stroke test. The analysis was constrained by the limited
availability of data, as collecting this information from organisations proved challenging
due to its commercial sensitivity, despite the presence of nondisclosure agreements
(NDA). The collected data lacked sufficient detail, making it impossible to pinpoint
the specific ESDV component that had failed and the reason for the failure. Instead,
only the failure mode of the equipment could be identified. Analysis of three different
datasets revealed that the proof test coverage for a full stroke test was estimated to
range from 81% to 87%. Historically, a meaningful record of maintenance and testing
findings in industry has generally been lacking, influenced by factors such as company
policies and the limited knowledge and experience of staff. Ultimately, ESDV failures
would undergo root cause analysis (RCA) to identify the cause of failure; however,
these analyses can be a costly exercise for an operating company.

8.1.2 Estimating PTC using FMEDA and component failure
rate data

A failure modes, effect and diagnostic analysis was identified as the preferred method
of conducting an evaluation of proof test coverage for an ESDV. An FMEDA was
performed using an industry component failure rate database, and proof test coverage
for a full stroke test was estimated to be 82%, which was in good agreement with
published estimates. Other data sources were also collected for comparison, which
highlighted variability in component failure rate data resulting in a variety of different
PTC estimates, ranging from 71% to 87% for a full stroke test. Due to the absence of
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a standardised component failure rate database, various organisations have developed
their own, resulting in significant variance across datasets. Ideally, collaboration among
key industry players would yield a shared data collection that could be widely accepted
and utilised for estimating proof test coverage and making informed decisions regarding
equipment failure.

8.1.3 Estimating PTC Using a Fuzzy Inference System

A fuzzy inference system was introduced as a method to manage uncertainty in the
FMEDA data. The results of this research demonstrate that a fuzzy inference system
can be effectively used to estimate Proof Test Coverage (PTC), while accounting for
uncertainty in the input data. The analysis highlighted that trapezoidal membership
functions were more effective for the FIS modelling within the FMEDA context, as
indicated by high R? values (ranging from 0.9 to 0.99) and low RMSE (minimum of
2.5). This finding suggests that trapezoidal membership functions provide a robust
balance between model accuracy and interpretability, contributing to enhanced relia-
bility in PTC estimates. Additionally, the observed difference between FMEDA and
FIS generated PTC values was 3% for full stroke tests and up to 22% for partial stroke
tests. For partial stroke tests with a relatively low probability of revealing a failure,
the variation in PTC was up to 6%.

The research results suggest that optimal outcomes would be achieved through a
combination of full and partial proof tests. The partial stroke test proof test coverage
results suggest the potential for extended full proof test intervals, thereby reducing the
need to take an ESDV out of service for testing. The benefit of this approach is that
proof test intervals can be optimised, leading to a more refined maintenance strategy.
This, in turn, improves plant uptime and provides greater confidence in the reliability
and operation of safety instrumented functions.

The FIS design was limited by the availability of data, as FMEDA expertise is
difficult to obtain due to the specialised nature of this engineering field.

This research has explored an innovative Fuzzy-FMEDA framework that effectively
models subjective expert data, which conventional FMEDA techniques struggle to cap-
ture. Although no prior studies have directly applied fuzzy logic to FMEDA, related
work on FMEA and FMECA underscores the promise of this approach in addressing
critical limitations of traditional FMEDA methods. The Fuzzy-FMEDA approach al-
lows for more accurate proof test coverage results based on expert knowledge, allowing
for optimised maintenance planning, ultimately reducing cost to operators and provid-
ing confidence in the reliability of safety instrumented systems. This novel contribution
introduces a new method for incorporating expert judgement into safety-related assess-
ments, establishing a foundation for future studies to validate and enhance the model
further.
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8.1.4 The Impact of Human Error on Proof Testing

From the results of the Human Reliability Assessments (HRA), SPAR-H, and HEART,
which were performed by several experts, it was evident that human factors can sig-
nificantly impact the result of proof tests. The HRA results indicate that for a proof
test with an adequate proof test procedure, appropriate environmental conditions, and
a competent tester, a Human Error Probability (HEP) of 1.38E-02 (geometric mean)
is achieved in the range of 1.00E-3 to 7.85E-02 is achieved. The proof test with un-
favourable factors indicates a HEP of 3.47E-01 (geometric mean) with a range of 1.92E-
01 to 8.35E-01. The results of the human error investigation and its impact on proof
testing highlighted the importance of ensuring that the test procedures, environmental
factors, and personnel competency levels are adequate.

8.2 Further Work and Recommendations

This thesis has highlighted several areas where further investigation could be valuable,
including both extensions of current work and new directions inspired by noteworthy
findings.

The accuracy of the FIS model is based on the FMEDA data provided by experts.
An additional effort to collect such data will enable model refinement and improved
predication of proof test coverage. New data have the potential to extend the universe
of discourse of the component failure rate variable and also affect the distribution of
failure rates, suggesting a change in partitioning of fuzzy sets and therefore a change
in IF-THEN rules. Special attention should be paid to the data collected on the
probability of revealing a failure for partial stroke tests, as these data have been the
most limited and have been shown to have the greatest influence on proof test coverage
results.

The participation of industry experts is vital for the future success of any follow-up
work in Fuzzy-FMEDA research. One of the main challenges in this field is the difficulty
in collecting high-quality data due to its commercial sensitivity. Many organisations
are reluctant to share detailed operational data for confidentiality reasons, which limits
the availability of robust datasets. In such cases, reliance on experts becomes essen-
tial, as their implicit knowledge and practical experience can provide valuable insights
that compensate for the lack of accessible quantitative field data. Beyond addressing
data limitations, the involvement of industry experts also enhances the credibility and
validity of the research. By incorporating the knowledge of industry experts, the as-
sumptions and outcomes of the Fuzzy-FMEDA model are more likely to reflect actual
industry practices, increasing its applicability. In addition, engaging with experts helps
to build trust within the industry, facilitating broader acceptance and adoption of the
research findings. Experts can also highlight emerging trends and potential challenges,
helping to future proof the methodology and maintain its relevance. Therefore, collab-
orating with industry experts not only helps overcome immediate data challenges but
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also enhances the overall relevance and effectiveness of the research.

Given the safety-critical nature of Emergency Shutdown Valves (ESDV) and their
role in protecting both personnel and the environment, ensuring the availability of re-
liable and consistent component failure rate data is essential for accurate and effective
FMEDA. A lack of such data compromises the reliability of proof test coverage esti-
mates, potentially leading to unsafe operational conditions. Intervention by the UK
Health and Safety Executive (HSE) with a legislative effort to address the issue could
help standardise the collection, sharing, and protection of sensitive failure rate data,
encouraging greater transparency within the industry. Legislative action could include
establishing guidelines or incentives for companies to share anonymised failure rate
data while protecting commercially sensitive information. It could also encourage the
development of industry-wide databases, where data can be collated and accessed by
organisations conducting such assessments. Such an initiative would not only improve
the quality of FMEDA, but also enhance overall safety standards. The involvement of
the HSE could provide a regulatory framework that ensures that data are collected in a
consistent, accurate, and secure manner, ultimately improving decision making about
proof test coverage and reliability. Furthermore, it could encourage industry-wide col-
laboration, benefiting not just individual companies but the sector as a whole.

Other areas that could be investigated are alternate membership functions. So far
triangular, trapezoidal, and Gaussian membership functions have been experimented
with but there are other, not so common types, that could result in more efficient
and effective fuzzy inference designs. These include the sigmoid and generalised bell
membership functions [160]. The use of such membership functions could reduce the
number of fuzzy sets used and hence the number of IF-THEN rules, allowing for an
optimised fuzzy inference system.

Although the Mamdani Type-1 fuzzy inference system has been shown to be the
most commonly used type for applications regarding failure modes and effects anal-
ysis, further experiments using Mamdani Type-2 fuzzy inference systems can be in-
vestigated. A Mamdani Type-2 fuzzy inference system extends the classical Mamdani
Type-1 FIS by handling higher degrees of uncertainty in complex systems. Unlike
Type-1 FIS, which uses fixed membership functions for each fuzzy set, Type-2 fuzzy
inference systems employ fuzzy membership functions, where each membership degree
is itself a fuzzy set rather than a single value. This results in a fuzzy footprint or Foot-
print of Uncertainty (FOU) around each membership function, allowing it to capture
uncertainties more flexibly [161]. By capturing finer levels of uncertainty, Type-2 FIS
can provide more precise outcomes in systems that involve expert judgement and vague
or ambiguous input data. The MATLAB Fuzzy Logic Toolbox includes functionality
for converting Mamdani Type-1 fuzzy inference systems to Type-2 systems, enabling
efficient comparison of results.

This research has investigated the two most commonly used proof test types, i.e.,
the full stroke test and the partial stroke test. Several other proof tests are available
as discussed in Chapter 2, which are variants of the full stroke test. The full stroke
test investigated in this research being an offline test therefore, is not subjected to

164



process conditions such as pressure, temperature, and flow. Further work should be
undertaken to determine the proof test coverage for a full stroke test under process
conditions, i.e. with the ESDV online. Similarly, further investigation should also be
carried out to determine the proof test coverage when ESDV seat leakage tests are
available. These additional investigations will enable a comprehensive range of proof
test types and proof test coverages, providing plant operators with the full scope of
ESDV testing.

Another promising area for future research is the potential integration of Artificial
Intelligence (AI) with the Fuzzy-FMEDA approach. Several methods are available that
could potentially optimise the fuzzy inference system. For example, automated param-
eter optimization which in Machine Learning (ML) algorithms could help fine-tune the
parameters of the fuzzy inference system [162]. Traditional machine learning algorithms
include Support Vector Machine (SVM), Logistic Regression (LR), Decision Tree (DT),
and k-Nearest Neighbour (kNN) [163]. Deep Neural Networks (DNNs), which encom-
pass Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs)
[162], can also be used. These methods can optimise the type of membership functions,
their positions, and the number of fuzzy sets based on the FMEDA data to improve
model accuracy and robustness.

The Adaptive Neuro Fuzzy Inference System (ANFIS) could enable the fuzzy infer-
ence system to adapt its behaviour over time based on new data [164]. Reinforcement
learning, for example, could allow the fuzzy model to adjust its inference rules as new
operational data and expert feedback is collected, making it more effective in dynamic
environments.

Data-driven expert systems such as Natural Language Processing (NLP) could anal-
yse expert reports, maintenance and test records, or equipment failure reports to ex-
tract relevant information for FMEDA [165]. An Al-enhanced expert system could
then automatically feed this data into the Fuzzy-FMEDA model, ensuring it remains
up-to-date and aligned with real-world observations.

Combining fuzzy systems with other Al approaches, that is, hybrid AI models,
such as Support Vector Machine (SVM), Bayesian Network (BN) and Artificial Neural
Network (ANN), could help capture complex nonlinear relationships in safety-related
assessments [166]. This could improve system performance by leveraging the strengths
of both fuzzy logic and data-driven Al models.
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Appendix A

ESDV Actuator Configuration
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A.1 ESDYV Actuator Pneumatic Schematic showing
Partial Stroke Test Functionality

With reference to Figure A.1 and Figure A.2. When the actuator is energised (ESDV
fully open) through SOV 1V10, a partial stroke test can be achieved by operating the
1V50 hand switch. The actuator will start to move (closing the valve) until the limit
of travel is reached (cam and limit switch 1520). Releasing the 1V50 hand switch will
return the actuator to its pre-test position, i.e. fully open.

Item Description

1A1 QUARTER TURN PNEUMATIC ACTUATOR, SPRING RETURN, SPRING TO CLOSE
1820 | POSITION SWITCH, 3/2 NORMALLY CLOSED, SPRING RETURN

1V10 | SOLENQID VALVE, DIRECT ACTING, 3/2 UNIVERSAL TYPE, SPRING RETURN
1V31 FILTER BOOSTER, TAPPED EXHAUST, MANUAL DRAIN

1V50 | MANUAL HAND VALVE, 3/2 UNIVERSAL TYPE, SPRING RETURN
1V70A | QUICK EXHAUST VALVE
1V70B | QUICK EXHAUST VALVE
1V77A | CHECK VALVE, SPRING LOADED TYPE
1V77B | CHECK VALVE, SPRING LOADED TYPE

1V81 BALL VALVE, 3 WAY

Vo1 PRESSURE RELIEF VALVE, FREE EXHAUST

1Z1 CONTROL PANEL

1216 FILTER REGULATOR, SELF RELIEVING, FILTER WITH MANUAL DRAIN
1Z31A | PRESSURE GAUGE, GAUGE TYPE - [Bar/Psi]
1Z31B | PRESSURE GAUGE, GAUGE TYPE - [Bar/Psi]

1280 | LIMIT SWITCH BOX, 2 ELECTRIC CONNECTION

Connection Description N°® Description Type
X1 CONTROL PANEL PNEUMATIC CONNECTION (INLET) T1 |PNEUMATIC TUBING POWER LINE
Y1-Y2 BOX MICRO SWITCHES ELECTRIC CONNECTION T2 |PNEUMATIC TUBING SECONDARY LINE
T3 |PNEUMATIC TUBING PILOT LINE
Z1 CABINET ELECTRIC CONNECTION
- |TUBE FITTINGS DOUBLE FERRULE
22 SOLENOID VALVE ELECTRIC CONNECTION 1Z | SILENCER - BUG SCREEN

Figure A.1: ESDV actuator pneumatic schematic key [44]

167



LX
—LZ ﬁw___q INFNMALSNI

L=y

_ ——t 4 IHVD HEWOLSND LY
gl | 1 L ORLDATA

LN DLLYINING

Figure A.2: ESDV actuator pneumatic schematic [44]
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Appendix B

Equipment Maintenance and Test
Data
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B.1 Sample 1 - Data Collected from Industry (Anonymised)

Date Work Order | Tag number Description Identified failure mode
06/06/18 11267862 06-ESDV-2161 To Carryout Survey - ESDV not functioning FAILS TO FUNCTION
24/11/16 18178188 07-ESDV-2128 ESDV 2128 - Integrity Testing and Maintenance = | 1 ; ¢ 1N CLOSED POSITION
PMT. Excess leak when closed
. 28AC - Install New Instrument DBB Valve . .
24/06/18 11820172 08-ESDV-0011 Mantod s ESDY 0011 FAILS TO FUNCTION
. 28CP - ESDV-2182 Failure Follow Up Work . )
18/06/18 11882896 09-ESDV-2182 Required . ESDV.2182 FAILS TO CLOSE ON DEMAND
17/06/18 11269264 09-ESDV-2182 12?113;/‘2 L?jslcn‘eg"‘y Testing and Maintenance = | px 11 o 7 CLOSE ON DEMAND
06/06/09 11048889 09-ESDV-2086 ESDV 2086 Integrity Testing and Maintenance = | p\ 11 o 16 CLOSE ON DEMAND
PMT — failed to close
26/02/18 18646220 02-ESDV-2061 82D - replace SOV B causing ESDV-2061 to SPURIOUS CLOSURE
spuriously close
20/01/16 11498686 02-ESDV-2061 82D - To Investigate and Repair - 80in Emergency | ¢\ 11 ¢ 16 cLOSE ON DEMAND
Shutdown Valve - 0411 Valve
. 82D - To Investigate and Reset Alarm - 80in
02/01/14 11888891 02-ESDV-2061 Emergency Shataown Valve » 04l Valve DELAYED OPERATION
81/08/11 11179966 02-ESDV-2061 Test Valve - failed to close FAILS TO CLOSE ON DEMAND
17/02/14 11894782 06-ESDV-2071 ESDV 2071 - Integrity Testing and Maintenance = | '\ y; 16 FUNCTION
PMT — not functioning
12/09/11 11179974 06-ESDV-2071 Test Valve - failed to close FAILS TO CLOSE ON DEMAND
16/09/21 19849482 03-ESDV-2101 82H - pipeline/boundry esdv integrity testing FAILS TO FUNCTION
20/06/06 11676864 03-ESDV-2101 151?/1[?: 2101 integrity testing and maintenance - LEAKS IN CLOSED POSITION
10/10/11 11179967 03-ESDV-2111 Test Valve - failed to close FAILS TO CLOSE ON DEMAND
28/06/20 19886082 01-ESDV-1028 ESDV - record failed closure time DELAYED OPERATION
22/06/20 19886288 04/91-ESDV-2666 ESDV - record failed closure time DELAYED OPERATION
82/09/14 11468119 04/91-ESDV-2666 Riser ESDV - Integrity Testing - PMT LEAKS IN CLOSED POSITION
08/08/14 11489647 04/01B/91-H-0146 Riser Valve Does Not Make Closed Limit Switeh - | .\ 11 § 70 CLOSE ON DEMAND
Investigate/Rectify
19/06/04 11886688 01-ESDV-6201 Please rectify ESDV-8821 status as it indicates'in | pypy o\ ypp OPERATION
travel' on the screen, slow closing
01/08/04 11821894 01-ESDV-6461 Please repair N2 leak on solenoid of ESDV-1284. | | 1y [N CLOSED POSITION
Solenoid is venting continuously
19/01/08 11114648 01-ESDV-9800 ESDV-847 spares - Fault : Valve failed to close DELAYED OPERATION
within prescribed times
10/11/12 11114648 01-ESDV-9800 ESDV-848 failed to close within prescribed time DELAYED OPERATION
80/10/12 11119866 01-ESDV-1028 Repair position indicator on ESDV -1028 DELAYED OPERATION
28/10/12 11101874 01-ESDV-9800 ESDV Riser fault, Test Valve - failed to close FAILS TO CLOSE ON DEMAND
19/07/12 11177869 01-ESDV-9800 Riser ESDV fails to close on command. FAILS TO CLOSE ON DEMAND
12/01/12 11117898 01-ESDV-9800 ESDV Riser fault, slow to close DELAYED OPERATION
12/01/12 11117892 01-ESDV-1028 ESD Riser fault, slow to close DELAYED OPERATION
28/07/18 11828898 03-ESDV-06002 ESDV 8002 - Vendor Maintenance. Leaking LEAKS IN CLOSED POSITION
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B.2 Sample 2 - Data Collected from Industry (Anonymised)

Date Defective Part | C q Notification Activity Code Fault Description
08/05/2013 Spring OTHER No Action required - Identified issue FI NOOP
02/07/2013 Main Body OTHER Cleaned CORR
31/07/2013 Spindle OPER OF STANDBY/SAFETY DEVICE | No Action required - Identified issue FI DRIF
05/08/2013 Main Body UNABLE TO CLOSE Greased / Lubricated SEIZ
07/08/2013 Main Body POOR CONTROL Reset Equipment / Site Settings DRIF
07/08/2013 Main Body POOR CONTROL Reset Equipment / Site Settings DRIF
27/08/2013 Main Body OTHER Permanent Repair - No further intervent | NOOP
30/09/2013 Nipple UNCONTROLLED GAS ESCAPE Greased / Lubricated WORN
01/10/2013 Actuator UNABLE TO CLOSE Reset Equipment / Site Settings SEIZ
24/10/2013 Valve Seat UNCONTROLLED GAS ESCAPE No Action required - Identified issue Fl WORN
04/11/2013 Grease Point UNCONTROLLED GAS ESCAPE Greased / Lubricated LOOS
04/11/2013 Grease Point UNCONTROLLED GAS ESCAPE Greased / Lubricated LOOS
13/11/2013 Main Body NO CONSEQUENCE Cleaned FROZ
13/11/2013 Main Body OTHER Cleaned FROZ
08/01/2014 Spring TRIPS ABOVE TRIP SP Reset Equipment / Site Settings SEIZ
17/01/2014 Actuator TRIPS ABOVE TRIP SP Permanent Repair - No further intervent | NOOP
23/01/2014 Spring NO CONSEQUENCE Reset Equipment / Site Settings DRIF
28/01/2014 Spring TRIPS ABOVE TRIP SP Reset Equipment / Site Settings NOOP
29/01/2014 Diaphragm FAILS TO TRIP Reset Equipment / Site Settings SEIZ
29/01/2014 Diaphragm FAILS TO TRIP Installed new component SEIZ
06/02/2014 Diaphragm TRIPS ABOVE TRIP SP Cleaned DRIF
11/02/2014 Actuator TRIPS ABOVE TRIP SP Reset Equipment / Site Settings NOOP
12/02/2014 Actuator FAILS TO TRIP Reset Equipment / Site Settings NOOP
12/02/2014 Actuator FAILS TO TRIP Reset Equipment / Site Settings NOOP
13/02/2014 Actuator NO CONSEQUENCE No action Taken CORR
21/02/2014 Actuator NO CONSEQUENCE Cleaned NHPR
21/02/2014 Main Body NO CONSEQUENCE Reset Equipment / Site Settings NOOP
21/02/2014 Actuator OTHER No action Taken NOOP
21/02/2014 Actuator TRIPS SLOWER THAN 1" PER SEC No action Taken NOOP
27/02/2014 Actuator TRIPS ABOVE TRIP SP Reset Equipment / Site Settings NOOP
21/03/2014 Actuator NO CONSEQUENCE Temporary Repair - Refurb required NOOP
28/03/2014 Spindle NO CONSEQUENCE Installed new component BROK
08/04/2014 Actuator NO CONSEQUENCE No Action required - Identified issue FI NOOP
17/04/2014 Actuator TRIPS SLOWER THAN 1" PER SEC No action Taken NOOP
17/04/2014 Actuator TRIPS SLOWER THAN 1" PER SEC No action Taken NOOP
23/04/2014 Main Body NO CONSEQUENCE Temporary Repair - Refurb required NOOP
29/04/2014 Actuator TRIPS ABOVE TRIP SP Permanent Repair - No further intervent | NOOP
29/04/2014 Actuator TRIPS ABOVE TRIP SP Permanent Repair - No further intervent | NOOP
30/04/2014 Actuator TRIPS ABOVE TRIP SP Greased / Lubricated SEIZ
01/05/2014 Main Body NO CONSEQUENCE No Action required - Identified issue Fl COAT
01/05/2014 Main Body NO CONSEQUENCE No Action required - Identified issue Fl COAT
05/06/2014 Spring TRIPS BELOW TRIP SP Reset Equipment / Site Settings DRIF
20/06/2014 Spindle NO CONSEQUENCE No Action required - Identified issue Fl CORR
20/06/2014 Spindle NO CONSEQUENCE No Action required - Identified issue FI CORR
20/06/2014 Spindle NO CONSEQUENCE No Action required - Identified issue Fl CORR
20/06/2014 Spindle NO CONSEQUENCE No Action required - Identified issue Fl CORR
25/06/2014 Spindle NO CONSEQUENCE Permanent Repair - No further intervent | DRIF
03/07/2014 Main Body TRIPS SLOWER THAN 1" PER SEC No action Taken NOOP
03/07/2014 Main Body TRIPS SLOWER THAN 1" PER SEC No action Taken NOOP
03/07/2014 Spring NO CONSEQUENCE Reset Equipment / Site Settings NOOP
08/07/2014 Actuator TRIPS ABOVE TRIP SP Permanent Repair - No further intervent | NOOP
08/07/2014 Actuator TRIPS ABOVE TRIP SP Permanent Repair - No further intervent | NOOP
09/07/2014 Actuator TRIPS ABOVE TRIP SP Permanent Repair - No further intervent | NOOP
09/07/2014 Actuator TRIPS ABOVE TRIP SP Permanent Repair - No further intervent | NOOP
09/07/2014 Main Body UNCONTROLLED GAS ESCAPE No action Taken BROK
18/07/2014 Main Body TRIPS ABOVE TRIP SP Greased / Lubricated DRIF
18/07/2014 Diaphragm NO CONSEQUENCE No Action required - Identified issue FI CORR
21/07/2014 Actuator NO CONSEQUENCE Reset Equipment / Site Settings SEIZ
30/07/2014 Actuator TRIPS ABOVE TRIP SP No action Taken NOOP
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C.1 Example ESDV Datasheet

DE SIGN DATA SHEET

Requisition No:

Document N o:

Rew
Ememency Shutdown Valves 00A 1004800
[SUPPLIER:  Meto Automation
1 [itemMe: Tag Me: 1 [ D-XV-716 2 [ D-XV-T17
2 | Berice: D130 Reoyde Pump 01100 Recyde Outiet
3 |Model Mo: XMOSCWTAJZPIBABT XM10CWTALZPIJHABT 1]
4 [Type Trrrion Mounied Full boe Bal Metal Seated Vake Trurmion Mouried Full bore Bal Metal Seated Vake 1]
: 5 |BodySe= 150 mm 250 mm
L | & |End Connecons 1502 RF/1502RF (ASME B16.5) 150# RF/ 1505RF (ASME B18.5)
v [T [BedyMatersl Carbon 54. - St 54 [=] Casbon 54. [] 5t 5t []
E | & |Ball Msernsl Cabon 54. ] VTA (=] Camon S1. - VTA a [1]
S |Stem Materal 17-4PHS5t 5t 174PH 5t 5t i)
5 [ 10 |Padéng/Sasl Materal Graphit=+FTFE ‘Graphit=+PTFE ]
E 11 |S=at Materal 216 58 with Cobak bazed aloyooating 218 58 with Cobalt based alkyooating ]
c |12 |Leakage Cla== 1505208 rate B with Water 1505208 rae B with Water i)
12 |Valwe Funcion ROSCV ROS0V
14 |Tight ShutOff Yeg a No - ez =] No -
15 |Posion Switches: Open - Clos= ] Open - Ciose -
16 |Posifion Switches: Supplier & Maod= Mo. MechanicalM oo switches Omron D2VW Mechanical Mircno switches Omnon D20 W [1]
g 17 |Supphy'Volage 24 Vdo 24 Vde
L | 18 |Certficaton Exd Exd i)
E | 12 |IP Rating IP &5 IP35
N |20 |BodyMatersl 21885 21688 ]
0 21 [MoofPorts 4 (2 mains, 1 gauge, 1 alt) 42 mains, 1 gauge, 1 3t} i)
II) 22 |Electrical Connecton M20 x 1.5 mm M20 x1.5 mm
23 |AirConnection Sizz & Type NPT " NPT ]
24 |Suppler & ModelNo VGI315HESKZS VGI315HERZS 1]
25 | Actuator Preumatic - Ekctic = Preumatic - Electric =]
25 | AcustorTyps Size Single acting | B1JRRUZLTD Singk acting | B1JRRUZE/S2E5 1]
27 |Opemting Range [ Cos= | Open [ | 35 [ | 15 [
28 | Valve Action on Air Failure Open O Cloz= W Staygut O Open O Cios=e W Stzpout O
25 |Vale Tomgue | cpeniclese max) 530 /424 Nm 1764 /1411 Nm 1]
A | 30 [Actator Torque (min ) 1200 Nm 1200 Nm [
C |31 [Trawelng Tme &) | [\]= | [=3] 5 Mo T) 4 Mote T) 18 (MNote T) 10 (MNete T) []
T |32 [safetyFactor (ETC) 35 21 ]
: 33 |ESD Duty Yes - MNo (m] es - MNo [m]
T |34 |SignalGonn. Size & Type 5 NPT 5 NPT [
0 |35 [8ir Supphy{barg ) [ M [ Max 42 I 8.8 432 T 5.2 o
R '35 |Fusible linkin air supphy Yes - MNo (m] es - MNo [m]
37 |Handwhesl s - Mo o Yes - Mo a
38 |Mounting Orientation D-HU D-HU 1]
35 |Valwe Testing Manual - Auto m] Manua - Auto [=]
40 |Air Aler Reguistor Supplier & Modd No Norgen & BT2G-2A5-980 Nogren & BT2G-2A5-580 1]
4 |rocs smodes (Premue Gauge Spead mntd) 0-12 BARVPSIHPAMG/CME ; AS3000-MIZ-L 0-12 BARPS IKPAMG/CMZ ; AS3000-M02-L ]
47 |Line Condiions Orperating Desgn Operating Design
Min. Mormal Max. Min. Mas Miin.. Nermal Max Min. Mazx
43 |Inkt Fressure (Bar G} L 2z 11 Am 182 L 2 i1 Am 182
44 |Temperature {Deg C) AMB AMB AMEB -15 50 AMB AMB AMB -15 ]
45 |Flid Through Body DAGC/ Pygas /B-Cut {ca. 50% benzens) DAC / Pygas /B-Cut {ca. 0% benzens)
P | 48 |Fiuid Charactersfcs Hydmcamons Hydrcarbons
R 147 [Fiow Rate [ mahr) [Vahe OV 20 [ A 400 (440 futus) | WA
2 48 |Maxx Pressure drop (bar) 198 196 1]
E |48 |Densty(egim) Mol V. 220 - 520 I 80-85 20 -89 [ 80-85
5 | 50 |Viscosity(ch) 052-107 052-107
5 | 51 |FequencyofOperaton 1 /year 1 /year
52 |dp For Actuatr Sizing 11 barmax 11 bar max
§3 |Line S5Ee Line Spec 100 C5-150-51 200 C5-150-51
54 |Line MNumber P&ID D-150 Ti48 D-250 Ti48
55 |Fliid Group PED Category 1L 1l 1L I
56 |Area Clazsification ‘Within Zone 2 - walve 23l shall have a Zone 1 radivs. | Within Zone 2 - walwe seal shall have a Zone 1 radies.
Notes:
1 M Dencies "Mot Applicsble” i)
2 Vahes shallmest OL1 reguimments.
3 Vahes shall mest ugithe emEsion requirement in sooordance with 150 15843,
4 Vahes shall be fire safe to EN 150 104572010 & BSET55
5 Astsinkssses! ta] isto be securehyittad © each wale, stamped with 3 tag number.
6§ Vahe shal be OfEhore painted spedication T-1231 and Actuator shall be Offshore painted spedificafion T-1232. 1]
7 Opening / Closing times shal be confirmed befor e FAT. Spesd control wale have been © nolided to fadiitate the medifcaton. 0
8 SL Zraed(B5ENGI508)
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C.2 FMEDA Worksheets

. Failure o .
. . Failure type Wzt Failure | Distribution | revealed . T(?tal iy || Vi
Component B Failure effect | Failure effect mode BS . distributed of revealed
Ttem # Failure mode (S,D,NE, rate of failure by ; . y
type on component | on assembly NP) EN (FIT) i) | demeies failure rate | revealing | failure rate
14224 = e (FIT) failure (FIT)
(Y, N)
1 Housing (coil) Fracture/defect | No effect No effect No effect NE 9 1 9 0 0
2| Coillcore Lossof field | SPring return to | Spurious Safe SPO 7 1 74 0 0
fail safe position | closure
Leak of air
3 Body Fracture causing spring 51’“_“"“" Safe SPO 30 1 N 30 0 0
return to fail closure
safe position
4 Sleeve bearing Bind / play sticking spool Stuck open Dangerous FTC 22 1 N 22 1 22
minorleak | $I0W tomove o | Spurious Safe SPO 0.45 54 0 0
fail safe position | closure
. Move to fail Spurious
5 | Spoolwiseals | Mmaorleak | Gore position | closure Safe SPO 120 025 30 0 0
bind sticking spool Stuck open Dangerous FTC 0.3 N 36 1 36
settle Loss of force Stuck open Dangerous FTC 0.8 N 104 1 104
6 Spring 130
break Loss of force Stuck open Dangerous FTC 0.2 N 26 1 26

Figure C.1: Solenoid Operated Valve FMEDA Worksheet
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- Failure P .
; 5 Failure type Wil Failure Distribution | revealed 5 thal Uiretbul iy || Vil
Component g Failure effect | Failure effect mode BS % distributed of revealed
Item # Failure mode (S,D,NE, rate of failure by N . h
type on component | on assembly NP) EN (FIT) o) | i failure rate | revealing | failure rate
14224 R (% N (FIT) failure (FIT)
Fracture No effect No effect No effect NE 0.25 N 5 0 0
1 Housing Minor Leak No effect No effect No effect NE 21 0.65 N 14 0 0
Major Leak No effect No effect No effect NE 0.1 N 2 0 0
2,3 Guide bar/block | See #7 0 N
Break ‘L°SS f"f foree | giuck open Dangerous FTC 0.5 N 20 1 20
4 Piston rod ranster 39
Deflect Impaired travel | Slow to close | Dangerous DOP 0.5 N 20 1 20
Loss of air
56 Inner/outer cap Leak causing spring Spurious Safe SPO 10 1 N 10 0 0
seals return to fail closure
safe position
Loss of
Break movement Stuck open Dangerous FTC 0.5 N 36 1 36
(torque) to turn
7 Yoke (includes valve 7
guide block/bar) Loss of
Bind movement Slow to close | Dangerous DOP 0.5 N 36 1 36
(torque) to turn
valve
Loss of air and
Fracture piston stuck in Stuck open Dangerous FTC 0.125 N 3 1 3
position
Loss of air and
Fracture piston impaired | Slow to close | Dangerous DOP 0.125 N 3 1 3
. motion
8 Cylinder body Toss of air P 21
Minor Leak piston moves to P Safe SPO 0.65 N 14 0 0
. o closure
fail safe position
Loss of air Spuri
Major Leak piston moves to purious Safe SPO 0.1 N 2 0 0
N - closure
fail safe position
Bind Stiction Slow to close | Dangerous DOP 0.7 N 8 1 8
9 Piston 12
Fracture Loss of force Stuck open Dangerous FTC 0.3 N 4 1 4
Minor Leak Air passes seal Spurious Safe SPO 0.8 N 192 0 0
closure
9 Piston seals Major Leak Air passes seal csll:::::s Safe SPO 240 0.15 N 36 0 0
Bind gg:lble fomove | guuek open Dangerous FTC 0.05 N 12 1 12
Loss of spring force
Break structural I(I))SS e Dangerous FTC 0.5 N 3 1 3
10 Tie rod strength 6
Deflect Deformed Slowtoclose | Dangerous DOP 05 N 3 1 3
spring cylinder
11 Travel stops Corrosion No effect No effect No effect NE 0 1 N 0 0 0

Figure C.2: Actuator FMEDA Worksheet
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- Failure - .
B B Failure type Wil Failure | Distribution | revealed . thal ety | W
Ttem # Component Failure mode Failure effect | Failure effect (S, D, NE, mode BS rate of failure iy d.l§tnbuted of ‘ rgvealed
type on component | on assembly NP) EN (FIT) e () | dtiammests failure rate rev:calmg failure rate
14224 '.N) (FIT) failure (FIT)
1 Stem seal Fatigue Leak External leak | Safe ELP 64 1 N 64 0 0
Bind sticking stem Stuck open Dangerous FTC 0.35 N 47 1 47
Bind Stiction Slow to close | Dangerous DOP 0.35 N 47 1 47
2 | obcarings | Minorleak | Leak Leaklo | safe ELP 135 025 N 34 0 0
Major leak Leak Leakto Safe ELP 0.5 N 68 0 0
atmosphere
3 Bonnet/seal Corrosion/wear | Leak External leak | Safe ELP 10 1 N 10 0 0
4 Bonnet bolt Loosen/break | Leak External leak | Safe ELP 1 1 N 1 0 0
Bind Stiction Slow to close | Dangerous DOP 0.125 N 5 1 5
5 Valve body Bind Stiction Stuck open Dangerous FTC 36 0.125 N 5 1 4
Minor leak Passing minor Minor leak Safe LCP 0.75 N 5 0 0
. . Bind Stiction Excessive leak | Dangerous FTC 0.05 N 23 1 23
6 | Seatringspring I\finorleak | Passing minor | Minorleak | Safe LCP 450 0.85 N 383 0 0
Major leak Pasing major Excessive leak | Dangerous LCP 0.1 N 45 0 0
X X Bind Stiction Excessive leak | Dangerous FIC 0.05 N 23 1 23
6 ]S;""‘ Ting/spring e eak Passing minor | Minor leak Safe LCP 450 0.85 N 383 0 0
Major leak Pasing major Excessive leak | Dangerous LCP 0.1 N 45 0 0
Bind Stiction Stuck open Dangerous FTC 0.15 N 27 1 27
Bind Stiction Slow to close | Dangerous DOP 0.15 N 27 1 27
Break Twist/shear Excessive leak | Dangerous LCP 0.1 N 18 0 0
7 Stem . Leak to 180
Minor leak Leak Safe ELP 0.5 N 90 0 0
atmosphere
Major leak Leak Leakto Safe ELP 0.1 N 18 0 0
atmosphere
Bind Stiction Stuck open Dangerous FIC 0.05 N 25 1 25
Bind Stiction Slow to close | Dangerous DOP 0.05 N 25 1 25
8 Obturator (ball) | Break Stiction Excessive leak | Dangerous FTC 505 0.05 N 25 1 24
Minor leak Passing minor Minor leak Safe LCP 0.7 N 354 0 0
Major leak Pasing major Excessive leak | Dangerous LCP 0.15 N 76 0 0
Bind sticking stem Stuck open Dangerous FTC 0.35 N 47 1 47
. Bind Stiction Slow to close | Dangerous Dor 0.35 N 47 1 47
9 Z‘j‘s‘,‘;“b‘g’;‘ms Minor leak Leak :"lf:l;s‘;’hm Safe ELP 135 0.25 N 34 0 0
Major leak Leak Leak to Safe ELP 0.5 N 68 0 0
atmosphere
1o | Valvebody Leak Leak Leak to Safe ELP 10 1 N 10 0 0
seals atmosphere

Figure C.3: Ball valve FMEDA Worksheet
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Appendix D

Fuzzy Inference System Data
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D.1 FIS Triangular 5x5 IF-THEN Rule Base

* # 1. If Component Failure Rate (FIT) is Very Low and Probability of Revealing Failure is Very Low then Weighted Revealed Failure Rate
(FIT) is Very Low

% # 2. If Component Failure Rate (FIT) is Low and Probability of Revealing Failure iz Very Low then Weighted Revealed Failure Rate (FIT) is
Very Low

3 # 3. If Component Failure Rate (FIT} is Medium and Probability of Revealing Failure is Very Low then Weighted Revealed Failure Rate (FIT)
is Low

= 4. If Component Failure Rate (FIT) is High and Probability of Revealing Failure is Very Low then Weighted Revealed Failure Rate (FIT) is
Low

¥ # 5. If Component Failure Rate (FIT) is Very High and Probability of Revealing Failure is Very Low then Weighted Revealed Failure Rate
(FIT) is Medium

= . 6. If Component Failure Rate (FIT) is Wery Low and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is
Very Low

* # 7. If Component Failure Rate (FIT) is Low and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is Very
Low

» .+ 8. If Component Failure Rate (FIT) is Medium and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is
Low

® 4 9. If Component Failure Rate (FIT) is High and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is
Medium

=+ 10. If Component Failure Rate (FIT) is Very High and Probability of Revealing Failure is Low then Weighted Revealed Failure Rate (FIT) is
Medium

#* 2 11. If Component Failure Rate (FIT) is Very Low and Probability of Revealing Failure is Medium then Weighted Revealed Failure Rate
(FIT) is WVery Low

= # 12. If Component Failure Rate (FIT) is Low and Probability of Revealing Failure is Medium then Weighted Revealed Failure Rate (FIT) is
Low

*#13. If Component Failure Rate (FIT) is Medium and Probability of Revealing Failure is Medium then Weighted Revealed Failure Rate (FIT)
is Low

=« 14. If Component Failure Rate (FIT) iz High and Probability of Revealing Failure iz Medium then Weighted Revealed Failure Rate (FIT) is
Medium

3 #15. If Component Failure Rate (FIT) is Very High and Probability of Revealing Failure is Medium then Weighted Revealed Failure Rate
(FIT) is High

# . 16. If Component Failure Rate (FIT) is Very Low and Probability of Revealing Failure is High then Weighted Revealed Failure Rate (FIT) is
Very Low

* #17. If Component Failure Rate (FIT) is Low and Probability of Revealing Failure is High then Weighted Revealed Failure Rate (FIT) is Low

» .+ 18. If Component Failure Rate (FIT) is Medium and Probability of Revealing Failure is High then Weighted Revealed Failure Rate (FIT) is
Medium

% # 19, If Component Failure Rate (FIT) is High and Probability of Revealing Failure is High then Weighted Revealed Failure Rate (FIT) is
Medium

=+ 20. If Component Failure Rate (FIT) is Very High and Probability of Revealing Failure is High then Weighted Revealed Failure Rate (FIT)
is High

* . 2. If Component Failure Rate (FIT) is Very Low and Probability of Revealing Failure is Very High then Weighted Revealed Failure Rate
(FIT) is Wery Low

% # 22. If Component Failure Rate (FIT) is Low and Probability of Revealing Failure is Very High then Weighted Revealed Failure Rate (FIT) is
Low

* . 23, If Component Failure Rate (FIT) is Medium and Probability of Revealing Failure is Very High then Weighted Revealed Failure Rate
(FIT) is Medium

= 24, If Component Failure Rate (FIT) is High and Probability of Revealing Failure is Very High then Weighted Revealed Failure Rate (FIT)
is High

¥ # 25. If Component Failure Rate (FIT) is Very High and Probability of Revealing Failure is Very High then Weighted Revealed Failure Rate
(FIT) is Very High
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E.1 Expert A’ - Human Reliability Assessments
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HEART Worksheet

Date of

01/07/2024 #1

N/A

A ref. no. details:

Proof test procedure no_1

Reference documents (P&IDs, Procedures etc)

Assessment team:

Task and error description:

Expert 'A’ Undertake an ESDV proof test as per proof test procedure no. 1. A well planned task with a comprehensive procedure.
Trained technician, good ergonomics.
Maximum predicted nominal
# Error Producing Condition (EPC) :1‘7\?!::'::'!1?“::,';z:gﬁﬁ:":ﬁod' Factor Proportion Effect
conditions to ‘bad’
1 Unfamiliarity with a situation which is potentially important, butwhich only occurs infrequently, or which is novel x17 17 01 26
2 A shortage of ime available for error detection and correction X1 1 0 1
3 Alow signal-to-noise ratio x10 10 01 19
4 A means of suppressing or overriding information or features which is too easily accessible x9 9 0 1
5 Mo means of conveying spatial and fundional information to operators in a form which they can readily assimilate X8 8 0 1
] A mismatch between an operator's model of the world and thatimagined by a designer x8 g 0 1
7 No obvious means of reversing an unintended action X8 8 0 1
8 A channel capacity overload, particularly one caused by simultaneous presentation of non- redundant information xB ] 0 1
9 Aneed to unlearn atechnique and apply one which requires the application of an opposing philosophy X6 6 0 1
10 The need to transfer specific knowledge from task to task without loss x558 5.5 0 1
1" Ambiguity in the required performance standards x5 5 0 1
12 A mismatch between perceived and real risk x4 4 0 1
13 Poor, ambiguous or ill-matched system feedback x4 4 01 13
14 No clear. direct andtimely confirmation of an intended action from the portion of the system over which control is to be exerted x4 4 01 1.3
15 Operator inexperience (e.g. a newly qualified tradesman, but not an ‘expert’) x3 3 02 14
16 An impoverished quality of information conveyed by procedures and person-personinteraction x3 3 02 14
17 Little or no independent checking or tesfing of output x3 3 03 16
18 A conflict betweenimmediate and long-term objectives x25 25 0 1
19 No diversity of information input for veradty checks xX25 25 0 1
20 Amismatch between the educational-achievement level of an individual and the requirements of the task x2 2 0 1
21 An incentive to use other more dangerous procedures x2 2 0 1
22 Little opportunity to exercise mind and body outside the immediate confines of a job x18 18 0 1
23 Unreliable instrumentation (enough thatitis noticed) %16 16 0 1
24 A need for absolute judgements which are beyond the capabilities or experience ofan operator X186 1.6 0 1
25 Unclear allocation of function and responsibility 1.6 1.6 0 1
268 No obvious way to keep track or progress during an activity x14 14 0 1
27 A danger that finite physical capabilities will be exceeded x14 14 0 1
28 Little or no intrinsic meaning in atask x14 14 0 1
29 High-level emotional stress x13 13 0 1
30 Evidence of ill-health amongst operatives, especially fever %12 12 0 1
31 Low workforce morale %12 12 0 1
32 Inconsistency of meaning of displays ad procedures x12 1.2 0 1
a3 A poor or hostile ervironment (below 75% of health or life-threatening severity) x1.15 1.15 0 1
34 Prolonged inactivity or high repetitious cycling of low metal workload tasks x11 11 0 1
35 Disruption of normal work-sleep cycles x11 11 0 1
36 Task pacing caused by the intervention of others x1.06 1.06 0 1
37 Additional team members over and above those necessary to perform task normally and satisfactorily x1.03 1.03 0 1
38 Age of personnel performing perceptual tasks x1.02 1.02 0 1
Produdt of effects =| 25.18121
Proposed Nominal Unreliability 103
HEP =| 7.85E-02

Generic Task Proposed Nominal Unreliability
A Totally unfamiliar, performed at speed with no real idea of likely consequences 055
B Shift or restore system to a new or original state on a single atempt without supervision or procedures 0.26
C Complextask requiring high level of comprehension and skill 0.16
D Fairly simple task performed rapidly or give scant attention 009
E Routine, highly practised, rapid task involving relatively low level of skill 0.02
F Restore or shift a system to original or new state following procedures, with some checking 0.003

Completely familiar, well-designed, highly practise, routine task occurring several times an hour, performed to highest
G possible standards by highly motivated, highly trained and experience person, totally aware of implications of failure, with time

to correct potential error, but without the benefit of significant job aids 0.0004
H Respond correctlyto system command even when there is an augmented or automated supervisory system providing

accurate interpretation of system stage 0.00002
| Miscellaneous task for which no description can be found 0.003

Figure E.2: HEART - Favourable Factors
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HEART Worksheet

Date of assessment: |Assessment ref. no. [Site/plant details:

Reference documents (P&IDs, Procedures etc)

01/07/2024 #2 NA Proof test procedure no.2
Assessment team: Task and error description:
Expert 'A' Undertake an ESDV proof test as per proof test procedure no. 2. A poor planned task with a poorly (vague) written procedure.
Inadequate training, and poor ergenomics
Maximum predicted nominal
# Eror Producing Gondition (EPG) ;T;;":ﬁ:::';:;:’f:r'!:: - Factor | Proportion | Effect
conditions to ‘bad’
1 Unfamiliarity with a situation which is potentially important, butw hich only occurs infrequently, or which is novel x 17 17 0.1 26
2 A shortage of ime available for error detection and correction x1 " 0 1
3 A low signal-to-noise ratio x 10 10 0.1 1.9
4 A means of suppressing or overriding information or features which is too easily accessible x9 9 0 1
5 No means of conveying spatial and functional information to operators in a form which they can readily X8 8 0 1
6 A mismatch between an operator's model of the world and that imagined by a designer x8 8 0 1
7 No obvious means of reversing an unintended action X8 8 0 1
8 A channel capacity overload. particularly one caused by simultaneous presentation of non- redundant information x6 6 0 1
9 A need fo unlearn a technique and apply one which requires the application of an opposing philosophy X6 6 0 1
10 The need to transfer specific knowledge from task to task without loss x55 55 0 1
11 Ambiguity in the required performance standards x5 5 0 1
12 A mismatch between perceived and real risk x4 4 0 1
13 Poor, ambiguous or illimatched system feedback x4 4 03 19
14 No clear. direct and timely confirmation of an intended action from the portion of the system over which control is to be exeried x4 4 02 16
15 Operator inexperience (e.g. a newly qualified tradesman, but not an ‘expert’) x3 3 05 2
16 An impoverished quality of information conveyed by procedures and person-person interaction x3 3 02 14
17 Little or no independent checking or testing of oufput x3 3 05 2
18 A conflict between immediate and long-term objectives X2.5 2.5 0 1
19 No diversity of informafion input for veracity checks x25 25 0 1
20 A mismatch between the educational-achievement level of an individual and the requirements of the fask X2 2 0 1
21 An incentive fo use other more dangerous procedures x2 2 0 1
22 Little opportunity to exercise mind and body outside the immediate confines of a job X1.8 1.8 0 1
23 Unreliable instrumentation (enough that it is noticed) x16 16 0 1
24 A need for absolute judgements which are beyond the capabilities or experience of an operator x1.6 16 0 1
25 Unclear allocation of function and responsibility X6 16 0 1
26 No obvious way to keep track or progress during an activity x1.4 14 0 1
27 A danger that finite physical capabiliies will be exceeded x14 14 0 1
28 Little or no intrinsic meaning in a task x14 14 0 1
29 High-level emotional stress x13 13 0 1
30 Evidence of ill-health amongst operatives, especially fever x1.2 12 0 1
31 Low workforce morale x12 12 0 1
32 Inconsistency of meaning of displays ad procedures x1.2 12 0 1
33 A poor or hostile envionment (below 75% of health or life-threatening severity) x1.15 1.15 0 1
34 Prolonged inacfivity or high repetitious cycling of low metal workload tasks x11 1.1 0 1
35 Disruption of normal w ork-sleep cycles x1.1 11 0 1
38 Task pacing caused by the intervention of others X 1.06 1.06 0 1
37 Additional team members over and above those necessary to perform task normally and satisfactorily x1.03 1.03 0 1
38 Age of personnel performing perceplual tasks x1.02 1.02 0 1
Product of efiects =| 84.09856
Proposed Nominal Unreliability = 03
HEP =| 2.52E-01

Generic Task Proposed Nominal Unreliability
A Totally unfamiliar, performed at speed with no real idea of likely consequences 0.55
B Shift or restore system to a new or original state on a single attempt without supervision or procedures 0.26
[o3 Complex task requiring high level of comprehension and skill 0.16
D Fairty simple task performed rapidly or give scant attention 0.09
E Routine, highly practised, rapid task involving relatively low level of skill 0.02
F Restore or shift a sysiem to original or new state following procedures, with some checking 0.003

Completely familiar, well-designed, highly practise, routine task occurring several times an hour, performed to highest possible
G standards by highly motivated, highly rained and experience person, totally aware of implications of failure, with time to correct

potential error, but without the benefit of significant job aids 0.0004
H Respond correctly to system command even when there is an augmenied or automated supervisory system providing accurate

interpretation of system stage 0.00002
1 Miscellaneous task for which no description can be found 0.003

Figure E.4: HEART - Unfavourable Factors
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Appendix F

Conference Paper

A conference paper was presented at the Industrial Valve Summit (IVS), Bergamo,
Italy, 2024.

Kriescher et al. Estimation of Proof Test Coverage for Emergency Shutdown Valves.
Presented at: 1VS2024 — Industrial Valve Summit; 2024 May; Bergamo, Italy. Avail-
able from: https://www.valvecampus.com /our-services/knowledge-platform/

Conference programme:
https://industrialvalvesummit.com/conference-programme-2024/

A copy of the paper is included in the following pages.
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ABSTRACT

Published proof test coverage (PTC) estimates for emergency shut down valves
(ESDVs) are only in moderate agreement with each other and are largely opinion
based. A study was undertaken to determine the effectiveness of ESDV proof testing
using data collected from the field, and use of a failure mode and effects based
methodology. ESDV maintenance and test data were collected from a number of
operating facilities in the oil and gas industry and subsequently analysed to estimate
PTC. In parallel, a Failure Modes, Effects and Diagnostics Analysis (FMEDA) was
undertaken using published component failure rate data to predict PTC for a specific
type of ESDV proof test. Due to the subjective nature of the FMEDA technique,
in particular the selection of component failure rates and the determination of the
probability of revealing failure modes, a Fuzzy Inference System (FIS) was proposed
to handle the data in recognition of the implicit uncertainties. The results from the
field data, the FMEDA approach and the FIS suggested PTC values for a full stroke
test (FST) ranged from 73% to 87%, which is in agreement with the majority of
published estimates. The estimates for the FMEDA and Fuzzy-FMEDA approaches
were 73% and 82%, respectively, indicating a more optimistic result for the Fuzzy-
FMEDA approach which also aligned with the results obtained from the field data
analysis. The study concluded that the PTC for an FST is approximately 80% to
85%.

KEYWORDS
SIS, ESDV, Proof Test Coverage, FMEDA, Fuzzy Inference System Uncertainty

1. Introduction

Functional safety guidance, such as TEC 61508 [1] and TEC 61511 [2], are used for
bench-marking within the Control of Major Accident Hazards (COMAH) regulations
[3], and has evolved in order to encourage the application of appropriate safety en-
gineering activities. A safety instrumented system (SIS) has a number of individual
safety instrumented functions (SIFs) which protect a process plant/facility from po-
tentially hazardous events. SIFs are designed to protect against specific hazardous
events for example, overfilling a storage tank or over pressurising a pipeline, hence
preventing a loss of containment. A typical SIS architecture consists of sensor(s), logic
solver(s) and final element(s) as shown in Figure 1 [2]:

Logic Final
Sensor(s)

\ 4
\ 4

Solver(s) Element(s)

Figure 1.: SIS Architecture
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Final elements are typically emergency shut down valves (ESDVs). The purpose
of proof testing is to reveal potentially dangerous failures, which are not revealed
by equipment on-board diagnostics. In the case of ESDVs, diagnostics are limited or
even non-existent and therefore reliance on effective proof testing is essential. The
effectiveness of proof testing is also known as proof test coverage (PTC), which is the
percentage of dangerous failures that are revealed during a proof test, given by the
following equation. Whereby Apy is the dangerous undetected failure rate:

Revealed\py

PTC =
¢ Total\py

(1)

There are a number of different ESDV proof test regimes, as shown below [4], which
will have varying PTC:

(1) Partial valve stroke test — the valve moved typically 5-10%, online (at process
operating conditions)

(2) Full valve stroke test — the valve moved to its closed (or open) position, offline
(not at process operating conditions) — this test was the focus of the study.

(3) Full valve stroke test at process operating conditions — as per test (2) with the
valve online

(4) Full valve stroke test and leak test — with the valve offline

(5) Full valve stroke test at process operating conditions and leak test — as per test
(4) with the valve online

PTC is parameter used when calculating a SIFs Probability of Failure on Demand
(PFDgyg) and hence determining proof test interval. Estimating credible values of
PTC is essential as poor prediction of PTC can potentially mean that test frequency
is, on one hand, inadequate (compromising safety) or, on the other, excessive (a cost
penalty). A commonly used proof test regime is the full valve stroke test as described
in (2) above. A number of industry experts and organisations have provided estimates
of PTC for this type of test, these are presented in Figure 2 below. This shows the
extent of the variability and lack of consensus with wide ranging estimates of PTC for
a typical proof test, from 35 to 90%.

100%

90%

80%

70%

60%

PTC 50%
40%

30%

20%

10%

0%
Q) M) XN N N N
g\"/\ e“\\ \)Q‘\\ '@\\g 0\’” @,\’1’
3 RS A S & N
O o << o < ‘foc\.

Figure 2.: PTC estimates from literature
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The PTC variance poses a significant challenge for the practitioner to decide which
PTC value to select when calculating PF Dgyg. In light of the differing PTC estima-
tions, the following section investigates estimating PTC, using the following methods:

(1) Field data analysis
(2) Failure modes, effects and diagnostics analysis (FMEDA)
(3) FMEDA using a Fuzzy Inference System (FIS)

2. Methodology

The focus of the methods outlined in this section are to estimate PTC for an ESDV
proof test as described in test (2) above, i.e., a full stroke test (FST). The ESDV
under investigation is fail safe, close on demand. For the application considered minor
seat leakage is acceptable to achieve a safe state, i.e., there is no requirement for tight
shut-off (TSO). The ESDV assembly considered in this study consists of the following
devices:

e Solenoid Operated Valve (SOV) - A pneumatic 3/2 direct acting SOV. Config-
ured as fail safe closed, i.e., on loss of signal the SOV returns to its vent (safe)
position.

e Actuator - A pneumatic scotch yoke, spring return type actuator. Configured as
fail safe, i.e., on loss of air supply the actuator will return to its safe state, hence
returning the valve to its closed position.

e Ball valve - A full bore, trunnion mounted ball valve with static seat rings and
springs.

2.1. PTC Determined from Field Data

ESDV maintenance and test data was provided by a number of oil and gas industry
companies. The companies collected the data using their computerised maintenance
and management systems (CMMS) and access to the data for this research was pro-
vided in the form of data downloads from these systems into spreadsheets. The data
was then reviewed to determine dangerous failure modes following the guidance in
standard BS EN ISO 14224 Petroleum, petrochemical and natural gas industries -
Collection and exchange of reliability and maintenance [7]. This aim of this standard
is to improve the way the industry collects data so that it can be exchanged to enhance
safety, availability, reliability and maintainability of equipment. The standard covers
various industrial equipment including numerous types of valves, and for each piece of
equipment the potential failure modes and associated failure codes.

2.1.1. Data Analysis

The collected data was analysed to determine failure modes of the equipment, where
possible. As previously stated, BS EN ISO 14224 provides failure modes for specific
pieces of equipment. Proof test coverage is based on revealed and unrevealed dangerous
failure modes. The dangerous failure modes for a fail safe closed EDSV are shown
below:

e Fail to close on demand (FTC), i.e., stuck open or fail to close fully
e Delayed operation (DOP), i.e., slow to close
e Leak in closed position (LCP), i.e., excessive leak in closed position

Noting that the LCP failure mode would not be revealed when considering a full stroke
test.
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2.2. Prediction of PTC using Failure Modes, Effects and Diagnostics
Analysis (FMEDA)

FMEDA is a technique originally developed to determine diagnostic coverage of elec-
tronic equipment, by identifying electronic component failure modes their effects on
the system and whether the failures are detected or not by diagnostics [8]. The tech-
nique requires component failure rates to be assigned to failure modes which allows
the distribution of failures and the overall diagnostic coverage to be determined. The
FMEDA technique as described by Stewart [4] can also be utilised to determine proof
test coverage for mechanical systems such as ESDVs. Each component part is assessed
to determine how it can fail (failure mode) and what impact the failure (failure effect)
has on the operation of the system, i.e., will the failure effect be safe, dangerous or
have no effect. A failure rate is then assigned to the failure mode of the component,
which is likely to be a distributed value from the overall component failure rate as
there are usually more than one type of failure mechanism. The component failure
modes, component failure rates and failure rate distributions were taken from exida’s
Component Reliability Data (CRD) handbook [11]. The final part of the assessments
includes consideration of whether the failure mode will be revealed during the proof
test and the reliability of the verification method of the proof test, as described below
[9]:

e Revealability - to what degree is the failure mode reveal-able during a proof test,
e.g., a partial stroke test (PST) will only reveal a relatively small percentage of
the delayed operation (DOP) failure mode.

e Reliability - to what degree are the proof test results dependable, such that
the revealed results reflect the valve condition, e.g. the reliability of the limit
switches indicating fail to fully close (FTC) failure mode.

The product of the component failure rate (for each particular failure mode), its re-
vealibility and the test reliability provides a 'weighted’ revealed dangerous undetected
failure rate. The resultant PTC is calculated, as given in equation (1) above, from the
sum of the weighted revealed dangerous undetected failure rates (RevealedyDU) and
the sum of the total dangerous undetected failure rates (T'otaly\DU).

2.3. Prediction of PTC using Fuzzy-FMEDA

The FMEDA technique requires the human judgement of the assessor, in particular
the selection of appropriate component failure rate and the identification of failure
modes. As highlighted by Dearden [10], there are also uncertainties in the failure rates
as well as the identification of the failure modes in any given context, which makes any
attempt to determine precise percentages of PTC very challenging. Likewise, research
undertaken by Isenburg [12] suggests that the lack of mechanical component failure
rate databases leads to subjectivity which ultimately impacts the outcome of the
assessment.

Fuzzy reasoning is based upon fuzzy set theory [16] which is a generalisation of
classical set theory. In fuzzy set theory, membership can be defined in the interval
[0,1]. Fuzzy logic is a many-valued logic and an extension of classical logic and is
built on fuzzy set theory. Fuzzy reasoning offers the ability to reason using vague,
human-defined concepts, e.g., ‘fairly warm weather’, and therefore is often referred to
as ‘computing with words’, hence can be utilised for the sorts of imprecise descriptions
applied to valve failure. It has had successful application to a wide variety of problems
relating to: control, knowledge representation and modelling, and more generally to
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decision systems that can handle vagueness in data. A fuzzy inference system (FIS)
uses the process of fuzzification to model the input domain of the problem, under
consideration, thus mapping crisp values from the real-world into linguistic variables.

2.8.1. Fuzzy Inference Systems

Fuzzy inference is the process of mapping from a given set of inputs to an output using
fuzzy logic as the inference step. This mapping provides a basis from which decisions
can be made, or by which patterns can be recognised by firing various associated rules.
The actual process of fuzzy inference involves several components that are described
in the membership functions, linguistic variables, and the rule base.

Mamdani inference was initially proposed [14] as an approach to create a control
system by synthesising a set of linguistic control rules derived from human expert
opinion. In such an approach, the output of each rule is a fuzzy set. As Mamdani
systems have more intuitive and easy-to-understand rule bases, they lend themselves
well to application in the area of expert systems, where the rules are derived from hu-
man expert knowledge, e.g., medical diagnosis. The general approach to the Mamdani
inference system is described below and is summarised in Figure 3.

Rule Base
IF ... THEN ...
IF ... THEN ...
IF ... THEN ...

SYSTEM Inference P SYSTEM

A 4

Y

Database

mes

membership

M

Speed

Figure 3.: Fuzzy Inference System

Broadly speaking there are three primary components to any FIS:

e Fuzzification - the process of mapping crisp real-world values onto fuzzy linguistic
variables.

e Inference engine - fires the fuzzy if-then rules according to the fuzzy input in
order to derive a consequent (output). In particular, the fuzzy if-then rules are
used to evaluate linguistic values and map them to an output fuzzy set using the
firing strength.

e Defuzzification - this step converts the output or consequent of the inference
engine to a crisp value.
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2.3.2. Fuzzification

The FIS was developed using Juzzy Online [23], an online fuzzy logic toolkit. In order
to apply FIS to the FMEDA problem, the weighted revealed failure rate of a component
needs to be determined. The following inputs of each dangerous failure are required
in order to do so:

e Component failure rate (distributed)
e Possibility of revealing the failure

The fuzzification process maps the component failure rate and the possibility of
revealing the failure inputs into their respective fuzzy subsets. The linguistic variables
for these inputs are defined based upon the values of the input domains. These were
obtained by partitioning the input domains, component failure rate and possibility
of revealing the failure, as shown in Tables 1 and 2. The possibility of revealing the
failure was also based on the FMEDA data and partitioned in equal increments from
0 to a possibility of 1. The overlaps between adjacent membership functions permit
smooth interpolation of the inputs across membership functions. FIT is the number
of failures that can be expected in one billion (10°) device hours of operation.

Linguistic terms | Component failure rate (FIT)
Very Low 0 - 60
Low 40 - 110
Medium 90 - 210
High 190 - 310
Very High 290 - 410

Table 1.: Component Failure Rate Partitioning

Linguistic terms | Possibility of revealing the failure
Very Low 0-0.21
Low 0.2-041
Medium 0.4 -0.61
High 0.6 - 0.81
Very High 0.8-1

Table 2.: Possibility of Revealing Failure Partitioning

Using the information from Tables 1 and 2, the fuzzification step can be implemented
by expressing each partition as a fuzzy subset with the associated linguistic variable.
Note that it is possible to employ many different types of fuzzy membership function,
however, for real-world applications, it has been shown that triangular and trapezoidal
functions are sufficient for most applications [22]. In terms of Fuzzy-FMEDA, for
component failure rate, triangular memberships (Figure 4) are employed, while for
Possibility of revealing the failure, trapezoidal memberships (Figure 5) are employed
to describe the aforementioned partitions. The scaling describes the range of input
values and their corresponding membership to each of the fuzzy linguistic labels and
their respective fuzzy subsets. The y-axis represents the degree of membership to a
fuzzy subset, so an input value that is in the middle of a subset has full membership
of that category.
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The input values in Figures 4 and 5 can be determined either quantitatively or
qualitatively. For example, the frequency of occurrence for a failure mode may be
derived from a detailed reliability analysis of the system or from failure data collected
on similar designs. On the other hand, the possibility of revealing the failure ranking
may be based entirely on the vague and imprecise expert opinion of the assessors
experience and judgement. Any input can be fuzzified by mapping the component
failure rate value and the possibility of revealing the failure assessment value to the
corresponding antecedent input. The membership degrees for the corresponding fuzzy
sets can then be ascertained.
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Figure 4.: Input Membership Functions: Component failure rate
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Figure 5.: Input Membership Functions: Possibility of revealing the failure
2.3.8. Rule base

25 different rules were developed based on the observations from the data, examples
of which are shown below:

e Rule 10 - IF Component failure rate (FIT) is Low AND Possibility of revealing
the failure is Very High THEN Weighted revealed failure rate (FIT) is Low

e Rule 11 - IF Component failure rate (FIT) is Medium AND Possibility of reveal-
ing the failure is Very Low THEN Weighted revealed failure rate (FIT) is Very
Low
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2.3.4. Partitioning of the Output and Defuzzification

The output membership partition and linguistic terms are shown in Table 3. The cor-
responding set of consequents and the membership functions for the output are shown
in Figure 6 below. Defuzzification of the output is conducted using most commonly
used method, the centre-of-gravity method (COG). This method determines the centre
of area of fuzzy output set and returns the corresponding crisp value.

Linguistic term | Weighted revealed failure rate (FIT)
Very Low 0-50
Low 45 - 100
Medium 95 - 150
High 145 - 250
Very High 240 - 450

Table 3.: Output Membership Partitioning
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Figure 6.: Output Membership Functions - Weighted revealed failure rate

3. Results

3.1. Results from Field Data

The analysis included a total population 387 ESDVs with an aggregated operational
time of 53.9 million hours. The overall dangerous failure rate was calculated to be
1243 Failures In Time (FIT). Note: FIT is the number of failures that can be expected
in one billion (10%) device hours of operation.

The overall dangerous failure rate of 1243 FIT falls within the range quoted by exida
[15], and in good agreement with OREDA [16], SINTEF [20] and Technis [17].

The results from the field data analysis are shown below in Table 4. PTC for a
full stroke test was estimated at 81% , 87% and 85% from Data Source A, B and C,
respectively.
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Failure No. of Failure No. of Failure No. of Failure
Mode | Failures (A) | Distribution (A) | Failures (B) | Distribution (B) | Failures (C) | Distribution (C)
FTC 9 56% 17 1% 13 48%
DOP 4 25% 4 16% 10 3%
LCP 3 19% 3 13% 4 15%
Total 16 100% 24 100% 27 100%

Table 4.: Results from Data Source A, B and C

3.2. Results from FMEDA and Fuzzy-FMEDA

Table 5 shows a comparison of the outputs from the FMEDA and Fuzzy-FMEDA
techniques giving the total dangerous failures for an ESDV assembly and the total
number of dangerous failures expected to be revealed during a full stroke proof test.
As a means to validate the results from the FMEDA and Fuzzy-FMEDA tech-
niques comparisons were made against two industry data sources. The industry
data sources suggest that the dangerous failure rate for the type of ESDV assessed
in this study is in the region of 700 to 2700 FIT [15] and predominantly 1000
FIT [17]. Both sets of results fall within the range quoted by exida [15], albeit on
the lower end of the scale at 784 and 970 FIT, and in good agreement with Technis [17].

FMEDA | Fuzzy-FMEDA
Total dangerous failures (FIT) 784 970
Total dangerous failures revealed (FIT) 571 796
Resultant PTC (%) 73 82

Table 5.: FMEDA and Fuzzy-FMEDA Results

3.3. Owverall Comparison

The PTC values determined from the field data, FMEDA and Fuzzy-FMEDA are
shown below in Table 6.

Method Data PTC %

Field Data Analysis (ISO 14224) | Data Source A 81
Field Data Analysis (ISO 14224) | Data Source B 87
Field Data Analysis (ISO 14224) | Data Source C 85
FMEDA exida CRD 73
Fuzzy-FMEDA FMEDA Data 82

Table 6.: Summary of PTC results from field data, FMEDA and Fuzzy-FMEDA ap-
proaches

The results suggest that the FMEDA technique aligns with the PTC estimates
provided by NAMUR [18], Stewart [4] and Technis [19], in the 70 to 80% region.
While the Fuzzy-FMEDA result aligns with the PTC estimates provided by Dearden
[10], Ottermo [20], ISA TR84.00.02 [21] and the PTC estimates determined from the
field data (Section 3.1), in the 80 to 90% region.
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The Fuzzy-FMEDA estimates are optimistic in comparison to the FMEDA, the
difference is primarily due to the FIS being insensitive to lower failure rates, owing to
the manner of how the membership functions are grouped. It can be concluded that
the difference in PTC is an indication of the inherent uncertainty with the FMEDA
data.

4. Conclusions

The results of this study indicate that the PTC for a typical proof test (the full
stroke timed test) based on the methods adopted is in the region of 73 to 87%, which
represents agreement with the majority of the published estimates.

This paper presented a novel implementation of a fuzzy inference system in order to
handle the implicit uncertainty in the FMEDA approach. Since the Fuzzy-FMEDA
method aligns well with the PTC results obtained from the field data analysis it is
reasonable to infer, from this initial work, that the PTC for a FST is approximately
80% to 85%.

The Fuzzy-FMEDA approach outlined in this paper has the potential to resolve some
of the problems associated with the FMEDA technique. As well as quantitative data,
a fuzzy inference system can also handle qualitative, ambiguous and imprecise or
vague data. The only limitation of the Fuzzy-FMEDA approach is an FIS has to be
developed using a specific piece of software and it can be time consuming to design
and test the system.

This investigation, however, forms the basis for a more extensive study and future
work. An optimised FIS should be designed by a group of experts as this will provide
much richer and more representative expert judgement, models and ultimately results.
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