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USD 10.8 million of life-cycle cost. The net-present-value optimum reached 98.7
percent for USD 20.9 million and added USD 60 million. Spares were valuable alone
but redundant once a third train was installed. Discrete-event simulation agreed with
the analytic model within 0.1 percentage points. Under a factor-of-two uncertainty in
failure rates, the optimum had a mean regret of USD 1.1 million, against USD 5.5
million for the knee design.
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1. Introduction

Production efficiency, the ratio of actual to potential production, is one of the principal determinants of the value of an oil and
gas facility. Each percentage point of production lost to equipment failures, spurious trips and planned shutdowns at a facility
producing tens of thousands of barrels of oil equivalent per day represents millions of dollars of deferred revenue each year. The
international standard 1SO 20815 on production assurance and reliability management sets out how production availability
should be analysed and managed through the facility life cycle [, and the 1SO 14224 standard and the Offshore Reliability Data
(OREDA) handbook provide the failure data on which such analyses depend . Reliability, availability and maintainability
(RAM) analysis has been applied to subsea production systems [ 8, floating production units "], reciprocating compressor
stations [, gas re-injection plants [* and offshore platform power systems [0 11, Reliability engineering and failure analysis of
complex engineering systems more generally 4, and risk-based process engineering frameworks for natural gas infrastructure
(131 provide the broader context in which these studies sit.
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In practice, RAM studies are often performed late in design
to verify that a chosen configuration meets a production
availability target, rather than to choose among
configurations. Studies of RAM practice describe the use of
reliability block diagrams,

Monte Carlo simulation and Petri nets to estimate availability
and identify critical equipment 1171, but the design decisions
that RAM results should inform, including redundancy, unit
sizing, spares, maintenance strategy and safety system
architecture, are typically settled separately [8 191,
Meanwhile, a large literature on redundancy allocation and
reliability — optimization has developed exact and
metaheuristic methods for allocating components in series-
parallel systems 2-231 and multi-state reliability theory based
on the universal generating function (UGF) has provided
efficient ways to compute the performance distribution of
systems with capacity-graded units 24281, These methods are
rarely brought together with the production economics, spare
parts and spurious trip behaviour that determine the value of
availability at an oil and gas facility.

Three gaps follow. First, optimization studies seldom include
the range of levers available to facility engineers, which go
beyond component redundancy to unit sizing, spare parts
holdings, condition-based maintenance (CBM) and
emergency shutdown (ESD) wvoting [29,  Second,
interactions between levers, for example between spares and
redundancy, are rarely quantified, although they can make an
individually attractive measure redundant - 3%, Third, the
robustness of an optimized design to uncertainty in failure
data, which in oil and gas is often generic and sparse, is rarely
assessed [31-331,

This paper addresses these gaps with an RAM-based design
optimization of a representative onshore central production
facility. It makes four contributions. First, it formulates
production efficiency as a function of eleven design and
support decisions through a multi-state UGF model that
includes spare stock-outs, spurious trips and turnarounds.
Second, it enumerates all 15,552 designs to obtain the exact
Pareto front between production efficiency and life-cycle
cost, avoiding the approximation of metaheuristic search 22
341, Third, it quantifies the contribution of each subsystem and
lever to production loss and the interactions between levers.
Fourth, it verifies the analytic model by discrete-event
simulation and tests the robustness of the optimal designs to
failure-rate uncertainty through regret analysis. Section 2
reviews the literature, Section 3 describes the model, Section
4 presents the results, Section 5 discusses implications and
Section 6 concludes.

2. Literature Review

This section reviews RAM and production availability
analysis in oil and gas, system modelling methods, safety
instrumented systems and common cause failures,
redundancy allocation and multi-state systems, spare parts
and maintenance optimization, maintainability, prognostics
and digital twins, importance measures and resilience, and
uncertainty in reliability data. It draws on textbooks and
handbooks that establish the foundations of reliability
engineering 18 35 361 and on the argument that reliability
science has distinct foundations linked to risk science 1.
Production availability is treated as the central performance
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measure for oil and gas facilities, consistent with 1SO 20815
and the production assurance literature [*- 4 381,

2.1. RAM and Production Availability in Oil and Gas
Production regularity assessment for subsea systems dates
from the 1980s B8 and RAM analysis was adopted for
deepwater subsea developments [ 3% 401 subsea riser and
deepwater system design [“Y, subsea blowout preventers [*2,
electrical submersible pumps *3, wellheads ®4, distribution
systems [ and high integrity pressure protection systems [*>
461, Topsides and onshore applications include natural gas
compressor plants 1 ammonia plants ¥ cogeneration
plants [%1, gas re-injection ], production systems under fuzzy
Bayesian analysis °%, ship-based carbon dioxide liquefaction
B LNG fuel gas supply B2, floating production power
generation [, small offshore electric systems %, offshore
platform power % 11 oil production systems 4 and surface
facilities %1, Devices, converter topologies and system-level
practice for energy efficiency in modern power systems have
been reviewed 8, which bears on the power generation and
distribution subsystems of production facilities. Quantitative
risk assessment of submersible pump components with
interval numbers 71 offshore system safety under
microbiologically influenced degradation [8), studies of
RAM indices for production systems [ ¢ RAM under
uncertain data 54, sustainable production processes 2, RAM
model development ], RAMS overviews %% and integration
of RAMS with the safety life cycle I complete the picture.
Equipment-level studies address compressor reliability from
fleet data [%4, reciprocating compressor RAM 1, centrifugal
compressor maintenance [, predictive maintenance
specifications 8, next-failure prediction 7, efficiency
deterioration 81, compressor networks with condition-based
maintenance % 7 and compressor fault diagnosis ['* 72,
Reliability and integrity management of fired heaters, boilers
and furnaces in upstream operations has been reviewed ],
and condition-based maintenance of CALM buoy bearings
and swivels [ and integrity assurance of FSO turret mooring
systems [”®l have been proposed to raise the availability of
offshore crude export. Performance assessment of offshore
equipment ¢l maintenance criticality offshore [/, failure
data analysis with degraded failures '8, competing risks ['*],
the basic concepts of failure analysis [©9 oilfield
development optimization under uncertainty B and risk
assessment data directories 2 provide further context.

2.2. System Modelling Methods

Reliability block diagrams, fault trees, Markov models, Petri
nets and Monte Carlo simulation are the main tools for
availability modelling. Fault tree analysis has been reviewed
183 81 and supported by new algorithms [, analytical
simulation tools [ and time-dependent methods ©71. Petri
nets % have been applied to dependability I, production
availability [ 3 and multi-unit maintenance costs [, and
production trees provide a dedicated production availability
formalism [6l. Bayesian networks support reliability
evaluation % compressor fault analysis % and dynamic
operational reliability [*3, Failure mode and effects analysis
has been reviewed 4, and complex systems have been
evaluated through dynamic object-oriented methods [,

interval-valued fuzzy approaches [°®! and degradation models
[97]
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2.3. Safety Instrumented Systems, Spurious Trips and
Common Cause Failures

Safety instrumented systems (SIS) protect facilities but also
cause production loss through spurious trips. Spurious
activation in the oil and gas industry [ %l spurious
activation and operational integrity of redundant SIS [#9,
MooN voting architectures 1%, modelling patterns 101,
Markov models 1192193 analytical formulas with nonconstant
failure rates [, proof testing strategies 1951971 partial
testing (181, multi-objective design and testing %% 119, design
optimization with genetic algorithms ('Y unavailability of
redundant SIS M2, functional analysis [° and multi-state
risk-based maintenance of safety systems (4l have been
studied. Common cause failures reduce the value of
redundancy and have been analysed using field experience
[11%  organizational factors [ alpha factors [*7],
uncertainties in rates 8 single failure events in multiple
groups [ age-related degradation 2%, updating for risk
monitoring 124, inter-unit estimation 122, decision diagrams
11231 multi-state systems [124 1231 redundant safety systems
[126] optimization 271 and the value of redundancy 28],

2.4. Redundancy Allocation and Multi-State Systems

The redundancy allocation problem has been studied since
Bellman’s dynamic programming formulation %, Exact
algorithms [2% 22 34 ‘multi-objective formulations [23 129-142]
mixed and universal redundancy strategies [ time-
dependent failure rates 4% survival signatures %%, load
sharing 4, component supplier selection 152, strength
redundancy %%, cold standby with inspection %4, k-out-of-
n subsystems [%% 1561 common cause failures 571 flow
networks 18] electrical systems 159, bilevel formulations
[160]  two-stage approaches [8U particle swarm [162. 163]
inventory-redundancy allocation [%1 and production-
reliability-inventory models ©° have been developed.
Physical programming [ and strategy-space reduction for
multi-state maintenance optimization 1% show how large
design spaces can be handled. Multi-state systems theory,
built on the UGF [?* 167 and its engineering applications 2,
has extended reliability to systems whose performance is
graded, including extended block diagrams 281, combined
stochastic process and UGF [1%8] weighted k-out-of-n systems
[169, 1701 three-state systems 73, swarm optimization 172,
consecutively connected systems 2731751 dynamic series-
parallel systems (2761 common bus performance sharing 27"
1781 confidence bounds 79, importance measures [0 181
condition-based maintenance and performance control (182,
manufacturing vulnerability 183, distributed generation 84,
power reserves (1831 critical failure modes %], degraded
systems with minimal repair [!871, heterogeneous redundancy
11881 phased missions (8% 1901 maintenance policies [19% 192
and selective maintenance %31, Availability of k-out-of-n
systems with non-identical components %41, repairable k-out-
of-n systems [ warm standby [% 2971 general time
distributions (%81 load sharing with switching delays 19,
selective maintenance of serial k-out-of-n systems %! and
failure dependencies 2°2 complete the modelling basis.

2.5. Spare Parts and Maintenance Optimization

Spare parts inventory theory, including the METRIC family
of multi-echelon models %2 2031 has been reviewed [204-206]
and applied to system availability constraints %7, design-
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phase reliability 2%, repairable stocking and expediting 2%,
exchangeable-item repair %, fleet redundancy and spares
127, lateral transshipments [?'% 2121 demand forecasting [?'
241 emergency warehouses [*°1, dependent failures [?6],
time-varying installed bases 7, two-echelon control 21,
classification 29, critical spare ordering %%, spare criticality
12211 queuing models for aircraft 224, service logistics control
towers 2%l and the petroleum industry 2?41, Models linking
inventory availability to plant uptime in energy facilities 2%,
materials readiness to maintenance-driven supply chain
performance ?%1, and strategic procurement to oil and gas
operations 26! connect spares holdings to production, while
supply chain risk management for EPC and gas processing
projects #2271 and supply chain resilience for gas processing
plants 2281 address disruption of the supply of parts. Joint
optimization of maintenance and spares has been studied 22%-
2321 Opportunistic and grouping maintenance [233-240]
dynamic predictive maintenance for multi-component
systems 24U clustering of CBM with redundancy [244,
preventive maintenance planning of series-parallel systems
2431 genetic algorithm maintenance planning [244-2461,
maintenance and production interactions [#47- 241 dependent
two-component systems [41 offshore wind [0 251
maintenance workforce planning 22 2531 turnaround
criticality %4, linking maintenance strategy to performance
12591 proactive maintenance cost reduction 2%, computerized
maintenance management of preventive and corrective work
on static equipment 2571, incident prevention in maintenance
environments %8 maintenance with limited data [%9,
sustainability of maintenance practices %1 and life-cycle
cost under dependent degradation 264 jllustrate the breadth of
the field.

2.6. Maintainability, Prognostics and Digital Twins

Maintainability determines how quickly failed equipment is
returned to service. Lognormal repair time distributions [262
2631 maintainability indices %4, design for maintainability [6
2651 verification standards 2%, limited-sample verification
12671 clustering-based demonstration %1 and vehicle case
studies [®91 have been reported, and reliability-centered
design that integrates finite element analysis with design
failure mode and effects analysis has been proposed for
mechanical components 7%, Reliability growth methods,
including Crow-AMSAA models and military handbooks,
track improvement during development [2-2781  and
reliability has been treated as a design variable in high-
reliability industries [742781 Prognostics and health
management reduce unplanned downtime [77 through
remaining useful life estimation [278-2821 multi-component
predictive maintenance 283281 condition-based maintenance
with semi-Markov decision processes %1 degradation-
threshold-shock models 871, structured replacement [28],
fault monitoring 2%, alarm-based scheduling 2, grouping
29 deep reinforcement learning for large systems [297,
predict-then-optimize approaches 3, scheduling restricted
by remaining life 24, safety and efficiency of maintenance
strategies (%], the value of information from monitoring 2%,
condition monitoring filtering °7), predictive maintenance
and condition monitoring in power and energy infrastructure
(%] data-driven methods for industrial automation and
process control 2% and interpretable machine learning for
early failure prediction %1, Non-destructive testing methods
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for predictive failure analysis [°, NDT-based integrity
management of refinery equipment [%  risk-based
inspection for fitness-for-service of ageing pressure vessels
(3931 and non-intrusive inspection that reduces shutdown
frequency %I supply the condition data on which such
methods depend. Digital twins support gas turbine
degradation prognostics %I, predictive diagnostics at
resource-constrained energy sites % fault diagnosis %7,
fatigue monitoring B%! and nuclear applications B!, and
hybrid models have been applied in petroleum systems 3191,

2.7. Importance Measures and Resilience

Importance measures, from Birnbaum’s original definition
311 to Fussell-Vesely and risk importance measures [312 3131,
identify the components that most affect system performance.
Their use in risk-informed decisions [4 31 differential
importance [ dynamic and dependent systems [B7],
system-of-systems B8l inventory systems B! and multi-
state systems with external factors (2% has been studied.
Resilience extends availability to the recovery from
disruptions, with reviews of definitions and measures [321-323,
metrics and frameworks [324-3%1 concepts 2, resilience-
based importance measures 530334 flow-based vulnerability
1338 critical infrastructures [336-3401  process plants 341,
offshore facilities (342 3431 cogeneration [3*4 3431 mechanical
structures 341, enterprises *1 and gas supply networks 48],
Combining  system-theoretic  process analysis  with
availability assessment 3491 and dynamic risk assessment of
deepwater operations % link resilience to safety.

2.8. Uncertainty in Reliability Data

Reliability data for oil and gas equipment are often generic,
sparse and uncertain. Bayesian priors based on generic data
and expert opinion B4, the influence of prior choice B4, rare
event risk assessment 354, precursor data 52 and imprecise
multi-source fusion 5% address sparse data, and statistical
methods from quality engineering 5 and predictive
modelling frameworks for forecasting energy yield 5% show
how limited operating records can be turned into usable
estimates. Sampling-based uncertainty and sensitivity
analysis [3% 361 aleatory and epistemic uncertainty [357-3%1
uncertainty importance measures % evidence theory [6%
3621 subset simulation 3831, derivative-based global sensitivity
measures %4, reliability-oriented sensitivity with epistemic
uncertainty 6% imprecise probabilities [%61 rare event
estimation 671 and uncertainty in risk analysis of complex
systems [368. 3891 provide the methods used to test robustness.

2.9. Research Gap
The literature provides mature methods for RAM modelling,
redundancy allocation, multi-state systems, spare parts,
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maintenance optimization and uncertainty analysis. What is
missing is their combination in a design optimization that
treats redundancy, unit sizing, spares, maintenance strategy
and SIS voting as joint decisions, values availability through
production economics, quantifies interactions between levers
and tests robustness to data uncertainty, for an oil and gas
production facility ™ 27 32 The model presented next
provides such a combination using an exact multi-state
formulation that allows complete enumeration of the design
space. Complete enumeration also allows the interactions
between levers and the regret of each design under
uncertainty to be computed exactly rather than estimated
from a sample of designs 22 341,

3. Methods

This section describes the representative facility, the multi-
state availability model, the treatment of spares, CBM,
spurious trips and turnarounds, the economic model, the
enumeration and selection of designs, the simulation used to
verify the analytic model, and the uncertainty analysis. The
model follows the production availability principles of I1SO
20815 W, represents subsystems as multi-state elements
combined by the UGF 24 251 and uses data ranges of the kind
reported in OREDA and related sources 2382, All parameter
values are representative values chosen within published
ranges; they are not data from a specific facility, and the
results demonstrate the method and the relative value of
design options rather than predict the performance of any
particular facility.

3.1. Representative Facility

The facility is an onshore central production facility with a
design throughput of 60 MMscf/d of gas and 15,000 barrels
per day of oil. Its seven subsystems act in series, so that
facility capacity at any time is the minimum of the subsystem
capacities (Figure 1): inlet separation and slug catching, gas
compression, glycol dehydration, oil export pumping,
produced water treatment, gas turbine power generation and
instrument air and utilities. Each subsystem consists of
identical units whose capacities are fractions of design
throughput, so that partial failures reduce rather than stop
production, as in multi-state models of production systems
1183, 184 ‘\When all produced water treatment units are down,
production can continue at 30 percent of capacity by diverting
water to storage. Demand is at design throughput for the first
six years and then declines linearly to 50 percent by year 20,
a typical plateau and decline profile B4, and the subsystem
structure follows risk-based process engineering practice for
natural gas infrastructure 31, The value of production at full
throughput is USD 0.75 million per day. Table 1 lists the
subsystem options and reliability parameters.
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Series system: facility capacity = minimum of subsystem
capacities (multi-state, k-out-of-n units)

S1 Inlet S2 Gas S3 Glycol S4 0il export
separation compression dehydration pumps
—> —>
2x50 | 3x50 | 1x100 | 2x100 |
I1x100 | 2x100 4x33 1x100 | 2x100 3x50
S5 Produced S6 Power S7 Instrument
water generation air i .
Lower line in each
box: options as
— . .
units x capacity per
1x100 | 2x100 3X5gx|1%’550 | 2x100 | 3x100 unit (percent)

E Facility-wide: ESD voting (1002 or 2003) spurious trips, turnaround |
| every 4 years (14 days), spares for compression and turbines |
' (0, 1, 2), condition-based maintenance (yes or no) !

Fig 1: Series structure of the representative facility, subsystem configuration options and facility-wide decisions.

Table 1: Subsystem configuration options and representative reliability parameters.

Code Subsystem Optiqns (units x Base Failure rate per unit Mean '_[ime to Reference unit cost
capacity percent) case (per year) repair (h) (USD M)
S1 Inlet separation 1x100, 2x100 1x100 0.5 24 4.0
S2 Gas compression 2x50, 3x50, 4x33 2x50 6.0 36 6.0
S3 Glycol dehydration 1x100, 2x100 1x100 15 18 5.0
S4 Oil export pumps 1x100, 2x100, 3x50 | 2x100 3.0 30 1.2
S5 | Produced water treatment 1x100, 2x100 1x100 2.0 20 3.0
S6 Power generation 3x50, 4x50, 3x100 3x50 4,0 48 8.0
S7 | Instrument air and utilities 2x100, 3x100 2x100 2.0 8 0.6

3.2. Unit Availability, Spares and Condition-Based
Maintenance

Each unit alternates between operation and repair. For
compression and power generation, a fraction ¢ of failures
(15 and 10 percent) requires a major spare such as a
compressor cylinder assembly or a turbine hot-section
module, with replenishment lead times of 21 and 45 days. If
a spare is in stock, repair proceeds normally; otherwise the
repair waits for the lead time. With s spares held and Poisson
demand, the probability of a stock-out is approximated by the
probability that demand during one lead time exceeds the
stock, following the logic of repairable inventory models 202

2031 and of inventory availability models for energy facilities
[29]-

s wmle# _nigl
j=0 j! ) U= 365

Poyr =1 — (1)

where n is the number of units, A the failure rate per unit-year
and L the lead time in days. The steady-state availability of a
unit is then

-1
@ = [1+ 2= (MTTR + ¢ Py 24L)) @
CBM on compression and power generation units reduces the
rate of unplanned failures by 30 percent and the mean repair
time by 20 percent, because degradation detected early is
repaired in a planned way, consistent with reported benefits
of condition monitoring for rotating equipment [66. 69. 74,277,
2%] CBM costs USD 0.8 million to install and USD 0.1
million per year.

3.3. Multi-State Subsystem and Facility Model
The capacity distribution of a subsystem with n units of
capacity ¢ and availability a is obtained by the UGF 24 %51,
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The UGF of a unitis u(z) = az® + (1 — a) z°, and units
in parallel are composed by the sum operator:

Ur(2) = @1 [u1(2), ., un(@)] = Xjpij 299 (3)

with capacities capped at 100 percent of design throughput
and replaced by the residual capacity when all units are down.
Subsystems in series are composed by the minimum operator:

U(z) = @min[U1(2), ..., U7(2)] = X;p; 297 (4)

The expected deliverable fraction of demand D, in year t is
2jDj min(gj,Dt)/Dt. Spurious trips of the ESD system
shut down the whole facility for a 10-hour restart; their rate
is 6 per year with 1-out-of-2 (1002) voting and 1.5 per year
with 2-out-of-3 (2003) voting, which costs USD 1.5 million,
reflecting the trade-off between safety and production in SIS
architectures 28 9 1001 - A 14-day turnaround every 4 years
removes a further 0.96 percent of time. Production efficiency
over the life is

_ Y ¢ De(1—firip) A= fra) Xjpjmin(g ,D¢) /D¢

PE Yt Dt

()

where fii, and f7 are the fractions of time lost to trips and
turnarounds.

3.4. Economic Model and Design Selection

Incremental capital cost of a configuration is the cost of its
units relative to the base case, with unit cost scaling with
capacity to the power 0.6, plus the cost of spares (USD 1.2
million per compression set and USD 3.0 million per turbine
module), ESD upgrade and CBM. Operating costs are 3
percent of incremental capital per year and 5 percent of spares
value per year. Incremental life-cycle cost (LCC) is the
present value of incremental capital and operating costs, and
net present value (NPV) is the present value of production
less LCC, both at a 10 percent discount rate over 20 years
(2611 The eleven decisions in Table 1 and Figure 1 define
15,552 designs, all of which were evaluated; because the
UGF evaluation takes about a quarter of a millisecond,
complete enumeration is faster than metaheuristic search and
yields the exact Pareto front between production efficiency
and LCC 2234, Three designs were selected: the base case
(D0), the knee of the Pareto front (D1), defined as the front
point with maximum normalized distance from the line
joining its extremes, and the NPV-maximizing design (D2).

3.5. Verification by Discrete-Event Simulation

To test the steady-state, independence and exponential repair
assumptions of the analytic model, the selected designs were
simulated over 20 years in 150 replications with a 2-hour time
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step. Each unit followed an alternating renewal process with
exponential operating times and lognormal repair times with
a coefficient of variation of 0.8, consistent with evidence on
repair time distributions 262 26%1: spare stock-outs added the
lead time with the computed probability; turnarounds
occurred in years 2, 6, 10, 14 and 18; and spurious trips
occurred as a Poisson process. Monte Carlo simulation of this
kind is the standard method for production availability
assessment [14.16.49],

3.6. Uncertainty and Regret Analysis

Failure rates in oil and gas are uncertain, especially for new
facilities with generic data % %2, Each subsystem failure rate
was multiplied by an independent lognormal factor with an
error factor of 2 (the 95th percentile twice the median), and
500 samples were drawn [ 3571 For each sample, the
production efficiency of the selected designs was computed,
and the NPV of all 83 designs on the nominal Pareto front
was evaluated to find the best design for that sample. The
regret of a design is the difference between the best NPV for
the sample and the NPV of the design 8%, A further analysis
varied the value of production from USD 0.25 to 1.5 million
per day to test how the NPV-optimal design changes with the
value of availability.

4. Results

This section reports the base-case losses, the value of
individual levers and their interactions, the Pareto front and
selected designs, the simulation verification, the robustness
to failure-rate uncertainty and the sensitivity to production
value. Results are expected values unless stated otherwise.
Because the inputs are representative, the ranking and relative
size of effects are more informative than absolute values, as
in other comparative RAM optimization studies 7. The
analytic results are reported first because they cover every
design and every lever; the simulation results in Section 4.4
then check the analytic model for the three selected designs
under more realistic repair time distributions.

4.1. Base-Case Production Losses

The base design achieved a production efficiency of 95.3
percent over the life and 94.7 percent during the plateau.
Figure 2 decomposes the 4.7 percentage points of loss. Gas
compression, with two 50 percent trains each failing about
six times a year, caused 2.2 points, almost half the total,
because any compressor failure halves throughput during the
plateau. Turnarounds caused 0.9 points and spurious trips
under 1002 ESD voting 0.7 points. Glycol dehydration and
produced water treatment, both single-train, caused 0.3 points
each, inlet separation 0.1 point and power generation, with 2-
out-of-3 turbines, less than 0.1 point. This ranking, in which
a frequently failing rotating subsystem without spare capacity
dominates, is consistent with RAM studies of compressor
stations and gas plants [& 47 731,

104|Page



[ international Journal of Multidisciplinary Futuristic Development

www.transdisciplinaryjournal.com

7
W7/

Production efficiency loss
(percentage points)

DO D1

Turnarounds
Spurious trips
Export pumps
Power generation
Inlet separation
Produced water
Glycol dehydration

B ) NI

Gas compression

D2

Fig 2: Production efficiency loss by cause for the base case (D0), knee design (D1) and NPV-optimal design (D2).

4.2. Value of Individual Levers and Their Interactions

Table 2 reports the effect of each lever applied alone to the
base case. A third 50 percent compression train gave the
largest gain, 2.1 percentage points and USD 45.6 million of
NPV. CBM on compression and turbines gave 1.1 points and
USD 24.7 million for a life-cycle cost of USD 1.7 million, the
highest return per dollar at 14.6. 2003 ESD voting gave 0.5
point and USD 9.4 million. One set of compression spares

gave 0.4 point and USD 7.2 million, and a second produced
water train gave 0.3 point and USD 2.5 million. A second
dehydration train broke even, and additional inlet separation,
turbines, turbine spares and air compressors destroyed value,
because those subsystems already contributed little loss.
Removing the standby export pump lost 1.0 point and USD
19.7 million, confirming the value of existing redundancy.

Table 2: Effect of individual levers applied to the base case.

Lever e%i:gﬂ'gy?;%ﬂgg;gée Incremental life-cycle | Change in NPV | NPV gain per dollar of
points) cost (USD M) (USD M) life-cycle cost
Third 50 percent compression train 2.12 7.61 45.6 6.0
Condition-based maintenance 1.05 1.69 24.7 14.6
2003 ESD voting 0.49 1.50 9.4 6.3
One compression spare set 0.36 1.74 7.2 4.1
Second produced water train 0.27 3.80 2.5 0.7
Second dehydration train 0.29 6.34 0.1 0.0
Second inlet separator 0.13 5.07 -2.2 -0.4
One turbine spare module 0.03 4.34 -3.5 -0.8
Fourth 50 percent turbine 0.08 10.14 -8.1 -0.8
Removal of standby export pump -0.96 -1.52 -19.7

Levers interact. Compression spares, worth USD 7.2 million
alone, were not selected in any NPV-optimal design, because
once a third compression train is installed, a spare stock-out
removes only one of three trains and the facility continues at
full capacity; spares and redundancy are substitutes.
Conversely, CBM and the third train were complements in
the sense that both remained in all high-value designs. Such
interactions are invisible when levers are evaluated one at a
time, which supports joint optimization of redundancy and
Spares [27, 30, 164]_

4.3. Pareto Front and Selected Designs
Figure 3 shows all 15,552 designs and the exact Pareto front
of 83 designs. Production efficiency rises steeply from 94.4

percent for the cheapest design to about 98 percent at USD
10 million of life-cycle cost and then flattens towards a
ceiling of 98.8 percent, set by turnarounds and residual trips,
which costs USD 54.6 million to reach. Table 3 compares the
selected designs. The knee design D1 adds a third
compression train, replaces the two 100 percent export pumps
with three 50 percent pumps, adopts 2003 voting and CBM,
and reaches 98.1 percent for USD 10.8 million, adding USD
57.0 million of NPV. The NPV-optimal design D2 adds a
third compression train, second dehydration and water trains,
2003 voting and CBM, and reaches 98.7 percent for USD
20.9 million, adding USD 60.2 million. The last 0.6
percentage point between D1 and D2 therefore costs USD
10.2 million and adds USD 3.2 million of NPV. In D2,
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turnarounds account for 0.95 of the 1.3 points of remaining
loss (Figure 2). The shape of the front, steep and then flat, is
characteristic of redundancy allocation problems in which a

www.transdisciplinaryjournal.com

few high-importance subsystems dominate the attainable
improvement [140. 1801,
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Fig 3: Production efficiency and incremental life-cycle cost of all 15,552 designs, with the exact Pareto front and the selected designs.

Table 3: Selected designs.

Measure D0 Base case | D1 Knee design | D2 Maximum NPV
Compression 2x50 3x50 3x50
Dehydration; produced water 1x100; 1x100 1x100; 1x100 2x100; 2x100
Export pumps 2x100 3x50 2x100
ESD voting; CBM 1002; no 2003; yes 2003; yes
Spares (compression, turbine) 0,0 0,0 0,0
Production efficiency, analytic (percent) 95.31 98.07 98.66
Production efficiency, simulation mean (percent) 95.21 98.00 98.65
Simulation 5th to 95th percentile (percent) 945810 95.75 | 97.821098.18 98.53 t0 98.76
Incremental capital cost (USD M) 0.0 8.3 16.3
Incremental life-cycle cost (USD M) 0.0 10.8 20.9
Change in NPV (USD M) 0.0 57.0 60.2

4.4. Verification by Simulation

The discrete-event simulation agreed closely with the
analytic model (Table 3 and Figure 4). Mean simulated
production efficiency differed from the analytic value by
0.10, 0.07 and 0.01 percentage points for DO, D1 and D2. The
small negative bias for DO reflects the time-step
discretization of the many short compressor outages. The

simulation also shows the variability of realized performance
over a 20-year life: for the base case, the 5th to 95th percentile
range spanned 1.2 percentage points, whereas for D2 it
spanned 0.2 point, so redundancy reduces both the mean loss
and its variability, consistent with evidence that redundancy
improves the predictability of production 14 6],

106 |Page



[ international Journal of Multidisciplinary Futuristic Development

www.transdisciplinaryjournal.com

17.5 4
15.0 1
12.5 1

10NS

10.0 1

1ca

7.5 1

Repl

5.0 1
2.5 1

1 bl

t
I
s U

1
94 95 96

1 DO Base case (simulation)

Production efficiency over 20 years (%)

I D1 Knee design (simulation)

97 98 99

B D2 Maximum NPV (simulation)
---- Analytic value

Fig 4: Distribution of production efficiency over 20 years from discrete-event simulation; dashed lines show the analytic values.

4.5. Robustness to Failure-Rate Uncertainty and
Production Value

Figure 5a shows the effect of failure-rate uncertainty. With
an error factor of 2 on each subsystem failure rate, the base
case had a 90 percent range of production efficiency from
92.6 to 96.5 percent, whereas D1 ranged from 97.5 to 98.3
percent and D2 from 98.4 to 98.7 percent. The regret analysis
confirmed that D2 is robust: across 500 samples, its mean
regret relative to the best front design for each sample was
USD 1.1 million, its 95th percentile USD 3.4 million, and it
was within USD 1 million of the best design in 61 percent of
samples. The knee design D1 had a mean regret of USD 5.5
million and the base case USD 68.6 million. Figure 5b shows

that the NPV-optimal design depends on the value of
production. At USD 0.25 million per day, the optimum was
D1 without CBM, with 97.9 percent efficiency for USD 9.1
million; at USD 0.5 million per day, it reached 98.4 percent
for USD 14.6 million; between USD 0.75 and 1.0 million per
day it was D2; and at USD 1.5 million per day a second inlet
separator was added, reaching 98.8 percent for USD 26.0
million. The third compression train and 2003 voting were
selected at every value. The robustness of D2 echoes the
finding in the uncertainty analysis literature that decisions
should be tested against epistemic uncertainty rather than
nominal values alone [357. 3601,
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Fig 5: (a) Production efficiency under failure-rate uncertainty (box shows quartiles, whiskers 5th and 95th percentiles) and (b) production
efficiency and incremental life-cycle cost of the NPV-optimal design as a function of the value of production.
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5. Discussion

This section interprets the findings, draws implications for
facility design and operation, considers how the method can
be applied in practice and sets out its limitations. The
discussion is framed by the production assurance principle
that availability should be engineered through the life cycle
rather than verified at the end of design [ 1, and by the
observation that the value of reliability improvements
depends on their interaction with the system in which they are
placed [27-180.:314] |t also considers what the findings mean for
brownfield facilities, where the design levers available are
narrower than at the design stage 6 771,

5.1. Principal Findings

Three findings stand out. First, production loss at the base
facility was concentrated in a single subsystem. Gas
compression, with frequent failures and no spare capacity,
caused almost half the loss, and the most valuable measures
were those that addressed it directly, a third train and CBM.
This concentration is typical of oil and gas facilities, where
rotating equipment dominates failure statistics [ 8 ¢4 and it
explains why RAM-based design choices can add tens of
millions of dollars of value while most of the possible
additions destroy value. Of the eleven levers, only four added
significant value when applied alone, and five reduced NPV.
Second, levers interact in ways that single-measure
evaluations miss. Spares were valuable in the base design but
redundant once a third compression train was installed,
because a stock-out then left two trains in service, which still
met plateau demand. This substitution between spares and
redundancy, and the complementarity between CBM and
redundancy, support the joint optimization of reliability,
redundancy and spares advocated in the redundancy-
inventory literature 2" % 1641 and contrast with practice in
which spares are planned after design is fixed 220224,

Third, complete enumeration was both feasible and
informative. Because the UGF evaluates a design in a fraction
of a millisecond, all 15,552 designs could be evaluated,
giving the exact Pareto front and exact regret calculations
without the convergence uncertainty of metaheuristic search
(22,341 The NPV-optimal design was also robust to a factor-
of-two uncertainty in failure rates, with a mean regret of USD
1.1 million, whereas the cheaper knee design carried a regret
five times larger. Robustness to data uncertainty therefore
favoured the more redundant design, a result consistent with
the view that redundancy hedges against epistemic
uncertainty [32 357,360,

5.2. Implications for Practice

For facility designers, the results suggest a sequence of steps.
The first is to rank subsystems by their contribution to
production loss using a multi-state model and importance
measures before choosing any redundancy [18 181 3111 The
second is to evaluate maintenance strategy and SIS
architecture as design levers alongside redundancy, because
CBM and 2003 voting delivered value at low cost [?8 9. 277],
The third is to optimize spares jointly with redundancy rather
than sequentially #7271 and to link that plan to materials
readiness and procurement lead times in the operating supply
chain 252281 The fourth is to test the selected design against
failure-rate uncertainty and production value, because a
design that is optimal for nominal data may carry large regret
if the data are wrong 3% 331,
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For operators of existing facilities, the same model supports
brownfield decisions. Where adding a compression train is
impractical, CBM and spares become the principal levers,
and the base-case analysis shows that they recover about 1.4
percentage points together. Turnarounds became the largest
residual loss in the optimized designs, which points to
turnaround interval and duration optimization as the next
frontier once equipment redundancy is adequate [2%8 254,
Digital twins that update failure and repair parameters from
operating data can keep such models current through the life
of the facility [305 3061,

5.3. Application to Real Facilities

The approach requires reliability data for each unit type,
repair times, spare lead times, trip rates and production
values. Generic data from OREDA or 1SO 14224 taxonomies
[2.3] can be updated with site data through Bayesian methods
[31, 32,3541 " and repair time distributions can be fitted from
maintenance records 1262 2681 \Where units are not identical or
subsystems are not in simple series, the UGF extends to more
general structures [26. 169 1761 ‘and where dependencies such as
common cause failures or shared maintenance crews matter,
Petri nets or simulation can be used to verify the analytic
model as was done here [1>16. 1151 For larger design spaces,
exact methods for multi-state redundancy allocation or
metaheuristics can replace enumeration 12334,

5.4. Limitations

The study has several limitations. All parameters are
representative values rather than data from a specific facility.
The analytic model assumes independent units in steady state
with exponential failures, although the simulation showed
that lognormal repair times and finite horizons change the
results by at most 0.1 percentage point. Common cause
failures, shared repair crews and ageing were not modelled,
and all of them would reduce the value of redundancy 115 128,
2521, disruption of spare supply, which supply chain resilience
frameworks for gas processing plants address 2?1, was also
not modelled. The spare parts model uses a single-period
stock-out approximation rather than a full inventory model
12021 The effect of CBM was represented by fixed reductions
in failure rate and repair time rather than by a degradation
model 288 2871 Finally, safety consequences of trips and
failures were not valued, so the analysis addresses production
and cost only; in practice, SIS architecture is constrained by
safety integrity requirements [103 1071,

6. Conclusion

This study embedded RAM analysis in the design
optimization of a representative onshore oil and gas
production facility, using a multi-state universal generating
function model that included spare stock-outs, spurious trips
and turnarounds, and enumerated all 15,552 combinations of
eleven redundancy, sizing, spares, maintenance and safety
system decisions.

Production loss at the base design was concentrated in gas
compression. A third compression train and condition-based
maintenance were the most valuable levers, and 2-out-of-3
shutdown voting and compression spares were also valuable
when applied alone. Spares became redundant once a third
train was installed. The exact Pareto front showed production
efficiency rising steeply to about 98 percent for a modest life-
cycle cost and then flattening towards a ceiling set by
turnarounds. The value-maximizing design reached 98.7
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percent and added about USD 60 million of net present value.
It agreed with discrete-event simulation within 0.1
percentage point and remained close to optimal under a
factor-of-two uncertainty in failure rates.

For designers and operators, the results support ranking
subsystems by their contribution to production loss, treating
maintenance strategy and safety system architecture as design
levers, optimizing spares jointly with redundancy and testing
designs against data uncertainty. Further work should add
common cause failures, shared maintenance resources,
ageing and turnaround optimization, and calibrate the model
with field data.
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