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Condition-based maintenance (CBM) allows us to identify and rectify potential well integrity issues on a well for safe operations and prolonged well
barrier health. The Christmas tree (XT) valves provide the final well barrier on a well and are key in preventing hydrocarbon release to the
environment. Choosing the right maintenance and inspection policy is essential in reducing both the failure risk and maintenance costs, albeit with
increased availability of the XT system. This paper proposes a varying inspection XT valve maintenance policy that achieves these objectives.
Results show that after a failure, the 90-day inspection interval achieves approximately a similar probability of failure on demand and lower cost than
the 30 and 90-day inspection intervals recommended by NORSOK-D010. The varying inspections model can find application in late-life well
integrity management by matching the inspection intervals with the failure rate of the well barriers.
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1. Introduction

The subsea christmas tree (XT) is the final well-integrity
barrier connecting the well to the downstream production
systems. It sits on the wellhead and has bores connecting the
tubing and A-annulus to external flow lines. To control flow
and access to the well annuli, an array of gate valves are
installed on the XT as shown in Fig. 1. The swab valve (SV)
provides well access for wireline, slickline or coiled tubing
intervention operations in the tubing or annulus. The
Production Wing Valve (PWV) controls flow to the production
flow line while the Annulus Wing Valve (AWYV) controls the
flow to the A-annulus for circulation or killing operations. The
Lower Master Valve (LMV) is a primary barrier for shutting in
the well in case of emergency while the Upper Master Valve
(UMV) is the secondary barrier. It also acts as a tool
deployment seat when setting up intervention bottom-hole
assemblies. Subsea XTs come in vertical and horizontal tree
designs with the difference being that horizontal trees allow
direct Blowout Preventer (BOP) installation and workover
access while vertical trees need to be removed, and a BOP
installed on the well for workover operations to commence.

Inspection and preventive maintenance can reduce failure
risk and prolong valve service time. To ascertain the integrity
of the XT valves, frequent inspection and testing is required.
Typical testing exercises include visual inspection with an
ROV, cycling the valve and determining closing speed, torque
and number of closing turns to ensure there’s no obstruction
when closing the valve. Routine inspection exercises also
involve greasing the valves to replace degraded grease, which
also acts as a barrier in the valve. An integrity pressure test is
then performed to ensure the valve can still contain the rated
well pressure with a negligible leak rate

According to NORSOK D-010 rev5, the valves ought to be
function and pressure tested 3 times consecutively without
failure monthly, every 3 months and thereafter every 6 months
to be well integrity qualified. In these test intervals the well
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integrity inflow testing in the direction of flow at low- and
high-pressure tests.

One of the most predominant valve failure modes is the
Leakage in Closed Position (LCP). The LCP is a failure mode
where the valve is closed but continues to leak at rates higher
than those specified in Raj et al (2014), API RP 14B and ISO
16530 i.e 0.41/min or 0.42Sm*/min. If these volumes cannot be
directly measured, the differential pressure downstream of the
valve can be monitored during the test.

In XT gate valves, the LCP is usually caused by gate
erosion from production solids, corrosion deposits (Feng at al)
and damage to the seal or stem packing. The main maintenance
action therefore is to ensure the valve is fully open, cycling to
remove any deposits and pumping grease to improve the
sealing mechanism and lubricate moving parts in the valve. The
valve is then pressure tested to ensure a negligible leak rate i.e
below 0.4l/min. However, while more frequent inspection and
leak testing reduces failure risk, it can also increase
maintenance-induced failures due to wear and tear of internal
components (de Azevedo et al 2018). In addition, high
inspection frequency results in lost production whenever the
well is shut-in for the inspection exercise, resulting in financial
loss.

Subsea component and system degradation modeling and
maintenance policies in the literature takes on different
approaches. Zhang et al (2025) proposed a maintenance
strategy that combines predictive and emergency maintenance
and optimized based on integrated resilience throughout the
lifecycle of the subsea XT. From a system perspective, Fan et al
(2021) catered for stochastic dependency among XT
components by using an optimized maintenance policy based
on grouping. Wang et al (2020) used fault trees and Dynamic
Bayesian networks based on Markov state modeling to
determine XT availability under perfect and imperfect repair.
Zhang et al (2025) used multi-agent deep learning in predictive
maintenance of subsea XT systems
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Tekin et al (2025) used continuous Markov Chain models
to model degradation and maintenance policies of protection
systems and under perfect and imperfect inspection. Dinh et al
(2025) used a dynamic inspection model where the
maintenance is based on varying levels of inspection quality

In other related work, Lui et al (2020) used Markov models
to determine the influence of the availability on the control
systems of all-electric subsea XT depending on the
maintenance strategy. Liu, et al (2021) also used Markov
degradation models for determining subsea electric XT control
system availability and MTTR. Zhang et al (2022) exemplified
use of Markovian models in modeling the reliability of gate
valves in deep water environments while Cai et al (2022)
exemplified condition-based maintenance (CBM). Xia et at
(2024) used Markov state models to express degradation in
steel pipelines

SCSSSV control line

Fig. 1: Horizontal XT schematic (Adapted from Bai et al (2019))

The majority of the models presented in the literature aim at
finding a fixed inspection interval that optimizes for the lowest
inspection cost. The varying inspection interval model
presented here differs from those proposed in Cai et al (2022)
and Dinh et al (2024) in that we also aims to optimize for a
reduced probability of failure in addition. The objective is to
develop a maintenance strategy that strikes a balance between
reducing failure risk without affecting well uptime. We shall
also compare it with the existing NORSOK D-010 rev5
inspection model as a performance baseline.

2. Degradation and maintenance modelling methodology
2.1. Markov model
A simple 2-state model has only the healthy and failed
states. However, between the healthy and fail states,

realistically, there exists a series of intermediate states that
represent the degradation level of the valve. We can use
Markov modelling (Rausand et al) to represent XT valve
degradation by splitting the degradation into several states
representing the degradation levels. Where the beginning state
0 represents full functionality, intermediate states are different
levels of the valve degradation and £ is the failed state. In Fig.
2 we propose a Markov state degradation state transition
diagram. The states 0 to k represent increasing levels of
degradation where 0 - Healthy, 1 - Slightly degraded: 2 - Very
degraded etc until the final stage k — Failed.

Fig. 2: Markov state transition diagram

The main index is the actual state of the valve, hidden and
only revealed at inspection. The sub-index is the state we
believe the valve to be in, based on the previous inspection.
Where the sub-index is not given, we believe we are in state 0,
the healthy state. The state transition rates such as 1, represent
how fast to transition from state 1 to state 2 while w29 represents
the repair rate from state 2 to healthy state 0. We assume
perfect repair which means the valve is restored to state 0 with
negligible leakage rate. The dashed lines are the transitions that
only take place at an inspection when there is a transition from
the hidden/belief state to the evident state.

We carry out inspection at varying intervals denoted by t.
We have short and long intervals. Short intervals s apply when
we believe we are in state of degradation such as 1 or 2 while
long intervals 7 apply when we believe we are in the healthy
state 0.

Our current belief about the state of the valve in is backed
by the revealed or repair state at the previous inspection. This
means that when we believe we are in a healthy state, we apply
a long inspection interval until the next inspection. If we
however believe that we are in a degraded state, we apply a
short inspection interval. The objective therefore is to apply a
maintenance policy where we change the future inspection
interval depending on the revealed state of the valve at the
current inspection.

In this Markov model, three assumptions are taken. The
first assumption is that the sojourn time spent in each state, 7} is

695



696

assumed to take on an exponential distribution with parameter
Aoie T~ Increasing the number of intermediate states
between 0 and k improves model accuracy by depicting a
smooth degradation i.e state transition to failure. The sojourn
time are only dependent on the current state.

The second assumption is increasing state transition rate
given by Ay = U/Tii,e ot < A2 ... < Mk This is due to
increased degradation mechanisms such as accelerated material
loss from erosion. The transition rates therefore, closely mimic
exponential degradation.

The third assumption is that there’s a delay in repair times
after inspection, signified by the transitions to evident states 1,
25, ...k after inspection. This is more realistic since it takes time
to mobilize the equipment to fix or replace the leaking valve.
These delays are incorporated into the repair rate u. A perfect
repair to state 0 depends on the current state of degradation. A
perfect repair from state 3 to O takes the longest time and
indicates a state where the XT valve has been replaced. This
requires  equipment and  vessel
mobilization; in this paper we assume 10 days for mobilization
and repair. As such we apply p10< p20<u30 ... <piko.

For multi-state models, the probability of being in any of
the states at time, ¢ can be derived from the Chapman-
Kolmogorov differential Eq. (1).

maintenance  action

P(t) =P(t).A (1)

Where P(t) is the probability vector whose length is equal to
the number of states and A is the cumulative transition intensity
matrix from one state to another at time, ¢ and can also be
referred to as the cumulative hazard, See Eq. (2).

_Aﬂl AOl
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Using discrete integration calculus on Eq. (1), we obtain the
solution for P in Eq. ( 3).

P(t + dt) = P(t)[1 + Adt] 3)

Here, I is an identity matrix of size A and dt is an infinitesimal
increment in time. The transition matrix 4 contains all the
transition and repair rates between states in the Markov model
and is used in calculating the effective failure rate of the well
barrier. At t = 0, the probability matrix for the k states is
initialized as P(0) =[1 0 0 ... 0i]. This means the probability of
valve being in perfect state is 1. As 7 increases with increments
of dt, these probabilities are shuffled into the next states filling
up the P vector. These probabilities depend on the transition
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rates. To model this an integration matrix N = [I + A-df]. At
inspection, the probabilities move into the evident states.
Assuming perfect inspection where the valve’s actual state is
revealed with a probability of 1, we can then form an inspection
matrix, M which allows transitions from the believed state to
the evident state during inspection. M starts as an identity
matrix. At inspection, the inspection probabilities, i.e the 1’s are
moved from the diagonal to the position of the revealed state.

M= A Ty ()]
11k
1

To achieve long and short inspection regimes, two sets of
matrix M are obtained with Mv performing inspection at 7; and
another Ms for inspection at z.

Repairs happen at inspection when the true state is revealed and
takes into account the actual repair time and the waiting time
for equipment and personnel, i we assume perfect repair u; =
1/r; and the repair rate. To allow for increased accuracy, we
need a small value of dt and a long integration time achieved by
multiplying the Mean Time to Failure (MTTF) by a sufficiently
large constant, a. The algorithm for calculating the time-
dependent state probabilities is summarized below.

Algorithm
Input: Initiate dt, t, T=0,P=[100...0«], t=1; 75
Choose sufficiently large a
Set integration matrix N =1+ A-d

Set inspection matrix, M = ML or Ms
While t < T=a*MTTEF:
Pi=Pu'N
if mod t/t;=10
Pi=Pui- Ms
if mod t/1i=0
Py =Pui- ML
t=t+dt

2.2. Application in maintenance optimization
It’s important to note that the sum of probabilities in the P = 1
for all times, t.

k
Y Rr®=1 ®
i=1

We can then obtain the probability of failure on demand (PFD)
effective failure rate and renewal rate for maintenance
optimization depending on the accumulated state probabilities.
Suppose the XT valve is tested at periodic intervals of t.
Failures are hidden and only revealed at inspection. The
expression for the average probability of failure on demand
(PFD) during the interval is given by Eq. (6).
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1 T
PFDgyg = ;f P (t)dt (6)
0

Where Py (t) is the instantaneous PFD related to the failure rate
by Eq. (7):

P (t) = 1—exp [— f[z(t)dt] 7

For this model, the PFD is for the total probability of the time
spent in the failed state &, here, the probability of critical
leakage upon a demand for closing the valve corresponds to
PFD. The frequency of entering failed state k; is not of any
interest but rather the total time spent there. In this case

i=k
1
PFDy == ) Pu(®) ®
n=0

Where i is sub-index of the failed state k&. We assume perfect
repair at every inspection.

2.3. Inspection interval optimization.

In most inspection optimization, cost is the major concern and
driver for maintenance decisions and hence is used in deciding
the inspection and maintenance interval. The goal is to optimize
for inspection frequency by choosing an inspection interval that
minimizes the inspection cost while maximizing the well
availability for production, and minimizing the PFD. In this
work we consider the maintenance and inspection cost Eq. (9)
to find the minimum costs due to failures in state & and repairs
across the degraded intermediate states 1 and 2.

@ =c/t+ (g + )@+ @ (9

Where ¢; is the inspection cost, ¢ the failure cost in terms of
lost production, c¢,, corrective maintenance cost, ¢, the renewal
cost, A, is the effective failure rate and p, the effective repair
rate. Here, ¢, refers to the cost of restoring the valve health to
as good as new i.e in healthy state 0. The effective failure rate
depends on the maintenance limit and can be derived from the
transition matrices for each limit. The effective repair rate is
then the average probability of being in the failed state.
Similarly, the renewal rate is the average probability of being in
the state of the maintenance limit /.

3. Case study

The leakage in closed position failure mode is the most
prevalent failure mode in subsea XT valves. According to the
OREDA database, XT gate valve has a MTTF of 475 years
(166666 days) if the valve is operated without maintenance.
Using these values, we compare the NORSOK D010
maintenance policy with the proposed Markov model with
varying inspection regimes. The metrics of interest are the
PFD,,, and the inspection cost ¢(t).

3.1. NORSOK-D010 model

The NORSOK model is a classic two-state Markov model with
no intermediate states considered. It therefore assumes the
valve is either in the healthy or failed state. The NORSOKD-
010 rev5 also recommends a varying inspection model after a
well barrier has been restored to as good as new. The barrier
must be tested 3 times every 30 days and then 3 times every 90
days. The PFD for every interval is calculated and the
corresponding PFD,,, for 360 days is obtained using Eq. (10).

PFD = AT
)

(10)
According to OREDA, the failure rate of a subsea XT valve for
the leakage in closed position failure mode is 5.76x10°%/day
(0.24 x 107/hr). For a 365-day period, the calculated PFD,y, =
4.83x10* with a total of 6 inspections plotted in Fig. 3.
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Fig. 3: NORSOK D010 maintenance policy

3.2. Applying varying inspection interval Markov model
Suppose the XT valve undergoes a k = 3 Markov state leakage

degradation process represented by the Markov model
according to Fig. 2, where the XT valve degradation level is
divided into states that correspond to a fluid leak rate, a typical
degradation indicator for the leakage in closed position (LCP)
failure mode is the leakage rate such that:

0 — Healthy: 0 - 0.091/min
1 — Slightly degraded: 0.1- 0.191/min

2 — Very degraded: 0.2- 0.391/min
3 — Failed: leakage rate: 0.41/min and above

Assume the XT valve degradation transition rates A described

in Table 1 such that:
z": L MTTF
Lk
i=1

The equivalent renewal rates p to restore the valve state to as
good as new are also shown.

@an
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Table 1: Model parameters considered for a period of 360 days. 6 scenarios are assumed as

Parameter Value described below

Aot 1/35000

M2 1/20000 e Scenario 1: Stick to longest interval of 180 days in all

Ao 177050 states. This is also synonymous to NORSOK-DO010 rev 5

Ko 172 inspection intervals under no failure.

H20 /5 e Scenario 2, 3, 5: Stick to long interval when in belief

K30 1/10 states 0 and short interval when in belief states 1 and 2.
e Scenario 4, 6: Stick to reduced intervals of 90 and 30

Maintenance matrices are obtained with My performing days respectively for all states.

inspection transitions for states 1,2 and 3 for the long inspection

interval 7, and another Ms for inspection transitions at 7, for Slight model variations were also made based on repair options

states 2, 31.and 3,. described below:

e Mode 1: No repair from state 2; to 0
e Model 2: Repair from state 2; to 0 instead of 1 to 0
e Model 3: Repair from both states 2; and 1, to 0.

4. Results and discussion

The Markov model was simulated for a total running time of
360 days to determine the PFD, number and cost of inspections
in a year. To calculate PFD at any instant, we sum up the

probabilities in the failed state 3 according to Eq. (11). The results obtained from the 3 models under the 6 scenarios

are shown in Table 2. The percentage inspection cost
PFD = P[3] + P[3,] + P[3,] + P[3s] (11) compared to the NORSOK D010 model, which has 6

The PFD,,, is then calculated from Eq. 8. The results were inspections in a year is also indicated.

plotted as shown in Fig. 4. Different combinations of T were

Table 2: Scenarios under different values of T with perfect repair

Scenarios T Ty PFDayg PFDay, PFDayg MTTI Inspection % Cost vs
Model 1~ Model 2 Model 3 (days) per year NORSOK

1 180 180 7.66E-9 8.05E-9  7.470E-9 180 2 -66.67

2 180 90 7.09E-9 7.35E-9  7.03E-9 135 3 -50.00

3 180 30 6.70E-9 6.85E-9  6.70E-9 105 3 -50.00

4 90 90 1.42E-9 1.83E-9 1.34E-9 90 4 -33.33

5 90 30 1.11E-9 1.34E-9 1.10E-9 60 7 16.67

6 30 30 1.30E-10  4.06E-10 1.13E-10 30 12 100.00

N

¢) Scenario 3
i
Vol

- | I"| ,|.| |"| II: LA |
i L Vv Y \
f /| / / /\ / | / / w—t J Y 'U \;‘ HU' \J' t ;’ l'au."l 'u.u,u'l l".u.
. / |/ lII j |\ / \ AN | / N
S S N — """I""",}'f"' Pl ,:"T ________ }Illl _________ '.\ s ” |

f an

d) Scenario 4 &) Scenario 5 f) Scenario 6

Fig. 4: PFD plot of Model 1 under 6 scenarios
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4.1. Cost optimization with T and s
There are costs associated with the repair transitions associated
with the repair activities such as equipment mobilization, rig up
and testing. In addition, we might have production losses from
the failed state. Using Eq (9), different combinations of T,
and 1, were evaluated with an objective of achieving the
combination with the inspection  cost,
irrespective of maintenance limit /. The simulation was
run to achieve the effective failure rate A. and effective
renewal rate p.. Here we use ¢ + ¢y = 1 X 10° USD

and ¢, = 1 X 10° USD for illustration

minimum

6000
5000
4000 3
2
3
3000

2000

Fig.5: Cost of different combinations of ts and i

In general, maintenance policies that involve the 1, = 30
interval are more costly compared to other t combinations.
Scenario 1 of T, = 1, = 180 days had the least inspection costs.
An inspection interval of 180 days achieves the lowest cost
savings and lower PFD,,, compared to the NORSOK D010
inspection model.

4.1. Model PFD comparison
Using the NORSOK D010 model, the calculated PFDay, =
4.83x10* which is higher than the PFDay, calculated from the
varying inspection Markov model in Table 2 and plotted in Fig
6. The results also show that although scenario 5 is also has a
combination of 90 days and 30 days inspection intervals, the
PFDayg is much lower than the NORSOK D010 model. This can
be attributed to the fact that the varying inspection intervals
model has more states than the simple 2-state NOROK D010
model, allowing failures to be detected and repaired. The
NORSOK model contains both detected and undetected

failures. In addition, because the varying intervals model does
not immediately repair the failed state to state 0, the PFD does
not return to 0 at inspection as in the NORSOK D010 model.
However, this maintenance policy is more costly by a cost
increase of 16.67% due to an extra inspection compared to the
NOROSK D10 model. Scenario 4 of inspection intervals of T =
T, Ts = 90 days gives reduced PFD.y, and is thus the preferred
inspection policy with 4 inspections, less than NORSOK and
scenarios 5 and 65.

le-9
8 == Model 1
== Model 2

m= Model 3

Scenarios

Fig. 6: PFDavg values for different models under different scenarios

Scenario 6 gives the lowest PFD,,, across the three models.
This is expected due to the reduction in 1, from 180 to 90 days.
In addition, Model 3 gives the least PFD,y, for all scenarios.

4.2. Limitations

e For ease of maintenance administration, we have used
30-day intervals in the maintenance administration

e We assume that the true state of the XT valve is revealed
with 100% accuracy at every inspection, which might
not always be the case, especially in the subsea
environment where visibility and access are limited.

e Applying this model in a group maintenance policy for
all valves on the XT would be a more practical solution
that reduces the number of inspections than focusing on
individual valves.

5. Conclusion

We have proposed a varying interval maintenance strategy
where we reduce the inspection interval when a degraded state
is observed. The Markov model discussed in this text takes into
account the evidence-based aspect of the human decision maker
and is thus a realistic model.

We compared the results with the recommended
NORSOK-DO010 inspection policy. The evidence-based varying
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inspection intervals Markov model had a lower PFD,,, for all
scenarios of long and short maintenance intervals. The results
also show that the varying inspection scenarios involving 30-
day intervals greatly reduce PFD,yg, however they also lead to
increased inspection costs. The scenario 4 of equal 90-day
inspection intervals strikes a balance between cost and PFD,y,
reduction. Therefore, instead of the 3 consecutive 30-day and
90-day inspections after a valve failure, 4 consecutive 90-day
inspections can be used to achieve lower PFD at a lower
inspection cost.

This model can be applied to inspection of other well
barriers, especially in late well life where degradation
accelerates and we match the inspection frequency to the
barrier degradation rate. This can be used for decision support
un life extension projects both for costs and risk in repairable
well barrier systems. The benefit is increased well uptime with

reduced failures but also reducing the costs of unplanned failure

both in lost production and equipment damage.
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