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Abstract

Condition assessments and rating systems are frequently used by field engineers to assess
inland navigation assets and components. The goal of these assessments is to initiate
effective risk-informed budget plans for maintenance and repair/replace. Ideally, a
degradation model of every component failure mode in the gate would facilitate
maintenance decision-making. However, sometimes there is no clear physical
understanding how a damage progresses in time; for example, it isn’t clear how the
bearing gaps change in time in the quoin blocks of a miter gate. Therefore, this is one
motivation for the framework proposed in this paper, which integrates Structural Health
Monitoring with a Markov transition matrix built from historical condition assessment.
To show the applicability of this framework, two examples are presented of how to find
the optimal time to plan for maintenance of components in miter gates i) static
maintenance planning based on operational condition assessment (OCA) ratings only and
i1) dynamic maintenance planning based on integration of damage diagnostics based on
monitoring data and failure prognosis based on OCA ratings. In addition, this paper
presents a new Bayesian approach to estimate the ratio of errors in the OCA ratings,

which allows for improved accuracy in OCA rating-based prognosis.

Keywords: Miter gates; Uncertainty quantification; Weibull analysis, Surrogate model,

Damage estimation, Bayesian, Remaining useful life, Markov process.
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1. Introduction

The U.S. Army Corps of Engineers (USACE) maintains and operates 236 locks at
191 sites in the United States [1]. More than half of these structural assets have surpassed
their 50-year economic design life [2]. For the USACE portfolio, a maintenance planning
framework is needed for the navigation structures that are under the SMART Gate
program [3], which consists of several lock sites including Dalles Navigation Lock, Lock
27, Greenup Lock (used in this work), and Meldahl Lock on the Mississippi River [4]. In
this work, the component of interest is the bearing gap in the quoin blocks. The
deterioration of the quoin blocks is broadly manifested as a small gap because of the loss
of contact between the quoin block attached to the gate and the wall that supports the gate
laterally. The formation of this gap can be detected using sensor data or from features
derived from this data [5,6]. It is important to optimize the maintenance of quoin block
components because they directly control the lateral boundary conditions, which affect
the stress profile in horizontally-framed miter gates, where over-stresses exceeding a
certain threshold can lead to structural failure. Currently, contact blocks are effectively a
continuous single piece of steel, which during maintenance requires the entire piece to be
replaced even if only part is damaged [7]. However, replacement cost is relatively low
compared to the downtime cost during maintenance or when failure occurs. Therefore, it
1s necessary to optimize the maintenance considering not only repair/replacement costs
but also the impact (consequence) costs when a miter gate is not operational.

Maintenance planning has been extensively studied for various engineering systems
in the past decades. Current approaches can be roughly classified into two categories,
namely time-based maintenance (TBM) and condition-based maintenance (CBM). TBM
(also known as periodic maintenance) assumes that the estimated failure behavior is

statistically or experientially known [8]. Statistical modelling such as Weibull analysis
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[9] 1s widely used in TBM to identify failure characteristics of a component or system.
The goal of TBM models is to find the optimal policy that minimizes a cost function.
TBM approaches have been developed for both repairable or nonrepairable systems [10],
and the complexity of the TBM approach correlates to the complexity of the structural
system. Applications for single-component or multi-component systems are found in
[11,12] and [13,14], respectively. A more extensive review of TBM applications can be
found here [15]. In this work, a single component system TBM model is first considered
and later compared with a CBM model.

CBM has gained increasing attention recently as a preferred approach to TBM. CBM
combines data-driven reliability models and information from a condition monitoring
process (e.g. continuous monitoring, periodic inspection, or non-periodic inspection).
Based on the underlying degradation process, CBM models can be categorized into two
subgroups: (1) models that assume discrete-state deterioration and (2) models that assume
continuous state deterioration. An extensive list of CBM applications may be found in
[16—19], primarily used for mechanical, aerospace, or manufacturing systems. For large
civil engineering infrastructure, most of the applications have been applied specifically
to bridge engineering [20-22]. In CBM, maintenance schedules are predicted based on
methods integrating current state diagnostics and future state prognosis. These methods
may be classified into physics-based (e.g., a finite element (FE) model) [23-25], data-
driven (e.g., a Marko transition matrix or other probabilistic method) [26—29], and hybrid
approaches [30,31]. A hybrid approach that combines physics-based knowledge with in-
situ data to improve the CBM predictive capabilities is the focus of this paper. For the
case of the miter gate (and many other structural applications), an FE model to predict
the miter gate response for diagnostics is employed, due to the lack of field data. In order

to use a physics-based approach for prognostics, a degradation state equation would be



83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

needed. The degradation of some critical components of the miter gate, however, is not
fully well understood. A random-walk state equation could be assumed; as is shown in
this paper, a random-walk state equation will lead to large errors, even though it might be
good enough for damage diagnostics. This work proposes a new hybrid approach to
overcome this challenge by integrating physics-based structural health monitoring (SHM)
with a statistically-based state transition matrix, which is obtained from operational
condition assessment (OCA) data. The OCA rating is an assessment obtained from an
inspection process, which uses existing data from periodic and non-periodic inspections,
including corrosion tests and dive reports. The objective of the OCA process is to obtain
global consistent operational condition data to identify the current condition states of the
USACE infrastructure [32]. According to the literature, hybrid approaches have not been
studied as extensively as noted in [33] and even less for large civil infrastructure systems
or miter gates. While the focus in this paper will be on horizontally-framed miter gates,
the framework is applicable to other structures that have both online health monitoring
systems and available condition rating data (e.g. OCA).

The contributions of this paper can be summarized as: (1) development of a new
hybrid CBM approach that integrates high-fidelity FE model-based SHM with inspection
data-based transition matrix for effective diagnosis, prognosis, and maintenance
planning; (2) quantification of effects of uncertainty in OCA ratings on maintenance
planning; (3) a new Bayesian scheme to update the error ratio in the OCA ratings; (4)
surrogate modeling method to overcome the computational challenge in FE model-based
SHM; and (5) application of the proposed framework to a miter gate problem.

Next, an overview of the proposed framework will be provided. Following that, the

proposed framework is explained in detail.
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2. Overview of proposed framework

Fig. 1 presents an overview of the proposed framework for optimal maintenance
decisions for deteriorating components in miter gates. As shown in this figure, the
proposed framework consists of four main modules, namely (1) failure prognosis based
on OCA ratings, (2) maintenance planning, (3) damage diagnosis using physics-based
simulation, and (4) integration of failure diagnosis and prognosis to achieve on-line
planning and updating. These four modules are systematically integrated together to

perform two types (static and dynamic) of optimal maintenance decisions for miter gates.

g
.

Static maintenance planning } .......

[ Field OCA ratings

Uncertain < Uncertain failure
damage states Failure prognosis time distribution

Orrlin(_e [ State transition matrix ] Field cost
monitoring data
data
Damage diagnosis Maintenance planning
[ Physics-based simulation ] [ Cost per unit time ]

Bayesian Estimation [ Optimal maintenance time]

[ Weibull analysis ]

Integrated failure diagnosis
and prognosis

Mapping of damage state ]

[ Dynamic maintenance planning ]

Figure 1: Overview of proposed framework for optimal maintenance decisions for
deteriorating components in miter gates

The term static refers to the inability to update the current or future state based on the
changes that a component of the system undergoes. The static maintenance planning is
only based on the field OCA ratings from a large population of miter gates. The obtained
maintenance decisions are therefore general to the population of miter gates and are not
specific for a specific gate. Thus, the maintenance planning may not be truly optimal for
a specific gate. For the static maintenance planning, there are several uncertainties to be
addressed, such as how to justify a maintenance decision and how to deal with the

uncertainty in the OCA rating due to incorrect rating assignments, 1i.e., ratings due to
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protocols are sometimes given to components even when they are not inspected.

Many miter gates are equipped with sensors which can collect strain measurement.
data in real time, e.g., the SMART Gate program mentioned earlier [3]. Based on the
online monitoring data and the high-fidelity physics-based simulations, the damage
condition is estimated using Bayesian methods. The real-time damage diagnosis provides
damage information at individual gate level, which offers an opportunity to achieve
optimal maintenance planning and dynamic maintenance decisions. The integration of
failure diagnosis and prognosis (as shown in Fig. 1) faces several challenges. For instance,
the high-fidelity physics-based simulation model is computationally expensive, which
makes Bayesian damage estimation challenging; the OCA ratings are highly abstracted
and are assigned at a different time scale than the online monitoring system. The proposed
framework tackles the above challenges by using the information from field OCA ratings,
physics-based simulation, and online monitoring data.

Each of the following sections explains in detail the four modules mentioned earlier.
Section 3 and 4 describe the static maintenance planning based only on the field OCA
ratings from a large population of miter gates. Section 5 and 6 describe the formulation
and application, respectively, of the dynamic maintenance planning based on the
integration of prognosis models (i.e. physics-based FE model) and historical inspection
data (i.e. field OCA ratings). More specially, Section 5 explains the damage diagnosis
using physics-based model updating using two different degradation models (i.e. state
equation) and formulates the integration of failure diagnosis, Bayesian updating of the
error ratio of the OCA ratings based on damage diagnosis, and prognosis to achieve on-
line planning and updating. Section 6 describes a real-world application example of the

framework described in Section 5.
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3. Failure prognosis based on OCA ratings

3.1 Deriving a transition matrix from OCA ratings

The USACE Asset Management team oversees the OCA process to assess structural
component deficiencies by giving a category rating based on a condition and performance
criteria. The ratings are classified as 4 (Excellent), B (Good), C (Fair), D (Poor), F
(Failing) and CF (Completely Failed). More detailed definitions and discussion may be
found in [2]. A transition matrix P (see Eq. (1)) is defined as a square matrix with
nonnegative values that represents how some process “transitions” from one state to the

next. In this application, an inspected OCA rating at time ¢, /,,, (which represents the

OCA rating is i at time ¢, with i=1...6, corresponding to the 6 letter ratings specified

above), will transition to inspected state at time #+1, 7, ,, j =1...6, according to
P(At+1|At) P(CE+1|At)
P:P(Ij,HI ]i,t): : aVi5j:15"'96' (1)

P(4,,|CF) - P(CF,|CF)

Based on an OCA database, the number of times that a component transitioned from
one rating category to another (as determined by engineering expert elicitation) over a
given inspection time step was determined to generate the rating transition matrix. Each
value in the transition matrix represents a conditional probability, and the sum of each
row equals unity after normalizing the counts. Only the upper triangular components were
considered to simulate component deterioration; the lower triangular components would
represent improvements or repairs (transitions from a worse condition to a better
condition), and for the purposes of this analysis, they were ignored. Fig. 2 shows the
overall process for generating this one-step transition matrix P. The foundational data
used to generate the counts were obtained from the OCA ratings database for navigation

locks corresponding from January 2010 to June 2018, which was provided by USACE
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N components at two
points in time (years) -

A A Rating| Ay 4 Biyq Ct+1 | D41 | Fraq | CFpiq

A A A, | 2513 689 17 7 6 8

g 18 B, 0 125129*(Bepected/Boa) | 1186 | 469 | 214 70

c b & d> ¢ | o 0 3275 | 447 | 25 | 18

A B | ¢ D 0 0 0o | 1102 | 59 11

o t
. . g
n 1 § F, 0 0 0 0 | 813 [ 127
o

C Al =z CF, 0 0 0 0 0 199

A F

B B JL

D F

F CF

t t+1 P - P (Ij,f+1 ]i,l‘ ) , and assume Binspected/Btotal =1

Rating| A, Biiq Ctsa Disq Fraq CFryq

As 7.76e—1 | 2.13e—1 | 5.25e—3 | 2.16e—3 | 1.85e —3 | 2.47e—3
B, 0 9.85e—1 | 9.33¢—3 | 3.69e—3 | 1.68e—3 | 5.51e—4
Ct 0 0 8.70e — 1 1.19¢—3 6.64e — 3 4.78¢ — 3
D; 0 0 0 9.40e—1 | 5.03e—2 | 9.39¢—3
F, 0 0 0 0 8.65¢—1 | 1.35e—1
CF, 0 0 0 0 0 1

Figure 2: 1-step (1 year) transition matrix for quoin block components

3.2 Unreliability (failure) function using transition matrix for component reliability
A failure cumulative mass function, which can approximate the probability of failure
cumulative density function, can be obtained by calculating the transition probabilities
after n time steps. In this case, failure is defined to be achieving the rating “CF”. The
probability that a critical component goes from OCA rating i to OCA rating j after n
inspection time steps is calculated by raising the transition matrix to the power of »,

P(1

Jit+n

Ii’t):P”,‘v’i:l,~--,6;jZi. )

The conditional probability n-step transition matrix Eq. (1) can then be used to
transition some initial OCA rating probabilities for each rating to the state probabilities »

time steps later, or

P(L,)=[P(1,). P(L,,). P(L,). P(L,). P(L, ). P(I, )I=P(,) ", ()



191

192

193

194

195

196

197

198

199
200

201

202

203
204

205

206

207

where P (I

in

), i=1...6, is the predicted OCA rating at time ¢,, and P(I,) is the initial
inspected OCA rating probability, i.e.,

P(,)=[ P(4,),P(B,).P(C,).P(D,),P(F,),P(CF,)]. (4)

Fig. 3 shows the unreliability function , F'(¢), of the quoin block component with the

component age in years with the initial state probability specified as P(I,) =[1,0,...,0],

1.e., the gate begins its OCA rating fully in rating “4”. This is a reasonable assumption,
but any initial OCA rating could be specified if other information is known, e.g., some

initial degradation is possibly present at the initial time.

10 I Unreliability function ‘
0.8+
206/
=
o
8
& 04} F(n)=1-R(n)=P(l,,),
which is obtained from Eq. (3).
0.2} 1°n : discrete time in years
0.0k ; ; |
0 50 100 150 200 250 300

Time (Years)

Figure 3: Unreliability function of quoin block component [34]

4. Static Optimal Maintenance Decision of Miter Gates Based on OCA Ratings

4.1. Failure time distribution modeling via Weibull analysis

The predictions about the life (i.e. reliability) of any component over time ¢ in a
structure may be fit to a Weibull distribution [9], which is commonly used in life cycle

analysis. The reliability function, R(¢), based on the Weibull distribution is:

R(t)= e[;] , (5)
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where R(¢), f, and 7] are the reliability, shape parameter, and characteristic life (scale
parameter), respectively. The shape parameter f must be greater than 1.0 to justify

preventive maintenance due to wear out failures [4,35]. The characteristic life (or scale

parameter) 77 represents the point in time when there is a 63.2% (when ¢ =7 in Eq. (6))
chance of failure of the component. The corresponding failure time distribution, F'(¢), is

given by

‘ B

F(t)=1-R() :l—e_["j . (6)

For the locks and dams comprising the USACE infrastructure portfolio, the typical
Periodic Inspection (PI) of the lock and dam varies from every year to occurring to a
maximum of every 5 years [36]. However, the dewatering of a lock is much less frequent,
often spanning multiple PI intervals. Therefore, unless there is evidence of degradation
of a component that cannot be inspected, it is given a “B” rating. If a component was
previously given something less than a “B” rating, and it is known that no work has been
performed, the rating is carried over. Thus, many of the given “B” ratings are not the
result of an actual inspection; this is particularly true for any component that is submerged
underwater. Based on direct communication with USACE personnel, this is true for all
components that are “unable to be inspected at that time, which is essentially the innocent
until proven guilty mindset”. After analyzing the data, it was clear that the counts
remaining at B after 1 year were very large (see counts of staying at B in Figure 2). Also,
it was noted that many historical OCA ratings of quoin block components didn’t transition
all the way from A to CF. Sometimes, the components were replaced/repaired before
passing to C, D or F (or they just simply not recorded). Therefore, after discussing with
USACE engineers, the source of uncertainty of the B ratings needs to be accounted for in

the failure time analysis and maintenance planning.

10
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Fig. 4 shows how the unreliability function, F(z), changes when the transition matrix
changes due to the uncertainty associated in the states remaining at “B” as explained

before.

o
©

Probability
o o
» o

0.2 : |
HEl F(t) : Unreliability function
0.0 . F(t) with uncertainty in "B" ratings ||
0 50 100 150 200 250 300
Time (Years)

Figure 4: Unreliability function considering uncertainty in the condition rating protocol
The variability in the unreliability function was obtained by considering that the
counts of remaining in state “B” that corresponded to an actual inspection was some ratio

of the total counts reported (i.e., Binspected/Brotal Varies from 0 to 1).

4.2. Static optimal maintenance based on failure prognosis
Based on the unreliability function F(?), the optimal maintenance time can be found
by minimizing the cost function proposed by [10] to find the cost per unit of time (CPUT)
of performing preventive maintenance at time # (in years) as follows:
C,[1-F(®)]+C,[F(1)]

CPUT(t) = —— , (7)
j [1- F(s)]ds

where C, is the preventative action cost, and C, is the unplanned action cost. The

denominator of Eq. (7) represent mean time between maintenance actions. Note that

Eq. (12) has more meaning when the cost ratios, C, / C,, are considerably greater than 1,

otherwise the numerator would behave as a constant function. Fig. 5 shows the CPUT

11
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computed for different cost ratios C, / C,, without considering the previously discussed

uncertainty in the “B” ratings. For some miter gate, it was suggested by USACE personnel
that the corresponding cost ratio is close to 5 based on cost data from lock 14 (located in
the Arkansas river), which would result in a Zopima of about 48 years implied by Fig.5 if

that were the case.

0.6 ‘ ‘ ‘
. C‘p = 1: Cu =50 (tnpfimal =13 yrs)
0.5 I q; =1, c, = 20 (toptimal =19 yrs) =
1 Q) = 11 Cu =10 (toptimﬂl =27 yrS)
% 0.4} | q) = 1: Cu =5 (toptimal =48 yrs)
2 B C, =1, C, =4 (typima = 69 yrs)
—
= 0.3}
2
o
O
0.2
0.1
e —

0 20 40 60 80 100
Time (Years)
Figure 5: CPUT based on transition matrix with Binspected/Btotai = 1.

To understand the advantage and cost savings, the CPUT value at the optimal value
is compared with the CPUT at other repair/replacement times, which can represent the
average time that USACE regularly performs maintenance on quoin blocks. Fig. 6 shows
the percentage savings using the optimal maintenance as a function of the average actual
maintence time cycle. Note that if the actual maintenance time is already at its optimum,
the percentage of savings is equal to 0%.

Fig. 7 shows the CPUT computed for different cost ratios when considering the
uncertainty in the “B” rating in a given year. The results clearly show a lot of variability
in the CPUT, and consequently in the optimal time to perform maintenance (i.e., the time
when CPUT is minimized). For example, the minimum CPUT varies from 0.05 to 0.15

for C,/C, =5, which is an increment of 200%. Note that the variability is larger as the

cost ratio increases.

12
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Figure 6: % Savings based on actual maintenance time

0.6
C,=1,C, =50
0.5 C,=1,C, =20
¢, =10, =10
’{%‘0,4_ ¢, =10C,=5
g C,=10C,=4
<
=l
— 0.3
=
o
O

o
N

e
i

0 40 60 100
Time (Years)

Figure 7: CPUT with Binspected/Biotal from O (upper curves) to 1 (lower curves).

Fig. 8 shows the variability in the optimal maintenance time (between 16 and 48
years) when the cost ratio is equal to 5 (the USACE miter gate case). The variability is
more pronounced when the cost ratio is small as shown in Fig. 9. The modal values at the
ends represent the Zoprimas (at minimum CPUT) when Binspected/Biotat approaches to 0 and 1
in the left and right end respectively. The reason is because as the Binspected (due to

Binspected/Brotal = 1) approaches a large value, the normalized value in the transition matrix

is still a large value. In other words, the transition probability,P(BHl|Bt), is closer to 1
and larger relatively to the other transition probabilities from B, (i.e. P(A,H|Bt),

P(Ct+1|Bt), P(Dt+1|Bt), P(F;+1|Bt)and P(CFHI|Bt)). Therefore, the normalized values

in the transition matrix do not change as much, and consequently the 7,pimar does not

change as much. Similar behavior is observed when Binspected (due to Binspected/Brotal = 0)

13
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approaches to 0. Except that, P(Bz+1| Bt), is closer to 0 and smaller relative to the other

transition probabilities.
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Figure 8: Variability in optimal maintenance time for C./C, =5
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Figure 9: Variability in optimal maintenance time for different cost ratios

Table 1 summarizes the statistics of the time variability shown in Figures 8 and 9.
Based on these statistics, the average optimal maintenance time considering only the
reliability of quoin block in miter gates would be almost 31 years. As mentioned earlier,
the cost ratio for lock 14 is close to 5, so an interpolation can be made for the optimal
maintenance between 4 and 5 if needed. Also, the reason why larger cost ratio values (e.g.

10, 20 and 50) were considered is because miter gates in the Mississippi river or other

14
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rivers would have higher traffic demands than lock 14. In other words, the downtime cost

for these gates will logically be increased (C, would be larger).

Table 1: Optimal maintenance time (years) statistics

Cp/Cu  Mean SD Max Min

50 8.82 2.59 13 2
20 13.47  3.60 19 5
10 19.27 499 27 10
5 30.75  9.09 48 16
4 38.52 13.48 69 20

Up to this point the maintenance planning has been depending only on the historical
inspection data (i.e. field OCA ratings). However, current state (or damage) estimation
can enable dynamic decision making, which may lead to reduced lifecycle cost. To
achieve this, Sec. 5 proposes the integration of diagnostic models (i.e. physics-based FE
modeling) and historical inspection data (i.e. field OCA ratings). As mentioned before,
the following section formulates the integration of failure diagnosis and prognosis to

achieve on-line planning and updating.

5. Integration of Damage Diagnosis and Failure Prognosis for Dynamic

Maintenance Planning of Miter Gates

As demonstrated in Sec. 4, optimal maintenance highly depends on the evolution of
the damage, e.g., how fast the probability of “CF” changes with time. Ideally, a
degradation model of every damage level present in every component in the gate would
facilitate the maintenance decision-making process. However, sometimes there is not a
clear understanding of how the damage evolves with time. For example, such is the case
with miter gates, where it is not understood how the bearing gaps change in time. This is
one motivation for integrating SHM with the Markov transition matrix. Figure 10 shows

more details of the proposed framework to integrate SHM with the Markov transition

15



318

319

320

321

322

323
324

325

326

327

328

329

330

331

matrix. As shown in this figure, the proposed framework first estimates the damage sate
(i.e. gap length) using online SHM data. The estimated gap length is then used to update
the error ratio in the “B” ratings. Based on that, the Markov transition matrix is updated,
which will be used for failure prognosis and dynamical optimal maintenance planning. In

what follows, each element of the proposed framework is explained in detail.

Sequential Damage Estimation Using Physics-Based Simulation (Sec. 5.1)

Strain measurement Physics-based Surrogate Damage estimation
data (online) simulation modeling

’ i

A
. . » Damage to OCA
Failure prognostics and [€ rating mapping
optimal maintenance < - "
planning (Sec. 4.1 and 4.2) Markov ghaln transition . ¥ .
matrix (Eq. (1)) Bayesian updating of
Con s |l the errorratio
Remaining useful life LT e B EE S &
: M 1 = OCA ratings from
Optimal maintenance inspections

. . . Error ratio updating
Prognostics and maintenance planning (Sec. 5.3) (Sec. 5.2)

Figure 10: Overview of the proposed framework

5.1 Sequential damage estimation using physics-based simulation

Let s, =[s,,5,,, ", 5y, ] be the strain measurement data at time step #,, where Ny is

the number of strain sensors, the posterior probability density function of the gap length

h, at time step ¢, conditioned on strain measurements s, = {s,,s,,--,s,} collected up

to ¢, is given by

£ 1,) =L Cal BT BlSu) o 13y rn 15, ), ®)

[ 76, 111,15, ),
where f(h, |s,, ) is given by
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S V8= [ SO 1) f By 8y, ©)
with f(s, |h,) being the likelihood function (from the measurement equation) of
observing s, for given 4, at time step ¢,, and f(h |h, ) is the PDF of A, for a given
h, , obtained from the state equation which describes the damage evolution over time.

As illustrated in Fig. 10, the physics-based simulation model is employed as the

measurement equation in this paper. The likelihood function f'(s, | /4, ), assuming that the

observations s, are statistically independent, is computed by

—u.(h
G5, | h) = H¢[ Hy U )} (10)

8

where ¢() is the PDF of the standard normal distribution, o, is the standard deviation
of the observation noise, and (%, ) is the mean strain response prediction at the location

of the j-th sensor obtained from the physics-based simulation.

Since the physics-based computer simulation model is used to predict
wy(h,),¥j=1,2,---, Ng and the likelihood function f(s,|%,) needs to be evaluated
numerous times during the sequential damage estimation, this is computationally
burdensome. To address this challenge, a surrogate model is constructed for the strain

response at N, strain locations as s=[s",s?, ... s™]=¢ (x) , where
sV, j=1,2,---, Ny is the strain response prediction at the j-th sensor location and
X =[A, 0] including the gap length ( #) and other model parameters (0 ) such as

hydrostatic and thermal loads applied to miter gates.
To build such a surrogate model and tackle the challenge of the high-dimensional

output during surrogate modelling, N training points are first generated for x and are
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denoted as x, = {x,, x,, -+, X, }. From physics-based simulations, a data matrix of the
strain responses for N training points is obtained as below

w=[w(x,), W(x,),..., w(x,)]"

W(la Xl) W(la Xz) e W(L XN)
w2, x,)  w(2,x,) - w(2,Xy) _ (11)
W(Ng, X)) W(Ng,X,) -+ w(Ng, Xy)

where w(x,)=[w(1, x,), M2, X,), -, (Ng, x,)]" €~ noa 18 the strain response with
inputs x, Vi=1,2,---, Ng, w(J, X;) 1s the strain response at the j-th sensor location, and
N 1s the number of sensors as discussed before.

The data matrix w shown above is then compressed using singular value

decomposition (SVD) as

w=VMU’, (12)
where V is a NxN orthogonal matrix, U is a N x N, orthogonal matrix and M is a
N x N, rectangular diagonal matrix with non-negative real numbers A =[4,,4,,...,4,]
on the diagonal, in which £ is minimum of N and Nj.

Defining another matrix as y = VM, the original data matrix w can be reconstructed
T C
w(,x)" =2 7, U, (13)
Jj=1

where v, =[7,, %55, 7, ] is the i-th row of ¥, w(, x,)" is the i-th row of w, y, is the
element of ¥ at i-th row and j-th column, U , is the j-th important feature vector used to

approximate w, and 7 is the number of features retained in the decomposition.

Eq. (13) shows that the variation in the high-dimensional response across the design
domain mainly comes from the variation in y, =[y,(X,), 7,(X,), -, 7.(X;)] , which
denotes the value of y for i-th training point. With the training points of
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Y. = (x,), 7,(x,), -, 7,(x;)] and x;, i=1,2,---, N, a surrogate models is constructed
for y,7,,--, and y, as y,=g,(x),Vj=12,---,r using the Kriging surrogate
modelling method. In Kriging surrogate modelling, y, = g,(x) is approximated as

7= 8,00 =10 0+ Z(x), (14)
where @ are coefficients of the trend function f(x)", and Z(x) ~ N(0,02,0(s, +)) is a

stationary Gaussian process with correlation function p(e, s) between the responses at

any two points given by

Ny

p(x,X') =exp {—Z @, (x, = x))" } (15)
=1

in which N, is the number of variables, and @ =(@,,...,®,, ) is a vector of roughness

parameters.

The hyper-parameters U:(a, aép,a)) can be estimated using the maximum

likelihood estimation method (used in this paper) or the least-squares method. After the
estimation of the hyper-parameters v, for any given inputs x, the GP prediction is a

Gaussian random variable given by
};j=§j(X)~N(,Llj(X),O'f(X)),VjZI,Z,---,r, (16)
where x;(x) and af (x) are respectively the mean and variance of the prediction of y,

at input x. Combining Eqgs. (13) and (16), the strain response in the original space (i.e.

strain at . V. locations) of the kriging surrogate model can be expressed as

[W(1, X), W(2, X), -+, W(N,, X)] = Z g,(0U,. (17)

For any given x =[#, 0], the prediction of the strain response in the original space is

given by
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\;1\/'(1, X) ~ N(,Uw(l, X)) Gyzv(la X))9 Vi= 15 25 ) Nsa (18)

where y (i,x)= Z,uj (x)U,(i) and o,(i,X)= /ZGf (X)sz.(i) . The covariance of
=1 i=1

w(i, x) and w(k, x) is given by

2, =>.0. (U, (), (k), Vi, k=1,2,, Nj. (19)

=1
For sensor locations i = k, after considering uncorrelated and unbiased observation

noise, the diagonal entries of the covariance matrix become
C 2 2/ 2 .
zn‘:Zqi(X)Uj(l)+o-6»>VZ:1’ 2, Ns. (20)
Jj=1
After substituting the original physics-based simulation with the surrogate model as

discussed above, the likelihood function f'(s, | 4,) in the sequential damage estimation

is computed by

exp(-0.5(s, —p,) 27(s, - ,))

h,)= , 21
f(s,1h) el 2D

where the mean and covariance terms are given by

n,= [;uw(la X)a luw(za X): BT ﬂW(Nsa X)] and X = {zika VZ, k= 17 2a ) NS} ) Computed by
plugging 4, into Eqs. (16) and (17).
From Egs. (10) to (21), the computation of f(s, |A,) has been discussed in the

sequential damage estimation using a physics-based simulation model. As indicated in
Egs. (8) and (9), an important step in the sequential damage estimation is the evaluation
of f(h, |h, ), which is usually based on the state equation of the damage propagation.
As mentioned previously, however, the degradation mechanism of the miter gate is
complicated and not fully understood; there is no appropriate physics-based degradation

model available that can adequately describe the growth of the gap. The only known
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information is that the gap will grow over time (no self-repair/replace). In this situation,
the following minimally informed state equation is employed
h=h_ +¢&, (22)
in which ¢, is a sufficiently large process noise term that imposes random gap growth
over time, i.e., gap growth is a random walk. Since the gap can only grow over time, a
Weibull process noise with a shape parameter of 0.5 and a scale parameter of 1.2 is used
in this paper which is able to cover a wide range (from 0 to 228 cm) of gap growth rate.
By recursively implementing Egs. (8) and (9), the miter gate gap length is estimated
based on the online strain measurement data. In this paper, the particle filtering (PF)
method [37] is employed to perform the sequential damage estimation through the online
strain measurement and the physics-based simulation. Let the particles from the (n-1)-th

time step after performing prediction using the state equation be h, =[A , A ,,---, h ],

where N, is the number of particles in particle filtering, the posterior distribution at the
n-th time step is obtained by resampling the particles according to the following weights

X,: f(sﬂ‘hnl) ,\v/l'=1,2’...’N

= , (23)
> /6,18

where f(s, |h,) is obtained by plugging £ ; into Eq. (21).
As being shown in Sec. 6.2, the state equation given in Eq. (22) allows for effective
damage estimation through sequential Bayesian inference. Let the distribution parameters

of ¢, be 4, and «,, where A, is the scale parameter of Weibull distribution and x, is

the shape parameter of the distribution, if the state equation given in Eq. (22) is used for

prognosis, the gap length / after m months (m > 30, prognosis over 30 months) can
be approximated as a normal distribution as below according to the central limit theorem
H, ~N(h, +mu,, moc’), (24)
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where H stands for a random gap length, 7, is a specific realization of H , h, is the
current gap length, 1 =A4,T(1+1/k,) and o> = 4] [F(l +2/x,)—(C(1+1/ Kh))2j| are
respectively the mean and variance of ¢, .

The probability that the remaining useful life (RUL), 7, , is less than a specific value

q , is then given by

Pr{T, <q}=Pr{h, >he}=1—q{he_(h"+q“f)}, (25)

Jao,
in which £, is the gap failure threshold (i.e., 381 cm. this paper).
Based on the above equation, the (1—«) confidence interval of the RUL conditioned

on the current gap length /4, is derived as

24, (h,~h)+(@(@/2) ] T,

[7;—05/2’ Ta/z | hn] - 2/J£2 - * 2/;92 ’ (26)
where T is given by
= \[26(h, )+ (@ @20 | ~442h ~h,)" @)

The unconditional (1—¢) confidence interval of the RUL can then be computed by

T, =[fh,1,)[T, | b Jh,, (28)
in which f(h s ) 1s the posterior distribution of /4, obtained from the damage
diagnosis.

If the state equation given in Eq. (22) is accurate, the above equations allow to
analytically estimate the RUL. Due to the large process noise ¢, and the discrepancy

between the state equation and the underlying unknown degradation model, Eq. (22)
could lead to large error in the remaining useful life (RUL) estimation when it is applied

to the failure prognosis (see the result in Sec. 6.3). Therefore, the state equation Eq. (22)
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cannot be used for optimal maintenance planning. Motivated to overcome this limitation,
the physics-based damage estimation is integrated with the Markov transition matrix in
the subsequent sections for (1) updating of the error ratios in the “B” ratings, and (2)

failure prognosis of the miter gate based on SHM and transition matrix.

5.2 Updating of “B” ratings error ratio based on online damage estimation

As been shown in Secs.4.1 and 4.2, the uncertainty in Binspected/ Btotal could significantly
affect the failure prognosis results and maintenance planning. In order to reduce the
uncertainty using the damage estimation technique developed in Sec. 5.1, a mapping of

the estimated gap length 4, on to an OCA rating is performed as follows:

I, h, <le,e)
1, h €le,e,)
13,11’ hn E[62’ e3)

I, =1,(h,)= (29)

where [ =1

oc4(h,) 1s a function that maps a gap length 7, to an OCA rating /, at time

step #,, and e, j=0,1,--,5 are the gap length thresholds used to partition the gap

n

domain into OCA ratings.
In order to use the estimated OCA ratings to update the error ratio of the “B” ratings,

the variable Binspected/Btotal 1S defined as y = B. /B

inspected

y 1s then updated using

total *

Bayesian method based on the damage estimation as follows

I.
Lu(rIL,) = S, X IS, ()

) < fi, Wy | )1, (30)
.[fl\y(ll:n S, ()dy ! I\r

in which I, 2[1,, 1,,---, 1] are the estimated OCA ratings of time steps ¢ to ¢, from

the SHM system by mapping the estimated gap lengths into OCA ratings using Eq. (29),

23



479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

£, (y) 1s the prior distribution of y, the non-informative uniform distribution y ~ U(0, 1)
is used in this paper (i.e. f, (y)=1), and f (I, [y) is the likelihood function of
observing I, for given y.

Since the estimated I, =[/,,1,,---, ,] are uncertain due to the uncertainty in

h,i=12,---,n, Eq. (30) is rewritten as follows by considering the uncertainty in I,

fyu(ﬂ’ L,)= nyu(?/ | L, )P, =10, (3D

1

where I, isan observation realizationof I,, =[/,, I,,

.-+, 1] obtained from the physics-

1°

based damage estimation in Sec. 5.1, and £, (y|1,,,) is given by

Sor (7 Mon) o< f, (o | )1, (7). (32)

Defining the posterior samples of gap length from Sec. 5.1 as £,
Vi=1,2,--,mk=1,2,---,N,; (see Eq. (23) in Sec. 5.1), where N, is the number of
particles in particle filtering and hjk is the k-th particle at time step ¢, . Using the posterior

samples from ¢, to ¢, , Eq. (31) is approximated as

n?’

1 &
SO ) === £ (r ), (33)
p k=1

where h, =[h,, h,,---,h,] is the k-th realization of the gap length estimation, and

2%k "

fy|1 (7 [h,,) is given by

fy|1 (7|h,)oc f1|;/ (h,, | 7/)fy (7)s (34)
in which
£y =TT, 11 (35)

The f, (h; |y) is computed based on the OCA rating transition matrix as
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Fy U |7) = P, (), 1), ) = 1,2, (36)
where P(/,.,(h,),y) is an element of P, (y) with index of the element determined by
Ly (hy) given in Eq. (29).

P (y) is obtained using a transition matrix conditioned on y (see Secs. 3.2 and 4.1)

as follows
P, (1) =[P, ;. 7), Py, 7).+ P ;s )] = P(Ly) - P (7), (37
in which P/, (y) is a modified transition matrix to account for the difference in the time

scales of the SHM system and the 1-year transition matrix obtained from inspection data.
For instance, in this paper the time scale of the SHM system is in months; therefore,

P/ (y)=(P(y))"" in which P(y) is obtained by following the procedure depicted in

Fig. 2 and setting B,

inspected /Btotal = 7/ °
Using Egs. (31) through (37), the error ratio of the “B” ratings can be updated over

time based on the SHM damage estimations. Next, it is discussed how to perform failure

prognostics and maintenance planning based on the updating.

5.3 Failure prognosis and dynamic optimal maintenance planning

As indicated in Fig. 10, the above sequential damage estimation (using physics-based
simulation in Sec. 5.1) and the updating of the error ratio (Sec. 5.2) are integrated with
the transition matrix to overcome the challenge that there is no degradation model
available for failure prognosis. To achieve this purpose, the probability mass function
(PMF) of a certain OCA rating is computed based on the posterior distribution of the gap
length obtained from physics-based damage estimation (Sec. 5.1) and the mapping from

gap length to OCA rating in Eq. (29). Taking the OCA rating “ 7, ,” (i.e. the OCA rating
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is i at time step 7,) as an example, the PMF of “ 7, 7 conditioned on the strain

observations s, collected up to current time step ¢,, is given by

J‘q f(h” ’ sl:n )dhna lf l S 5
P(I |S €

in ln

):Pr{ln =1 |51;n}

i,n

= o ,Vi:l’...,6’ (38)
[ fh,1s,,)dh,, otherwise

in which Pr{-} is the probability operator and f(%, |s, ) is the posterior distribution

obtained from damage estimation as discussed in Sec. 5.1.

Since particle filtering method is employed, the PMF P([.

in

|s,,) 1s approximated as

Ny
ZA(hnk)
P(]i,n |sl:n):Pr{1n :Ii,n |Sl:n} zk:l—, Vizla “'567 (39)

P
where 4, ,k=1,2,---, N, are the posterior samples at ¢,, A(h,)=1if I,.,(h,)=1,,
and A(h,)=0, otherwise.
Based on the above equation, the PMF of all COA ratings conditioned on s can be
expressed as
P, |s,) =[P, [8,), P(1,, [8y,)s-s P(Lg, | 51,,)]. (40)
Combining Egs. (40) and (3), the OCA rating after m time steps conditioned on

current strain observations (s, ) and given value of the error ratio y is given by

P(1,,,18..7)=P(L s, ) P"(»), (41)

where P(y) is the transition matrix given in Fig. 2 for given B,

inspected

/ Btotal = 7/ :

The cumulative density function (CDF) of the remaining useful life is then computed

as
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Pr{RUL <m|s,} = [Pr{RUL <ml|s,,, y}f,, (|1, )dy,
= [Fy. 1) (7 1,y (42)
= [P 191, ]= Lo o) S (7 11,7,

where F; (m, y) is the failure probability in the future m time steps conditioned on s,
and y,and f, (y|1,,) is the posterior distribution of y obtained in Sec. 5.2.

With strain observations collected through the sensors, the gap length and error ratio
are updated over time through the damage estimation discussed in Sec. 5.1 and the error
ratio updating scheme in Sec. 5.2. The RUL is then updated through Eqgs. (38) and (42).
The results of a miter gate application show that integrating physics-based damage
estimation and the Markov transition matrix allows for effective RUL estimate even
through there is no degradation model available.

Based on the failure prognosis, the CPUT (¢) in the future m time steps conditioned

on the current strain observations and an error ratio ' is given by

Cyl1=Fyy (. )]+ CyLF,y (m. )]

m

I [1=Fy, (7, 7)]dz

0

[CPUT(m)s,,,7]= (43)

where F

t‘sl:n

(z,y) is the failure probability given in Eq. (42), which needs to be

interpolated from discrete time steps to continuous time step to evaluate the CPUT (¢)

for any given future time.

The expected optimal maintenance plan conditioned on current observations, s, , is

then identified as
[topt ’ sl:n] = J.arg mln{CPUT(t) | sl:n’ y}fy\] (?/ | Il:n )d}/ (44)
t

The above equation is the result of integrating SHM with the Markov transition matrix

based on field OCA ratings, which allows updating the optimal maintenance plan over
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time. This enables for dynamic decision making and thus leads to reduced lifecycle cost.
Next, a miter gate application is used to demonstrate the effectiveness of the proposed
framework and investigate effects of the mapping function on the decision-making

process.

6. Application to Miter Gate Failure Prognosis and Maintenance Optimization

In this section, the proposed framework is applied to an in-service USACE miter gate
to demonstrate the effectiveness of the proposed prognosis and maintenance optimization.
6.1 Physics-based simulation model of miter gate

A FE model of the Greenup miter gate (Kentucky, USA) is used to understand the
physics of a real-world miter gate. This model has been previously validated in the
undamaged condition [5] with the available strain gage readings from the Greenup miter
gate. Due to the SHM network already mounted in the Greenup miter gate [3], the effect
of input parameters such as the gap length (and other parameters such as the hydrostatic
and thermal loads on the gates) to the strain network is analyzed using this validated FEM
model.

The Greenup gate is a relatively new gate where negligible damage (gap length) was
assumed for validation purposes. Most elements in the gate are 3D linear shells elements
to reduce the computational cost of such a large model. A contact-type constraint is used
between the quoin block attached lock wall (denoted in orange) and the gate (denoted in
gray), making this a nonlinear problem. The Lagrange multiplier method was employed
to impose the contact constraint. The strain gauge locations are far from the contact area,
mostly due to physical constraints in the miter gate, but this far-field location also
mitigates errors due to the method employed to enforce the contact constraint. The

opposite side of the lock wall uses fixed boundary conditions, and symmetry boundary
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conditions are used at the right end (i.e., the miter) of the gate to simulate the right leaf.

Figure 11 shows the FE model of the Greenup gate and the modeling of bearing gap

(enclosed area). The bearing gap (loss of contact) is modelled by removing the part of the
quoin block attached to the lock wall (denoted in orange). Note that the size of the bearing
gap in Figure 11 is just representative, as this will be a varying input variable to the FE

model to generate “damage” data extracted from sensor locations in the gate. For more

details on the quoin block mechanism, refer to Figure 8.37b in [38].

B =
5S
o
53
53
i

LTI 7 7
VT

i)y,
“//lll

K* gap length

Figure 11: Miter Gate and physical-based FE model

In the next section, the generated data from multiple (i.e. 46 sensors) strain gauges

will be used to develop diagnostics and prognostics capabilities for bearing gaps in miter

gates.

6.2 Sequential damage detection using physics-based simulation

As discussed earlier, if continuous monitoring is introduced with the Markov
transition matrix then the optimal maintenance plan over time can be updated based on
the information gained by the sensor information using sequential damage estimation.

As discussed in Sec. 5.1, the likelihood function f'(s, |a,) needs to be evaluated
numerous times during the sequential damage estimation, which is computationally

expensive especially because of the number of DOF in a FE model of a miter gate. A
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surrogate model is constructed to map the relation from gap length (and other model
parameters such as hydrostatic and thermal loads applied to miter gates) to the strain
response at the strain gauges locations as shown in Figure 12. This figure shows the
locations where the strain information is extracted from the physical based model to train

the Kriging surrogate model. The sensor location matches with SHM strain network

installed at the Greenup miter gate.

S1:n = 8(hn, 01,62,03,0,4)
hy(cm.) ~ Uniform(0,457.2)
61(cm.)~Normal(u = 426.7,0 = 50.8)
6,(cm.)~Normal(u = 1402.1,0 = 25.4)
03(°F)~Normal (T, 05yrf = 50.5)
04,(°F)~Normal(T, oy, = 41.7)
T(°F)~Uniform (Tpin = 84.92, Tygy = 117.3)
Sy € ROXL
One training/testing data
{hn,©1,02,03,04];51.:0}
01,0, : hydrostatic loads (downstream/upstream)
63,0, : thermal loads (surface/underwater)

Figure 12: Sensor locations, and data generated to train surrogate model

Figure 13 shows the Kriging model testing accuracy at one strain SVD important
feature (left) for different input values (i.e. gap length and other model inputs such as
hydrostatic and thermal loads applied to miter gates) and the strain accuracy (in the

original strain space) at different strain gauges locations for the same input value.
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i W WYY
—0.00325 1 ~0.000751 o tual i' ! ¥
—0.00350 . ~0.001004 Predicted i
—0.00360—0.00325-0.00290—0.00255 —0.00220 1 6 11 16 21 26 31 36 41 46

True Sensor location

Figure 13: Surrogate modelling accuracy validation

Synthetic input parameters are generated using an autoregressive—moving-average

(ARMA) model. These inputs are evaluated with the validated kriging model to generate

30



621

622

623
624

625

626

627

628

629
630

631

632

633

strain time series measurements at every strain gauge location of the miter gate as shown

in Figure 14.
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Following the method discussed in Sec. 5.1, the posterior f'(k, |s,,) distribution of

the gap length may be updated dynamically as strain measurements are available from
the SHM network system. Figure 15 shows the updated predictions of the gap length

against the true damage.
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Figure 14: Strain observations from sensors
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Figure 15: Damage detection over time using the state equation given in Eq. (22)
The result in Figure 15 shows that the proposed sequential damage estimation method

is able to accurately estimate the damaged gap length based on the strain measurement

Time (months)

data from the 46 sensors as indicated in Figure 12.
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6.3 Estimation of “B” ratings error ratio based on online damage estimation

/B

total *

As described in Sec. 5.2 and indicated in Figure 10, the variable, y = B,

inspected
can be recursively updated using the observations obtained from the physics-based
damage estimation. To achieve this, firstly, a mapping between gap length to the OCA
condition rating is needing following Eq. (29). In this application, a uniform mapping
consisting on gap length increments of 30 in. (76.2 cm.) was used as shown in Table 2.

Table 2: State mapping from discrete to continuous

0OCA Gap

rating length (cm)
IA 0<h, <762
IB 76.2<h <1524
IC 152.4<h, <228.6
ID 228.6<h, <304.8
IF 304.8<h, <381
ICF h,>381

Following that, the “B” rating error ratio is updated based on the damage estimation.
Figure 16 shows the mean prediction and the 95% confidence intervals obtained for y .
As the information is acquired from the physics-based diagnosis, the variance of ¥
reduces significantly. Also, it is noted that as the quoin block has already surpassed the
B condition, the value of y approaches the true value (an assumed ground truth value in
Sec. 6.2 that is used to generated the synthetic strain measurement data based on a gap
growth model). This demonstrates the effectiveness of the proposed Bayesian updating
scheme in estimating the “B” ratings error ratio. It worth mentioning that the error ratio
updating is mainly affected by the gap length profile as given in Figure 15. The gap length

profile is just one realization of the underlying degradation model. Since it is just one
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realization of many possible gap growth profiles, it leads to a small bias between the

estimated error ratio and the “true” error ratio used in Sec. 6.2.
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Figure 16: "B" ratings error ratio () estimation

6.4 Failure prognosis and optimal maintenance planning for the miter gate

To demonstrate the improvement on the gap length prognosis, the updated over time
RUL can be evaluated, and compared against its true value. Figure 17 shows that the RUL
estimation using the state equation given in Eq. (22). It shows that the random-walk state
equation could lead to large errors in RUL estimate even if it can effectively perform
damage detection. As been discussed in Sec. 5.3, the information from the OCA rating
can be used to improve the prognosis capabilities and overcome the limitations of the
state equation in Eq. (22). Figure 18 shows that the proposed hybrid prognosis method
can improve the accuracy RUL estimation while effectively performing damage detection.

The jumps in Figure 18 are attributed to the discrete nature of the OCA ratings.
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669 Figure 18: RUL estimate using the proposed method
670 Figure 19 and 20 show how the minimum CPUT and the optimal maintenance time

671  are updated from the strain measurements over time. These figures were generated using
672  auniform mapping between the gap length to the OCA ratings as given in Table 2. The
673  vertical line in these figures represent the true end of life. In other words, the true end of
674 life is when the gap length reaches the value of 150 inch (381 cm.), which corresponds to
675  the “CF” condition. As noted, the minimum CPUT mainly increase with time, indicating

676  that the denominator in Eq. (43) is approaching to zero as the term F} (7) is approaching

677  to 1. Similarly, in contrast to the static maintenance planning in Sec. 4, the optimal
678  maintenance time (relative to the current time) can be updated dynamically as time passes

679  based on the information collected from the SHM system.

34



680

681

682
683

684
685
686

687

688

689

690

691

692

693

. C,=1C,=50
L4l ¢, =1,¢,=20
1.2{/mm C,=1,C, =10

mm C=1C=5
Lo mm C,=1C,=4

HEl True end of life

o
)

Minimum CPUT (per year)
o o
IS )

o
[N)

0.0 0 50 100 150 200 250 300 350 400

Time (Months)

Figure 19: Minimum CPUT corresponding to different values of Cp and Cu
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Figure 20: a) Optimal maintenance time corresponding to different Cp and Cu,
b) optimal maintenance time approaching end of life, ¢) alternative optimal maintenance
time corresponding to different Cp and Cu, and d) alternative optimal maintenance time
approaching end of life

One of the main reasons why the optimal time (see Figure 20a), especially for low
cost ratios, increases so dramatically at around 175 month is due to the nature of Eq. (43)
and (12). In these cases, the CPUT curve obtained from Eq. (43) tends to be very flat. In
other words, many different maintenance times may have basically the same CPUT value.
For Figure 20c, a conservative selection for the optimal maintenance is carried out, and
it is assumed that the updated optimal maintenance tends to decrease with time and holds

practically the same CPUT value. Thus, with this conservative selection, the minimum
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CPUT corresponding to different values of Cp and Cu would show basically the same

results as Figure 19.

7. Conclusions

A Markov process is used to approximate the unreliability function using inspection
ratings from quoin block in miter gates. A cost function, that weight the preventive and
emergency costs associated for the rehabilitation of a structural component, is used to
come up with the optimal maintenance time. It is shown that the uncertainties in the
transition matrix derived from visual inspections affects the optimal maintenance time.
To reduce the uncertainty in the optimal maintenance time, a framework is introduced to
combine continuous structural health monitoring with the Markov transition matrix. This
approach allows to update the optimal maintenance plan as well as the error ratio of the
OCA ratings over time based on the information gained by the sensor information using
sequential damage estimation. This approach can be applicable to different nonrepairable
components in miter gates, which may have different transition matrices values.
However, further work needs to be done to extend this methodology to other components
in miter gates and then from miter gate components to whole miter gate system level (e.g.

including all critical miter gate components).
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