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A Variational Bayesian Neural Network for Structural Health
Monitoring and Cost-Informed Decision-Making in Miter Gates
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ABSTRACT

Many physics-based and surrogate models used in structural health monitoring (SHM) are affected
by different sources of uncertainty such as model approximations and simplified assumptions.
Optimal SHM and prognostics are only possible with uncertainty quantification that leads to an
informed course of action. In this paper, a Bayesian Neural Network (BNN) using variational
inference is applied to learn a damage feature from a high-fidelity finite element model. BNNs can
learn from small and noisy datasets and are more robust to overfitting than Artificial Neural
Networks (ANNSs), which make it very suitable for applications such as SHM. Also, uncertainty
estimates obtained from a trained BNN model are used to build a cost-informed decision-making
process. To demonstrate the applicability of BNNs, an example of this approach applied to miter
gates is presented. In this example, a degradation model based on real inspection data is used to
simulate the damage evolution.

KEYWORDS: Miter gates, artificial neural networks, surrogate model, finite element, inverse
model

1. INTRODUCTION

An ANN is a machine learning algorithm widely used in many areas in science and engineering.
They are attractive alternatives to physics-based modeling, particularly for complex structures with
unknown failure modes or highly variable operational and environmental inputs '. Most of the
applications in civil engineering are in pattern recognition problems. The first journal article on
neural network application in civil/structural engineering was published by Adeli and Yeh 2, which
was an ANN algorithm trained to inform if a particular engineering design was acceptable or not.
Hajela and Berke * applied ANN algorithms for structural optimization. Theocaris and
Panagiotopoulos # used ANN algorithms to learn the parameter identification problem in fracture
mechanics. For SHM applications, Wu et al. °> and Feng and Bahng © trained an ANN algorithm to
detect structural damage in the form of reduction in member stiffness on a multistory shear
building and reinforced concrete bridge columns respectively. Other researchers used changes in
modally-derived features such as mode shapes, eigenvectors and Ritz vectors, from numerical and
experimental samples, to train an ANN to diagnose damage 7.

Various other SHM algorithms for civil engineering infrastructure, such as bridges *'! and
buildings >4, have been implemented based on ANN architectures. Waszczyszyn and Ziemianski
15 and Adeli '® reviewed several more application in civil engineering including the use of neural
networks in analysis and design of structures, system identification, structural control, finite



47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92

element (FE) mesh generation and other disciplines in civil engineering. Some researchers have
used ANNSs as surrogate models, using validated FE models to generate data to train the network
10.ILI7.18 ‘Many of these researchers have used ANNs as emulators of computationally expensive
high-fidelity finite element model runs.

In general, ANN algorithms are trained using optimization techniques such as gradient descent !°.
Therefore, ANN models are generally used to build point prediction models. Recently, Bayesian
prediction models have started to be more attractive for damage assessment, especially in civil
engineering because the limited amount of data available to build a reliable deterministic point
prediction model. Many researchers use Gaussian Process (GP) regression to build Bayesian
prediction models for civil engineering structures 2. However, GP models are computationally
challenging for high-dimensional spaces or otherwise “large” data sets. Due to the scalability
limitations in GP models ?'-23, BNN 2426 models have started to be more practical model when
dealing with high-dimensional space. In the case of SHM, this space depends on the number of
spatially-distributed sensors and their collection (monitoring) frequency. BNNs are preferred over
deterministic mathematical models such as neural networks because they account for uncertainty
in their parameters (i.e., weights and biases) and propagate this into their predictions. Such
uncertainty management is critical to support decision-making, which is the necessary outcome of
an SHM process ?7. BNNs are more robust against overfitting because a posterior distribution of
the parameters is considered instead of using deterministic parameters that minimize the empirical
risk during training. Also, BNN may be trained using limited and noisy data, while ANNSs typically
tend to require more and lower-noise training data for equivalent performance.

In this paper, a BNN is trained with a FE model due to such highly-limited data availability.
Therefore, this probabilistic prediction models also serve as a surrogate model of a validated high-
fidelity FE model, which sometimes are unable to be used efficiently to make fast predictions.
Specifically, the BNN model is trained to assess the condition of quoin blocks in miter gates, which
are essential civil structures for navigation system in rivers. In this work, a degradation model
based on real inspection data of miter gates is used to simulate the damage evolution. Additionally,
a cost function is introduced to improve prioritization of maintenance events of components of
miter gates. The added value of using SHM in miter gates is evaluated in term of maintenance cost
savings. The ultimate goal of the authors is to set up a SHM workflow that allows further
optimization in term of cost savings, and this paper presents one realization of this goal within a
civil structural monitoring application.

2. BAYESIAN NEURAL NETWORK
2.1. ARTIFICIAL NEURAL NETWORK

Two of the main problems in machine learning are classification (for discrete classes) and
regression (for continuous processes). An ANN is a powerful supervised learning algorithm that
can be used to solve classification and non-linear regression problems. In the context of an SHM
problem, an ANN can be trained to learn the relationship between sensor values or features derived
from sensor values and damage classes or parameters. Figure 1 shows the ANN architecture used
in this paper and the non-linear functions (i.e. sigmoid and softplus) that are used to learn the
relationship between sensor information and structural damage targets.
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Figure 1: ANN architecture and definitions

Generally, gradient descent algorithms are used to train neural networks. These algorithms
objective is to find the ANN parameters (i.e. weights and biases) that minimize an error or loss
function that depends on the ANN outputs (y) and the true (training) output values. The training
error is known in the machine learning community as the empirical risk. Commonly, regularization
is used to avoid overfitting, i.e., substantially degrading network performance when it is presented
any data set other than the training set. Another way to train an ANN to be robust against
overfitting is to use a Bayesian approach to find the parameters of the network. The uncertainty in
these weights and biases can be propagated into network predictions, which is useful in the context
SHM problems that involves (cost-informed) decisions.

2.2. BAYESIAN NEURAL NETWORK

BNNs are essentially neural networks with a prior distribution on their network parameters 28. The
joint posterior distribution p(w,b,Z|Y,X) of the network parameters—including the covariance

matrix, X, of the assumed zero mean error—after observing a set of training data P = {xi,yi }]\jl

may be expressed as

(Y |w,b,Z,X)p(w,b, = | X)
p(Y[X)
_ p(Y|w,b, X, X)p(w,b,X) 5 (1)
[[] PCY 1w.b,%,X) p(w,b, X) dwdbdx.

w.,b,X

p(w,b,2|Y,X) =




117
118

119
120

121
122

123
124
125

126
127
128

129

130
131
132

133

134
135

136

137

138
139

140
141

142
143

where w and b represents the weights and biases of the BNN, respectively. Also, Xand Y are

xdim(x T xdim| .
defined as X = [xf,xg,m,xi/f o~ (WxdimeoM gy = [yf,yg,,,,,y;} o ~ (Wxdim()] respectively.

The conditional distribution, p(w,b,X|X) is equivalent to p(w,b,X) due to conditional
independence. The marginal probability density function, p(Y|X), can be obtained by

integrating Iﬂ p(Y|w,b,Z, X)p(w,b, X) dwdbdX, which it 1s generally mathematically
w,b,X
intractable. Furthermore, the likelihood function p(Y|w,b, X, X) can be expressed as

p(Y|w.b,Z.X)= Hilp(yi |w,b,Z.x,). ()

In this paper, the following measurement model/equation is assumed

2 2 2

O-ll 0-12 le
2 2 2

o, O o
21 22 2k :

y, = NN(x,;;w;b) +¢€,, where &, ~ N0, ; , k =dim(y,)s (3)

2 2 2

Oun Ok O

X

which is equivalent the following

Py, Wb, X, x,) ~ N(NN(x;;w;b),X,)
_ 1 |Ei|71/z

" exp{—l[y,- NN w2 [y, —NN(x,»;w;m]T}, @
(27) 2

where ¥_is the covariance of the measurement error between observation y, and model prediction
NN(x,;;w;b) with weights w, biases b, and input x,. \' ( ) represent a normal distribution

parametrized by its mean and variance, and f = dim(y,)-

For the prior p(w,b, o), it is assumed that w, b and X are statistically independent. The joint
prior can be expressed as follows:

p(w.b.E)=p(w)x p(b)x] T, p(Z). (5)
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where p(w)~ N(0,I), p(b)~ N(0,I), and p(X,) ~ Lognormal(2L,T) are the priors used in this
paper.

The posterior predictive distribution of 'Y, for a set of observed points X, . is then

p(Ytest | X Y Xtrain) = IJ..[ p(Ytest | W,b, Z’ Xtest )p(w’ b’ Z | Ytrain ’ Xtrain)debdZ’ (6)

test > ~ train >
w.,b, X

where the joint posterior distribution, p(w,b,X|Y, .., X, ) IS estimated after observing a set of

train

training data (X Y, .. ). The covariance matrix ( X) of the assumed zero mean error is also

train >
treated as an unknown parameter during training, and its uncertainty is also accounted in the BNN
predictions.

2.3. VARIATIONAL INFERENCE

In order to obtain a trained BNN for predictions, the key part is to calculate the posterior
distribution of the parameters after observing the (training) data. The posterior distribution of the
parameters is typically mathematically intractable due to the normalization term (see Eq. (1)),
which is a high-dimensional integral. The two most popular approximation methods to obtain the
posterior distribution are Markov chain Monte Carlo (MCMC) and variational inference (VI). For
BNNS, there many parameters to be inferred making this a high-dimensional problem. MCMC is
proven to approximate very well to the true posterior. MCMC algorithms involve sampling-based
methods, and it is very challenging to sample a high-dimensional posterior 2°. The Gibbs sampler
1s one MCMC algorithm that can work on high-dimensional space; however, it still can be
computationally expensive 3°. Therefore, VI is a more practical approach in this case, which is
becoming popular in BNN designs 3'. In this paper, VI is employed to infer the high-dimensional
space of the parameters of the BNN that serves as a mathematical model of a nonlinear mapping
between inputs and targets.

2.3.1. VARIATIONAL INFERENCE FOR A BAYESIAN NEURAL NETWORK

The idea of VI is to postulate a family of distributions, @, and to find the closest member,
g*(w,b,X), from the family of distributions that approximates to the posterior distribution,
p(w,b,X|Y,X), using Kullback-Leibler (KL) divergence to maximize the evidence lower bound

(ELBO). For simplification purposes the parameter, @, would represent the parameters w, b, and
Y as follows

q*(0)= ar%?lQin KL(q(0)l p(8]Y,X)), ()

where the KL divergence between the variational distribution ¢(@) and posterior distribution
p(0]Y,X)is given by
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KL(¢(®) ]l p(8]Y,X))

T q0) q(0)
) [oq(e) O v ol ey %)

= E,  [10g 4(0)]- E, , [log p(0] ¥, X)] ®)

Y|0,X)p(0
=Eqy0logg(®)]=E, ¢ [log 2 pl(Y | ))5?( )]

= Eq(9) [logq(0)]- Eq(e) [log(p(Y ]0,X)p(0))]+ Eq(o)[log p(Y[X)].

The Eq (e)[log p(Y | X)] term is constant because the normalization term p(Y | X) is a constant.
Next, the ELBO is defined as

ELBO(¢(8)) =E ) [log(p(Y 0,X) p(8))] -E 4 [log ¢(8)]- ©)
Substituting Eq. (9) into Eq. (7) yields
KL(¢(0) |l p(8]Y, X)) =-ELBO(¢(8)) + E[log p(Y | X)]- (10)

Now, the closest member, ¢*(@), from the family of distributions that approximates to the
posterior distribution can be found by maximizing the ELBO:

q*(8) =argminKL(¢(8) || p(8] Y, X)) = arg max ELBO(¢(0)) (11)
40)<0 4(0)0

So now, the inference of the posterior distribution can be seen as an optimization problem. For
comparison purposes with loss functions used for training an ANN model, the following loss
function, [, is defined:

L(4(8)) =—ELBO(¢(8)) =—E[log(p(Y |0, X) p(0))] + E 4 [log g(8)]
=-E, o [log p(Y[0,X)]-E [log p(8)]+E 4 [log 4(0)]
q(0) (12)
p(ﬂ)]
=—E, o [log p(Y]0,X)]+KL(¢(0) || p(0))

= _Eq(e) [log p(Y [0,X)]+ Eq((')) [log

Substituting Eq (2) into Eq (12), the following relation is obtained

N
L(g(w,b, X)) = —Eq(w,b,z)[log(l‘[,.zl p(y, |w,b, X, x,-))] +KL(g(w,b,Z) || p(w,b, L))
N . (13)
=—>E wupllog p(y, | w,b, X, x)]+KL(g(W,b,X) || p(w,b, X))
i=1
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Now, the simplified relation is obtained after substituting Eq (4) into Eq (13)

N

L(g(w,b,X)) = —Z E, oz [log p(y; | Wb, X, x;) ]+ KL(¢(W,b,X) || p(W,b, X))

N

=2 E qupllog—17 k2 = 1/2

P (27 ) (14)
1
+{— 2[ —NN(x;;w;b)| Z7 [y, ~ NN(x;; w; b)] })
+KL(g(w,b,X) | p(w,b, X))
If the following covariance matrix is assumed
o’ ... 0
=i . i |=01=2T, (15)
0 o’

and it is assumed that the X ’s are statistically independent between observations vy, then the loss
function can be expressed as

N k k . 1
L(g(w,b,)) ==Y Eyun a5 @m)+logd Ly {—E”yi ~ NN(x;;w;b)| 2 })]
i=1 .

+KL(g(w,b, ) [| p(W,b, 1))

(16)

The first term in Eq. (16) is known as the average likelihood, which can be minimized when the
model prediction NN(x,;w;b) explains the observed data y,. This term is also minimized when
the variational distribution qg(w,b, 1) is optimally selected. The second term is the KL divergence
between the variational distribution g(w,b, 1) and the prior p(w,b, 1), which minimizes the loss
when the variational distribution is close to the prior. Therefore, this loss function balances the
variational distribution g(w,b,A) with the likelihood HZ] p(y, |w,b,A,x,) and the prior
p(w,b, 1). For further details on how to compute these terms given different types of variational
distributions and how to derive their respective gradients of the loss function can be found
here 33 There are several gradient based methods to calculate the optimal ¢(w,b, 1) that
minimize this loss function (or maximize the ELBO). A stochastic gradient descent strategy has
been used for this application using the Edward 3* probabilistic framework, which is based on
Tensorflow 3, a widely used programming language for deep learning neural networks. This

gradient descent method consists in calculating a noisy gradient from Monte Carlo samples of the
ELBO distribution.
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3. DAMAGE DETECTION USING A BNN SURROGATE MODEL

In structural health monitoring (SHM), damage classification (or regression) is generally an
inverse problem, e.g., damage (input) causes change in an observable (output). Therefore, a
Bayesian approach using a finite element model (or a surrogate model) is generally used to infer
the inverse problem. In this paper, a BNN surrogate model is used to directly learn the inverse
problem, where the output data (e.g., strain measurements) and input data (i.e. the damage, to be
defined below) of a validated FE model become the input data and output data, respectively, for
the BNN surrogate model. Figure 2 illustrates the data used to validate the FE model, the data
generated to train the BNN model, and introduces the need for a degradation model (i.e. damage

evolution) to allow cost-informed decisions, which is explain in section 4.

{X'i,Y'i}?il

Measured
structural response
(e.g. acceleration,

Observable latent
variables (e.g. cracks,
corrosion, quoin gaps

x; = h(y;) + noise

strain) in miter gates )
I \M I \M
{X i}izl {y i}izl
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50 60
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Figure 2: Decision flow based on BNN model for damage detection
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3.1. HIGH FIDELITY FINITE ELEMENT MODEL OF MITER GATES

It is imperative in the cargo ship navigation to avoid unexpected closures, which can cause
considerable economical loss to the marine cargo and associated industries. In the United States,
the U.S. Army Corps of Engineers (USACE) owns and operates 236 locks at 191 sites .
According to a report published by USACE in 2017, more than half of these assets are older than
their economic design life of 50 years and need a prudent structural health monitoring solution to
ensure their safe and reliable operation 7. SHM of miter gates of navigation locks, as shown in
Figure 3, are a good case study on which to demonstrate feasibility of using BNNs as a damage
detection solution for a real-world problem.

Upper Gates OPEN] Lower Gates Closet7
. DOWNSTREAM

— “ OPERATION
/
Tm — -

whx wba wha wbx -hih wtx wt.

] ] e
Filling Valve 0PEN’X Emptying Valve Clnsedx

Figure 3: Navigation in Miter Gates

Some lock operators and experienced engineers from USACE 37 have stated that the condition of
the quoin and gaps between the lock wall and the quoin block is one of the primary concerns within
the inspection, maintenance, and repair cycle. A “gap” is somewhat generically referred to as the
loss of bearing contact between the quoin attached to the gate and the lock wall. Such a gap in the
quoin block changes the load path in the miter gate, leading often to higher stresses at some places
in the lock gate (e.g., the pintle), which in turn can lead to operational and/or structural failure.
Some miter gates owned by USACE are currently instrumented with strain gauges for in-situ data
acquisition 38, The fundamental inference is made that changes in the gap contact state will lead to
observable changes in the measured gate strain field.

FE models could be used to map the strain gauges data to a specific gap condition (usually
quantified by size) in an inverse analysis. However, these models are computationally expensive
to run, and sometimes they are not feasible for real-time health monitoring or for monitoring
fluctuating environmental effects. Consequently, a surrogate model with fast predictions of the
target damage (e.g., the gap) can be employed. Figure 4 shows the ABAQUS FE model for the
Greenup miter gate located in the Ohio River in Kentucky, USA. The FE model has been
previously validated *° with the available strain gage readings from the Greenup miter gate. The
Greenup gate is a brand-new gate where a negligible gap was assumed for validation purposes. All
the element in the gate are 3D linear shells elements to reduce the computational cost of such a
large model.
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Figure 4: Gap modeling (Left: No gap, Right: Schematic gap)

A contact-type constraint is used between the lock wall (denoted in yellow) and the gate (denoted
in gray), making this a nonlinear problem. To impose the contact constraint the Lagrange
multiplier method was employed. 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 conditions are used at the right end (i.e., miter)
of the gate to simulate the right leaf.

Figure 5: Hydrostatic loading on miter gates
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Figure 5 shows the upstream and downstream hydrostatic loading that the miter gate experiences.
Also, the environmental temperature, which will add thermal strain effects, is defined as the values
recorded by thermometers located at the actual Greenup gate.

3.2. BNN ARCHITECTURE AND RESULTS

The architecture used in this paper contains 2 layers with 50 neurons in its hidden layer and biases
at each hidden neuron. A parametric studied using a 2-layer network was carried using an ANN
model with different numbers of neurons in its hidden layer. It was found that using 50 neurons
yielded a higher testing accuracy than the other architectures used. Ten different (10, 20, ...., 90
and 100 neurons) architectures were considered to arrive to this architecture, which each
architecture took from 2 to 5 minutes for training and testing using a single CPU processor.
Regularization was considered to penalize architectures with more parameters (i.e. neurons). A 2-
layer architecture (i.e., 1 hidden layer) was selected because it can learn any continuous
mathematical function #°. Further studies could be carried using a deeper neural network
architecture, but the simplest universal approximator was considered most desirable.

Figure 6: BNN model to map strain field to gap length

The hidden layers use activation functions (e.g. sigmoid) to make the BNN learn any nonlinearity
between the strain values and the gap length. For the output layer, the softplus activation function
was employed to impose physical constraints (e.g., the gap length cannot be negative) in the BNN.
As expressed mathematically earlier, a BNN is a neural network with a prior in its weight and
biases as shown in Figure 6.
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3.2.1. TRAINING DATA AND TESTING RESULTS

The gap length is assumed to be a random number between zero and 180 in. ** under random
loading scenarios defined by two normal distributions for upstream (h,,;,) and downstream (hgoyn)
hydrostatic pressure as shown in Table 1. For training and testing data, 3000 data points were
obtained using the ABAQUS FE model of the Greenup gate by varying the value of each random
variable for training (2000 for training) and testing purposes. This data took one week using a 4-
cpu desktop to be generated. Thermal effects are also considering. The temperature (Tsyrr & Tyyyy)
are defined as a normal distributions with mean at a temperature, 7, which is defined as a random
number based on the lowest (T,,;,) and highest (T,,,,) temperature values recorded by
thermometers (underwater and surface) in an actual miter gate at different times of the year.
Figure 7 shows how these distributions are propagated to 46 strain values, whose location are based
on what is installed in the Greenup gate. Note that the parameters presented in Table 1 are the input
variables to the FE model, whose output is the strain, as would be detected by an installed SHM
system.

Table 1: Random variables used to generate training/testing data

Parameter Distribution Unit
Gap length Gap~Uniform (0, 180) Inches
haown hgown~Normal(u = 168, o = 20) Inches
hup hyp~Normal(u = 552, o = 10) Inches
T T~Uniform (Tpin = 29.4, Tpex = 47.4)  Celsius
Tsurs Tsyrg~Normal (T, osyrf = 10.3) Celsius
Ty T,,w~Normal(T, g,,, = 5.37) Celsius
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The posterior predictive distribution is calculated using Eq. (6), and 2000 samples from this

355
distribution at each testing data point are shown in Figure 8. It takes around 20 minutes to train

356
357  this BNN model.
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360 Figure 8: Posterior Distribution of gap length using 1000+ testing samples
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The median value of the posterior distribution, as shown in Figure 9, may be used to calculate the
mean square error (MSE) to compare the predicted gap length with the true gap length testing
value as shown in Table 2, in order to evaluate a set of point predictions.

180

Posterior median

160, =  True Value

140
120+
100}
80+
60 |

Gap Length [in.]

40}

20 [£4%

0 200 400 600 800 1000
Testing Samples
Figure 9: Median values of prediction of gap length
The median is a more useful metric to summarize central tendencies in cases where the
distributions may potentially be highly skewed or asymmetric. Moreover, the median is more
robust than the mean to outliers that can bias the central tendency.

Table 2: Testing accuracy
BNN Accuracy RMSE (in.)

Median 8.34
Mean 8.39

One other advantage of using a BNN over an ANN is that the gap length using a given set of strain
measurements, x, may be expressed as a distribution rather than a single point estimate.

Therefore, the probability of exceeding certain critical gap length may be calculated to facilitate
the decision-making process for preventive maintenance actions. Figure 10 shows a representative
prediction distribution at 4 different testing points, which qualitatively appear somewhat Gaussian
for each of these cases. Note that in some other applications, the posterior predictive distribution,
obtained from VI, can be multi-modal, which makes order statistics (important for decision-
making) less interpretable.
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Figure 10: Posterior distribution of gap length using 4 different test samples

In general, a BNN surrogate that is trained by data generated by computer simulation may not be
able to capture the behavior of the real structure due to modelling error. To ensure that a trained
BNN is reliable for SHM, the modelling error between the FE model and the real world should
be accounted for and modeled. In this paper, modeling error was introduced to the computer
simulations by varying the hydrostatic and temperature load and treating these loads as unknown
quantities. Alternatively, two surrogate models could be used: one to learn the function that
defines the FE simulations, and one to learn the modeling error between the FE simulation and
the real world. As new data arrive from continuous monitoring, both surrogate models should be
updated regularly. Particularly, the surrogate that fits the modelling error as modelling error
extrapolation may be not be very accurate if it not updated regularly.

4. VALUE OF IMPLEMENTING SHM USING BNN SURROGATE MODEL

Recently, theoretical and applied approaches to quantify the value of deploying a structural health
monitoring have been studied by researchers such as Konakli and Faber #! and Thons #2. These and
related studies are among the first to tie decisions that SHM informs to decision costs; this is the
critical step that connects SHM to the business case for investing in and deploying an SHM system.
Within the context of using the uncertainty-quantified BNN SHM “system” developed in the first
part of this paper, the BNN outputs will be matched with functions representing the consequence
costs of (good and bad) decisions. This framework will be used to compare the relative merits of
the BNN SHM approach to current engineering inspection data to arrive at conclusions regarding
the relative “value” of such an approach.

4.1. OPTIMAL DECISIONS USING INSPECTION DATA ONLY
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In the specific use case presented in this paper, the USACE Asset Management team oversees the
Operational Condition Assessment (OCA) process to assess structural component deficiencies by
giving a category rating based on a condition and performance criteria. These ratings are performed
by an inspector, who base the evaluation on engineering knowledge and information of preexisting
inspections Figure 11 summarizes the OCA criteria currently used by USACE.

Is component NO stoer=at NO Was component YES
2 observed or i 2 s
completely failed d d > recently put into >
or red-tagged?, ocHmente service?
/ deficiency?
YES YES NG
Select the lowest Deficiency doesn’t
definition that meet any of these
deficiency meets. definitions.
Condition-based Performance-based

Component has a progressing trend in [Component has a deficiency that is
degradation that has the potential to |progressing toward a state that WILL
lead to a functional failure. affect its...
e Performance
OR YES c
e Operational procedures ‘
OR
¢ Maintenance requirements.

Fair

Component has a progressing trend in [Component has a significant
degradation that presents a clear deficiency that PRESENTLY affects its...
mode of failure. e Performance
OR
e Operational procedures YES D
OR ‘
e Maintenance requirements.

Poor

Component is clearly in the final Component has a deficiency that
stages leading to complete failure substantially affects its..
(imminent failure). e Performance
OR
e Operational procedures YES
OR

e Maintenance requirements
...and is trending toward complete
failure.

A 4

Figure 11: Current OCA rating criteria **

4.1.1. TRANSITION PROBABILITY DERIVATION
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A transition matrix is defined as a square matrix with nonnegative values that represents how some
process “transitions” from one state to the next. Based on an OCA database, the number of times
that a component transitioned from one rating category (by engineering inspection expert
judgment) to another in a given year was determined to generate a “condition” transition matrix.
Thus, in this application, each value in the transition matrix represents a probability, and the sum
of each row equals unity. Only the upper triangle components were considered to simulate
component deterioration; the lower triangle would represent improvements or repairs, and for the
purposes of this analysis, they were ignored. This “condition” transition matrix was found by
normalizing the counts in each row as shown in Figure 12.
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Figure 12: Deriving 1-step (1 year) transition matrix for quoin block components

Transition matrices, known also as stochastic matrices, have been broadly used in different fields
such as probability theory, control, economics, and meteorology *+°.

4.1.2. FAILURE RATE OF COMPONENT AND COST FUNCTION

A degradation model built from the transition matrix is used to generate a failure cumulative mass
function, which can approximate the unreliability function, as described in detail in 4’. Figure 13
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shows the unreliability function of the quoin block component with the component age in years as
the random variable.
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Figure 13: Unreliability function of quoin block component

Eq. (17) shows a cost function proposed by *® to find the cost per unit of time (CPUT) of
performing preventive maintenance at a time f in years.

Cll-F@OI+ G [F ()]

CPUT(t) = , (17)

[1-F(s)]ds

S

where [F(¢) is the unreliability function, C, is the preventive action cost, and C, is the unplanned
action cost. The unreliability function presented in Figure 13 was used with Eq. (17) to find the
CPUT for different values of # as shown in Figure 14. This plot suggests that the optimal time to
perform preventive maintenance is every 48 years when only considering the deterioration of quoin
blocks and the data available from OCA inspections and the cost ratio is equal to 5. In other words,
the “model” of the engineering inspection via the OCA database proposes a cost-minimized
optimal inspection time of 48 years. The corresponding cost ratio (i.e. C,/C,) values depend on

the structure and site. The values CP can be defined as

scheduled daily economic
C, = maintenance +7,* costdueto , (18)
cost downtime

where ¢, is the downtime (in days) that takes to perform normal maintenance. The maintenance

cost associated is definitely lower when this is planned ahead. The value of C,, is correspondingly
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maintenance daily economic

C,= costdueto +7,* costdueto , (19)
failure downtime

where ¢, is the downtime (in days) required to replace the component that failed, measured from
the time of failure. For miter gates, 7, >> ¢, essentially due to two reasons: 1) availability to start

maintenance in a short period of time after failure occurrence and 2) maintenance takes longer
when a component fails because it can affect other components or systems. The maintenance cost
associated is definitely higher when maintenance needs to start as soon as possible. Therefore, the

unplanned cost is higher than the preventive action cost (i.e. C,/ C,>>1).
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Figure 14: Cost per unit of time as a function of component age

4.2. OPTIMAL DECISIONS USING BNN SURROGATE MODEL AND VALUE OF SHM
APPLICATION

Earlier, a cost function was defined, and the optimal maintenance time that corresponded to the
minimum CPUT was calculated using the information provided by a model of the visual inspection
process over time, presented in section 4.1 and reviewed in more detail in 47. Now, the BNN SHM
approach will be used instead to build the unreliability function in order to compare the relative
“value” of using the BNN SHM approach to the visual inspection approach for monitoring. To do
that, the results shown in Figure 8 can be used to calculate the probability of exceedance of a
certain gap length threshold as shown in Figure 15. This figure shows empirical cumulative mass



490 functions for five different failure thresholds (i.e., gap lengths that correspond to criticality). Next,
491  a mapping between the true gap length value and the component age can be used to find the
492  corresponding unreliability functions. Eq. (11) can be applied to find the corresponding gap length
493  value that minimizes the cost function as shown in Figure 16. Finally, the mapping from the true
494  gap length value to the component age is used to find the optimal maintenance time as shown in
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Figure 16: Cost per unit of time as a function of true testing gap length with C, =1 and C,=5

Table 3: Optimal maintenance time using BNN model with C, = 1 and C,=5

Critical gap  Optimal time  Cost reduction

length (in.) (years) (%)
130+ 54 11.1
135+ 61 21.3
140+ 62 22.6
145+ 65 26.2
150+ 74 35.1

Different miter gate sites may have different values for the cost ratio (i.e. C,/C,); Figure 17

shows the variation in CPUT when a different value of cost ratio is used. For the realizations in
this figure, the critical gap length threshold is assumed to be equal to 140 in. This figure shows
less sensitivity to the cost ratio than Figure 14. The main reason why it is so is because there is
less uncertainty when using the BNN SHM model. Of course, in an absolute judgment sense, it is
important to note that the BNN model assumes that the training data generated from the FEM
model is ground truth. As with any such model, its representative predictive value is only as good
as its validation with regard to the real structure that it is modeling. In this case, the FEM was
previously validated to the Greenup miter gate in the undamaged condition, as mentioned earlier,
but the modeling of the damage itself couldn’t be validated on actual data from the gate in a known
damaged condition, so modeling bias error in the damage state could creep into the process, as was
discussed in section 3. That doesn’t change or otherwise invalidate the demonstration of the
proposed approach or its utility, but rather it provides caution on interpreting the specific results
for this case beyond demonstration of the overall approach.
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5. CONCLUSIONS AND DISCUSSION

The added value of using SHM in miter gates is evaluated in term of maintenance cost savings. A
cost function is presented to improve prioritization of maintenance events of components of miter
gates by evaluating the performance of a trained BNN model. This model is trained to assess the
condition of quoin blocks in miter gates with a FE model due to such highly-limited data
availability. In this work, a degradation model based on real inspection data of miter gates is used
to simulate the damage evolution. A SHM workflow is set up to allows further optimization in
term of cost savings within a civil structural monitoring application. As presented in this paper,
continuous monitoring via this BNN SHM “system” can lead to more economical decisions
regarding maintenance policies than only using the data from visual inspection (e.g. OCA ratings).
From the results shown in the previous sections, there is an 11.1% to 35.1% of maintenance cost
reduction when the OCA ratings are used with a surrogate model based on a physical based model.

It 1s important to know that the degradation modes presented in this paper was built from real
inspection data. However, this data can still be bias to human error or insufficient information due
to the difficulty to assess OCA ratings when a component is underwater, and it is not visibly
available. Other degradation models can be considered when a larger historical data set is available.
This paper only focuses on the degradation of a single component. Further analysis can be carried
out by considering more critical components (e.g. cracks in pintle, corrosion in the gate, etc.). Also,
there are sources of uncertainty that need to be further analyzed that will lead to changes in the
optimal maintenance time, such as measurement uncertainties or model uncertainties from both
the BNN and FE model; the latter of these could be quantified via a sensitivity analysis of all the
parameters in the FE and BNN models. Another potentially fruitful avenue for improvement is
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consideration of how many strain sensors are used and where they are placed. Different such sensor
designs could lead to different SHM assessment statistical performance, which in turn affects
decision costs, and the sensor design itself directly influences procurement, installation, and sensor
maintenance costs. Both of these could compete in a cost-minimized formulation.
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