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Enhancing Bayesian
Inference-Based Damage
Diagnostics Through Domain
Translation with Application to
Miter Gates
Bayesian inference based on computational simulations plays a crucial role in model-
informed damage diagnostics and the design of reliable engineering systems, such as
the miter gates studied in this paper. While Bayesian inference for damage diagnostics
has shown success in some applications, the current method relies on monitoring data
from solely the asset of interest and may be affected by imperfections in the computa-
tional simulation model. To address these limitations, this paper introduces a novel ap-
proach called Bayesian Inference-based Damage Diagnostics Enhanced through Domain
Translation (BiEDT). The proposed BiEDT framework incorporates historical damage
inspection and monitoring data from similar yet different miter gates, aiming to provide
alternative data-driven methods for damage diagnostics. The proposed framework first
translates observations from different miter gates into a unified analysis domain using two
domain translation techniques, namely CycleGAN and Domain-Adversarial Neural Net-
work (DANN). Following the domain translation, a conditional invertible neural network
(cINN) is employed to estimate the damage state, with uncertainty quantified in a Bayesian
manner. Additionally, a Bayesian model averaging and selection method is developed to
integrate the posterior distributions from different methods and select the best model for
decision-making. A practical miter gate structural system is employed to demonstrate the
efficacy of the BiEDT framework. Results indicate that the alternative damage diagnos-
tics approaches based on domain translation can effectively enhance the performance of
Bayesian inference-based damage diagnostics using computational simulations.

Keywords: Bayesian Inference, Domain Translation, Structural Health Monitoring, Dam-
age Detection, Miter Gates

1 Introduction

The US Army Corps of Engineers (USACE) operates numerous
inland waterway infrastructure systems, such as navigation locks,
at 236 sites across 191 locations. These locks are essential assets
for facilitating the transportation of barges and goods from coastal
regions to inland regions, which is critical for the national eco-
nomic security of the United States [1]. Among the miter gates
managed by USACE, many of them have exceeded their 50-year
design life, which raises concerns about their safety and reliability
[1]. As USACE continues to address the challenges of its aging
infrastructure, routine evaluations of structural integrity become
essential to preemptively identify potential failures and implement
timely interventions [2]. This is of paramount importance for re-
ducing unexpected shutdowns and confirming that planned mainte-
nance and repairs are both needed and effective [1,3]. The typical
approach to inspecting and monitoring lock components involved
shutting down the lock for visual assessments by expert elicitation
(trained inspectors). This process is not only labor-intensive but
also economically expensive, inefficient, and inconsistent [4].

As a structural integrity assessment and health management tool,
structural health monitoring (SHM) and management methods have
continued to gain wider acceptance and significance globally in the
past decades [5,6]. A well-designed SHM system offers signifi-
cant advantages, including reduced ownership costs through data-
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driven maintenance decisions, enhanced operational performance,
and minimized risks of catastrophic failures, thereby increasing
overall safety [7–9]. To address reliability concerns and maintain
operational integrity and safety, USACE started to implement SHM
technologies, such as SMART Gate, on inland waterway civil in-
frastructures [2]. For instance, at the Dalles Navigation Lock,
Oregon, the miter gate downstream and the tainter gate upstream
have been used for over 50 years. In 2007, inspections identi-
fied significant issues like cracking and misalignment, leading to
the adoption of SMART Gate technology to monitor and analyze
these conditions [10]. By 2009, detected anomalies through SHM
system using SMART Gate prompted emergency interventions, in-
cluding inspection dives and remote operations, culminating in
crucial repairs that averted a potential disaster [10].

While SHM plays a vital role in ensuring structure integrity and
safety, it requires a rigorous design and implementation approach
to fully materialize its benefits [11]. Various approaches have
been developed to enable effective damage diagnostics and fail-
ure prognostics in SHM. Amongst all available approaches, one
of the most commonly used SHM approaches is damage diagnos-
tics based on Bayesian inference, which leverages Bayesian tech-
niques and physics-based modeling to address the inverse problem
by aligning physics-based predictions with sensor monitoring ob-
servations [12]. In the past several years, numerous approaches
have been developed using Bayesian methods for damage diagnos-
tics of inland waterway infrastructure, such as miter gates. For
instance, Ramancha et al.compared the finite element model with
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a surrogate model for Bayesian inference-based damage diagnos-
tics of miter gate structural systems [13]. Levine et al.investigated
the application of a Bayesian model updating technique in the di-
agnostics of miter gate anchorages and studied its implication on
the design of such structures [14]. Vega et al.introduced a hy-
brid damage prognosis framework using the Bayesian method for
miter gate components in navigational locks by minimizing hu-
man errors in evaluations and integrating abstract inspection data
with data from SHM systems [4]. Qian et al. outlined a frame-
work that combines machine learning with simulation updates for
pitting corrosion detection in large infrastructures, utilizing an ap-
proximate Bayesian computation method to enhance model ac-
curacy for future prognostics, demonstrated its efficacy on miter
gates [15]. In another study, Qian et al. proposed a conditional in-
vertible neural network-based Bayesian model updating method to
enhance physics-based multi-scale corrosion simulations for large
civil structures like miter gates. These simulations are crucial for
predicting pitting corrosion and are integral to risk-based asset
health management strategies [16].

Although Bayesian inference is a powerful technique for dam-
age diagnostics in SHM, leveraging both physics-based simulations
and sensor data, its effectiveness can be compromised by the qual-
ity and/or scarcity of monitoring data for a miter gate of interest
[17]. This limitation is caused by the limited data sources avail-
able for SHM. Additionally, the accuracy of Bayesian inference-
based diagnostics heavily relies on the fidelity of the simulation
model. Various sources of uncertainty in the physics-based simu-
lation—stemming from model simplifications, assumptions, or an
incomplete understanding of the underlying physics—can lead to
biased estimations of the structural damage state. On the other
hand, numerous similar, yet different, miter gates have been in-
spected in the past, generating valuable inspection and monitor-
ing data. Leveraging knowledge from these "nominal classes" of
miter gates could provide an alternative approach to overcoming
these limitations. This concept, known as population-based SHM,
involves using knowledge from groups of similar structures to es-
timate the damage condition of a given structure. For a thorough
discussion on various aspects of population-based SHM, see the
trio of references from the University of Sheffield [18–20]. Among
the numerous techniques available, one widely adopted method for
leveraging data from different assets to diagnose the damage of a
specific asset is domain adaptation or translation within the con-
text of transfer learning. [21,22]. Domain adaptation is a technique
where a model developed for a specific domain (the source domain)
is adapted to work in a different but related domain (the target do-
main). This approach is particularly useful when the target domain
has limited or no labeled data (such as the unknown damage state
of a miter gate of interest). It involves adjusting the model so it can
effectively transfer knowledge from one domain to another despite
differences in data distribution [23].

In recent years, domain adaptation has increasingly been ap-
plied to the field of damage diagnostics. For example, Chun
et al. introduced a self-training framework for unsupervised do-
main adaptation in concrete wall crack segmentation [24]. Chen et
al. proposed a structural damage detection method that enhances
detection performance by integrating one-dimensional and two-
dimensional deep convolutional neural networks (CNN) for de-
tailed spatiotemporal feature extraction from vibration data [25].
Huang et al. proposed a method that involves a Bayesian deep
dual network that utilizes domain adaptation to transfer diagnos-
tic insights from experimental setups to real-world machines with
varying configurations and operational conditions [26]. Li et al.
introduced a method using a deep convolutional neural network
(DCNN) combined with Bayesian optimization and adaptive batch
normalization (AdaBN) for predicting the remaining useful life of
mechanical equipment [27]. Recently, adversarial-based domain
adaptation includes methods like Generative Adversarial Networks
(GANs), have gained popularity for their ability to create robust
feature representations consistent across various domains. This
characteristic makes GANs highly effective for domain adaptation

challenges. Kwak et al. presented a diagnostic design solution that
integrates Designable Data Augmentation (DDA) with Designable
GAN and Prognosis and Health Management (PHM) technology,
incorporating domain adaptation. This approach utilizes Bayesian
transfer learning to transfer diagnostic knowledge from an estab-
lished system to a new target system [28]. Despite the significant
potential of domain adaptation in damage diagnostics, it also has
its drawbacks, such as the risk of negative transfer. Additionally,
it fails to leverage the rich information contained in physics-based
simulations of a specific miter gate regarding the relationship be-
tween damage state and system response. Principled uncertainty
quantification of the damage estimation is also challenging for such
purely data-driven approaches.

Given that both physics-based Bayesian inference and domain
adaptation in damage diagnostics have their own advantages and
disadvantages, and their strengths and weaknesses complement
each other, it is beneficial to determine when to use each method
and how to integrate them for optimal damage state estimation.
To this end, this paper proposes a novel Bayesian inference-based
damage diagnostics approach Enhanced through Domain Transla-
tion (BiEDT), aiming to make more informed decisions regarding
the damage state of a miter gate. The proposed method gener-
ally consists of three phases: The first phase converts observations
from both the target and source miter gates into a common domain
through domain translation; the second phase constructs a proba-
bilistic model to determine the damage state of the target miter gate,
using observations from the translated domain with known damage
states of the source miter gates; finally, the method combines the
results from the earlier phases with physics-based Bayesian infer-
ence through Bayesian model averaging. The main contributions
of this paper can be summarized as follows:

• First, this study presents a novel framework that seamlessly
integrates domain translation of observations with Bayesian
inference techniques for damage diagnostics.

• Second, this paper synthesizes domain translation techniques
with a conditional invertible neural network for the first time
to enable damage diagnostics with quantified uncertainty.

• Third, a comparison of domain translation using Cycle-
Consistent GAN (CycleGAN) and Domain-Adversarial Neu-
ral Network (DANN) in the proposed framework.

• Fourth, this paper proposes a Bayesian model averaging and
selection method to synthesize different probabilistic esti-
mates of the damage state.

• Finally, the proposed frameworks are demonstrated and com-
pared using a practical application example of miter gate
structural systems.

It is worth noting that the novelty of this paper lies in its com-
prehensive and innovative framework that seamlessly integrates
domain translation techniques with Bayesian inference for dam-
age diagnostics in miter gates. This holistic approach results in a
robust and well-informed decision-making process concerning the
damage state of miter gates, marking a significant advancement in
the field of SHM.

The remainder of this paper is structured as follows: Sec. 2
provides a detailed background overview including Bayesian infer-
ence for probabilistic damage detection, health monitoring of miter
gates, data augmentation with GANs in Bayesian models, and lim-
itations of the existing methods. Sec. 3 formulates the problem and
presents details of the proposed method. Sec. 4 uses a miter gate
application example to demonstrate the proposed method. Finally,
Sec. 5 presents the conclusion remarks of this paper.

2 Background
2.1 Probabilistic damage detection using Bayesian infer-

ence. In Bayesian inference-based probabilistic damage detection,
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the observation data from a physical system are utilized to update
its simulation model and estimate the structural damage character-
ized by uncertain model parameters 𝛉. Let y𝑘 = 𝑔(u1:𝑘 , 𝛉) be the
concerned simulation model, where y𝑘 ∈ R𝑁𝑦×1 are the model
outputs at the 𝑘th time step, 𝑁𝑦 is the number of model outputs,
u1:𝑘 ∈ R(𝑁𝑢×𝑘 )×1 are the model inputs at the past 𝑘 time steps,
and 𝑁𝑢 is the number of model inputs. The mathematical relation
between the model prediction y𝑘 and the observation data y𝑜,𝑘 can
be expressed as follows [29]

y𝑜,𝑘 = 𝑔(u1:𝑘 , 𝛉) + 𝛿(u1:𝑘) + 𝛆𝑘 ,
= y𝑘 + 𝛿(u1:𝑘) + 𝛆𝑘 ,

(1)

where 𝛿(u1:𝑘) is the model discrepancy term, 𝛆𝑘 ∼ 𝑁 (0,𝚺𝑘) is the
Gaussian noise term with zero mean and the following covariance
matrix:

𝚺𝑘 =

⎛⎜⎜⎜⎜⎜⎝
𝜎2

1 0 · · · 0
0 𝜎2

2 · · · 0
.
.
.

.

.

.
. . .

.

.

.

0 0 · · · 𝜎2
𝑁𝑦

⎞⎟⎟⎟⎟⎟⎠
∈ R𝑁𝑦×𝑁𝑦 . (2)

Given the observations of the input and output, the joint poste-
rior distribution of the uncertainty parameters 𝛉 can be obtained
by applying Bayes’ rule as

𝑓 (𝛉 |u1:𝑘 , y𝑜,1:𝑘) =
𝐿 (y𝑜,1:𝑘 |u1:𝑘 ,𝛉) 𝑓 (𝛉)∫
𝐿 (y𝑜,1:𝑘 |u1:𝑘 ,𝛉) 𝑓 (𝛉)𝑑𝛉

, (3)

where 𝑓 (𝛉) and 𝑓 (𝛉 |u1:𝑘 , y𝑜,1:𝑘) are the prior and posterior dis-
tributions of 𝛉, respectively, and 𝐿 (y𝑜,1:𝑘 |u1:𝑘 , 𝛉) is the likelihood
function, which measures the agreement between the model pre-
diction y𝑘 and the observation value y𝑜,𝑘 .

2.2 Structural health monitoring of miter gates in inland
waterway networks. In the United States, the USACE maintains
and operates 236 miter gate structures, as shown in Fig. 1, at
191 sites. These miter gates constitute a network that plays a cru-
cial role in the inland waterway transportation system. More than
half of these structures have been beyond their 50-year expected
service life. Maintenance and upkeep plans are critical for the op-
timal operation of these miter gates, as unexpected closures can
prevent shippers from completing their scheduled transportation
tasks, leading to unpredictable economic losses.

Fig. 1 Miter gates in inland waterway navigation

One of the most common damage modes in miter gate structure
is a gap that arises from the loss of contact between the gate quoin
block and the wall quoin block the bottom of the gate, as shown in
Fig. 2. This gap will further lead to the stress redistribution in the
gate structure stress, forming a high stress zone, which may exceed
the acceptable limit state and lead to failure. Because such gaps
are often underwater, they cannot be directly observed. Instead,
one can infer the gaps from the measurement data collected by the
sensor installed in the high stress zone.

Gap

Fig. 2 Illustration of "gap" on miter gate structures

2.3 Augmenting observation data in Bayesian inference
using Generative Adversarial Networks (GANs). In Bayesian
model updating, the observation data is of paramount importance
as it provides insightful information for estimating model parame-
ters and quantifying uncertainty. Thus, the accuracy and effective-
ness of Bayesian model updating highly depend on both the qual-
ity and quantity of sensor-monitoring data. However, the available
data in practical engineering is often limited, which seriously hin-
ders the effectiveness of Bayesian model updating. To overcome
this limitation, in our previous work, we applied a data augmenta-
tion technique, which generates synthetic data through the process
of sampling and transformation of existing data to increase the di-
versity and volume of an existing dataset, and thereby improving
the effectiveness of the Bayesian model updating-based damage de-
tection. This data augmentation technique has been demonstrated
in our previous work in Refs. [17,30].

Fig. 3 provides an overview of our previous approach using
a technique called CycleGAN to enhance Bayesian inference for
estimating the damage status (i.e., gap length) of miter gates. As-
suming the two miter gates share operational and environmental
similarities but not identical conditions, we employed CycleGAN
to enrich the dataset of "Miter gate 2" by translating sensor data
from "Miter gate 1", thus increasing the confidence of Bayesian
inference-based damage estimation (i.e., gap length) of “Miter gate
2". The whole technical route consists of four parts: (1) data pre-
processing, (2) synthetic data generation, (3) accuracy verification
of synthetically generated data, and (4) augmenting Bayesian In-
ference with synthetic data.
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Fig. 3 A framework proposed in our previous research
[17,30]

2.4 Limitations of existing methods. While the results of our
previous research have shown the promise of data augmentation in
enhancing the performance of Bayesian inference-based damage
diagnostics, it also has several limitations. First, the method pre-
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sented in Refs. [17,30] and as shown in Fig. 3 assumes that the
damage states of the two miter gates of interest remain unchanged
for the time duration of data collection. This assumption greatly
limits the application of the method since the damage states of
the inspected miter gates are different most of the time. Second,
the trained inference model only applies to one unknown damage
state due to the first limitation. It needs to be retrained whenever
the damage state of the miter gate of interest changes. Third, the
method presented in Refs. [17,30] mainly focuses on augmenting
the observation data, which will subsequently be used in Bayesian
inference using physics-based simulations. The damage estima-
tion in this case highly dependent on the fidelity of the simulation
model. It, therefore, cannot overcome the aforementioned limita-
tions of Bayesian inference-based damage diagnostics caused by
the imperfection of the physics-based simulations.

Motivated by overcoming the limitations of our previous method
and developing a versatile approach for enhancing Bayesian
inference-based damage diagnostics, in Sec. 3, we propose a
novel framework called Bayesian inference-based damage diag-
nostics approach Enhanced through Domain Translation (BiEDT).
Even though BiEDT is developed for miter gate applications, it is
very generalized and applicable to other engineering systems.

3 Proposed Method
In this section, we first formulate the problem that we aim to

solve. After that, we will present the proposed method in detail.

3.1 Problem formulation. The objective of this paper is to
estimate the damage state (i.e., gap) of a miter gate of interest
based on three main data sources, namely (1) structural monitoring
data of the miter gate itself, which has an unknown damage state;
(2) monitoring data from similar, but different, miter gates whose
damage states have already been inspected; and (3) a physics-based
computational simulation model of the miter gate of interest.

For the sake of explanation, we refer to the miter gate of interest,
which has an unknown damage state, as the target miter gate.
Similarly, we refer to the miter gates whose damage states have
already been inspected as source miter gates. This terminology
is analogous to definitions commonly used in transfer learning
within the machine learning community. We define the following
variables to represent the data sources and models.

• y𝑜,tg,𝑖 ∈ R𝑁𝑡×𝑁𝑠 ,∀𝑖 = 1, · · · , 𝑁𝑜𝑡 : the 𝑖-th group of moni-
toring data of the target miter gate over 𝑁𝑡 time steps from
𝑁𝑠 strain gauges on the gate, where 𝑁𝑜𝑡 is the total number
of available monitoring datasets.

• y𝑜,sr,𝑖 ∈ R𝑁𝑡×𝑁𝑠 ,∀𝑖 = 1, · · · , 𝑁𝑜𝑠 : the 𝑖-th group of moni-
toring data of the source miter gates over 𝑁𝑡 time steps from
𝑁𝑠 strain gauges on the gates, where 𝑁𝑜𝑠 is the total number
of available monitoring datasets. Note that here the value of
𝑁𝑜𝑠 could be different from that of 𝑁𝑜𝑡 , and the 𝑁𝑜𝑠 datasets
could come from different source miter gates.

• 𝛉sr,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑠 : inspected damage state 𝛉sr of the source
miter gates corresponding to the 𝑖-th group of monitoring data
y𝑜,sr,𝑖 of the source miter gates.

• 𝛉tg,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑡 : unknown damage state 𝛉tg of the target
miter gate corresponding to the 𝑖-th group of monitoring data
y𝑜,tg,𝑖 .

• ytg = 𝐺 (𝛉, u): computational simulation model (i.e., finite
element analysis model) of the target miter gate, which can
predict the strain response for given damage state 𝛉 and load
condition u (i.e., water level for the miter gate case).

It is worth mentioning that even though {𝛉tg,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑡 }
and {𝛉sr,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑠} represent the damage states of different
miter gates, they are domain-invariant quantities. For instance, all

the gap lengths of the miter gates in the case study of this paper are
bounded between 0 to 130 inches. Based on the above definitions,
the problem that needs to be solved is to find the following posterior
distribution of the unknown damage state, 𝛉tg,𝑖 ,

𝑓 (𝛉tg,𝑖 | (ỹ𝑜,sr, 𝛉̃sr, y𝑜,tg,𝑖 ;G)), ∀𝑖 = 1, · · · , 𝑁𝑜𝑡 , (4)

where ỹ𝑜,sr
.
= {y𝑜,sr,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑠}, 𝛉̃sr

.
= {𝛉sr,𝑖 , 𝑖 =

1, · · · , 𝑁𝑜𝑠}, and G represents the simulation model ytg = 𝐺 (𝛉, u).
If we only have monitoring data from the target miter gate,

the posterior distribution 𝑓 (𝛉tg,𝑖 | (y𝑜,tg,𝑖 ;G)) can be solved using
conventional Bayesian model updating methods [13,31]. However,
the limited monitoring data y𝑜,tg,𝑖 from the target gate and vari-
ous uncertainty sources in the simulation model, ytg = 𝐺 (𝛉, u),
could result in large uncertainty or bias in the estimated dam-
age state 𝛉tg,𝑖 . Although damage inspection and monitoring data,
{𝛉sr,𝑖 , y𝑜,sr,𝑖}, 𝑖 = 1, · · · , 𝑁𝑜𝑠 , from similar but different miter
gates (referred to as source miter gates) can potentially mitigate
the impact of limited monitoring data of the target gate and model
uncertainty of ytg = 𝐺 (𝛉, u) on damage state estimation, effectively
leveraging these data sources for Bayesian damage estimation of a
target miter gate (i.e., solving Eq. (4)) remains a formidable chal-
lenge. This challenge is mainly caused by the disconnect between
the damage state, 𝛉tg,𝑖 , of the target miter gate and the monitoring
and inspection data (i.e., ỹ𝑜,sr) of similar, yet different, miter gates.
Motivated by overcoming this challenge, in this paper, we propose
a novel framework called BiEDT that integrates domain adapta-
tion/translation techniques with Bayesian inference-based damage
diagnostics. In the subsequent sections, we will present the pro-
posed BiEDT framework in detail.

3.2 Overview of the proposed BiEDT framework. Figure 4
provides an overview of the proposed method. The basic idea is to
leverage the inspection and monitoring data from similar, yet dif-
ferent, miter gates to develop an alternative method for estimating
the damage state of the target miter gate. This method will comple-
ment the commonly employed Bayesian model updating technique,
which relies on computational simulation models (see descriptions
in Sec. 2.1). Once the alternative estimation method is estab-
lished, we will integrate the damage state estimations from various
approaches using a Bayesian framework.

More specifically, in order to overcome the challenge that 𝛉tg,𝑖
and ỹ𝑜,sr are disconnected, we first employ domain translation
techniques to translate measurements of the source and target miter
gates into the same analysis domain as follows

𝛈𝑜,tg,𝑖 = 𝜑(y𝑜,tg,𝑖), 𝑖 = 1, · · · , 𝑁𝑜𝑡 ,

𝛈𝑜,sr,𝑖 = 𝜑(y𝑜,sr,𝑖), 𝑖 = 1, · · · , 𝑁𝑜𝑠 ,

(5)

where 𝛈𝑜,tg,𝑖 , 𝛈𝑜,sr,𝑖 ∈ Ω𝜂 , which is a domain common to both the
source and target miter gates, and 𝜑(·) is a domain translator which
translates measurements from one domain to a domain of interest.
As detailed in Sec. 3.3, two types of domain translation/adaptation
approaches will be investigated to achieve the purpose of measure-
ment translation.

Since there is a unknown nonlinear relationship between
{𝛉sr,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑠} and {𝛈𝑜,sr,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑠}, the same
unknown relationship also exists between 𝛉tg,𝑖 and 𝛈𝑜,tg,𝑖 in the
translated domain, Ω𝜂 . Given that 𝛈𝑜,sr,𝑖 ∈ Ω𝜂 and 𝛈𝑜,tg,𝑖 ∈ Ω𝜂

are in the same domain, we, therefore, can build a model to learn
the unknown nonlinear relationship between the damage state 𝛉
and the translated observations 𝛈 of the miter gates using data
{𝛉sr,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑠} and {𝛈𝑜,sr,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑠} as follows

𝛉 = 𝐻 (𝛈; ( 𝛈̃𝑜,sr, 𝛉̃sr)), (6)

where 𝐻 (·) is a probabilistic function that maps 𝛈 to 𝛉, which
is trained using data of {𝛈̃𝑜,sr, 𝛉̃sr}, and 𝛈̃𝑜,sr

.
= {𝛈𝑜,sr,𝑖 , 𝑖 =
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Fig. 4 Overview of the proposed BiEDT framework

1, · · · , 𝑁𝑜𝑠}. In this paper, a conditional invertible neural net-
work is employed to build such a model for the mapping. More
details are provided in Sec. 3.4.

By using the translated measurements of the target miter gate
and the model learned in Eq. (6), we can then estimate the damage
state of the target miter gate as

𝛉̂tg,𝑖 = 𝐻 (𝛈𝑜,tg,𝑖 ; ( 𝛈̃𝑜,sr, 𝛉̃sr)), (7)

where 𝛈𝑜,tg,𝑖 = 𝜑(y𝑜,tg,𝑖) as given in Eq. (5).
Until now, we established an approach to probabilistically es-

timate the damage state of the target miter gate by leveraging in-
spection and monitoring data of source miter gates. This proposed
approach integrates domain translation techniques with probabilis-
tic damage diagnostics to fill the gap between two types of similar
but different miter gates. In addition to this new way of estimating
the damage state, as mentioned above, we also have another way
of estimating the damage state of the target miter gate by using the
physics-based computational simulation model (i.e., ytg = 𝐺 (𝛉, u))
of the target miter gate. Using Bayesian method, the damage state
can be estimated using only the measurements of the target miter
gate as

𝑓 (𝛉tg,𝑖 | (y𝑜,tg,𝑖 ;G)) ∝ 𝐿 (y𝑜,tg,𝑖 | (𝛉tg,𝑖 ;G)) 𝑓𝛉 (𝛉tg,𝑖), (8)

where 𝐿 (y𝑜,tg,𝑖 | (𝛉tg,𝑖 ;G)) is a likelihood function and 𝑓𝛉 (𝛉tg,𝑖) is
the prior distribution of the damage state of the target miter gate.

Both Eqs. (7) and (8) can provide an estimation of the dam-
age state of the target gate using different approaches. The next
question that needs to be answered now is how to combine these
two types of estimations together to get a final estimated posterior
distribution of the damage state. An intuitive combination of these
two types of estimations is to use the estimation given in Eq. (7) as
the prior distribution of Eq. (8). Such an approach, however, risks
double-counting the measurement data of the target miter gate in
the Bayesian damage diagnostics, as both Eqs. (7) and (8) use
y𝑜,tg,𝑖 as inputs, despite Eq. (7) only employing the translated
information from y𝑜,tg,𝑖 .

To mitigate the risk of using the same information twice, a
Bayesian model averaging approach is developed by combining
estimations from the two different types of approaches (as illus-
trated in Fig. 4) [32]. The posterior distribution given in Eq. (4)
is thus approximated as

𝑓 (𝛉tg,𝑖 | (ỹ𝑜,sr, 𝛉̃sr, y𝑜,tg,𝑖 ;G))

≈ 𝑓𝐷𝑇 (𝛉tg,𝑖)𝑝(H|D) + 𝑓 (𝛉tg,𝑖 | (y𝑜,tg,𝑖 ;G))𝑝(G|D),
(9)

where 𝑓𝐷𝑇 (𝛉tg,𝑖) represents the posterior distribution obtained
from domain translation (i.e., Eq. (6)), H represents the over-
all domain translation model for estimating the damage state of
the target miter gate, D .

= {ỹ𝑜,sr, 𝛉̃sr, y𝑜,tg,𝑖}, and 𝑝(H|D) and
𝑝(G|D) represent respectively the weights of different approaches
or models in the model averaging. In addition to the above model
averaging, we can also select which model or poster distribution to
use in decision-making through Bayesian hypothesis testing. More
details of such a Bayesian model averaging or model selection are
presented in Sec. 3.5.

In summary, as shown in Fig. 4, the proposed framework con-
sists of three main modules:

(1) Domain translation of observations: This module concen-
trates on translating observations of both the target gate and
the source gates into a common domain. This translation is
essential for building a connection between the damage state
of the target miter gate and the inspection and measurements
of the source miter gates.

(2) Bayesian inference-based damage diagnostics in the trans-
lated domain: This module focuses on building a model for
inferring the damage state of the target miter gate based on
observation data with labeled damage states of the source
miter gates in the translated domain.

(3) Bayesian model averaging for the integration of probabilis-
tic estimations: Building upon results and models from the
previous two modules, as illustrated in Fig. 4, this mod-
ule combines both posterior distribution from computational
simulation (i.e., Eq. (7)) and inference results in translated
domain (i.e., Eq. (8)) by solving Eq. (9), thereby obtain the
final posterior distribution of the damage state of the target
miter gate.

In the following subsections, we explain each of the above mod-
ules in detail.

3.3 Domain translation of observations. In this paper, two
types of domain-translation approaches are investigated to per-
form domain translation of miter gate observations. The two
approaches, namely the CycleGAN-based method and Domain-
Adversarial Neural Network (DANN)-based method, translate ob-
servations of a target miter gate to different domains. In particular,
the CycleGAN-based method translates observations of the target
miter gate directly into observations of source miter gates while the
DANN-based method translates observations of both the target and
source miter gates into a common/shared domain that is different
from the original domains of both types of miter gates. In what
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follows, we explain the main idea of the studied two approaches in
detail.

3.3.1 CycleGAN-based domain translation. CycleGAN is a
method introduced by Zhu et al.for addressing unpaired image-to-
image translation challenges [33]. It facilitates the transformation
of images from one style into another, for example, converting im-
ages of horses into zebras or summer scenes into winter [34]. It is
an effective technique for discovering and learning the relationships
between different unpaired domains.

Fig. 5 illustrates the architecture of CycleGAN as it is applied
to domain translation for miter gates. The architecture consists of
two main components: two generator networks and two discrimina-
tor networks. Each generator-discriminator pair is responsible for
one direction of image translation between two distinct domains,
Domain A (source miter gate) and Domain B (target miter gate).
The first generator, K(·), translates images from Domain A to Do-
main B, while the second generator, F(·), performs the inverse,
translating images from Domain B to Domain A. Correspondingly,
each discriminator, D1 (·) and D2 (·), aims to distinguish between
the translated images and real images in their respective domains.
A novel and critical aspect of CycleGAN is its use of a cycle
consistency loss. This loss function ensures that an image from
one domain can be translated to the other domain and then back
again to the original domain, with the goal of retaining the orig-
inal image’s content and structure [33]. Mathematically, for an
image X from Domain A, the cycle consistency loss ensures that
F(K(X)) ≈ X, and similarly, for an image Y from Domain B, it en-
sures that K(F(Y)) ≈ Y. Next, we will delve into each component
of the CycleGAN and provide detailed explanations.

CycleGAN in our study utilizes a modified U-Net architecture
for its generators K(·) and F(·). The U-Net architecture is par-
ticularly effective due to its encoder-decoder structure with skip
connections that help preserve fine-grained details throughout the
network:

• Encoder: The encoder part typically consists of convolutional
layers that successively downsample the input image, captur-
ing increasingly abstract representations of the input.

• Decoder: The decoder uses transposed convolutions (or up-
sampling layers followed by convolutions) to progressively
upsample the encoded representations back to the original
image size. The upsampling process reintegrates finer details
into the synthesized image.

• Skip Connections: These connections pass information di-
rectly from the encoder to the corresponding layers in the
decoder, helping in recovering fine details that might be lost
during downsampling.

This architecture allows CycleGAN’s generators to efficiently trans-
late the input image from one domain to the other while maintain-
ing critical information. The discriminators in CycleGAN, often
referred to as PatchGAN, classify whether small patches of the
image are real or fake. This approach differs from traditional full-
image discriminators by focusing on the realism of local image
patches [33]. PatchGAN consists of a few convolutional layers that
downsample the image to a smaller set of patches. Each patch in
the output map is independently classified as real or fake, and the
discriminator’s final output is the average of these classifications.
This method is computationally less intensive and focuses on get-
ting high-frequency details right, which is often enough to make
the whole image appear convincingly real or accurately translated.

The loss functions in CycleGAN play a crucial role in enabling
the effective translation of images between two unpaired domains.
Adversarial losses, cycle consistency loss, and identity loss are
components in the loss function of CycleGAN. The first part of the

adversarial losses is shown as follows [34]

LGAN (K,D1, 𝑋,𝑌 ) = EY∼𝑝data (Y) [logD1 (Y)]

+ EX∼𝑝data (X) [log (1 − D1 (K(X)))] ,
(10)

where the image input for domain A and B are 𝑋 = {X1, · · · ,X𝑁 },
𝑌 = {Y1, · · · ,Y𝑁 } respectively. K(·) is the generator that gener-
ates synthetic data for domain B. D1 (·) is the discriminator that
distinguishes between translated samples Ŷ𝑗 = K(X𝑗 ) and real sam-
ple Y𝑗 . The data distributions are denoted as X ∼ 𝑝data (X) and
Y ∼ 𝑝data (Y).

Another adversarial loss function is given as [34]

LGAN (F,D2, 𝑌 , 𝑋) = EX∼𝑝data (X) [logD2 (X)]

+ EY∼𝑝data (Y) [log (1 − D2 (F(Y))]
, (11)

where F(·) is the generator that generates synthetic data for domain
A. D2 (·) is the discriminator that distinguishes between translated
samples X̂𝑗 = F(Y𝑗 ) and real sample X𝑗 .

The cycle consistency loss is given as [34]

Lcyc (K, F) = EX∼𝑝data (X) [∥F(K(X)) − X∥1]

+ EY∼𝑝data (Y) [∥K(F(Y)) − Y∥1]
, (12)

where ∥ · ∥1 denotes the L1 norm, which penalizes the absolute
differences between the original and reconstructed images.

The identity mapping loss is given by [34]

Lid (K, F) = ∥K(Y) − Y∥1 + ∥F(X) − X∥1. (13)

Thus, the overall loss function of CycleGAN is denoted as

L(K, F,D1,D2) = LGAN (K,D1, 𝑋,𝑌 )

+LGAN (F,D2, 𝑌 , 𝑋)

+Lcyc (K, F) + Lid (K, F),

, (14)

and we aim to solve

K∗, F∗ = arg min
F,K

max
D1 ,D2

L (K, F,D1,D2) . (15)

For the training of the CycleGAN model in this paper, we have
𝑋

.
= {y𝑜,tg,𝑖 ,∀𝑖 = 1, · · · , 𝑁𝑜𝑡 } and 𝑌

.
= {y𝑜,sr,𝑖 ,∀𝑖 = 1, · · · , 𝑁𝑜𝑠}.

After the training of the CycleGAN model, we can translate obser-
vations of the target miter gate into their counterparts of the source
miter gates as

ŷ𝑜,tg2sr,𝑖 ≈ F(y𝑜,tg,𝑖),∀𝑖 = 1, · · · , 𝑁𝑜𝑡 . (16)

Additionally, we can obtain the reconstrcuted observations of
the source miter gates through the CycleGAN model as

ŷ𝑜,sr2sr,𝑖 ≈ F(K(y𝑜,sr,𝑖)),∀𝑖 = 1, · · · , 𝑁𝑜𝑠 . (17)
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Fig. 5 The structure of CycleGAN for translation of miter gate observations.

3.3.2 Domain-Adversarial Neural Network (DANN) -based
domain translation. The Domain-Adversarial Neural Network
(DANN) introduces a representation learning method for domain
adaptation, where training and testing data originate from similar
yet different distributions [35]. This model is designed to work
with labeled data from the source domain and unlabeled data from
the target domain, eliminating the need for labeled target-domain
data. Throughout training, DANN encourages the development of
features that are both discriminative for the task at hand within
the source domain and non-discriminative regarding the domain
differences. This dual capability is facilitated by introducing a few
standard layers and a gradient reversal layer, enabling training via
standard backpropagation and stochastic gradient descent [35].

Fig. 6 illustrates the architecture of DANN for the application
to domain translation of miter gates. DANN was originally devel-
oped primarily for classification tasks. However, when adapting
DANN for a regression task instead, the structural modifications
primarily involve the output layer and the loss functions used, while
retaining the core adversarial architecture. Here’s how the model
is structured

• Feature Extractor: This is a neural network that processes
input data to extract useful features. The architecture of this
network includes multiple dense layers designed to capture
the nuances necessary for predicting continuous values.

• Domain Classifier: This component tries to determine the
domain of the input features (source vs. target) and is piv-
otal for ensuring that the features are domain-invariant. It
typically consists of a few dense layers followed by a binary
classification output that indicates the domain.

• Gradient Reversal Layer (GRL): Positioned between the fea-
ture extractor and the domain classifier, the GRL is crucial
for the adversarial training aspect of DANN. It reverses the
gradient during backpropagation, effectively making the do-
main classifier’s job harder, which in turn forces the feature
extractor to produce more domain-invariant features.

• Regressor: A regressor is used at the output of the feature
extractor for the primary task of regression. The activation
function is linear.

DANN incorporates concepts from GANs to facilitate the de-
velopment of features that are effective across different domains.
This adversarial learning approach involves a two-player game: the
first player is a domain classifier G𝑑 (·) tasked with differentiating
between source and target domain data. In contrast, the second

player is a feature extractor G𝑓 (·) that aims to generate features
indistinguishable by G𝑑 (·), effectively confusing the discriminator
by producing domain-invariant features.

The training of these components is adversarial. The feature
extractor G𝑓 (·)’s parameters 𝛉𝑓 are optimized to maximize the
discriminator G𝑑 (·)’s loss, thereby fooling G𝑑 (·) into misclassi-
fying the domain of the features. Conversely, the parameters 𝛉𝑑
of G𝑑 (·) are trained to minimize its loss, improving its ability
to classify the domain of the data correctly. Simultaneously, the
loss of a label regressor G𝑟 (·), responsible for the source domain
regression, is minimized. The regression loss is given as

Lr =
1
𝑛𝑠

𝑛𝑠∑︂
𝑖=1

|𝑟𝑖 − G𝑟 (X𝑖) | (18)

where 𝑛𝑠 represents the sample size of the source domain data and
𝑟𝑖 is the label/response of the source domain data.

The domain loss, Ld is expressed as introduced in [35] by eval-
uating the difference between the domain label (0 for source and 1
for target domain) and the domain classifier output, G𝑑

(︁
G𝑓 (X)

)︁
.

Because there are no labels for target domain data in the training
set, the total loss is given as

L
(︁
𝛉𝑓 , 𝛉𝑟 , 𝛉𝑑

)︁
= Lr + 𝜆Ld, (19)

where 𝜆 is a weighting parameter that balances the contribution of
the adversarial loss. And we intend to solve [35](︂

𝛉̂𝑓 , 𝛉̂𝑟
)︂
= arg min

𝜃𝑓 , 𝜃𝑟
L
(︂
𝛉𝑓 , 𝛉𝑟 , 𝛉̂𝑑

)︂
,

𝛉̂𝑑 = arg max
𝜃𝑑

L
(︂
𝛉̂𝑓 , 𝛉̂𝑦 , 𝛉𝑑

)︂
.

(20)

For the training of the DANN model in this paper, the data
used include {y𝑜,tg,𝑖 ,∀𝑖 = 1, · · · , 𝑁𝑜𝑡 }, {𝛉sr,𝑖 , 𝑖 = 1, · · · , 𝑁𝑜𝑠},
and {y𝑜,sr,𝑖 ,∀𝑖 = 1, · · · , 𝑁𝑜𝑠}. After the training of the DANN
model, we have the common features of the observations of the
target miter gate and the source miter gates as

𝛈DANN,tg,𝑖 ≈ 𝜑DANN (y𝑜,tg,𝑖), 𝑖 = 1, · · · , 𝑁𝑜𝑡 ,

𝛈DANN,sr,𝑖 ≈ 𝜑DANN (y𝑜,sr,𝑖), 𝑖 = 1, · · · , 𝑁𝑜𝑠 ,

(21)

where 𝛈DANN,tg,𝑖 and 𝛈DANN,sr,𝑖 are respectively the translated
observations of the target and source miter gates, and 𝜑DANN (·)
represents the overall DANN model.

Journal of Mechanical Design PREPRINT FOR REVIEW / 7



!"#$%&"'()$&#*$+&'!!

,#-".'/"0&"11+&

!"

!"#$"%%&$'

(")*&$+

!"#

2.+-#.'3+4#56'

351*&5456#$+&

!"#$%&'()*&$'+,*&

3+4#56'7

-,$.&*'()*&$'+,*&

3+4#56'8

,"-).$"'/"0)&$

!#

$%&

!

!! !"

$%& 1$-23"()'!"4"$%-5'6-7"$

!!

!"

6-8"5'!"#$"%%3&('6&%%

9&:-3('6&%%

;-0+'<$&<-#-)3&(

"#$

"$$

"##

"$#

"#$

"$%

"##

"$%!
"
"

!
"
"

!
"
"

!
"
"

!
"
"

Fig. 6 The structure of DANN for translation of miter gate observations.

3.4 Bayesian inference-based damage diagnostics in the
translated domain. Using the approaches described in Sec. 3.3,
we can translate the observations of the source and target miter
gates into a common domain. Based on the translated data from
the source miter gates, in this section, we construct an inverse
model to estimate the damage state of the target gate for given ob-
servations in the translated domain (i.e., Eqs. (6) and (7)). Given
the complex nonlinear relationship between the damage state and
the transformed observations, along with various sources of uncer-
tainty in the domain translation, we employ a normalizing flow-
based approach [36–38]. This method uses conditional invertiable
neural networks (cINN) to construct the inverse model and per-
form Bayesian inference-based damage diagnostics of the target
miter gate in the translated domain. In what follows, before we
provide a brief overview of Bayesian inference using cINN, we
explain the basics of normalizing flow.

3.4.1 Conditional invertible neural networks as a regression
model for probabilistic estimation. Normalizing flows are genera-
tive techniques that can flexibly approximate any arbitrary probabil-
ity distribution 𝑓 (𝛉 |𝛃) over a continuous domain. This is achieved
by starting with a regular/base distribution 𝑓𝑧 (z) and applying a
series of bijective transformations [36,37]. Let 𝛉 be a vector of
damage state variables and 𝛃 be a vector denoting observations,
as illustrated in Fig. 7, there are two types of flow transforma-
tion, namely generative direction and normalizing direction. In
the generative direction, we can map a regular or base distribu-
tion 𝑓𝑧 (z) (e.g., Gaussian distribution) to an irregular distribution.
This allows for the generation of samples of 𝛉 from distribution
𝑓 (𝛉 |𝛃) by sampling z from distribution 𝑓𝑧 (z). In the normalizing
direction, we can operate the opposite by transforming an irregular
distribution to a normal form of the base distribution 𝑓𝑧 (z).

A key to enable the above bijective transformations is an in-
vertible function 𝛉 = 𝑀 (z), where 𝑀 (·) is an invertible function
and both 𝑀 (·) and 𝑀−1 (·) are differentiable. If such a invertible
and differentiable function exists, we can compute the probability

Normalizing direction

Generative direction

 = !"# $

$ = !  (invertible

function)

%&  

Multivariate 

Gaussian 

distribution

% $|'

Non-Gaussian

irregular 

distribution

(posterior)

Fig. 7 Transformation of distributions in generative
models [39]

density function 𝑓 (𝛉 |𝛃) of 𝛉 as

𝑓 (𝛉 |𝛃) = 𝑓𝑧 (z) |det 𝐽𝑀 (z) |−1

= 𝑓𝑧 (𝑀−1 (𝛉))
|︁|︁det 𝐽𝑀−1 (𝛉)

|︁|︁ , (22)

where z = 𝑀−1 (𝛉), 𝐽𝑀 (z) is the Jacobian matrix of 𝛉 = 𝑀 (z),
and 𝐽𝑀−1 (𝛉) is the Jacobian of 𝑀−1 (·).

In practice, the invertible function 𝛉 = 𝑀 (z) is usually not
directly available or explicitly defined. The added complexity of
translating the domain of the observations further complicates the
construction of such functions. One approach to overcome the
challenge of constructing the invertible function is to learn the
function based on data using invertible neural networks (INN) [40–
42]. INNs are neural network architectures proposed in Ref. [43].
The basic building block of an INN is the affine coupling block as
illustrated in Fig. 8. Each block consists of two complementary
affine coupling layers that split the input vector 𝛚 into two halves,
namely 𝛚1 and 𝛚2. The split inputs are then transformed by an
affine function using element-wise multiplication and addition to
become inputs of the next block as follows [40]

𝛂1 = 𝛚1 ⊙ exp(𝑠2 (𝛚2)) + 𝑡2 (𝛚2),

𝛂2 = 𝛚2 ⊙ exp(𝑠1 (𝛂1)) + 𝑡1 (𝛂1),
(23)

where ⊙ is element-wise multiplication.

8 / PREPRINT FOR REVIEW Transactions of the ASME



 ! "

Multivariate 

Gaussian distribution

 #|$

Posterior 

distribution

A
ff
in
e
n
e
c
o
u
p
li
n
g
n
g
la
y
e
r

A
ff
in
e
n
e
c
o
u
p
li
n
g
n
g
la
y
e
r

A
ff
in
e
n
e
c
o
u
p
li
n
g
n
g
la
y
e
r

A
ff
in
e
n
e
c
o
u
p
li
n
g
n
g
la
y
e
r

 
 

: Generative direction: ! = "#$ % , % = " ! (invertible function)

: Normalizing direction
: Generative direction: ! " % , % " ! (invertible function)

&$('), &*('), +$('), +*('): internal functions in affine coupling layers;

Gaussi

Fig. 8 Illustration of a cINN model as a regression model
for Bayesian inference

Similar to Eq. (23), the inverse direction operation can also
be easily performed using the affine coupling blocks. By stacking
multiple blocks together, the invertible neural networks can approx-
imate the invertible function 𝛉 = 𝑀 (z). By further integrating the
INN model architecture with an additional neural network, we can
approximate the posterior distribution 𝑓 (𝛉 |𝛃), which represents
the conditional probability of 𝛉 given the observations 𝛃. This
integrated architecture is known as a conditional invertible neural
network (cINN) [44]. Consequently, the cINN model serves as a
probabilistic regression model for Bayesian inference. For more
detailed information on INN and cINN, we refer interested readers
to Refs. [40] and [41].

3.4.2 Training a cINN model based on domain translation.
Let 𝛌̂ represent the parameters of the cINN model z = 𝛾𝛌 (𝛉; 𝛃),
which include both the INN for bijective mapping and an additional
neural network for conditioning. These parameters are estimated
by solving the following optimization problem

𝛌̂ = arg min
𝛌

E𝑝 (𝛃) [KL( 𝑓 (𝛉 |𝛃) ∥ 𝑓𝛌 (𝛉 |𝛃) )] ,

= arg min
𝛌

∫∫
𝑓 (𝛉, 𝛃) log { 𝑓𝛌 (𝛉 |𝛃)}d𝛃d𝛉,

(24)

where E(·) represents expectation and KL(·) is the Kull-
back–Leibler (KL) divergence between the true and the approx-
imate posterior distributions.

The objective function of the above equation can be approxi-
mated by a Monte Carlo estimate as follows [41]

𝛌̂ = arg min
𝛌

1
𝑁𝑜

𝑁𝑜∑︂
𝑗=1

⎛⎜⎜⎜⎝
∥︁∥︁∥︁𝛾𝛌 (𝛉 ( 𝑗 ) ; 𝛃 ( 𝑗 ) )

∥︁∥︁∥︁2

2
2

− log
|︁|︁|︁det 𝐽

( 𝑗 )
𝛾𝛌

|︁|︁|︁⎞⎟⎟⎟⎠, (25)

where 𝑁𝑜 is the number of training data and 𝐽
( 𝑗 )
𝛾𝛌

is the Jacobian
of z = 𝛾𝛌 (𝛉; 𝛃) evaluated at the 𝑗-th sample of 𝛉 and 𝛃.

If the CycleGAN-based approach (i.e., Sec. 3.3.1) is em-
ployed to translate the observations of the target miter gate to
that of the source miter gates, we have the training data as
{𝛉sr, 𝑗 , 𝑗 = 1, · · · , 𝑁𝑜𝑠} and {𝛃 ( 𝑗 ) .

= ŷ𝑜,sr2sr, 𝑗 , 𝑗 = 1, · · · , 𝑁𝑜𝑠}.
If DANN-based approach (i.e., Sec. 3.3.2) is employed to perform
observation translation, we have the training data as {𝛉sr, 𝑗 , 𝑗 =

1, · · · , 𝑁𝑜𝑠} and {𝛃 ( 𝑗 ) .
= 𝛈DANN,sr, 𝑗 , 𝑗 = 1, · · · , 𝑁𝑜𝑠} in Eq.

(25). After the estimation of 𝛌̂, the trained cINN model can be
used to approximate the posterior distribution of 𝑓 (𝛉 |𝛃) for given
observation 𝛃.

3.4.3 Damage diagnostics using Bayesian inference in the
translated domain. Once a cINN model has been successfully
trained in the translated domain, we can generate samples from
the posterior distribution of the damage state for any given ob-
servation 𝛃 of the target miter gate. This is achieved by first
generating 𝑁𝑀𝐶𝑆 samples of z from 𝑓𝑧 (z). Let the samples be
{z(𝑖) , 𝑖 = 1, · · · , 𝑁𝑀𝐶𝑆}, then we have the posterior samples of
𝑓 (𝛉 |𝛃) using the cINN model as

𝛉 (𝑖) = 𝛾−1
𝛌 (z(𝑖) ; 𝛃), 𝑖 = 1, · · · , 𝑁𝑀𝐶𝑆 , (26)

where 𝛾−1
𝛌 (·) stands for the generative direction of operation of

the model, 𝛃 is ŷ𝑜,tg2sr, 𝑗 , 𝑗 = 1, · · · , 𝑁𝑜𝑡 , if CycleGAN-based
approach is employed for domain translation and is 𝛈DANN,tg,𝑖 if
DANN-based approach is used.

Based on the posterior samples, the posterior distribution
𝑓𝐷𝑇 (𝛉tg,𝑖) (i.e., given in Eq. (9)) of the damage state can be
obtained using domain translation by leveraging information from
similar, but different miter gates.

3.5 Bayesian model averaging for the integration of differ-
ent estimations. As discussed in Sec. 3.2 and depicted in Fig. 4,
we can also conduct damage diagnostics using Bayesian inference
through computational simulation of the target miter gate. This
method complements the previously described diagnostics based
on domain translation. In this section, we first introduce dam-
age diagnostics utilizing physics-based Bayesian inference. Sub-
sequently, we explore the integration of estimations from different
approaches through Bayesian model averaging.

3.5.1 Damage diagnostics using physics-based Bayesian in-
ference. In damage diagnostics using physics-based computational
simulation, we calibrate the damage variable of the simulation
model to minimize the discrepancy between the model prediction
and actual observations. A commonly used approach to solve such
an inverse problem using computational simulation is Bayesian
inference or Bayesian model updating [45], which estimates the
damage state as follows

𝑓𝛉 |y (𝛉tg,𝑖 |y𝑜,tg,𝑖 , utg,𝑖 ;G)

∝ 𝐿y |𝛉 (y𝑜,tg,𝑖 |𝛉tg,𝑖 , utg,𝑖 ;G) 𝑓𝛉 (𝛉tg,𝑖),
(27)

where 𝑓𝛉 (𝛉tg,𝑖) is the prior distribution of the damage state and
𝐿y |𝛉 (y𝑜,tg,𝑖 |𝛉tg,𝑖 , utg,𝑖 ;G) is a likelihood function computed using
the computational model G (i.e., ytg = 𝐺 (𝛉, u)) by considering
uncertainty sources. Fig. 9 shows an example of a computational
simulation model of structural analysis for a miter gate.

Fig. 9 An example of FEA model of miter gates

If the major uncertainty sources considered are the observation
noises which could include both the sensor measurement noises and
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the uncertainty in the model prediction due to unmodeled physics,
the likelihood function given in Eq. (27) can be derived as [46]

𝐿y |𝛉 (y𝑜,tg,𝑖 |𝛉tg,𝑖 , utg,𝑖 ;G)

=

exp
(︂
−0.5(y𝑜,tg,𝑖 − ytg,𝑖)𝑇𝚺−1 (y𝑜,tg,𝑖 − ytg,𝑖)

)︂
√︂
(2𝜋)𝑁𝑡×𝑁𝑠 |𝚺|

,

(28)

in which 𝚺 is the covariance matrix which is usually modeled as
a diagonal matrix with the diagonal elements being the unknown
variance 𝜎2

𝜀 of the observation noises, and ytg,𝑖 ∈ R𝑁𝑡×𝑁𝑠 is the
predicted strain response using the physics-based simulation model
G. In this paper, the unknown variance 𝜎2

𝜀 is also treated as part
of the estimation parameters 𝛉 which includes both the gap length
and the observation noise variance.

Once the likelihood function is derived, the posterior distribu-
tion of the target miter gate’s damage state, as given in Eq. (27),
can be estimated using various Bayesian methods, such as Markov
Chain Monte Carlo simulation and particle filtering [12,47]. While
the physics-based Bayesian inference method can estimate the pos-
terior distribution of the damage state, this estimate may be bi-
ased due to imperfections in the physics-based simulation model,
such as the unmodeled physics due to misunderstanding or sim-
plification, numerical discretization error, etc. Although numerous
approaches have been developed over the past decades to address
model uncertainty in Bayesian model calibration [29,48–50], the
bias in posterior distribution estimation can only be mitigated, not
eliminated. Furthermore, a limited number of observations or mon-
itoring data for the target miter gate can introduce additional bias
or significantly increase uncertainty in the damage state estimation.

The method proposed in Sec. 3.4 offers a data-driven alterna-
tive to estimating the posterior distribution of the damage state for
the target miter gate, based on domain translation and normalizing
flows. By leveraging inspection and monitoring data from similar,
but different, miter gates, this approach bypasses the need for a
physics-based simulation model of the target miter gate. Conse-
quently, it has the potential to overcome the limitations and disad-
vantages associated with physics-based methods (i.e., Sec. 3.5.1),
as well as the constraint posed by the limited monitoring data for
the target gate. Given that both approaches have their own strengths
and weaknesses, we will next discuss how to combine their esti-
mations to achieve a final posterior distribution estimation of the
damage state for the target miter gate.

3.5.2 Bayesian model averaging for damage diagnostics. In
this paper, we combine the posterior distribution from the two
different approaches above through a Bayesian model averaging
framework. Note that there are actually three approaches/models
if we consider the two different domain translation methods as two
different variants. The three approaches are (1) the CycleGAN-
based method, (2) the DANN-based method, and (3) the physics-
based Bayesian inference method. The Bayesian model averaging
of the results from different methods avoids the risk of double-
counting the monitoring data of the target miter gate in Bayesian
damage diagnostics. In the Bayesian model averaging setting, we
have the final estimation of the posterior distribution of the damage
state as

𝑓 (𝛉tg,𝑖 | (ỹ𝑜,sr, 𝛉̃sr, y𝑜,tg,𝑖 ;G))

≈ 𝑓𝐷𝑇 (𝛉tg,𝑖 ;HCG)𝑝(HCG |D)

+ 𝑓𝐷𝑇 (𝛉tg,𝑖 ;HDN)𝑝(HDN |D)

+ 𝑓 (𝛉tg,𝑖 | (y𝑜,tg,𝑖 , utg,𝑖 ;G))𝑝(G|D),

(29)

where 𝑓𝐷𝑇 (𝛉tg,𝑖 ;HCG) represents the posterior distribution of the
damage state estimated based on domain translation using Cy-
cleGAN and normalizing flow using historical data from source

miter gates (i.e., Secs. 3.3 and 3.4), 𝑓𝐷𝑇 (𝛉tg,𝑖 ;HDN) denotes the
posterior distribution obtained using DANN-based domain trans-
lation, 𝑓 (𝛉tg,𝑖 | (y𝑜,tg,𝑖 , utg,𝑖 ;G)) is the posterior distribution ob-
tained using physics-based method in Sec. 3.5.1, and 𝑝(HCG |D),
𝑝(HDN |D), and 𝑝(G|D) are weights of the three different ap-
proaches, which are respectively given by

𝑝(G|D) = 𝑝(D|G)𝑃(G)
𝑝(D) , (30)

𝑝(HCG |D) = 𝑝(D|HCG)𝑃(HCG)
𝑝(D) , (31)

and

𝑝(HDN |D) = 𝑝(D|HDN)𝑃(HDN)
𝑝(D) , (32)

where 𝑃(G), 𝑃(HCG), and 𝑃(HDN) are the prior weights of the
three methods. Without any additional information available, we
can assign equal weights to all approaches, and 𝑝(D) is given by

𝑝(D) = 𝑝(D|G)𝑃(G) + 𝑝(D|HCG)𝑃(HCG)

+ 𝑝(D|HDN)𝑃(HDN).
(33)

In the above equations, 𝑝(D|G) can be easily computed based
on Eq. (28) as

𝑝(D|G) =
∫

𝐿y |𝛉 (y𝑜,tg,𝑖 |𝛉tg,𝑖 , utg,𝑖 ,G) 𝑓𝛉 (𝛉tg,𝑖 |G)𝑑𝛉tg,𝑖 , (34)

where 𝑓𝛉 (𝛉tg,𝑖 |G) is the prior distribution of 𝛉tg,𝑖 when the com-
putational simulation model G is employed for Bayesian model
updating. In this paper, a non-informative uniform prior distribu-
tion is used.

The estimation of 𝑝(D|HCG) and 𝑝(D|HDN) can be accom-
plished similarly. Taking 𝑝(D|HCG) as an example, we can com-
pute 𝑝(D|HCG) as follows

𝑝(D|HCG) =
∫

𝑓𝐻 (𝛈𝑜,tg,𝑖 |𝛉tg,𝑖 ,HCG) 𝑓𝛉 (𝛉tg,𝑖 |HCG)𝑑𝛉tg,𝑖 , (35)

in which 𝑓𝐻 (𝛈𝑜,tg,𝑖 |𝛉tg,𝑖 ,HCG) is the likelihood of observing
𝛈𝑜,tg,𝑖 (i.e., ŷ𝑜,tg2sr,𝑖 if CycleGAN is employed for domain trans-
lation) in the translated domain for given 𝛉tg,𝑖 , and 𝑓𝛉 (𝛉tg,𝑖 |HCG)
is the prior distribution of 𝛉tg,𝑖 when the domain translation model
HCG is employed for Bayesian damage diagnostics.

However, 𝑓𝐻 (𝛈𝑜,tg,𝑖 |𝛉tg,𝑖 ,HCG) in Eq. (35) is not explicitly
known due to the complicated domain translation and the analyti-
cally intractable relationship between 𝛉tg,𝑖 and 𝛈𝑜,tg,𝑖 . It poses a
significant challenge to the Bayesian model averaging given in Eq.
(29). To tackle this challenge, this paper employs a normalizing
flow-based approach to estimate the intractable likelihood [51,52].
It is based on the change of variables in generative modeling. Sim-
ilar to the estimation of the posterior distribution in Sec. 3.4.1 (i.e.,
Eq.(22)), a normalizing flow model is constructed to estimate the
likelihood function as follows

𝑓 (𝛈 |𝛉) = 𝑓𝑧 (z𝜂)
|︁|︁|︁det 𝐽𝑀𝜂

(z)
|︁|︁|︁−1

= 𝑓𝑧 (𝑀𝜂
−1 (𝛈))

|︁|︁|︁det 𝐽𝑀𝜂
−1 (𝛈)

|︁|︁|︁ , (36)

where 𝑀𝜂 (·) represents the invertible function constructed using
cINN for the estimation of 𝑓 (𝛈 |𝛉). In this paper, the Bayesflow
Python library is employed to learn the likelihood function estima-
tor [52].
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Once we have estimated the likelihood function 𝑓 (𝛈 |𝛉) using
Eqs. (28) and (36), we can determine the final estimation of the
damage state through Bayesian model averaging as given in Eq.
(29). Additionally, we can also perform model selection using
Bayes factor (i.e., Bayesian Hypothesis Testing) based on Eqs. (34)
and (35) as

𝐵𝐺𝐶 =
𝑝(D|G)

𝑝(D|HCG)
, 𝐵𝐺𝐷 =

𝑝(D|G)
𝑝(D|HDN)

,

𝐵CD =
𝑝(D|HCG)
𝑝(D|HDN)

,

(37)

where 𝐵𝐺𝐶 , 𝐵𝐺𝐷 , and 𝐵𝐶𝐷 are respectively Bayes factor for pair-
wise model comparison between physics-based method and domain
translation using CycleGAN, and physics-based method and do-
main translation using DANN, and CycleGAN-based method and
DANN-based method.

Up to this point, we have discussed all the details of the proposed
framework, which is summarized in Fig. 4. In Sec. 4, we will
demonstrate the application of this framework with a case study.

4 Case Study
4.1 Problem description. In this section, the proposed dam-

age diagnostics framework is applied to two similar but different
miter gates to demonstrate its efficacy. As depicted in Fig. 10,
the two miter gates located upstream and downstream of the same
basin have been chosen to serve as the source and target miter
gates, respectively.

Target miter gate Source miter gate

Fig. 10 Illustration of source and target miter gates on
a river.

To verify the efficacy of the proposed BiEDT framework and due
to the lack of real-world data, synthetic observations are generated
for the miter gates. In this paper, the observations of both the
source and target miter gates are generated through a physics-based
finite element analysis (FEA) model by adding noises. Noise is
introduced to the observation data to reflect the variability and
imperfections typically found in actual measurements.

Let s𝑖 represent the 𝑖-th simulated strain measurements of the
source miter gates from the model given in Fig. 9. The strain
observations of the source miter gates, denoted as y𝑜,sr,𝑖 , can be
described by the following equation y𝑜,sr,𝑖 = s𝑖 + 𝛜𝑖 , where 𝛜𝑖 is
the noise term added to each strain measurement and 𝛜𝑖 follows a
normal distribution with a mean of 0 and a standard deviation that
is a function of the magnitude of the corresponding strain mea-
surement. Specifically: 𝛜𝑖 ∼ N(0, 0.01× |s𝑖 |). The strain response
of the target miter gate is hypothetically derived by altering the re-
sponse from the source miter gates. This modification ensures that
while the two miter gates are relevant or share similarities, they

remain different. The simulation model of the target miter gate is
defined as follows

ytg,𝑖 = s𝑖 (cos(350s𝑖) + sin(650s𝑖)). (38)

The observation model of the target miter gate is given by

y𝑜,tg,𝑖 = s𝑖 (cos(500s𝑖) + sin(800s𝑖)) + 𝛜tg,𝑖 , (39)

where 𝛜tg,𝑖 ∼ N(0, 0.01 × |s𝑖 |) is the observation noise of the
target miter gate. As we can see from the above two equations
that the simulation model is different from the observation model
to mimic model form uncertainty that is inherent in computational
simulation models.

The strain responses of the two miter gates (specifically, the
source and target miter gates) are affected by their damage states
(such as gap length) and water levels. The water levels at the two
miter gates are different and are modeled using an Autoregressive
Moving Average (ARMA) model. It is assumed that each miter
gate has eight strain gauges (i.e., 𝑁𝑠 = 8). Using the above-
defined observation models, we generate 200 datasets of strain
observations for the source miter gates (i.e., 𝑁𝑜𝑠 = 200), and
180 datasets of strain observations for the target miter gate with
unknown damage states (i.e., 𝑁𝑜𝑡 = 180). Each dataset consists of
strain observation data of eight strain gauges over twenty time steps
(i.e., 𝑁𝑡 = 20). The damage states (i.e., gap length) corresponding
to the 200 datasets of the source miter gates are different and are
available from historical inspections. Their counterparts of the
target miter gate are unknown and are to be estimated.

As mentioned earlier, the observations of different miter gates
are inherently related but different. This similarity and difference
can be observed when comparing both the water level data and
the strain observations. Fig. 11 shows the differences in upstream
and downstream water levels between the source and target miter
gates. It is important to note that the difference in water levels,
particularly the downstream water levels, are not very significant.
This is because we assume that the operational conditions of the
two miter gates are similar and related, since they operate on the
same river. Following that, Fig. 12 presents a comparison of the
monitoring data from the source and target miter gates. The data
clearly shows that even though the operational conditions are very
similar, the strain responses are quite different due to structural
differences between the two miter gates. Fig. 13 presents a com-
parison of the strain data from sensors placed on both the source
and target miter gates, illustrating very different distributions for
the same sensors across different structures. The top graph illus-
trates the strain readings between Sensor 1 and Sensor 2, while
the bottom graph compares the data from Sensor 1 and Sensor 3.
From the figure, it can be seen that the strain responses for cor-
responding sensors vary significantly between the two gates. The
data points from the source miter gate, represented in red, form a
cluster different from those of the target miter gate, shown in blue.

In addition to the differences highlighted in Figs. 11, 12, and
13, we calculate the Structural Similarity Index (SSIM) and Root
Mean Square Error (RMSE) between the monitoring data of the
source miter gate and the target miter gate. The average SSIM be-
tween the data of the source and targe miter gates is 0.4429, and the
RMSE is 0.4231. These values are noticeably lower than those for
the comparison between synthetic and real miter gate measurement
data, as shown in Table 2. This quantification highlights the differ-
ences and similarities between the two types of miter gates in the
case study. It is important to note that we have not yet established
a standard threshold for similarity between miter gates, which is
essential for applying the methods discussed in this paper for prac-
tical applications. Developing an effective similarity metric and
determining an appropriate threshold to ensure the effectiveness of
the proposed framework will be the focus of our future research.

The objective of this study is to accurately estimate the damage
state of the target miter gate by leveraging strain observations and
the inspected damage states of the source miter gates. It is worth
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mentioning that while the true damage state is used to generate
these observations of the target miter gate, it is assumed to be
unknown during the actual process of damage diagnostics.

Fig. 11 Water level comparison of source and target
miter gates

Fig. 12 A comparison of monitoring data of source and
target miter gates (Data of only five sensors are plotted
for illustration purpose)

Fig. 13 Scatter plot comparison of monitoring data of
the source and target miter gates

4.2 Domain translation of the observations.

4.2.1 CycleGAN-based domain translation. CycleGAN is first
employed to perform domain adaptation/translation on the data
from the target miter gate using the data from the source miter
gates. During the training phase, the model establishes a relation-
ship between data from two different miter gates by utilizing data
from the source miter gate as input and data from the target miter
gate as output. The training process for the CycleGAN model in-
volves several key steps. Preprocessing is first performed to trans-
form the raw data into a format suitable for image-based analysis.
This preprocessing phase includes sorting the data, normalizing it,
and ultimately converting it to image format. Specifically, in this
study, the data is sorted based on the highest strain response val-
ues across the samples. This approach is adopted because the gap
length significantly influences the strain response values, ensuring
that the CycleGAN can accurately learn the relationships between
the two different domains. After the data is sorted, it undergoes
normalization to limit the range of data values, and then it is con-
verted into an image format. Each data sample is represented as
an image, with the two dimensions corresponding to time steps
and sensor indices. Following preprocessing, this image-formatted
data is used as the input for training the CycleGAN.

Table 1 presents the hyper-parameters for the training of Cycle-
GAN. In the evaluation of CycleGAN’s performance for domain
translation, specifically in transforming images related to miter
gate observations, we adopt three key metrics: SSIM, RMSE, and
Fréchet Inception Distance (FID). These metrics are crucial for val-
idating the effectiveness of CycleGAN in performing realistic and
accurate image translations. Additionally, we focus on evaluating
the capability of CycleGAN under three different scenarios: (1)
Synthetic Source vs. Real Source: This comparison assesses the
ability of CycleGAN to generate synthetic image data of source
miter gates from the target miter gate. (2) Original Source vs.
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Reconstructed Source. (3) Target vs. Reconstructed Target. Ta-
ble 2 shows those comparison results for CycleGAN performance
evaluation. Overall, these scores affirm that CycleGAN trains well
and is effective in generating realistic and structurally consistent
translated data.

Table 1 Model parameters of CycleGAN
Variable Name Conv U-net
Number of epochs 3000
Batch size 5
Learning rate for generators 0.0001
Learning rate for discriminators 0.0001
Dropout 0.1
Lcyc (cycle consistency loss) 20
Lid (identity loss) 10
Optimizer Adam

Table 2 Comparison of metrics for different objects after
using CycleGAN

Object of Comparison SSIM RMSE FID
Syn_source vs. Real_source 0.8000 0.0808 0.9247

Real_source vs. Reconst_source 0.9649 0.0572 0.4020
Real_target vs. Reconst_target 0.9294 0.0709 0.7108

Fig. 14 presents the results of domain adaptation using Cycle-
GAN. The figure contains two graphs; the upper graph plots the
strain readings from Sensor 1 against Sensor 2, and the lower graph
compares the strain readings from Sensor 1 against Sensor 3. In
these figures, the data from the source miter gate is marked with
red circles, while the data translated from the target miter gate is
represented by blue crosses. Notably, the figure shows that the
synthetic source data, generated from the target miter gate using
CycleGAN, appears to cluster closely with the actual observations
of the source miter gates. This suggests that the CycleGAN has
effectively adapted the domain of the target gate data to align with
the data characteristics of the source miter gates. The overlapping
clusters indicate a successful translation, where the adapted syn-
thetic observations mimic the real observations of the source miter
gates. This highlights the potential of CycleGAN in bridging the
gap between different domains by generating synthetic yet realistic
data representations.

4.2.2 DANN-based domain adaptation. The second domain
adaptation model we explore is DANN. DANN performs domain
adaptation by extracting domain-independent features from obser-
vations between source miter gates and the target miter gate. The
label predictor and feature extractor are trained together iteratively,
as different features extracted require a different label predictor.
Note that only labels from the source miter gates are used in train-
ing label predictor while both observations from the source and
target miter gates are used to train the feature extractor with a
multi-layer discriminator. The discriminator forces the feature ex-
tractor to extract domain-independent features from both domains
such that the discriminator can not distinguish them from the fea-
tures. The observation data and labels (i.e., gap length of the
source miter gates) are normalized with min-max normalization,
respectively.

Table 3 shows the hyper-parameters for the training of the DANN
model.

Fig. 15 shows the results of features extracted from the source
and target miter gates. Among the 80 features, we depict the
comparisons of feature pairs 2 vs. 4, 3 vs. 5, 2 vs. 6, and
3 vs. 7 for illustration purposes. Notably, for feature pairs 3
vs. 5 and 3 vs. 7, the features from the source domain are very
close to those from the target domain, which shows the efficacy
of the DANN approach. Consequently, the relation between these
feature pairs remains consistent across both domains. Conversely,

Fig. 14 Scatter plot comparison of monitoring data of
source and target miter gates after observation transla-
tion using CycleGAN

Table 3 Model parameters of DANN
Variable Name DANN
Number of epochs 1500
Batch size 16
Feature size 80
Learning rate for generators 0.001
Learning rate for discriminators 0.001
Optimizer SGD

other feature pairs demonstrate significant differences between the
source and target domains, resulting in a change in their relation
from source to target. However, for feature pairs 2 vs. 4 and 2
vs. 6, while the points are generally close between both domains,
there are noticeable differences. For example, feature 2 from the
source miter gate shows a bidirectional relationship with changes
in features 4 and 6. In contrast, feature 2 from the target miter gate
appears to follow only one direction of change with these features.

4.3 Bayesian damage diagnostics in translated domain.
Following the domain translations, cINN is employed to perform
Bayesian inference in the two translated domains, respectively.
Herein, cINN consists of three conditional affine coupling layers.
Each conditional affine coupling layer contains four separate fully
connected layer neural networks with exponential linear units. The
entire training process goes through 500 epochs, each containing
100 iterations.

For illustrative purposes, Fig. 16 lists the comparison between
the true value, the prior distribution, and the posterior distribution
estimated by cINN and cycleGAN-based domain translation for the
four gap lengths. It can be found that except for a slight deviation
in gap 2, the estimated posterior distribution of the remaining three
gaps well captures the information of the true value. Meanwhile,
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Fig. 15 Comparison of DANN features of the source and
target miter gates

Fig. 17 gives the errorbar plot of the posterior distribution es-
timated by cINN and cycleGAN-based domain translation for all
gap lengths of the 180 obseravation datasets. Overall, the posterior
mean is consistent with the true value, and the posterior variance
does not show much fluctuation.

Following that, Fig. 18 presents the comparison between the
true value, the prior distribution, and the posterior distribution es-
timated by cINN and DANN-based domain translation for the four
gap lengths. Similar to the cycleGAN-based translation, except for
gap 2, the posterior distributions match the true value very well
for the other three gap lengths. Fig. 19 shows the errorbar plot
of the posterior distribution estimated by cINN and DANN-based
domain translation for all gap lengths. Different from the results of
the cycleGAN-based method, the posterior estimations from cINN
and DANN-based domain translation exhibit large fluctuations be-
tween 40 and 60, deviating from the true value.

4.4 Bayesian model averaging for damage diagnostics of
miter gates.

4.4.1 Physics-based damage diagnostics using Bayesian
method. As described in Sec. 3.5.1, we can also perform
physics-based Bayesian inference for damage diagnostics, in
addition to the above methods using domain translation and
cINN. In the physics-based damage diagnostics using Bayesian
inference, the prior distributions of the gap length and the
standard deviation of the observation noises are non-informative
uniform distributions, which are respectively [10, 130] inches and
[3 × 10−4, 3 × 10−4]. Fig. 20 presents the posterior distribution
of gap lengths obtained from physics-based Bayesian inference
for four illustrative datasets. From the results, we can see that the
posterior distributions for gap lengths over 60 (as seen in Gap 3,4)
show a high degree of accuracy, with the peak of the posterior
probability density function closely aligning with the true value.

Fig. 16 Posterior distribution of gap length obtained us-
ing cINN and CycleGAN-based domain translation

Fig. 17 Errorbar plot of the posterior distribution of dif-
ferent gap length estimates (CycleGAN-based domain
translation)

The sharp, narrow peaks of the posterior distribution indicate
high confidence in the estimates for large gap lengths. However,
for smaller gaps (especially for Gap 1 and Gap 2), the posterior
distributions do not align as closely with the true values. This
misalignment indicates potential model error or limitations in the
model’s ability to estimate small gap lengths. The significant
error in estimating smaller gap lengths could be attributed to the
uncertain variance 𝜎2

𝜀 of the observation noises.
Fig. 21 presents an error-bar plot of the posterior distribution

for various gap length estimates using physics-based Bayesian in-
ference, showing a comparison between the predicted and true gap
lengths. It shows that the model has a good predictive performance
for larger gap lengths, as indicated by the clustering of points along
the red line in the higher range. Fig. 21 corroborates the findings
from the previous analysis (i.e., Fig. 20), where the model shows
better accuracy for larger gap lengths and faces difficulties with
smaller gaps.

4.4.2 Bayesian model averaging of posterior distributions.
After implementing Bayesian damage diagnostics in the translated
domain and using a physics-based model, we integrate these pos-
terior distributions using a Bayesian model averaging framework.
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Fig. 18 Posterior distribution of gap length obtained us-
ing cINN and DANN-based domain translation

Fig. 19 Errorbar plot of the posterior distribution of dif-
ferent gap length estimates (DANN-based domain trans-
lation)

This application of BMA using posterior distributions is obtained
from three different approaches: CycleGAN-cINN, DANN-cINN,
and physics-based approaches. Fig. 22 shows the combined poste-
rior distributions for a gap length around 70. The posterior curves
for each method (DANN-cINN, CycleGAN-cINN, Physics-based)
indicate their individual estimations before averaging. The pos-
terior distribution of the physics-based method exhibits a multi-
modal pattern. This phenomenon may be attributed to the large
uncertainty in the variance of the observation noises. As men-
tioned above, the prior distribution of 𝜎𝜀 is [3×10−4, 3×10−4]. It
leads to a certain identifability issue for the physics-based method.
The BMA curve, which is the combined result of these three ap-
proaches, seeks to average the estimates of each method. The bar
chart on the right illustrates the weights assigned to each method
in the BMA process (i.e., Eqs. (30)-(32)). It shows that in this
case, the physics-based method has the highest weight, suggesting
its predictions are considered the most reliable for this particular
gap length scenario based on the likelihood estimates.

Fig. 23 represents a different gap length scenario around 125.
Similar to Fig. 22, it compares the posterior estimates from the
three methods alongside their BMA result. The weights are no-
tably different; the DANN-cINN method is given the most weight,

Fig. 20 Posterior distribution of gap length obtained us-
ing physics-based Bayesian inference

Fig. 21 Errorbar plot of the posterior distribution of dif-
ferent gap length estimates (Physics-based Bayesian in-
ference)

indicating its superior performance or reliability for this larger gap
scenario.

Fig. 24 shows the predicted versus true gap lengths for each
method after using the proposed model selection method (see Sec.
3.5.2). It shows the predictive accuracy of each method across the
entire range of gap lengths. By integrating the results of different
methods through model selection using the Bayes factor, we aim to
mitigate the individual limitations of each method, leveraging their
combined strengths to enhance predictive accuracy. As indicated
in this figure, the CycleGAN-based method is selected when the
gap length is small and the DANN-based is selected when the gap
length is large. For the other regions, the physics-based Bayesian
inference method is selected. Results in this figure demonstrate the
efficacy of the proposed approach in combining different Bayesian
diagnostic models to provide a robust estimation of gap lengths,
which is crucial for accurate damage assessment in structural health
monitoring.

5 Conclusions and Discussion
This paper presents a novel BiEDT framework, for damage

diagnostics that integrates domain translation with Bayesian in-
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Fig. 22 Bayesian model averaging of posterior distributions (Case 1)

Fig. 23 Bayesian model averaging of posterior distributions (Case 2)

CycleGAN-cINN

Physics-based

DANN-cINN

Fig. 24 Errorbar plot of the posterior distribution of different gap lengths after model selection using Bayes factor

ference. By transforming observations into a common domain
and employing Bayesian model averaging, BiEDT leverages both
physics-based models and advanced machine learning techniques
to enhance the accuracy and reliability of damage state estimations
for miter gates. The method not only combines the strengths of
different damage diagnostic approaches but also quantifies uncer-
tainty in the damage estimates, making it a robust tool in structural
health monitoring. The method presented in this paper tackles
the challenge of damage diagnostics of miter gates by synthesizing

multiple data sources: real-time structural monitoring of gates of
interest with unknown damage status, historical data from similar
but different miter gates, and predictive insights from physics-based
computational simulation models.

Despite its numerous advantages, the BiEDT framework does
have certain limitations that must be acknowledged. One key limi-
tation is that the accuracy of the translations and Bayesian inference
is heavily dependent on the assumptions and quality of the underly-
ing machine learning models. Any mis-specifications or inaccura-
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cies in these models could lead to biased or erroneous damage state
estimations. Additionally, the domain translation models used in
this framework may not always adequately handle the full range of
diverse operational conditions encountered in real-world applica-
tions. Moreover, the current framework primarily focuses on miter
gates, and its application to other types of structures or systems has
not been extensively validated. Future research could extend the
BiEDT framework to a broader range of SHM scenarios, ensuring
its adaptability and effectiveness across different domains.

In addition, an important issue to consider when applying the
proposed framework is the assessment of the similarity between
two miter gates. As been pointed out in Refs. [20,53], negative
transfer occurs when utilizing data or knowledge from the source
domain undesirably diminishes the learning performance in the
target domain. It poses a long-standing challenge in transfer learn-
ing. Developing appropriate similarity metrics and determining a
threshold to decide when the proposed framework can be applied
and to avoid negative transfer is a research direction that worth
studying in our future work. Another important area of future re-
search involves the quantification of uncertainty in these machine
learning models. Understanding and effectively managing this un-
certainty is crucial for improving the reliability and confidence in
the damage state estimations provided by the BiEDT framework.
This could involve incorporating advanced methods of uncertainty
quantification and exploring ways to integrate this uncertainty into
the overall decision-making process [54].
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