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 A B S T R A C T

The integrity of mooring systems in floating offshore wind turbines (FOWTs) is crucial, as their degradation 
alters the platform’s dynamic behavior. A robust machine learning-based health monitoring system that 
continuously monitors different mooring systems for FOWTs requires data under diverse health, operational, 
and metocean conditions. To this end, we propose a Conditional Hierarchical Variational Autoencoder (CHVAE) 
generative model designed for simultaneous data augmentation and domain translation to generate the required 
data. We train the model to learn the nonlinear relationships between healthy and minority-damaged fairlead 
tension records from the source mooring system across various sea states. CHVAE generates realistic damaged 
responses under diverse conditions by leveraging healthy data from the target mooring system. We first assess 
CHVAE’s ability to augment minority data based on majority distribution, validated on the Modified National 
Institute of Standards and Technology (MNIST) benchmark dataset. This experiment compares the performance 
of CHVAE variants with conventional and recent oversampling methods. Second, the open-source software 
OpenFast simulates the testing and training datasets for simultaneously data augmentation and domain 
translation on the Offshore Code Comparison Collaboration Continuation (OC4) semi-submersible platform 
(DeepCwind) FOWT benchmark. OpenFast and CHVAE records are compared through visual, statistical, and 
behavioral methodologies. Simulations utilize diverse wave seeds to represent excitation randomness and 
undetected damage severities, assessing CHVAE’s one-to-all capability. Generated records for unobserved sea 
states and damage severities closely mimic real behavior in downstream binary classification, illustrating the 
versatility of CHVAE for zero-shot, real-time damage identification.
1. Introduction

Wind energy is essential for achieving zero-emissions electricity, 
and floating offshore wind turbines (FOWTs) have considerable promise 
for capturing additional renewable energy in deep oceans (Williams 
et al., 2024). Fig.  1 depicts a typical FOWT configuration, highlighting 
its floating platform and mooring system, enabling operation in deeper 
waters compared to conventional fixed-bottom turbines.

Until 2022, 32 FOWTs have been installed at a commercial scale 
worldwide (Williams et al., 2024) for a total capacity of 121 MW (Ed-
wards et al., 2023). Nevertheless, the outlook for the next decade is 
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that several projects are expected to be successfully deployed, reach-
ing a capacity of 18.9 GW by 2030 and 264 GW by 2050 (DNV, 
2022). Among the diverse concepts of floating support structures, 
semisubmersible platforms can represent a valuable solution when 
stabilization needs to be achieved by the waterplane (Chen and Kim, 
2021; Edwards et al., 2023). Mooring systems are critically important 
in floating semisubmersible platforms because they provide station-
keeping and operational functionality ((Chen and Kim, 2021). Further, 
they also considerably impact the project’s economic viability (Nava 
et al., 2019).
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Fig. 1. Typical configuration of a floating offshore wind turbine (FOWT), depicting the floating platform, the turbine, and mooring system that facilitates operation 
in deep-water locations.
Although FOWTs hold great promise, a major challenge lies in 
accurately simulating their behavior and monitoring the conditions 
of their mooring systems, particularly in developing a digital twin 
(DT) for these systems (Longman et al., 2023). The limited number 
of installed platforms makes it difficult to gather data, especially for 
damaged conditions. Additionally, simulating mooring system behavior 
using physical models is both computationally intensive and prone to 
uncertainty. Addressing these challenges requires innovative methods 
to fully understand and manage FOWT mooring systems.

In structural health monitoring (SHM) of mooring systems, data 
on various environmental and operational conditions are often un-
balanced and insufficiently organized (Tamuly et al., 2025; Fathnejat 
and Nava, 2025). Data from damaged states are particularly scarce 
and less systematically collected than those from healthy conditions, 
presenting a major challenge when developing condition monitoring 
systems (Sharma and Nava, 2024; Fathnejat et al., 2023; Altabey et al., 
2023; Omid and Liang, 2019; Rezaniaiee Aqdam et al., 2018; Ghiasi 
et al., 2019; Fathnejat et al., 2014; Ahmadi-Nedushan and Fathnejat, 
2022; Fathnejat and Ahmadi-Nedushan, 2017; Torkzadeh et al., 2016; 
Fathnejat and Ahmadi-Nedushan, 2020). This challenge is compounded 
by the common scenario in which a new mooring system has just been 
deployed and is still in a healthy state, making it unrealistic to expect 
comprehensive damaged data that spans the full range of operational 
sea states, such as waves, currents, and wind. Even when damaged data 
are available, variability in sea states can further complicate accurate 
detection, potentially degrading performance. Addressing these issues 
is critical for advancing the reliability and effectiveness of SHM in 
floating offshore wind turbines.

Recent advancements in artificial intelligence (AI) have led to its 
growing application in marine and offshore energy systems, demon-
strating considerable potential for monitoring, control, and diagnostic 
functions in uncertain contexts and restricted data availability. Machine 
learning has been applied in wave energy applications to decrease oper-
ational costs and improve diagnostic accuracy, utilizing real experimen-
tal data from facilities like the Mutriku Wave Power Plant (M’zoughi 
et al., 2024b). Metaheuristic control strategies have been investigated 
2 
to mitigate platform vibrations in hybrid systems that integrate os-
cillating water columns and floating wind turbines (M’zoughi et al., 
2024a). AI-based methods have been established for floating wind 
turbines, focusing on real-time prediction of turbine thrust (Jiang et al., 
2019), forecasting of motion and mooring loads using neural net-
works (Medina-Manuel et al., 2024), and the development of AI-in-the-
loop testing platforms to support digital twin-based validation (Jiang 
et al., 2024). The contributions underscore the increasing significance 
of AI in offshore system analysis and establish a basis for further study 
into intelligent SHM solutions in data-scarce conditions.

Domain adaptation (DA) methods have been proposed to address 
this challenge. These methods transfer knowledge from a source do-
main with sufficient labeled data to a target domain with limited or 
no labeled data, even if the data distributions are different but related. 
Recent DA techniques have been applied for damage detection in struc-
tural health monitoring (Ghiasi et al., 2025; Chen et al., 2023; Giglioni 
et al., 2024; Ragab et al., 2021). However, as noted in Ragab et al. 
(2021), a significant challenge in using DA is the noticeable decline 
in detection performance, mainly when shallow neural networks are 
employed as classifiers. Despite progress in DA methods, the accuracy 
of damage detection can still decrease significantly, sometimes drop-
ping to 50% or lower. This decline in accuracy highlights the need 
for further research into more robust DA techniques to ensure high 
detection accuracy, even in challenging conditions where target domain 
data is scarce and may differ from the source domain.

To overcome the drop in accuracy, researchers seek to utilize the 
deep generative models (DGMs) properties for DA and domain transla-
tion. One framework for implementing this utilization involves training 
DGMs to enhance damage-associated data under various operational 
and environmental conditions using minority data from a source do-
main (data augmentation), followed by applying the trained DGMs in 
the source domain to estimate the features of corresponding damage-
associated data in the target domain (domain translation). Fig.  2 illus-
trates this framework for data augmentation and domain translation, 
whereby the model gains the ability to generate minority data in 
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Fig. 2. Utilizing majority data for cross-domain minority data generation.
domain 2 by utilizing the knowledge acquired during training for data 
augmentation in domain 1.

In this context, Kiranyaz et al. (2024) offers a zero-shot bearing fault 
detection approach capable of identifying real faults in a new machine, 
irrespective of its operational conditions, sensory configuration, or fault 
intensities. The approach employs 1D Operational Generative Adver-
sarial Networks (Op-GANs) to delineate the inherent transition from a 
healthy to a faulty state of bearing within the signal domain.

Data augmentation can function as a domain adaptation approach 
when generating a broader range of various environmental and op-
erational damage-associated data. Data augmentation is one of the 
potential approaches that can be adopted to solve the issue of imbal-
anced data distributions. Data distribution imbalance can be corrected 
through over-sampling of minority (damaged) data or under-sampling 
of majority (healthy) data. The application of DGMs represents an 
innovative approach for resampling, understanding the distribution and 
behavior of minority data, and augmenting it with synthetic data. 
Studies have shown that in addressing imbalanced datasets, condi-
tional VAEs (CVAEs) surpass conditional GANs (CGANs) (Fajardo et al., 
2021); the FID analysis in this research indicates that the CVAEs 
presented are more resilient to unbalanced datasets compared to their 
CGAN counterparts, a finding that is inverted when GANs and VAEs 
are applied to the original, well-balanced MNIST and Fashion MNIST 
datasets. Currently, VAEs are mostly utilized to address several issues 
within the SHM domain, including feature extraction and data dimen-
sionality reduction (Coraça et al., 2023; Ma et al., 2020; Pollastro et al., 
2022; Mylonas et al., 2020; Lee et al., 2023).

In the context of class-imbalanced SHM problems, integrating a 
focus-loss-optimized CNN classifier with VAE-GAN-based augmenta-
tion, a new approach called VGAIC-FDM improves fault identification 
in the presence of unbalanced data. The result is a high level of 
diagnostic accuracy and F1-scores (Li et al., 2024). Zhao et al. (2022) 
developed the normalized conditional VAE with adaptive focal loss 
(NCVAE-AFL) framework to improve diagnostic efficacy for minority 
classes in class-imbalanced structural health monitoring challenges. Li 
and Betti (2023) introduced an innovative data augmentation system 
utilizing a conditional VAE architecture to deliver cepstral coefficients 
as response characteristics.

The papers mentioned earlier solely present techniques aimed at 
mitigating the class imbalance problem in deep learning-based dam-
age identification and classification. However, VAE has not yet been 
applied to generate real-scale time-series minority data. Additionally, 
DGMs are trained solely on the distribution of minority data, using 
only information from the minority class. A recent study indicates that 
3 
DGMs can enhance minority data by increasing diversity and richness 
while employing majority data sets. In this context, Ai et al. (2023) 
presented an objective function that allows VAEs to enhance minority 
data by utilizing majority-based priors. We propose a novel conditional 
hierarchical variational approximation to parameterize a diffusion pro-
cess, aimed at constructing the minority data distribution by leveraging 
features from both majority and minority data. The hierarchical VAE 
(HVAE) improves the VAE architecture through the incorporation of 
multiple stochastic latent layers or distributions (Havtorn et al., 2021). 
The diffusion process represents a stochastic mechanism that alters data 
progressively over time (Sohl-Dickstein et al., 2015). Our proposed 
method employs a two-stage pretrain-finetune training framework to 
generate and augment real-scale damaged state time series (minority 
data) from a healthy state (majority data) across various environmental 
and operational conditions.

To verify our proposed DGM model, we used the MNIST benchmark 
dataset (Lecun et al., 1998), comparing results to those in Ai et al. 
(2023), where conventional and recent oversampling methods are eval-
uated on MNIST data augmentation. Additionally, we maintained the 
same conditions and multiclass classification model as Ai et al. (2023) 
to ensure a fair comparison.

Due to the limited availability of real-world data for mooring sys-
tems for FOWTs, the datasets analyzed in this paper are generated 
using OpenFast (OpenFAST, 2023), based on the OC4 platform’s numer-
ical model developed under the DeepCwind project (Robertson et al., 
2014a). This model was selected as the source system, as it has been 
validated against experimental data and Computational Fluid Dynamics 
simulations (see for example, Gorostidi et al., 2023). We chose an 
alternative mooring configuration for the target system providing an 
equivalent pretension, but characterized by different mass per unit 
length and axial stiffness calculated as described in the Orcaflex manual 
for studless chains (Orcina, 2022).

The sections of our study are organized as follows: Section 2 outlines 
the methodology, including the proposed framework and its theo-
retical foundations. Section 3 details the experiments conducted on 
CHVAE, covering implementation specifics, evaluation criteria, and 
outcomes analysis. This section highlights the effectiveness of the pro-
posed framework in various contexts of data augmentation and domain 
translation. Finally, Section 4 summarizes the findings, concluding the 
study.

2. Methodology

This research proposes a novel framework that utilizes the principles 
of conditional variational autoencoder (CVAE) algorithms and diffusion 
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probability models (DPM) to reconstruct the latent distribution of mi-
nority data (data augmentation) and essentially facilitates the creation 
of a real-time monitoring system utilizing domain translation.

2.1. Pre-trained VAE with two decoders

When reconstructing real-scale data, especially in the case of time-
series data, the VAE requires access to denormalization parameters, 
as normalized data is essential for optimal training. This challenge 
becomes more prominent in domain translation, where there is no 
information about the damage-associated target mooring data and 
their denormalization parameters. To tackle this challenge, we have 
introduced a second decoder, which is conditioned on denormalization 
parameters; moreover, to sample from the latent space to estimate the 
denormalization parameters by this decoder, building the latent space 
in the encoder is also conditioned on denormalization parameters. 
Hence, during the training, the first decoder learns to reconstruct the 
normalized input data, and simultaneously, the second conditional de-
coder learns to reconstruct and estimate corresponding denormalization 
parameters from conditional latent space.

pre-training is conducted on the majority class, which in this case 
consists of healthy data from the source mooring system. The trainable 
weights of the proposed VAE are optimized based on the Eq. (1):
ELBO𝜃,𝜃′ ,𝜙(𝑋+, 𝑑1) = E𝑞𝜙

[

log 𝑝𝜃(𝑋+ ∣ 𝑧1)
]

+ E𝑞𝜙

[

log 𝑝𝜃′ (𝑑1 ∣ 𝑧1, 𝑑1)
]

+ 𝛽 × (−KL
[

𝑞𝜙(𝑧1 ∣ 𝑋+, 𝑑1) ∥ 𝑝𝜃(𝑧1 ∣ 𝑑1)
]

) (1)

In Eq. (1), 𝑋+ is normalized healthy data of source mooring and 
𝑑1 is the denormalization matrix corresponding to 𝑋+. 𝛽 serves as a 
hyper-parameter that governs the equilibrium between reconstruction 
loss and KL divergence during the training process of the VAE.

2.2. Fine-tuned VAE with two conditional decoders

To control the data generation corresponding to different damage 
severities, a conditional fine-tuned VAE is designed and trained on 
source mooring data to generate damage-associated data of target 
mooring with various severities. In this regard, two conditional de-
coders are designed for the fine-tuned VAE. The first one is conditioned 
on damage severity/state (𝑆) to learn how to generate corresponding 
minority damage-associated normalized data and the second one is 
conditioned on denormalization parameters of healthy data (𝑑1) from 
the source mooring system. In the case of domain translation, since we 
lack information from damage-associated data of the target mooring, 
we have designed the second decoder to learn and estimate the denor-
malization parameter (𝑑2) based on the denormalization parameter of 
healthy data (majority class), (𝑑1). Then, inspired by the diffusion pro-
cess, the conditional hierarchical VAE (CHVAE) is assumed to have two 
stochastic layers constructing two latent variables 𝑧1 and 𝑧2. Through 
the introduction of a variational approximation to the true posterior 
and bottom-up formula for the inference model, by extending the loss 
function of the standard VAE, we can derive Eq. (2):
ELBO𝜃,𝜙(𝑥−) = E𝑞𝜙

[

log 𝑝𝜃(𝑥−, 𝑧2, 𝑧1) − log 𝑞𝜙(𝑧2, 𝑧1 ∣ 𝑥−)
]

ELBO𝜃,𝜙(𝑥−) = E𝑞𝜙

[

log 𝑝𝜃(𝑥− ∣ 𝑧2) + log 𝑝𝜃(𝑧2 ∣ 𝑧1) + log 𝑝𝜃(𝑧1)

− log 𝑞𝜙(𝑧2 ∣ 𝑥−) − log 𝑞𝜙(𝑧1 ∣ 𝑧2)
]

(2)

In Eq. (2), 𝑥− represents the minority-damaged state data, while 𝑧1
denotes the latent distribution corresponding to the healthy or baseline 
condition, and 𝑧2 represents the latent distribution associated with the 
damaged state.

A DPM is a specific type of latent variable model that represents 
data using a sequence of   variables (Ho et al., 2020). The initial vari-
able 𝑥0 ∼ 𝑝(𝑥) corresponds to the observed data, while the remaining 
variables 𝑥  are hidden and not directly observed.
1∶

4 
The DPM model defines a joint distribution 𝑝𝜃
(

𝑥0∶
) that reverses 

a diffusion process. This process is a Markov chain with Gaussian 
transitions that start from 𝑝(𝑥 ) =  (𝑥 ; 0, 𝐼). The model learns how 
to reverse the process by optimizing a variational bound, as defined in 
Eq. (3): 

−ELBO𝜃,𝜙(𝑥0) = E𝑞𝜙

[

− log 𝑝𝜃(𝑥 ) −

∑

𝑡≥1
log

𝑝𝜃
(

𝑥𝑡−1 ∣ 𝑥𝑡
)

𝑞𝜙
(

𝑥𝑡 ∣ 𝑥𝑡−1
)

]

(3)

For  = 2 in Eq. (3), 𝑥  and 𝑥0 are equivalent to 𝑧1 and 𝑥−, 
respectively; thus, based on Eqs. (2) and (3), the proposed loss function 
can be presented as Eq. (4):
ELBO𝜃,𝜙(𝑥−) = E𝑞𝜙

[

log 𝑝𝜃(𝑥− ∣ 𝑧2)
]

− KL
[

𝑞𝜙(𝑧2 ∣ 𝑥−) ∥ 𝑝𝜃(𝑧2 ∣ 𝑧1)
]

− KL
[

𝑞𝜙(𝑧1 ∣ 𝑧2) ∥ 𝑝𝜃(𝑧1)
]

(4)

By adding the second conditional decoder and considering the condi-
tional fine-tuned VAE, we can derive Eq. (5):
ELBO𝜃,𝜃′ ,𝜙(𝑥−, 𝑑2, 𝑆) = E𝑞𝜙

[

log 𝑝𝜃(𝑥− ∣ 𝑧2, 𝑆)
]

+ E𝑞𝜙

[

log 𝑝𝜃′ (𝑑2 ∣ 𝑧2, 𝑑1, 𝑆)
]

− KL
[

𝑞𝜙(𝑧2 ∣ 𝑥−, 𝑑2, 𝑆) ∥ 𝑝𝜃(𝑧2 ∣ 𝑧1, 𝑑2, 𝑆)
]

− KL
[

𝑞𝜙(𝑧1 ∣ 𝑧2, 𝑑1) ∥ 𝑝𝜃(𝑧1 ∣ 𝑑1)
]

(5)

Based on the fine-tuning method proposed in Eq. (5), to obtain 𝑧2, the 
distributions 𝑞𝜙(𝑧1 ∣ 𝑧2, 𝑑1) and 𝑞𝜙(𝑧2 ∣ 𝑥−, 𝑑2, 𝑆) are simultaneously 
estimated. This is done to ensure that these distributions approximate 
𝑝𝜃(𝑧1 ∣ 𝑑1) and 𝑝𝜃(𝑧2 ∣ 𝑧1, 𝑑2, 𝑆) as closely as possible, respectively. 
Additionally, when 𝑧2 and 𝑆 are decoded, it should allow for the 
reconstruction of 𝑥−, i.e., 𝑝𝜃(𝑥− ∣ 𝑧2, 𝑆). Since 𝑧1 and 𝑧2 share the same 
dimension (𝐷), 𝑞𝜙(𝑧1 ∣ 𝑧2, 𝑑1) follows a standard normal distribution 
based on the assumptions used in the reparameterization of the pre-
trained VAE (Eq. (1)). Consequently, the second KL divergence term 
in Eq. (5) remains constant throughout the fine-tuning process. Hence, 
we introduced a novel reparameterization for fine-tuning the CHVAE as 
stated in Eq. (6); and, the trainable weights of the CHVAE are optimized 
through the minimization of the loss function presented in Eq. (7): 

𝑧2 =

[

𝜇1 + 𝑒
log(𝜎21 )

2

]

×

[

𝜇2 + 𝑒
log(𝜎22 )

2

]

× 𝑧1 (6)

In Eq. (6), 𝜇1 and 𝜇2 are the means and, log(𝜎21 ) and log(𝜎22 ) are the 
log variances of normal distributions of 𝑧1 and 𝑧2, respectively. 
𝐿CHVAE(𝑥−, 𝑑2, 𝑆;𝜙, 𝜃, 𝜃′) = recon,𝜃(𝑥−, 𝑥̂−) + recon,𝜃′ (𝑑2, 𝑑2)

+ 𝛽 × (−KL
[

𝑞𝜙(𝑧2 ∣ 𝑥−, 𝑑2, 𝑆) ∥ 𝑝𝜃(𝑧2 ∣ 𝑧1, 𝑑2, 𝑆)
]

)

+ FIDloss (7)

The term recon in the first and second terms of Eq. (7) quantifies the 
differences between the input 𝑥−, 𝑑2 and their reconstructions 𝑥̂−, 𝑑2, 
respectively. The reconstruction error function in a VAE is determined 
by the properties of the data and the activation function utilized in the 
decoder’s last layer. Binary Cross-Entropy (BCE) is frequently employed 
for binary or binarized data, especially in conjunction with a sigmoid 
activation function. Conversely, mean squared error (MSE) is better for 
continuous data, such as time-series data, generally utilizing tanh or 
linear activation functions. This option improves model performance 
by synchronizing reconstruction loss with data characteristics and use 
tasks.

The MSE is defined by Eq. (8): 

MSE(𝑥−, 𝑥̂−) = 1
𝑁

𝑁
∑

𝑖=1

(

𝑥−𝑖 − 𝑥̂−𝑖
)2 (8)

In Eq. (8), 𝑥−𝑖  are the real input minority data, 𝑥̂− are the recon-
structed data, and 𝑁 is the number of data points.

The Binary Cross-Entropy (BCE) is defined by Eq. (9): 

BCE(𝑥−, 𝑥̂−) = − 1
𝑁
∑

[

𝑥−𝑖 log(𝑥̂−𝑖 ) + (1 − 𝑥−𝑖 ) log(1 − 𝑥̂−𝑖 )
]

(9)

𝑁 𝑖=1
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Fig. 3. CHVAE training framework.
In Eq. (9), 𝑥−𝑖  and 𝑥̂−𝑖  represent the true binary values and predicted 
probabilities, respectively, and 𝑁 is the number of data points.

Furthermore, the Fréchet Inception Distance (FID) (Heusel et al., 
2017) loss is calculated via Eq. (10): 

FIDloss = ‖𝜇𝑥− − 𝜇𝑥̂−‖
2
2 + Tr

(

𝐶𝑥− + 𝐶𝑥̂− − 2
(

𝐶𝑥−𝐶𝑥̂−
)1∕2

)

(10)

In Eq. (10), 𝜇𝑥−  and 𝜇𝑥̂−  are the means and 𝐶𝑥−  and 𝐶𝑥̂−  are the co-
variance matrices of the real and generated minority data, respectively. 
Here, Tr denotes the trace of the matrices. The FID is used as an index 
to monitor the fine-tuning process, with lower FID values indicating 
more similarity between the compared data. The training framework 
of the proposed DGM, CHVAE, is described in Fig.  3.

3. Experiments

In this section, we first evaluate the data augmentation quality 
of CHVAE by applying it to a multiclass classification task using the 
MNIST benchmark image dataset (Lecun et al., 1998) as a downstream 
application. Additionally, we compare the performance of the proposed 
framework with MGVAE, introduced by Ai et al. (2023). Second, we 
apply CHVAE to construct a real-time monitoring system based on 
domain translation for various mooring systems of floating offshore 
wind turbines (FOWTs).

This evaluation commences by assessing the proposed CHVAE’s 
performance and generalizability across two distinct data modalities.

The MNIST dataset, composed of image data, is a recognized bench-
mark in generative modeling, facilitating standardized assessment and 
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comparison with contemporary deep generative models such as MGVAE 
across different class imbalance scenarios.

The FOWT dataset consists of sequential time-series data from moor-
ing line tensions, illustrating a complex real-world scenario in SHM.

This two-stage experimental design enables the initial assessment 
of CHVAE’s capacity to learn compact and expressive latent repre-
sentations in a controlled environment, followed by its applicability 
in a complex domain translation task pertinent to FOWT monitor-
ing. CHVAE’s robust performance in image and time-series modalities 
demonstrates its versatility and potential for broader application in 
structural health monitoring contexts.

3.1. MNIST data augmentation

We assumed digits 0 through 4 as the majority classes, each con-
taining 6000 samples, resulting in 30,000 samples for the majority. 
The minority classes digit 5 through 9, were downsampled to 300 
samples (60 per class) and 50 samples (10 per class), corresponding to 
imbalance ratios 𝜌 = 100, and 𝜌 = 600, respectively, the same as (Ai 
et al., 2023). The downstream classifier is a fully connected neural 
network with two layers, the same as one used in Ai et al. (2023).

3.1.1. CHVAE specifications
For a thoroughly fair comparison, the architecture of the VAEs 

employed for pre-training and fine-tuning is identical to that of the 
MGVAE in Ai et al. (2023), which utilizes an MLP-based architecture.

To improve the comparative experiment, we examined the hier-
archical VAE (HVAE) without conditioning on minority classes, 𝑆 in 
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Fig. 4. The visualization of CHVAE framework for MNIST data augmentation.
Eq. (5), during the fine-tuning process. Therefore, Eq. (4) is the loss 
function in this case. To accomplish this, similar to the most recent 
method MGVAE (Ai et al., 2023), which has demonstrated superior 
outcomes to date, we implement a fine-tuning procedure for each 
minority class. Consequently, we develop a separate fine-tuned HVAE 
for each minority class. In CHVAE, we implement a distinct fine-tuning 
procedure to fine-tune a single model for all minority classes.

The pre-trained and fine-tuned MLP-based VAE architecture, iden-
tical to that in Ai et al. (2023), utilized in HVAE and CHVAE training 
is as follows:
Encoder Architecture:
𝐈𝐧𝐩𝐮𝐭 ∶(Batch size, 28 × 28)

𝐃𝐞𝐧𝐬𝐞𝐋𝐚𝐲𝐞𝐫 ∶300,

activation = LeakyReLU(𝛼 = 0.2)

𝐃𝐞𝐧𝐬𝐞𝐋𝐚𝐲𝐞𝐫 ∶300,

activation = LeakyReLU(𝛼 = 0.2)

𝐁𝐚𝐭𝐜𝐡𝐍𝐨𝐫𝐦𝐚𝐥𝐢𝐳𝐚𝐭𝐢𝐨𝐧
𝜇 = Dense: Latent dim. = 40,

𝜎 = Dense: Latent dim. = 40,

activation = None

Decoder Architecture:
𝐈𝐧𝐩𝐮𝐭 ∶(Batch size, 40)
𝐃𝐞𝐧𝐬𝐞𝐋𝐚𝐲𝐞𝐫 ∶300,

activation = ReLU
𝐁𝐚𝐭𝐜𝐡𝐍𝐨𝐫𝐦𝐚𝐥𝐢𝐳𝐚𝐭𝐢𝐨𝐧
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𝐃𝐞𝐧𝐬𝐞𝐋𝐚𝐲𝐞𝐫 ∶300,

activation = ReLU
𝐁𝐚𝐭𝐜𝐡𝐍𝐨𝐫𝐦𝐚𝐥𝐢𝐳𝐚𝐭𝐢𝐨𝐧
𝐎𝐮𝐭𝐩𝐮𝐭 ∶(Batch size, 28 × 28),

activation = Sigmoid

The reconstruction loss function used is Binary Cross-Entropy (BCE) 
(Eq. (9)), and the optimizer applied is Adam, set with a learning rate of 
0.001. The pre-training batch size is set to 32 for 100 epochs. The batch 
size assigned for fine-tuning each minority class in HVAE is as follows: 
60 (𝜌 = 100) over 10,000 epochs and 10 (𝜌 = 600) for 10,000 epochs. 
For CHVAE, we need to fine-tune a single CHVAE for all minority 
classes while incorporating a conditioning layer in both the encoder 
and decoder, as illustrated in Fig.  4. The fine-tuning epochs for 𝜌 = 
100 are set to 100,000 with a batch size of 300, whereas for 𝜌 = 600, 
it is 150,000 with a batch size of 50.

Furthermore, the cyclical annealing schedule, as established by Fu 
et al. (2019), was employed in MLP-based CHVAE to determine the 
optimal 𝛽 values in Eq. (7), thereby enhancing the training quality 
during the fine-tuning stage. We establish the minimum value of 𝛽
at 0 and the maximum value at 2 × 10−4 for applying this technique. 
The 𝛽 value is reset every 20 epochs, according to the computed 
cycle length. The fine-tuning of the MLP-based HVAE, the CNN-based 
CHVAE, and the pre-training VAE for all HVAE and CHVAE models 
utilizes a constant 𝛽 value of 5 × 10−4, as specified in Eq. (1).

To further enhance the outcomes, we additionally implemented 
CNN-based VAEs for CHVAE. The visualization of our proposed frame-
work is presented in Fig.  4.
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Table 1
The CNN-based VAE parameters (pre-training and fine-tuning procedures) for MNIST data.
 Parameter Value  
 Batch size pre-train:32, fine-tune: (𝜌 = 100)=300, (𝜌 = 600)=50 
 Padding Same  
 Activation function (Output layer of decoder) Sigmoid  
 Optimizer Adam  
 Learning rate 0.001  
 Reconstruction loss function BCE (Eq. (9))  
 Latent space dimension 40  
Based on Fig.  4, the pre-trained CNN-based VAE architecture, which 
is trained on the majority (x+), consists of an encoder with five 2D 
CNN layers with (3 × 3) kernel size, having 32, 64, 128, 256, and 512 
filters, respectively with an input shape of (Batch size, 28, 28, 1). The 
stride is 1, except for the last CNN layer where it is 2. The activation 
function applicable to all layers, except output, is ReLU. MLP layers 
generate latent variables. For the decoder, five Conv2DTranspose layers 
are used, mirroring the features of the encoder.

The fine-tuned CNN-based VAE architecture is as follows:
Encoder: Input01(Batch size, 28, 28, 1), Conv2D(32, (3, 3), stride(1, 

1)), Conv2D(64, (3, 3), stride(2, 2)), Conv2D(64, (3, 3), stride(1, 1)), 
Conv2D(128, (3, 3), stride(1, 1)), Flatten, MLP(64), Input02(𝑆), Acti-
vation function applicable to all layers: ReLU;

Decoder: Input01(𝑧2), Input02(𝑆), MLP(14 × 14 × 128),
Reshape(14, 14, 128), Cov2DTranspose(128, (3, 3), stride(1, 1)),
Cov2DTranspose(64, (3, 3), stride(1, 1)),
Cov2DTranspose(64, (3, 3), stride(1, 1)),
Cov2DTranspose(32, (3, 3), stride(2, 2)).
The activation function applies to all layers except the output: ReLU.
Other VAE characteristics are mentioned in Table  1.

3.1.2. Qualitative and quantitative assessment
The qualitative comparison of minority data generation results us-

ing MLP-based HVAE, MLP-based CHVAE, and CNN-based CHVAE is 
illustrated in Fig.  5.

Fig.  5 presents a comparative visualization of majority real data 
(digits 0–4, top row) and minority generated data (digits 5–9, bottom 
row) for MNIST at imbalance ratios of 𝜌 = 100 and 𝜌 = 600. Moreover, 
Fig.  5 illustrates the stylistic similarities between the generated minor-
ity data and the majority real data regarding features such as tilt angle, 
thickness, and overall structure. We provide both the reference majority 
sample and the associated minority sample, as the HVAE generation 
procedure is one-to-one. Alternatively, CHVAE is capable of generating 
one-to-all.

We can observe that:

• Stylistic Consistency: The generated minority digits closely re-
semble the majority data, maintaining stylistic coherence regard-
ing tilt and thickness. This reflects the ability of all HVAE mod-
els, regardless of the presence of conditional feature, to capture 
essential data characteristics, ensuring realistic augmentation.

• Generation Quality Across 𝜌:
– At 𝜌 = 100, the generated digits generated by CNN-based 
CHVAE are highly consistent with majority data in terms 
of tilt angle, thickness, and overall quality, yielding the 
best downstream multiclass classification results, suggesting 
that the model effectively learns diverse and representative 
patterns for minority class augmentation (Table  3).

– At 𝜌 = 600, the MLP-based HVAE generated digits maintain 
acceptable quality and stylistic consistency, and exhibit the 
best performance in downstream multiclass classification 
task as presented in Table  3, surpassing both MLP-based 
CHVAE and CNN-based CHVAE.
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Table 2
The quality evaluation of generating minority MNIST data by CHVAE.
 Imbalance ratio FID MSE  
 𝜌 = 100 0.0241 0.0978 
 𝜌 = 600 0.0498 0.0946 

The unconditional variant of HVAE could provide superior results 
by fine-tuning each HVAE specifically for each minority class. On 
the other hand, designing a conditional variant of HVAE presents 
challenges, as it requires additional epochs and a more complex ar-
chitecture (CNN-based) to fine-tune a single CHVAE for generating 
various minority classes by controlling the condition as a minority class 
label. However, the conditional type of HVAE has significance in SHM, 
particularly for generating a specific minority class (associated with 
particular damage severity) from a designated majority class (healthy).

To emphasize the practical benefits of employing CHVAE for gen-
erating minority class data, the qualitative outcomes of MNIST data 
augmentation with CNN-based CHVAE are illustrated in further detail 
in Fig.  6. The first column in Fig.  6(a) and (b) displays the reference ma-
jority sample, while the subsequent columns present the corresponding 
generated minority samples based on 𝑆 value.

As illustrated in Fig.  6 and also Fig.  4, the data generation section, 
for each 𝑧1 value (e.g., using digit 1 from the majority class, which 
includes digits 0, 1, 2, 3, and 4), we can generate all digits in the 
minority dataset (5, 6, 7, 8, and 9). By altering the input digit, different 
minority digits (5 through 9) can be generated by defining 𝑆.

As shown in Fig.  6, the key advantage of the proposed model 
over MGVAE is that we can generate all the minority classes by fine-
tuning the CHVAE model just once. As a result, we can generate the 
corresponding image for any minority class simply by selecting the 
class label 𝑆 in Eq. (5) and using the same location (𝑧1 value) in latent 
space. Generating diverse minority samples from each majority sample 
enhances balance and representation within the dataset.

Furthermore, as illustrated in Fig.  6(c), CHVAE can generate inter-
class minority data that can be utilized for generating damage-assoc-
iated records with varying levels of damage severity.

Based on Eq. (4), the architecture of hierarchical VAE can be 
sketched as Fig.  7 and based on this architecture, after fine-tuning, 
the latent distribution of majority data, 𝑧1, is a baseline distribution 
to generate diverse minority data in our proposed framework. In Fig.  7 
we visualize the 𝑧1 and 𝑧2, which are constructed by feeding majority 
and minority data to the encoder of pre-trained VAE and the encoder 
of fine-tuned CHVAE, respectively, as illustrated in Fig.  4, utilizing the 
t-distributed stochastic neighbor embedding (t-SNE) (Van Der Maaten 
and Hinton, 2008). T-SNE is applied to embed 40-dimension 𝑧1 and 
𝑧2 to 3-dimension. The designed conditional fine-tuned decoder can 
easily sample from 𝑧1 by defining arbitrary 𝑆 values to generate diverse 
minority data (x-).

The statistical index, FID, based on Eq. (10) and mean square error 
(MSE) between generated and real digits of all minority data corre-
sponding to majority data (30000 samples) are presented in Table  2.

Based on Table  2, MSE has lower sensitivity when comparing real 
and generated image data, while FID better reflects the quality of 
generated image data concerning the imbalance ratio.
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Fig. 5. Comparison of MNIST data generation results by MLP-based HVAE, MLP-based CHVAE, and CNN-based CHVAE, showing majority real data (Classes 0–4) 
and minority generated data (Classes 5–9) at imbalance ratios (a) 𝜌 = 100, and (b) 𝜌 = 600.
3.1.3. Downstream application study (behavioral assessment)
Based on Ai et al. (2023), we utilize three evaluation metrics to as-

sess the classification performance across all methods on a balanced test 
set: Balanced Accuracy (B-ACC) (Huang et al., 2016; Kim et al., 2020), 
Average Class Specific Accuracy (ACSA) (Huang et al., 2016; Mullick 
et al., 2019), and Geometric Mean (GM) (Branco et al., 2017). B-ACC 
8 
corresponds to the standard accuracy metric for balanced datasets, 
while ACSA and GM are class-agnostic, making them more appropriate 
for evaluating performance under imbalanced data conditions. The nu-
merical results of the evaluation are presented in Table  3 and illustrated 
in Figs.  8 and 9 representing the average of three independent trials of 
the classification.
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Fig. 6. Visualization of MNIST data generation by CNN-based CHVAE.

In Table  3, we have compared the performance of CHVAE against 
the baseline and other recent oversampling approaches, which are 
briefly presented below:

1. Empirical risk minimization (ERM): it is the conventional 
training approach utilizing cross-entropy loss, without any bal-
ancing procedures.

2. Random over-sampling (ROS) (Japkowicz, 2000): it balances 
the sampling distribution through repeated random sampling of 
the minority class.

3. SMOTE (Chawla et al., 2002): it balances the sampling distribu-
tion through linear interpolation of nearest neighbors within the 
minority class.

4. Re-weighting (RW) (Huang et al., 2016): it adjusts the objective 
function based on the size of class samples.

5. Class-balanced re-weighting (CBRW) (Cui et al., 2019): it is 
a modified version of re-weighting (RW), which introduces the 
effective sample number 𝐸𝑘 = 1−𝛽𝑁𝑘

1−𝛽  for each class, with 𝛽 set 
to 0.9999.

6. FOCAL (Lin et al., 2017): it seeks to balance the sample-wise 
classification loss during model training by reducing the weight 
of well-classified samples.

7. LDAM (Cao et al., 2019): it defines a margin loss that is aware of 
label distribution, promoting larger margins for few-shot classes.

8. OCVAE (Fajardo et al., 2021): it includes the oversampling of 
the minority class using a Conditional VAE, which is a generative 
model that augments the dataset conditioned on class labels.

9. OCGAN or OCDCGAN (Fajardo et al., 2021): it oversamples the 
minority class using a Conditional GAN, which is a generative 
model that augments the dataset based on class labels.
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10. MGVAE (Ai et al., 2023): it presents an objective function with 
Elastic Weight Consolidation (EWC) regularization that facili-
tates the augmentation of minority data through the utilization 
of a majority-based prior.

Based on Table  3, our HVAE framework significantly outperforms 
the other methods evaluated in Ai et al. (2023), consistently achieving 
superior results across all comparisons. Note that they also left out 
OCGAN’s results because it cannot train correctly on small-scale data. 
In cases of extreme imbalance (𝜌 = 600), the percentage improve-
ment of the GM term relative to MGVAE is 10.2 for the MLP-based 
HVAE and 3.7 for the CNN-based CHVAE. These results show that 
MLP-based HVAE significantly outperforms other methods, while CNN-
based CHVAE retains its effectiveness even in conditions of extreme 
imbalance. Additionally, the CNN-based CHVAE demonstrates signif-
icant results when 𝜌 = 100. The fine-tuning monitoring indicators, 
computed based on Eqs. (7) and (8) and plotted during training, are 
illustrated in Fig.  10 (for 𝜌 = 100). The reconstruction and FID losses 
converge to zero, as shown in Figs.  10(a) and 10(b). In other words, 
the fine-tuned CHVAE learns to capture the minority data structure by 
updating information in each epoch, thereby minimizing losses. Fig. 
10(c) shows the KL loss converging to a small, non-negative value 
near zero, indicating effective construction of 𝑧2 latent distribution 
(Eq. (6)). Building 𝑧2 latent distribution during fine-tuning acts as a 
regularizer to prevent overfitting in the conditional decoder of the fine-
tuned CHVAE, enabling it to generate diverse samples of minority data, 
even with limited examples used during fine-tuning. This diversity is 
demonstrated in Fig.  6 and in the results provided in Table  3.

3.2. FOWT domain translation for different mooring system

In this section, we aim to develop a real-time monitoring framework 
for different mooring systems in FOWTs by utilizing the CHVAE feature 
for domain translation. We evaluate our proposed framework using 
tension records simulated by a numerical model of the benchmark 
DeepCwind OC4 platform (Robertson et al., 2014a), depicted in Fig. 
11. To assess the generalization capability of our approach, we con-
sider two distinct mooring systems: the source system (OC4), used for 
training the CHVAE, and the target system (modified OC4 mooring 
system, with equivalent pretension), which differs structurally and is 
used for evaluating domain translation and classification on previously 
unseen configurations. This setting reflects a realistic operational con-
text where labeled data from a new or modified mooring system may 
not be available, especially during the design stage of a new concept of 
a mooring system. The details of these systems are presented in Table 
4. Additionally, we describe the necessary preliminary steps for data 
preparation and CHVAE implementation.

3.2.1. Data preprocessing
The tension forces in the fairleads of the semisubmersible floating 

system (Fig.  11) are treated as key variables for monitoring the health 
of the mooring system. The tension in the mooring system represents a 
good measure of the excitation that the mooring system is undergoing. 
However, direct measurements of such a variable can be possible only 
via load cells, whose reliability is generally low. For this reason, the 
scientific and technical communities are working on assessing the 
tension of the mooring lines using indirect measurements.

The time-series responses as the training, validating, and testing 
data are obtained under different randomly sampled combinations 
of the environmental and operational conditions, including wave-
significant height (𝐻𝑠) ranging from 1 to 7 m, peak period (𝑇𝑝) between 
8 to 15 s, wind speed (𝑉 ) from 1 to 10 m per second, and current 
(𝐶) from 0.5 to 1.5 m per second, which altogether account for the 
variability of the excitation. Please note that with no lack of generality, 
the wave conditions refer to a generic site. For example, in BiMEP (see 
Ezpeleta et al., 2025), the considered metoceanic conditions cover more 



H. Fathnejat and V. Nava Engineering Applications of Artiϧcial Intelligence 163 (2026) 112951 
Fig. 7. The architecture of conditional hierarchical VAE concept.
Table 3
Comparison of CHVAE classification performance on MNIST under two different imbalance ratios (IR).
 IR 𝜌 = 100 𝜌 = 600

 Methods B-ACC ASCA GM B-ACC ASCA GM  
 ERM 51.4 ± 0.0 50.0 ± 0.0 0.0 ± 0.0 51.4 ± 0.0 50.0 ± 0.0 0.0 ± 0.0  
 FOCAL 51.4 ± 0.0 50.0 ± 0.0 0.0 ± 0.0 51.4 ± 0.0 50.0 ± 0.0 0.0 ± 0.0  
 RW 77.4 ± 1.2 76.7 ± 1.2 73.1 ± 1.3 59.9 ± 1.6 58.8 ± 1.4 41.7 ± 1.8  
 CBRW 75.1 ± 0.8 74.3 ± 0.7 69.8 ± 1.3 56.1 ± 0.5 55.1 ± 0.3 31.2 ± 1.2  
 LDAM 82.9 ± 0.5 82.4 ± 0.6 80.3 ± 0.7 63.1 ± 0.9 62.0 ± 0.8 48.7 ± 1.0  
 RS 79.2 ± 0.3 78.5 ± 0.3 75.4 ± 0.2 58.5 ± 1.0 57.3 ± 1.1 37.7 ± 2.0  
 SMOTE 80.6 ± 0.3 80.1 ± 0.2 77.4 ± 0.1 60.0 ± 0.9 58.3 ± 1.0 40.2 ± 1.1  
 OCVAE 83.0 ± 0.4 82.6 ± 0.4 80.6 ± 0.6 63.8 ± 0.2 62.8 ± 0.5 50.7 ± 0.5  
 MGVAE 85.0 ± 0.2 84.6 ± 0.2 83.2 ± 0.2 65.4 ± 1.0 64.4 ± 1.1 53.4 ± 1.1  
 HVAE w MLP 87.0 ± 0.2 86.5 ± 0.2 85.6 ± 0.2 71.9 ± 0.3 71.0 ± 0.4 63.6 ± 1.0 
 CHVAE w MLP 86.9 ± 0.1 86.5 ± 0.1 85.4 ± 0.2 66.1 ± 0.3 65.9 ± 0.3 55.3 ± 0.1  
 CHVAE w CNN 90.5 ± 0.2 90.3 ± 0.2 90.1 ± 0.2 67.3 ± 0.4 67.2 ± 0.4 57.1 ± 1.1 
Fig. 8. Confusion matrix; multiclass MNIST classification (CHVAE w MLP); (a) IR = 100, (b) IR = 600.
10 
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Fig. 9. Confusion matrix; multiclass MNIST classification (CHVAE w CNN); (a) IR = 100, (b) IR = 600.
Fig. 10. Fine-tuning monitoring plots for MNIST data (CHVAE with MLP-based architecture, IR = 100).
Table 4
 Properties of the mooring systems (Source and Target).
 Property Source (OC4) Target (modified OC4) Unit  
 Number of lines 3 3 –  
 Segments per line 20 20 –  
 Line diameter 7.66 × 10−2 8.50 × 10−2 m  
 Mass/length 1.13 × 102 1.44 × 102 kg/m 
 Axial stiffness (EA) 7.54 × 108 6.17 × 108 N  
 Unstretched length 8.35 × 102 8.25 × 102 m  
than 80% of the yearly occurrence for the site. The simulation produces 
1800 s of response data at a fixed sampling frequency of 40 Hz. The 
response is downsampled to 5 Hz to simulate realistic conditions, with 
the first 300 s skipped to exclude transient effects.

Corrosion and corrosion-related issues can be considered the pri-
mary damage mechanism affecting the mooring systems in floating 
structures (see, for example, Ma et al., 2013). For this reason, in this 
research, we have modeled the effect of the corrosion by reducing the 
axial stiffness (𝐸𝐴 (𝑁)) and mass per unit length (𝑀𝑎𝑠𝑠 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 (kg∕m)) 
11 
of all three mooring lines, each with varying degrees of degradation 
within the MoorDyn module. This experiment involves the degradation 
of mooring lines 1 and 2 by 3%, 5%, and 7%, while mooring line 3 
experiences degradation of 5%, 7%, and 10% in both axial stiffness (EA) 
and mass per unit length, as detailed in Table  5. We focused on this type 
of corrosion to mimic one of the degradation scenarios that mooring 
lines may experience over their lifespan; based on the Orcaflex manual 
for the studless chains, the safety factor decreases in this case.
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Fig. 11. OC4-DeepCwind semisubmersible FOWT; (a)Schematic sketch, (b) geometric dimensions (Robertson et al., 2014b).
Table 5
Corrosion severity levels and line-wise degradation configuration used in CHVAE training for the source mooring 
system.
 Severity level Lines 1 and 2 Line 3  
 3%–5% ↓3% Mass/length and EA ↓5% Mass/length and EA  
 5%–7% ↓5% Mass/length and EA ↓7% Mass/length and EA  
 7%–10% ↓7% Mass/length and EA ↓10% Mass/length and EA 
 

 

Based on the provided details, each data sample consists of a 1500-
second time series of fairlead tension, with 7500 time steps at a 
frequency of 5 Hz and three features: FairTen1, FairTen2, and FairTen3 
(three mooring lines in Fig.  11). Through trial and error, the frame 
size selected for the input to the VAE layer is 50. Consequently, the 
input data shape is (batch size, frame size, num features, 
num channels) = (batch size, 50, 3, 1). The input data was 
normalized using a multi-step process to prepare it for training in a 
CNN-based model. The steps involved are as follows:

1. For each channel, the mean value was computed and subtracted 
to center the data around zero.

2. After subtracting the mean, the maximum absolute value for 
each channel was determined.

3. Each channel was then normalized by dividing the data by its 
maximum absolute value, ensuring that it was scaled between 
−1 and 1.

Subsequently, the denormalization parameters, specifically the
mean and the maximum absolute value for each frame size and feature, 
are incorporated into 𝑑1 and 𝑑2 for the healthy and damaged data, 
respectively, which have the shape (num frames, frame size, 2
× num features).

In this experiment, the number of healthy state data samples is 
𝑁+ = 625. To train the pre-trained VAE on these 625 samples, 80% of 
the healthy data is used for training and validation (80% for training, 
20% for validation), while the remaining 20% is allocated for testing.

For the source mooring system (OC4), a fine-tuning process is 
carried out using healthy and 40% damaged data to improve the 
performance of the CHVAE model. Following the fine-tuning phase, 
the model is then employed to synthesize damaged responses for the 
target mooring system, using the healthy data from the target system. 
In Fig.  12, we provide a visual overview of the proposed domain 
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translation framework. For example, Fig.  12 illustrates how tension 
records corresponding to 3%–5% corrosion severity can be generated 
for the target mooring system.

3.2.2. CHVAE specifications
The architecture of VAE’s encoder and decoder, used in the pre-

training, is as follows:
Encoder: Input01(Batch size, 50, 3, 1), Conv2D(32), 3 ×Conv2D(64),

MLP(32), Input02(𝑑1);
Decoder01: Input(𝑧1), 2 × Conv2DTranspose(64), Conv2DTrans-

pose(32);
Decoder02(Denorm): Input01(𝑧1), Input02(𝑑1), MLP(64), MLP(32),
MLP(𝑑1𝑠𝑖𝑧𝑒, LeakyRelu).
The architecture of VAE’s encoder and decoder, used in the fine-

tuning is as follows:
Encoder: Input01(Batch size, 50, 3, 1), Conv2D(32), 3 ×Conv2D(64),

MLP(32), Input02(𝑑1), Input03(𝑆);
Decoder01: Input01(𝑧2), Input02(𝑆), Conv2DTranspose(128),
3 × Conv2DTranspose(64), Conv2DTranspose(32);
Decoder02(Denorm): Input01(𝑧2), Input02(𝑑1), Input03(𝑆), MLP

(64), MLP(32), MLP(𝑑2𝑠𝑖𝑧𝑒, LeakyRelu).
The VAE characteristics are also mentioned in Table  6.
All deep learning models was trained on an Apple M1 Pro chip 

featuring a 10-core CPU and a 16-core integrated GPU, complemented 
by 16 GB of unified memory. The models were implemented using 
TensorFlow 2.11.0, utilizing the Keras API (version 2.11.0) for model 
development. The OpenFAST simulations were also executed on the 
DIPC cluster (Centre, 2024).

To enhance reproducibility and elucidate the computational cost 
of our proposed approach, we present the training time of the CNN-
based CHVAE model for both case studies in Table  7. The findings 
encompass both the pretraining and fine-tuning phases. All experiments 
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Fig. 12. Illustration of the proposed damaged data generation process for an unseen (Target) system (Domain Translation).
Table 6
The VAE parameters (pre-training and fine-tuning procedures) for FOWT data.
 Parameter Value  
 Batch size pre-train:32, fine-tune: 4650 
 Convolution window/kernel size 2 × 2  
 Convolution stride 1 × 1  
 Padding Same  
 Activation function ReLU  
 Activation function (Output layer of first decoder) Tanh  
 Optimizer Adam  
 Learning rate 0.001  
 Reconstruction loss function MSE (Eq. (8))  
 Latent space dimension 32  
Table 7
Training times of CNN-based CHVAE model on Apple M1 Pro integrated GPU.
 Case study Epochs (Pre/Fine) Pretraining (min) Finetuning (min) 
 MNIST Data (Imbalance 𝜌 = 100) 100/100,000 57.30 569.34 (9.5 h)  
 FOWT Data 100/1,600 38.97 249.40 (4.2 h)  
were conducted locally using the integrated GPU of the M1 Pro, without 
the use of external accelerators.

Notably, despite a greater number of epochs during the fine-tuning 
stage (especially for MNIST), the training duration per epoch is typ-
ically reduced. Fine-tuning occurs on smaller, imbalanced subsets of 
data, with minority-class data size in each epoch, whereas pretraining 
utilizes the majority dataset. The computational load per epoch during 
fine-tuning is markedly decreased.
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3.2.3. Qualitative and quantitative assessment

This section assesses the CHVAE’s performance by qualitatively 
comparing the generated data with the simulated data from the Deep-
Cwind OC4 platform’s numerical model (Robertson et al., 2014b) using 
OpenFast. FID and reconstruction error (MSE) are explored to evaluate 
the resemblance between the CHVAE-generated data and the simulated 
data, referred to in this study as ‘real’ or ‘original’ data.
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Fig. 13. Typical sample; (𝑎) the unseen fairlead tensions (Mooring lines 1, 2, and 3) of platform coupled with target mooring system under healthy and damaged 
operational state when 𝑉 = 10, 𝐻𝑠 = 7.0, 𝑇𝑝 = 13.25, 𝐶 = 0.5. (𝑏) The first 1000 time steps of real and approximated damaged record. (𝑐) Power spectral density 
of tension record.

Fig. 14. Typical sample; (𝑎) the unseen fairlead tensions (Mooring lines 1, 2, and 3) of platform coupled with target mooring system under healthy and damaged 
operational state when 𝑉 = 7.75, 𝐻𝑠 = 1.0, 𝑇𝑝 = 15.0, 𝐶 = 1.25. (𝑏) The first 1000 time steps of real and approximated damaged record. (𝑐) Power spectral density 
of tension record.
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Fig. 15. Classification heat map; Trained on healthy (target) and generated damaged (target) records.
Table 8
The quality evaluation of generating damaged tension records of target moor-
ing system by CHVAE.
 Corrosion severity FID MSE  
 3%–5% 0.0725 0.4253 
 7%–10% 0.1314 0.4647 

Visual comparisons between generated and original damaged ten-
sion records for the target mooring system, under two different, ran-
dom, unseen operational sea states, are presented in Figs.  13 and 14. 
Two levels of corrosion severity – 3%–5% (mild) and 7%–10% (intense) 
– are examined in the target mooring system.

Figs.  13(𝑎) and 14(𝑎) show the time series of tension records for 
different corrosion severities as well as healthy (non-damaged) and 
generated damaged records. As we can see in these two figures, the dis-
crepancies between the healthy and responses with different corrosion 
severities differ across various operational sea states. Consequently, 
CHVAE effectively captures and approximates these variations over a 
range of random, unseen sea states.

Figs.  13(𝑏) and 14(𝑏) show a zoomed-in view of the time series for 
a smaller segment of data. In these zoomed-in sections, the generated 
damaged records closely resemble the original damaged records at the 
specified severities, indicating that the CHVAE can generate real-scale 
tension patterns for different levels of damage.

Figs.  13(𝑐) and 14(𝑐) show the power spectral densities (PSDs) at 
lower frequencies, where the dominant tension dynamics occur. Com-
paring the generated and original records in the frequency domain, the 
PSDs align well across different severities, suggesting that the CHVAE 
preserves the spectral characteristics of the original data.

The statistical index, FID, and MSE (reconstruction error) between 
generated and original tension records under 625 different opera-
tional sea states for three fairleads moored with the target system are 
presented in Table  8.
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Table 9
Corrosion severity intervals used in downstream classification, including 
CHVAE-generated training data and real unseen test data to evaluate general-
ization.
 Corrosion severity interval Description  
 3%–5% CHVAE-generated training data  
 5%–7% CHVAE-generated training data  
 7%–10% CHVAE-generated training data  
 1–10%–1%–10% Real unseen data for generalization 

3.2.4. Downstream application study (behavioral assessment)
To assess the effectiveness of the generated damaged responses, a 

binary classification experiment was conducted. The classifier model 
was trained using a dataset combining healthy and generated damaged 
data from the target moored platform. In the testing phase, the model 
was evaluated using original data from unseen damage severity and 
random sea states, enabling real-time classification of healthy and 
damaged responses.

The classifier architecture is a fully connected neural network, 
structured as follows: 𝐶1 = MLP [Input dim – 256], 𝐶2 = MLP [256 – 
128], and 𝐶3 = MLP [128 – 1]. The activation function for the final 
dense layer is set to sigmoid, with binary cross-entropy as the loss 
function, optimized using the Adam optimizer with a learning rate of 
1 × 10−3. The sigmoid output represents a prediction score between 0 
(healthy) and 1 (damaged).

In the training process, 80% of the responses are used, which 
are divided into 80% for training and 20% for validation, with the 
remaining 20% of the data allocated for testing. The corrosion severity 
intervals utilized for preparing training and testing data for subsequent 
binary classification are detailed in Table  9.

The input shape for each record is (number of frames, frame size ×
num features) = (6, 1250 × 3), which yields the best performance. The 
classifier is trained for 25 epochs with a batch size of 200. For feature 
normalization, Robust Scaling is applied to each of the three features, 
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Fig. 16. Classification heat map; Trained on healthy (target) and damaged (source) records.
Table 10
The classification metrics.
 Classification type Accuracy Precision Recall AUC (PR) 
 With Blind Domain Translation 0.9408 1.00 0.9167 0.9796  
 Without Blind Domain Translation 0.7096 1.00 0.5909 0.8446  
as it produces the best results, particularly in handling outliers and 
thereby improving classification performance.

To evaluate the classifier’s performance, a set of 31 unseen tension 
records was selected, encompassing a range of unseen damage sever-
ities and operational sea states with different wave seeds; 22 records 
correspond to damaged states, while 9 pertain to healthy conditions. 
The classification outcomes are summarized in Figs.  15 and 16, and 
Table  10.

As shown in Fig.  15, unseen random damaged records are generally 
well identified. Even records under states numbers 18 and 21 can 
be considered damaged, as at least two of their frames express high 
probabilities of damage. Conversely, Fig.  16 demonstrates the low 
classifier’s performance when it lacks information about the adapted 
features of the target damaged records, resulting in its inability to 
identify real damaged records correctly.

Table  10 illustrates that the recall of the classifier increases from 
0.5909 to 0.9167 with the application of blind domain translation, 
indicating a 32% improvement. This result demonstrates that CHVAE-
based domain translation markedly improves the classifier’s capacity 
to identify damaged frames, thereby reinforcing the conclusion about 
performance enhancement across various mooring systems. This result 
facilitates a zero-shot classification framework, utilizing solely healthy 
data from the target mooring system, while the necessary damaged data 
is synthetically produced through the proposed CHVAE-based DGM.

4. Conclusions

This paper presents the conditional hierarchical variational au-
toencoder (CHVAE), a novel data generation model grounded in the 
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pretrain-finetune training framework. CHVAE aims to augment damage-
associated data across random operational sea states in the source 
mooring system and synthesize labeled damaged records for the target 
mooring system through domain translation. This method strengthens 
the robustness of damage detection systems under diverse operational 
conditions and facilitates knowledge transfer between different moor-
ing systems. The study also demonstrates that the behavior of the 
generated records in downstream applications allows a classifier with 
a shallow architecture to accurately label unseen, real-time data from 
the target mooring system.

The training and evaluation data were derived from simulations 
of the DeepCWind floater conducted using the OpenFast open-source 
platform. Moreover, the performance of the proposed data generation 
model is evaluated on the MNIST benchmark image dataset and com-
pared with conventional and recently proposed oversampling methods. 
The following conclusions can be summarized:

• Introducing conditional layers to the encoder and decoder of 
fine-tuned CHVAE, besides the wisely controlling oversampling, 
enables the generation of diverse minority classes (e.g., digits or 
damage severity) from a specific majority class (Healthy) (one-to-
all capability).

• The CNN-based CHVAE in MNIST multi-class classification sig-
nificantly outperforms other oversampling methods at 𝜌 = 100
and in scenarios of extreme imbalance at 𝜌 = 600. The geometric 
mean index for CNN-based CHVAE increases by 3.7%, while the 
MLP-based HVAE shows an improvement of 10.2%.

• By incorporating the KL loss term into the CHVAE fine-tuning 
loss function and proposing a novel reparameterization approach 
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to reverse the diffusion process, we prevent overfitting, even in 
extreme scarcity of minority data.

• Equipping CHVAE with a second decoder to estimate de-normali-
zation parameters enables our model to mimic real-scale time-
series tension records with acceptable accuracy.

• For different mooring systems in FOWT, examining the domain 
translation feature of CHVAE improves the performance of a real-
time, shallow-architecture zero-shot damage identification model 
by up to 32%.
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