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Abstract
Developing digital twin and condition monitoring models for Floating Offshore Wind Turbines (FOWTs) mooring systems 
requires massive data across various health, operational, and metocean conditions. The scarcity of real damage-associated 
data may represent a significant challenge. Deep generative models (DGMs) have recently been introduced as powerful tools 
for oversampling scarce data. However, most oversampling methods focus on minority intra-class information. The inter-class 
dynamics between minority and majority classes are often ignored, increasing the risk of overfitting, especially in scenarios 
with high imbalance ratios. This study proposes a novel hierarchical variational autoencoder (HVAE) utilizing the diffusion 
probabilistic architecture, healthy (majority) data distribution, and the relation between healthy and damage-associated 
data in mooring systems of FOWTs to learn the damaged state distribution. We first evaluate HVAE’s ability to augment 
minority data based on majority distribution, using the MNIST benchmark image dataset for validation. This experiment 
compares the performance of HVAE with conventional and recent oversampling techniques. The second use case is the OC4-
DeepCWind FOWT benchmark. The fine-tuned HVAE can generate damage-associated platform records for various sea 
states. Experimental results on MNIST indicate that HVAE achieves significant improvements over alternative oversampling 
techniques in downstream classification tasks, particularly in case of extreme imbalance. In the FOWT use case, the records 
generated for unseen sea states can incorporate the diversity and complexity of the majority ones, hence decreasing overfitting 
for the majority of sea states in downstream binary classification, highlighting the efficacy and generalization of HVAE.

Keywords  Structural health monitoring (SHM) · MNIST data augmentation · Class imbalanced data · Hierarchical 
variational autoencoder (HVAE) · Diffusion process · Floating offshore wind

1  Introduction

Floating offshore wind turbines (FOWTs) represent the only 
technically viable solution for installing offshore wind tur-
bines in deep water [1]. Until 2022, 32 FOWTs have been 
installed at a commercial scale worldwide [1] for a total 

capacity of 121 MW [2]. Nevertheless, the outlook for the 
next decade is that several projects are expected to be suc-
cessfully deployed, reaching a capacity of 18.9 GW by 2030 
[1] and 264 GW by 2050 [3]. Among the different types of 
floating support structures, semisubmersible platforms are 
among the most investigated technologies [2, 4]. Mooring 
systems are critically important in floating semisubmersible 
platforms because they provide station-keeping and opera-
tional functionality from the performance perspective [2]. 
However, they also considerably impact the project’s eco-
nomic viability [5].

Therefore, real-time condition monitoring of mooring 
systems is crucial for developing preventive maintenance 
strategies and reducing costs [6]. However, the task of build-
ing a digital twin (DT) of the mooring system is particu-
larly challenging, as measurements of the mooring systems 
under different environmental and operational conditions 
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[7], required for the construction of the DT [8], are not 
available. Indeed, records of the mooring system’s behavior 
under different failure modes are scarce, and when available, 
they may be protected by confidentiality issues. On the other 
hand, producing records by simulating the physical model 
of a floating substructure is computationally expensive and 
accompanied by many uncertainties.

Further, when available, the monitored mooring data 
cannot be well-arranged and balanced concerning the 
different environmental and operational conditions, 
especially when considering damaged conditions. 
The so-defined class-imbalanced problem is generally 
challenging in the structural health monitoring (SHM) 
[9–18]. One of the approaches to rebalancing this imbalance 
is resampling the data by under-sampling the healthy state 
data named as the majority class or over-sampling the 
damaged state data named the minority class [19–21]. 
Recently, the new trend in the oversampling method is 
based on DGMs that learn the behavior and distribution of 
minority data and augment them by producing synthetic 
data. Fajardo et al. [22] investigate the performance of class 
conditional variants of generative adversarial networks 
(GANs) and variational autoencoders (VAEs) to solve the 
imbalance problem. The results report that the CVAEs 
are more robust to imbalanced datasets than their CGAN 
equivalents. This conclusion reverses when GANs and 
VAEs are utilized on the original, well-balanced MNIST 
and Fashion MNIST datasets. Other studies [23, 24] propose 
solutions for SHM based on DGMs. Soleimani-Babakamali 
et al. [9] addressed the challenge of an imbalanced dataset 
utilizing the GAN to generate the low sampled data for 
health state classification using long short-term memory 
models (LSTMs). Results demonstrate improving the 
classification accuracy of low-sampled classes employing 
the GAN-generated data. Luleci et al. [25] utilized one-
dimensional Wasserstein deep convolutional GAN using 
gradient penalty (1-D WDCGAN-GP) to generate labeled 
data synthetically. After that, the augmented data generated 
in the previous stage were the training data set of a 1-D deep 
convolutional neural network for damage identification. The 
results showed that the 1-D WDCGAN-GP can successfully 
overcome damage-associated data scarcity in vibration-
based damage detection applications of civil structures.

So far, VAEs are mainly employed to solve different 
problems belonging to the SHM domain, such as feature 
extraction and data space reduction [26–30]. In the context 
of class-imbalanced SHM problems, Zhao et  al. [31] 
designed the normalized conditional VAE with adaptive 
focal loss (NCVAE-AFL) framework to make the diagnosis 
effect of the minority classes more desirable. NCVAE is 
enhanced by the batch normalized (BN) layer, which is a 
method of regularising the output of the encoder to prevent 
the disappearance of KL divergence for imbalanced training 

data. Besides, a new AFL has also been designed and added 
to NCVAE loss to reweight the imbalanced labels. Results 
demonstrate that the proposed algorithm significantly 
outperforms typical class-imbalanced diagnosis methods. 
Li and Betti [32] proposed a novel data augmentation 
framework based on conditional VAE (CVAE) architecture 
to generate the cepstral coefficients as response features. 
They defined the condition variable vector of CVAE utilizing 
an unsupervised learning strategy. The proposed method can 
augment the initial training dataset, leading to better damage 
classification performance than the initial training dataset.

All the studies mentioned above propose solutions limited 
to solving the class-imbalanced problem of DL-based 
damage identification/classification. Furthermore, only 
minority class information is applied to make DGMs learn 
the minority data distribution. Meanwhile, recent studies 
have proven that besides the minority data using majority 
data information, DGMs can augment the minority data 
with better diversity and affluence. In this regard, Qingzhong 
et al. [20] introduced an objective function enabling VAE to 
augment minority data by leveraging majority-based prior. 
VAEs are the DGMs generating data based on their ability to 
extract and construct the data’s reduced feature space (latent 
distribution) [33].

Furthermore, an extension to the VAE is the hierarchical 
VAE (HVAE) concept applying more than one stochastic 
latent layer/distribution [34]. Besides, the diffusion process 
is a random process that changes the data over time. A 
diffusion probabilistic model (DPM) is a model that can 
reverse this process by learning a parameterized Markov 
chain. It uses a variational inference to generate samples 
that look like the data before the diffusion occurs [35].

The present study introduces a new hierarchical 
variational approximation approach based on a diffusion 
architecture to construct the minority data distribution 
utilizing both majority and minority data features. Using 
constructed minority data distribution, the hierarchical VAE 
(HVAE) generates real-scale damage-associated mooring 
records (minority data) under various environmental and 
operational conditions. Likewise, the generated responses 
can be employed for different downstream applications, 
such as solving class-imbalanced problems and building 
DTs. As a novelty of the proposed HVAE, based on the 
relation between healthy state (majority) and damaged state 
(minority) data, the damaged state data distribution from 
healthy state is obtained as a two-step reverse diffusion 
process, and a novel hierarchical variational approximation 
is proposed to parameterize this process. Implementing 
this concept through a two-stage pretrain-finetune training 
procedure facilitates the augmentation and generation of 
limited damaged state data from a healthy state. Specifically, 
the proposed approach allows data generation under various 
conditions to build an efficient DT of the mooring systems 
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of FOWTs. It allows scientists and engineers to understand 
better the damaged behavior of mooring systems under 
various intensity-varying sea states.

To validate our proposed DGM model, we employed 
the MNIST benchmark dataset [36], comparing our 
results with those provided by [20], which assesses both 
conventional and recent oversampling techniques for MNIST 
data augmentation. Furthermore, we preserved the same 
conditions and multiclass classification model as [20] to 
guarantee a fair comparison.

As the samples of real data for mooring systems are 
scarce, the data studied in this paper are simulated in 
OpenFast [37] based on the numerical model of the OC4 
platform developed in the DeepCwind project [38]. Such a 
model represents a benchmark study validated by comparing 
the results with computational fluid dynamics (CFD) studies 
[39, 40]. Furthermore, to account for the randomness of 
external excitation and modeling uncertainties, the random 
responses produced by varying the seed value in the 
OpenFast simulations are considered testing data.

In this paper, the authors present a structured framework 
for introducing a data augmentation approach, HVAE. The 
paper begins with an introduction in Sect. 1, providing 
the necessary background and motivation for the study. 
In Sect.  2, the authors detail the theoretical principles 
and HVAE development and implementation procedure. 
Section  3 introduces the MNIST case study, detailing 
its methodology, results, and discussions. The mooring 
system case study follows in Sect. 4, presented in a similar 
structure, with its methodology, results, and discussions. 
The respective case studies also discuss the necessary steps 
for data preparation and model implementation. Finally, 
in Sect. 5, the outcomes are summarised, and prospective 
further applications of HVAE are outlined.

2 � Methodology

This study introduces a novel generative model that utilizes 
variational autoencoder (VAE) and diffusion probability 
principles, along with a two-stage pretrain-finetune 
training framework, to reconstruct the latent distribution of 
minority data based on the distribution of majority data. 
This generative model can augment minority data by feeding 
corresponding majority data, as detailed in the following 
subsections.

2.1 � Pre‑training phase

Pretraining is performed on the majority class, representing 
the dataset’s more balanced classes under various conditions 
or styles. The minority class demonstrates a notable 

imbalance and is defined by a restricted quantity of data 
points. The trainable weights of the standard VAE are 
optimized based on the Eq. (1):

In this step, based on Eq.  (1), the conventional VAE is 
trained on the majority data, X+ . z1 represents a latent 
variable sampled from the majority data latent/feature space, 
designated as the baseline latent space.

2.2 � Fine‑tuning phase

This section introduces the fine-tuning process to construct 
the latent distribution/feature space for the minority class. 
The fine-tuning method is based on the HVAE idea, 
described as a VAE with multiple stochastic latent layers 
and a DPM architecture. This technique assumes that the 
HVAE comprises two stochastic layers that generate two 
latent variables, z1 and z2 . By introducing a variational 
approximation to the true posterior and a bottom-up formula 
for the inference model and by extending Eq. (1), Eq. (2) 
will be:

In Eq. (2), x− represents the minority data, z1 is the latent 
variable corresponding to the baseline (majority) data, and z2 
denotes the latent variable associated with the minority data.

A DPM is a variant of a latent variable generative model 
that characterizes data through a series of T  variables, [41]. 
The first variable x0 ∼ p(x) represents the observed data, 
whereas the subsequent variables x1∶T  are hidden and not 
directly observable.

The DPM model establishes a joint distribution p�

(
x0∶T

)
 

that inverts a diffusion process. This procedure constitutes 
a Markov chain characterized by Gaussian transitions 
originating from p(xT) = N(xT;0, I) . The model acquires 
the ability to invert the process by optimizing a variational 
bound, as defined in Eq. (3):

For T = 2 in Eq. (3), xT  is comparable to z1 and x0 to x− ; 
hence, according to Eqs.  (2) and (3), the proposed loss 
function can be expressed as Eq. (4) and visualized in Fig. 1:

(1)
ELBO�,�(X

+) = �q�

[
log p�(X

+ ∣ z1)
]
− KL

[
q�(z1 ∣ X+) ∥ p�(z1)

]

(2)

ELBO�,�(x
−) = �q�

[
log p�(x

−, z2, z1) − log q�(z2, z1 ∣ x−)
]

= �q�

[
log p�(x

− ∣ z2) + log p�(z2 ∣ z1) + log p�(z1)

− log q�(z2 ∣ x−) − log q�(z1 ∣ z2)
]

(3)

−ELBO�,�(x0) = �q�

[
− log p�(xT) −

T∑

t≥1

log
p�

(
xt−1 ∣ xt

)

q�

(
xt ∣ xt−1

)

]
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The fine-tuning procedure presented in Eq.  (4) and 
Fig. 1 involves the simultaneous estimation of the distribu-
tions q�(z1 ∣ z2) and q�(z2 ∣ x−) to obtain z2 . This procedure 
ensures that these distributions approximately correspond 
to p�(z1) and p�(z2 ∣ z1) , respectively. Moreover, decod-
ing z2 should enable the reconstruction of x− , specifically 
p�(x

− ∣ z2).
Assuming that z1 and z2 have the same dimensionality 

(D), the distribution q�(z1 ∣ z2) will follow a standard normal 
distribution, following the assumptions used in the reparam-
eterization of the pretrained VAE (Eq. 1). Consequently, the 
second KL divergence term in Eq. (4) remains unchanged 
throughout the fine-tuning process. Hence, based on these 
definitions, we proposed a novel reparameterization for fine-
tuning the HVAE, as detailed in Eq. (5). Additionally, the 
adjustable weights of the HVAE are optimized by minimiz-
ing the loss function presented in Eq. (6).

In Eq. (5), �1 and �2 denote the means, while log(�2
1
) and 

log(�2
2
) indicate the log variances of the normal distribu-

tions from which the latent variables z1 and z2 are sampled, 
respectively.

The term Lrecon in Eq. (6) quantifies the difference between 
the input x− and its reconstruction x̂− . The type of recon-
struction error function in a VAE is determined based on the 
data’s characteristics and the activation function employed 
in the last layer of the decoder. Binary cross-entropy (BCE) 
is commonly utilized for binary or binarized data, particu-
larly with a sigmoid activation function. In contrast, mean 
squared error (MSE) is more suitable for continuous data, 

(4)

ELBO�,�(x
−) = �q�

[
log p�(x

− ∣ z2)
]
− KL

[
q�(z2 ∣ x−) ∥ p�(z2 ∣ z1)

−KL[q�(z1 ∣ z2) ∥ p�(z1)
]

(5)z2 =

[
�1 + e

log(�2
1
)

2

]
×

[
�2 + e

log(�2
2
)

2

]
× z1

(6)

LHVAE(x
−;𝜙, 𝜃) = recon(x

−, x̂−)

− KL
[
q𝜙(z2 ∣ x−) ∥ p𝜃(z2 ∣ z1)

]
+ FIDloss

such as time-series data, typically employing tanh or linear 
activation functions. This decision enhances model perfor-
mance by matching reconstruction loss with data character-
istics and tasks.

Equation (7) defines the MSE:

In Eq. (7), x−
i
 are the real input minority data, x̂− are the 

reconstructed data, and N is the number of data points.
The binary cross-entropy (BCE) is defined by Eq. (8):

In Eq. (8), x−
i
 and x̂−

i
 represent the actual binary values and 

predicted probabilities, respectively, and N is the number 
of data points.

Furthermore, The Fréchet inception distance (FID) ([42]) 
loss in Eq. (6) is calculated via Eq. (9):

In Eq. (9), �x− and 𝜇x̂− represent the means, while Cx− and 
Cx̂− denote the covariance matrices of the real and generated 
minority data, respectively. In this context, Tr represents the 
trace of the matrices. The Fréchet Inception Distance (FID) 
serves as an index for monitoring the fine-tuning process, 
where reduced FID values signify more remarkable simi-
larity between the compared datasets. The pretrain-finetune 
training framework of the proposed DGM, HVAE, is out-
lined in Algorithm 1 and depicted in Fig. 2.

Notation: The Algorithm  1 uses the following 
parameters:

•	 X+
h
= {x+

n
}N+

n=1 : Majority data frames, where N+ is the 
total number of frames, and x+

n
 represents the n-th data 

frame.
•	 X−

d
= {x−

n
}N−

n=1 : Minority data frames, where N− is the 
total number of frames, and x−

n
 represents the n-th dam-

age frame.

▪	� Each data frame has a shape of (Batch-size, 100, 3) for 
the FOWT, (Batch-size, 28 × 28) for MNIST. Here: 

	�	� 
◻	� 100 represents time steps (from the 1st to 

the 100th),

(7)MSE(x−, x̂−) =
1

N

N∑

i=1

(
x−

i
− x̂−

i

)2

(8)

BCE(x−, x̂−) = −
1

N

N∑

i=1

[
x−

i
log(x̂−

i
) + (1 − x−

i
) log(1 − x̂−

i
)
]

(9)
FIDloss = ‖𝜇x− − 𝜇x̂−‖2

2
+ Tr

�
Cx− + Cx̂− − 2

�
Cx−Cx̂−

�1∕2
�

Fig. 1   HVAE loss function visualization
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	�
◻	� 3 corresponds to features: surge, heave, and 

pitch,

	�
◻	� 28 × 28 represents the pixel features of 

MNIST images.

Algorithm 1   HVAE Training and Testing for minority data augmentation.

3 � MNIST case study

This section outlines the MNIST dataset, detailing its fea-
tures and the preprocessing procedures undertaken. It also 
describes the model implementation tailored to this dataset. 
Finally, the results obtained and the subsequent discussion 
are presented.

3.1 � Methodology and HVAE specification

The digits 0–4 were designated as the majority classes, with 
each class comprising 6000 samples, yielding 30,000 sam-
ples for the majority. The minority classes digits 5 through 
9, were downsampled to 300 samples (60 per class) and 
50 samples (10 per class), resulting in imbalance ratios of 

� = 100 and � = 600 , respectively, consistent with [20]. The 
downstream classifier consists of a fully connected neural 
network comprising two layers, analogous to the architecture 
utilized in [20].

For an entirely equitable comparison, the architecture 
of the VAEs utilized for pre-training and fine-tuning is 
identical to that of the MGVAE presented in [20], which 
employs a multilayer perceptron (MLP)-based architecture. 
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The fine-tuning procedure is conducted separately for each 
minority class, with digits explicitly 5–9. The proposed 
framework for MNIST data is depicted in Fig. 3.

Figure 3 illustrates the fine-tuning procedure for the digit 
5, which is categorized as a minority class. During the data 

generation phase, the mean value of �2 + e
log(�2

2
)

2  is calculated. 
The architecture of the pre-trained and fine-tuned MLP-
based VAE utilized in HVAE training is illustrated in Fig. 4.

The VAE illustrated in Fig. 4 employs Binary Cross-
Entropy (BCE) as the reconstruction loss function (Eq. 8), 
with the Adam optimizer configured at a learning rate of 
0.001. The pre-training batch size is 32 for 100 epochs. The 
specified batch sizes for fine-tuning each minority class are 
60 ( � = 100) for 10,000 epochs and 10 ( � = 600) for 10,000 
epochs.

3.2 � Results and discussion

This section initially evaluates the effectiveness of data 
augmentation using HVAE through visual and statistical 
metrics. Secondly, we utilize the HVAE data augmentation 

feature for a multiclass classification task employing the 
MNIST benchmark image dataset [43] as a downstream 
application.

3.2.1 � Qualitative and quantitative assessment

The qualitative results of the MNIST data augmentation are 
illustrated in Fig. 5.

Based on Fig.  5, HVAE generates meaningful and 
recognizable samples for different imbalance ratios. Both 
the reference majority sample and the minority sample are 
presented, as the generation process of HVAE is one-to-one. 
The upper row of each MNIST plate is the reference majority 
sample, while the lower row represents the generated 
minority. Figure 5 illustrates that the generated minority 
samples display stylistic similarities to the reference majority 
samples while possessing distinct semantic information. The 
writing style of MNIST numbers, characterized by tilt angle 
and thickness, exhibits consistency.

The statistical index, FID, derived from Eq. (9), along 
with MSE from Eq. (7), is provided for the generated and 

Fig. 2   HVAE training 
framework for minority data 
augmentation
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real digits of all minority data corresponding to the majority 
data (30,000 samples) in Table 1.

Based on Table  1, MSE has lower sensitivity when 
comparing real and generated image data. FID better 
reflects the quality of generated image data concerning the 
imbalance ratio.

3.2.2 � Downstream application study (behavioural 
assessment)

We utilize three evaluation metrics to assess the 
classification performance of all methods on a balanced 

test set, as outlined in [20]. Balanced Accuracy (B-ACC) 
[44, 45], Average Class Specific Accuracy (ACSA) [44, 
46], and Geometric Mean (GM) [47] are metrics used 
for evaluating classification performance. B-ACC is the 
standard accuracy metric for balanced datasets; however, 
ACSA and GM are class-agnostic metrics, making 
them more appropriate for evaluating performance in 
imbalanced data contexts. The metrics are calculated using 
previously unexamined real test data, with the average 
results from three separate classification trials shown in 
Table 2 and illustrated in Fig. 6. 

Fig. 3   The visualization of HVAE framework for MNIST data augmentation
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A concise overview of the baseline oversampling 
methods, utilized for comparison with the performance of 
HVAE in Table 2, is presented below: 

	 1.	 Empirical risk minimization (ERM) is the conventional 
training approach utilizing cross-entropy loss without 
balancing procedures.

	 2.	 Random over-sampling (RS) [48]: a method for balanc-
ing the sampling distribution through repeated random 
sampling of the minority class.

	 3.	 SMOTE [21]: balancing the sampling distribution 
through linear interpolating nearest neighbors within 
the minority class.

	 4.	 Re-weighting (RW) [44]: adjusting the objective 
function based on the size of class samples.

	 5.	 Class-balanced re-weighting (CBRW) [49]: is a 
modified version of re-weighting (RW), which 
introduces the effective sample number Ek =

1−�Nk

1−�
 for 

each class, with � set to 0.9999.
	 6.	 FOCAL [50]: seeks to balance the sample-wise 

classification loss during model training by reducing 
the weight of well-classified samples.

	 7.	 LDAM [51]: a margin loss aware of label distribution, 
promoting larger margins for few-shot classes.

	 8.	 OCVAE [22]: This method includes over-sampling the 
minority class using a Conditional VAE, which is a 
generative model that augments the dataset conditioned 
on class labels.

	 9.	 OCGAN or OCDCGAN [22]: This method includes 
oversampling the minority class using a Conditional 

Fig. 4   The architecture of the MLP-based VAE employed in HVAE training

Fig. 5   Visualization of MNIST data generation by HVAE; a � = 100; 
b � = 600

Table 1   Quality quantification of minority MNIST data generation 
using HVAE

Imbalance ratio MSE FID

� = 100 0.0794 0.1292
� = 600 0.0852 0.1506
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GAN, which is a generative model that augments the 
dataset based on class labels.

	10.	 MGVAE [20]: The Majority-Guided VAE presents an 
objective function with Elastic Weight Consolidation 
(EWC) regularization that facilitates the augmentation 
of minority data through the utilization of a majority-
based prior.

Table 2 indicates that our methodology outperforms the 
previously mentioned techniques, yielding superior results 
across all comparisons. OCGAN’s results were excluded 
due to its ineffectiveness in training on small-scale data. In 
instances of significant imbalance ( � = 600 ), the GM term 
exhibits a percentage improvement of 10.2% compared to 
MGVAE. This improvement demonstrates that HVAE exhib-
its significantly greater effectiveness in scenarios of extreme 
imbalance.

The monitoring indicators for HVAE fine-tuning, calcu-
lated using Eqs. (6), (8), and (9), are presented in Fig. 7 (for 
� = 100 ) throughout the training process. The reconstruction 
and FID losses approach zero, as shown in Figs. 7a and b. The 
optimized HVAE improves the structure of minority data by 
iteratively refining information during each epoch, resulting 
in decreased losses. Figure 7c illustrates the convergence of 
the KL loss to a minimal, non-negative value, signifying the 
effective learning of the latent variable z2 (Eq. 5). Establish-
ing z2 during fine-tuning serves as a regularizer to mitigate 
overfitting in the decoder of the fine-tuned HVAE, facilitat-
ing the generation of diverse samples of minority data despite 
the constraints posed by the limited examples utilized in the 
fine-tuning process. Diversity is illustrated in Fig. 5 and in the 
findings shown in Table 2.

Table 2   Comparison of 
classification performance on 
MNIST: results of a classifier 
trained on balanced data 
augmented using the HVAE vs. 
conventional data augmentation 
techniques (two imbalance 
ratios)

Bold values denote the best-performing results, which are achieved by HVAE

IR � = 100 � = 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 87.0 ± 0.2 86.5 ± 0.2 85.6 ± 0.2 71.9 ± 0.3 71.0 ± 0.4 63.6 ± 1.0

Fig. 6   Confusion matrix: multiclass MNIST classification with balanced data using the HVAE for data augmentation; a IR = 100, b IR = 600



	 Engineering with Computers

4 � FOWT case study

This section outlines the characteristics and specifications 
of the numerical model for the DeepCwind OC4 platform, 
as shown in Fig. 8. It details the necessary preliminary steps 
for data preparation and the implementation of the HVAE 
model. The findings are then presented, followed by an 
in-depth discussion.

4.1 � Methodology and HVAE specification

The motions of the semi-submersible floating system, as 
illustrated in Fig. 8, are regarded as variables for assessing 
the health status of the mooring system. The turbine’s floater 
dynamic response u is derived from the functional outlined 
in Eq. (10):

where in Eq.  (10), P is the structural integrity of the 
platform’s mooring lines, including structural properties, 
characteristics, and behavior; r represents the environmental 
and operational conditions affecting the floater’s behavior. F 

(10)u = F(P, r)

is a simulation functional that could simulate the behavior 
of the floater based on the OpenFast tool.

The platform has six degrees of freedom (DOFs) catego-
rized as surge, sway, and heave for translational motions 
and roll, pitch, and yaw for rotational motions, as illustrated 
in Fig. 8. This investigation examines the surge, heave, and 
pitch degrees of freedom (DOFs) as they are excited DOFs 
for three reasons:

•	 Waves, current, and wind are aligned in the x-direction.
•	 The waves are characterized as cylindrical, meaning they 

possess an infinite wavefront.
•	 The mooring/substructure/turbine system exhibits 

symmetry concerning the x-axis.

The time-series responses as the training, validating, and 
testing data are obtained under different randomly sampled 
combinations of the environmental and operational condi-
tions, including wave-significant height ( Hs ) ranging from 
1 to 7 m, peak period ( Tp ) between 8 and 15 s, wind speed 
(V) from 1 to 10 m/s, and current (C) from 0.5 to 1.5 m/s, 
which altogether account for the variability of the excitation. 
The simulation generates a response time history of over 
1800s, utilizing a constant sampling frequency of 40 Hz. 

Fig. 7   Fine-tuning monitoring plots for MNIST data using the HVAE (IR = 100)
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The sampled response is downsampled to 5 Hz to create a 
realistic scenario, with the initial 300 s excluded to mitigate 
turbulence effects.

This study considers two types of damaged mooring 
lines as in [52]: biofouling and anchorage. Biofouling is the 
growth of mussels, algae, and other marine organisms on the 
mooring systems, and it has been modeled as an increase of 
mooring lines’ mass per unit length and diameter. Anchorage 
status refers to the movement or shift of a line’s anchor in 
any direction, assuming a flat seabed. The mooring lines’ 
properties and coordinates for healthy status are presented 
in Table 3.

Hence, each data sample consists of a 1500-second time 
series of a floater’s response, comprising 7500 time steps (5 
Hz) and three features: surge, heave, and pitch degrees of 

freedom for each sea state. The VAE input layer processes 
100 time steps, established through trial and error, result-
ing in an input shape of (batch size, 100, 3, 1) , as detailed in 
Sect. 2.2, with parameters utilized in Algorithm 1. Tabular 
data is input into a two-dimensional convolutional neural 
network (2DCNN) utilizing a single channel. All data frames 
undergo shuffling before the training process. No normaliza-
tion is applied during pre-training and fine-tuning to main-
tain real-scale outputs and improve latent space adaptation 
to input data.

The dataset consists of healthy samples (majority data) 
under 625 environmental and sea conditions ( N+ = 625) 
and differing amounts of damaged samples (minority data) 
( N− = 3, 6, 12 ), which correspond to 0.5%, 1%, and 2% of 
the healthy state data. To model biofouling damage, the 

Fig. 8   Schematic illustration (a) and geometric dimensions (b) of the OC4-DeepCWind semisubmersible model  [38]

Table 3   Properties and 
coordinates of mooring lines; a 
baseline (healthy) status

Properties of mooring lines Coordinates of mooring lines

Property Value Unit Point X (m) Y (m) Z (m)

Number of lines 3 – Line 1 Anchor 418.80 725.38 −200.00
Segments per line 20 – Line 1 Fairlead 20.43 35.39 −14.00
Line diameter 7.66 × 10−2 m Line 2 Anchor −837.60 0.00 −200.00
Mass/length 1.13 × 102 kg/m Line 2 Fairlead −40.87 0.00 −14.00
Axial stiffness (EA) 7.54 × 108 N Line 3 Anchor 418.80 −725.38 −200.00
Unstretched length 8.35 × 102 m Line 3 Fairlead 20.43 −35.39 −14.00
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MoorDyn module’s mass per unit length for all three moor-
ing lines is increased by 3% and 5%. Anchorage damage 
refers to the movement or shift of a line’s anchor in any 
direction by ±3 m, assuming a flat seabed.

In the pre-training phase, 80% of the healthy state 
data ( N+ ) is allocated for training and validation, with 
80% designated for training and 20% for validation. The 
remaining 20% is set aside for testing. The architecture 
utilized for HVAE training features a pre-trained and fine-
tuned CNN-based VAE, as illustrated in Fig. 9.

Figure 10 depicts the fine-tuning process for a damage 
scenario within the mooring system of the OC4 platform, 
classified as a minority class. During the data generation 

phase, the mean value of �2 + e
log(�2

2
)

2  is calculated.
The parameters for the two-dimensional convolutional 

neural network (2DCNN) utilized in the model in Fig. 9, 
are outlined as follows: - Convolution window/kernel 
dimensions: 2 × 2 - Convolution stride: 1 × 1 - Padding: 
same. The convolution stride size for 2DCNN in the second 
layer of the encoder and the 2DCNNTranspose in the layer 
preceding the output layer of the decoder is 2 × 1 . The 

reconstruction loss function used is Mean Squared Error 
(MSE) (Eq. 8), 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 for fine-tuning is determined 
based on the size of the minority data. For example, when 
N− = 6 , the total number of time steps is 6 × 7500 , resulting 
in a batch size of (6 × 75, 100, 3, 1) for 1000 epochs.

The inherent three-dimensional structure of the data 
makes it suitable for processing with a 2DCNN. After 
evaluating MLP-based and 1DCNN-based architectures, 
the 2DCNN demonstrated superior performance. The abil-
ity to capture spatial patterns across both time and feature 
dimensions enhanced learning outcomes and improved the 
accuracy of results. By examining various configurations 
for this dataset, it was established that employing 100 time 
steps per frame alongside a 2 × 2 kernel size produced the 
most favorable outcomes.

The selection of the kernel size involved the evaluation 
of several alternatives, specifically 3 × 3, 2 × 1, and 3 × 1, 
given that the second dimension in each frame is 3. After 
extensive experimentation, it was concluded that the 2 × 2 
kernel size produced the best metrics, such as the Fréchet 

Fig. 9   The architecture of the CNN-based VAE employed in HVAE training
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Inception Distance (FID) and reconstruction error, particu-
larly when generating damage-associated time series under 
unforeseen operational conditions.

Furthermore, the analysis of metric values indicated that 
utilizing four convolutional layers resulted in better results 
than alternative configurations. Regarding the activation 

function, we noted that the ReLU activation function was 
more effective relative to LeakyReLU inside our particular 
CNN design. Depending on the data type and model archi-
tecture, LeakyReLU may produce better results in some 
contexts.

All deep learning models were trained using Apple M1 
Pro with 10 CPU cores. The memory capacity is 16 GB. The 
models are formed on the platform of TensorFlow version 

Fig. 10   The visualization of HVAE framework for FOWT mooring system data augmentation

Table 4   Performance of HVAE for three minority data sizes (biofoul-
ing 3%): mean and MAD of reconstruction error across six samples

aMean absolute deviation

Minority data size Unseen response 
(different seed)

All 625 
responses

Fine-tuning
time (s)

Mean MADa Mean MAD

N− = 3 (0.5%) 0.0065 0.00192 0.0097 0.0130 168
N− = 6 (1%) 0.0048 0.0002 0.0010 0.0001 287
N− = 12 (2%) 0.0046 0.0001 0.0008 0.0001 531

Table 5   Results of generating unseen responses using HVAE for bio-
fouling (3% and 5%) and anchorage

Damage status Same seed Different seed Fine-tuning
time (s)

MSE FID MSE FID

Biofouling 3% 0.0010 0.0005 0.0044 0.0013 287
Biofouling 5% 0.0014 0.0006 0.0050 0.0020 289
Anchorage 0.0032 0.0019 0.0054 0.0025 286
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2.11.0 using Keras application programming interface (API) 
2.11.0. Furthermore, the OpenFAST simulations were con-
ducted on the DIPC cluster [53].

4.2 � Results and discussion

This section assesses the efficacy of data augmentation via 
HVAE utilizing visual and statistical metrics. Moreover, we 
develop a real-time monitoring model incorporating domain 
adaptation to accommodate the varied operational condi-
tions of floating offshore wind turbines’ mooring systems.

4.2.1 � Qualitative and quantitative assessment

This section evaluates the response of a FOWT platform 
under an unforeseen operational and environmental combi-
nation (V = 3.25, Hs = 4.0, Tp = 13.25, C = 0.5) to assess 
data generation performance both visually and statistically. 
Additionally, to examine the impact of the randomness of 
external excitation by altering the wave seed in the Hydro-
Dyn module in OpenFast, the response of the healthy state 
corresponding to the previously mentioned environmental 
combination across different seed values is input into a fine-
tuned HVAE to assess its accuracy in generating the corre-
sponding damage state response.

A sensitivity analysis was conducted to determine the 
optimal minority data size that yields more stable results. 
The mean absolute deviations (MADs) and the mean of 
six reconstruction errors, represented as a mean squared 
error (MSE), for minority data sizes N− = 3 , N− = 6 , and 
N− = 12 are computed for a biofouling severity of 3% and 
presented in Table 4.

Table 4 presents a thorough analysis to determine the 
optimal value of N− . The results indicate that the MAD and 
the mean values of reconstruction errors decrease as the N− 
value increases. A lower MAD indicates improved stabil-
ity of generation accuracy in response to operational and 
environmental variations, ultimately leading to enhanced 
generalization of HVAE. Considering the results, the appro-
priate mean and MAD values for generating an unseen 
response, as well as for the 625 damaged state responses and 
the fine-tuning duration, indicate that N− = 6 is a suitable 
choice. Although lower errors are achieved for N–=12, the 
bolded values reflect the optimal trade-off between accuracy 
and fine-tuning cost. Table 5 presents the results of varying 
biofouling severity and anchorage statuses, which are fine-
tuned by N− = 6.

According to Table 5, biofouling with 5% severity is also 
tested to evaluate HVAE performance in intense damage 
severities. It is rare for all three mooring lines to increase 
mass density by more than 5 kg/m. However, this study eval-
uates HVAE performance for generating damage data with 
this extensive damage severity. Despite severe damage, the 

HVAE can achieve acceptable accuracy employing six dam-
aged state responses like biofouling 3%. Additionally, HVAE 
fine-tuned by six damage-associated responses generates 
all 625 biofouling 5% state responses with total reconstruc-
tion error = 0.00162 and FID = 0.00073 differences from 
real ones. In the case of anchorage, the HVAE performs 
well for different seed-produced responses, employing six 
damaged state responses. Additionally, HVAE fine-tunes 
all 625 anchorage state responses with total reconstruction 
error = 0.00134 and FID = 0.00124. The generated and 
real responses for biofouling 5% and anchorage statuses are 
shown in Fig. 11 to demonstrate HVAE’s efficiency with 
only six damaged state responses.

4.2.2 � Downstream application study (behavioural 
assessment)

This section examines data-driven binary damage identi-
fication as a downstream application. We train the classi-
fier on a balanced dataset obtained by augmenting gener-
ated data across two distinct imbalance ratio scenarios. The 
classification efficacy of the developed model is assessed 
using real testing data, analogous to the approach employed 
in Sect. 3.2.2 with MNIST data. Randomization’s impact 
is evaluated by analyzing testing responses from diverse 
seed values. The proposed DGM, HVAE, can be a surro-
gate model utilizing Artificial Neural Networks (ANNs) to 
generate real-scale damage-related data. This application 
utilizes an ANN surrogate model alongside meta-heuristic 
algorithms to estimate relevant sea state parameters, analo-
gous to the approach used for damage severity estimation 
[15, 17, 18, 54].

The architecture of the classifier, which is a fully 
connected network, is: C1 = MLP [Input dim−256], C2 
= MLP [256−128], C3 = MLP [128−1]. The activation 
function for C1 and C2 is ReLU, while the final dense layer 
employs a sigmoid activation function. The binary Cross-
Entropy loss function is employed with Adam optimizer and 
learning rate of 1 × 10−3 . The output of the sigmoid function 
is defined here as a prediction score between 0 (healthy) and 
1 (damaged).

The classification model uses healthy and biofoul-
ing/anchorage-damaged statuses from 625 environmen-
tal and operational conditions. Eighty percent of the 
responses are training and validation, while the remain-
ing twenty percent are testing. For biofouling, the input 
dimension is set as (batch size, frame size × num features)

= (batch size, 250 × 3) . The model is trained over 20 
epochs with a batch size of 150. For anchorage, a frame 
size of 1250 and a batch size of 200 are used, and the clas-
sifier is trained for 25 epochs. Each feature is normalized 
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to a bounded range to enhance classification performance. 
Robust Scaling proves effective in this classification task, 
particularly in the presence of outliers. This method sub-
tracts the median value from the feature data and divides 
the result by the data’s interquartile range (IQR).

Thirty-one responses, each corresponding to distinct sea 
states with varying seed values, are randomly selected as 
the testing dataset. To accurately comprehend the clas-
sification results, the values of sea states that correspond 
to damage-associated responses, totaling 22, and the sea 
state values corresponding to N− = 6 responses utilized 
for HVAE fine-tuning are presented in Tables 6 and 7, 
respectively.

Figure 12 illustrates the prediction scores for the binary 
classification of healthy (0) and damaged (1) responses in 
a scenario of biofouling. The classifier was trained on three 
datasets with differing ratios of real and synthetic data: 

1.	 1% Real Data + 99% Generated Data: The dataset com-
prises 1% real damaged data and 99% generated dam-
aged data using HVAE (fine-tuned on 1% real damaged 
data).

2.	 10% Real Data + 90% Generated Data: The dataset com-
prises 10% real damaged data and 90% generated dam-
aged data using HVAE fine-tuned on 10% real data.

3.	 100% Real, Balanced Data: This dataset includes only 
real damaged data and is balanced to assess classifier 
performance under ideal conditions.

The results are based on damaged test datasets corresponding 
to sea states of Table 6. An increase in real samples improves 
the classification model’s generalization ability, leading to 
a consistent enhancement in prediction scores compared to 
the 1% real data instance.

Figure 13 presents the prediction scores for anchorage. 
In this case, randomization significantly influences the 
effectiveness of the classification algorithm, even when 
employing solely real data. When utilizing 1% of real data, 
the resulting prediction scores are generally inferior to those 
obtained from larger proportions of real data. An analysis 
of the sea states in the fine-tuning dataset (1% real data, 
Table 7) compared to those in the testing dataset (Table 6) 
indicates that the classifier exhibits reduced accuracy for sea 
states 8 to 10, as well as 14 and 15, as shown in Fig. 13. Sea 
states 10, 14, and 15 demonstrate more significant variability 
in wind velocity (V). The difference between these states 
and those employed for fine-tuning is more significant. 
Consequently, fine-tuning the HVAE with merely 1% of 
the actual damaged data causes its performance to be more 
vulnerable to variability than fine-tuning with a larger, more 
representative dataset.

The comparison of biofouling (Fig.  12) with the 
anchorage damage scenario (Fig. 13) reveals that anchorage 
damage causes a more complex classification challenge, as 
substantial uncertainty reduces the classifier’s prediction 
scores, even when utilizing only real data.

Utilizing 10% real data enhances the generality of the 
HVAE in damaged data augmentation, particularly regarding 

Fig. 11   Generated (I) Biofouling (5%), (II) Anchorage response using HVAE model with different seed values; a Unseen damaged state data 
sample. b The first 1000 time steps of unseen damaged state data sample. c Power spectral density
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sea states 8 to 10, as well as 14 and 15. Increasing the per-
centage of real data used for training enhances the HVAE’s 
capacity to produce more precise and generalized damaged 
data, especially for sea states characterized by more significant 
fluctuation.

Furthermore, both biofouling and anchorage damage 
statuses indicate that more critical sea states are observed 
when environmental and operational conditions (sea states) 
feature more severe wave conditions ( Hs and Tp ) combined 
with high wind velocity (V) or high current velocity (C). Under 
such conditions, classification and data generation accuracy 
decrease, which is more pronounced when accounting for the 
inherent randomness in the wave.

Table 8 presents the binary classification metrics for two 
damage scenarios: Biofouling and Anchorage. The table 
evaluates the classifier’s efficacy across three training datasets: 
1% real, 10% real, and 100% real data. The evaluated measures 
are Accuracy (ACC), Precision (PREC), Recall, and Area 
Under the Curve (AUC).

The findings presented in Table 8 indicate that while the 
HVAE contributes to augmenting limited real-world data, the 
addition of more significant amounts of real data to the training 
set significantly enhances the classifier’s generalization ability, 
particularly in challenging scenarios such as Anchorage.

4.3 � Ablation study

This section conducts component analysis to examine the 
significance of each key component of the proposed method. 
Table 9 presents an investigation into the role of sampling z1 
rather than a standard normal distribution ( � ) in Eq. 5. The 
results indicate that substituting the prior with a standard 
normal distribution instead of a healthy data distribution, 
sampled by variable z1 , significantly reduces the data 
generation performance for damaged states. This observation 
confirms the efficacy of the healthy state data distribution as 
a surrogate and initial reference for exploring the space of 
HVAE trainable weights. Subsequently, the standard VAE is 
trained on six damaged state responses related to anchorage 
without utilizing a pre-trained model. An unseen damaged 
state response, generated with a different seed value, is input 
into this model for generation attempts. The findings are 
presented in the second row of Table 9. Although the damage 
response is input into the VAE, accurate reconstruction is 
not achieved. Consequently, the accuracy of the VAE is 
lower than that of the HVAE, which produces this response 
from a healthy state response. The generalization of VAE is 
significantly reduced. The results confirm the efficacy of the 
pretrain-finetune procedure, particularly in scenarios where 
the minority data size is limited.
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Table 7   Environmental and 
operational conditions of the 
damage-associated HVAE fine-
tuning dataset

Sea state Sea state combination number

1 2 3 4 5 6

V 7.75 7.75 5.5 5.5 1 1
Hs 5.5 7 2.5 1 2.5 4
Tp 15 8 13.25 13.25 11.5 15
C 1.5 1.5 0.5 1.5 1.25 1

Fig. 12   Biofouling; Prediction scores for binary classification of healthy (0) and damaged (1) responses, utilizing real and HVAE-generated data 
at different ratios

Fig. 13   Anchorage; Prediction scores for binary classification of healthy (0) and damaged (1) responses, utilizing real and HVAE-generated data 
at different ratios
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5 � Conclusion

This paper presents the hierarchical variational autoencoder 
(HVAE) utilizing the pretrain-finetune training methodol-
ogy to augment data in damaged scenarios for FOWTs. We 
have proposed an approach utilizing the HVAE concept and 
a diffusion process conditioned on a healthy state’s latent/
feature space. HVAE provides valuable data for developing 
predictive models that exhibit enhanced robustness to uncer-
tainties. The proposed data generation model is evaluated 
comprehensively on the MNIST benchmark image dataset 
and compared with conventional and recently developed 
oversampling methods. The training and evaluation data 
for FOWT were obtained from simulations of the Deep-
CWind floater, which were performed using the OpenFast 
open-source platform. The following conclusions can be 
summarized:

•	 HVAE exhibits enhanced diversity and richness when 
generating minority MNIST samples. Generated 
minority samples indicate similarities in MNIST number 
writing style, such as tilt angle and thickness, compared 
to reference majority samples, despite differing semantic 
information. Moreover, HVAE performs better than other 
oversampling techniques, particularly in scenarios of 
significant imbalance ( � = 600 ) within MNIST multi-
class classification. The geometric mean index reflects a 
notable improvement of 10.2% in this scenario.

•	 The minority data size presents a significant challenge for 
augmentation and oversampling methods. An experiment 
is conducted to ascertain the minimum applicable size of 
minority data by evaluating the performance of HVAE 
across various minority data sets, specifically N− = 3 , 
6, and 12 in the case of N+ = 625 sea states. The find-

ings indicate that HVAE can generate data under more 
sustainable conditions and with efficient fine-tuning time, 
utilizing a minimum of N− = 6 (1%) responses for vari-
ous damage statuses. In downstream experiments, it was 
observed that in challenging minority data scenarios, 
such as Anchorage, under severe randomness conditions, 
a minimum of 10% or more of actual damaged data is 
required.

•	 The binary classification task evaluates the downstream 
application for mooring systems in FOWT. Fine-
tuning and data augmentation using a limited dataset 
of damage-associated data (1%) reduce overfitting 
in classifiers within substantial imbalance and 
randomness. However, overfitting persists in sea 
states closely resembling those used for fine-tuning, 
highlighting the need for additional sea states to 
enhance the HVAE’s fine-tuning process. Furthermore, 
classification accuracy decreases in severe sea states, 
even with original damaged data, apparently due to 
pronounced nonlinear effects.

•	 The component analysis evaluates the effectiveness of 
the principal components of the HVAE technique. The 
findings demonstrate that training a VAE with limited 
or minority data, in the absence of pre-training, leads 
to overfitting and reduced generalization capabilities. 
To tackle this challenge, the latent or feature space of 
healthy state data serves as a robust baseline, and through 
innovative reparameterization, HVAE can generate and 
augment data more efficiently for each damaged status.

Limitation and future work Future research lines should 
focus on integrating physics-informed modeling and 
advanced regularization techniques to improve the HVAE’s 
generative capacity, mainly when using limited minority 
data and in severe sea states. This approach may enable the 
HVAE to more accurately represent the nonlinear dynam-
ics characteristic of these situations, thereby enhancing its 
efficacy for structural health monitoring in FOWTs. Future 
work will focus on extending the approach to further SHM-
specific applications, such as bridges or buildings, confirm-
ing its generalizability and utility across diverse domains.
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