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Abstract. A good understanding of the structural stability of hydrogen composite
overwrapped pressure vessels (COPV) is important for the cost-effective design and
safe operation of hydrogen storage systems. Acoustic emission (AE) monitoring is a
non-destructive method sensitive to microstructural damages such as e.g. fiber
breakage, and matrix cracking in COPVs. This study proposes a novel approach for
damage monitoring by integrating acoustic emission techniques with machine
learning (ML) algorithms to classify and predict damage types in COPVs. However,
training accurate classification models requires extensive labeled datasets, which are
very challenging to generate due to the nature of AE signal data and the lack of in-
situ observations of microscopic failures in COPVs.

Our research overcomes this limitation by automating the labeling process of AE
signal data for different COPVs using unsupervised ML methods. The most
representative features were extracted and then selected from recorded AE signals.
Different unsupervised clustering algorithms were utilized based on various extracted
feature combinations. The most stable clustering result was achieved and later used
as appropriate labels for training classification algorithms. A deep neural network-
based deep learning (DL) architecture was used to train discriminative models on AE
data, identify patterns, and classify damage types into different classes with improved
accuracy and speed for each COPV.

Results demonstrate the potential of the proposed combined deep learning
approach to train predictive models in identifying failure patterns. The trained models
based on individual COPVs show high training, validation, and test accuracy for
unseen datasets and offer enhanced predictive capabilities by following advanced DL
techniques compared to traditional monitoring methods. The proposed method
highlights its potential to improve the efficiency and safety of hydrogen storage
systems.
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Introduction

Composite Overwrapped Pressure Vessels (COPVs) are typically constructed using

lightweight and high-strength carbon fibers to accommodate the high storage pressures of
transported gases [1]. Traditional energy sources are progressively being substituted with
new alternatives like hydrogen. With the ongoing energy transition and the transformation of
the energy sector, the demand for COPVs is expected to rise, leading to a significant increase
in their quantity [2]. Moreover, the design and production of COPV vessels are improved
over time using innovative advancements in filament winding technologies [3].
Recent studies have investigated the mechanical behaviour of COPVs by performing
different types of tests [4, 5]. Latest research [4, 5, 6, 7] demonstrates that COPV failure
occurs progressively rather than suddenly for instance by aging, primarily leading to various
failure modes, including matrix cracking, fiber/matrix interface debonding, and fiber
breakage. Hence, regular inspection of COPVs to monitor the progression of failure reasons
in their structure is essential to assess their safety [8, 9]. The acoustic emission (AE)
monitoring is a well established, non-destructive testing method, which has been used to
study the damage mechanisms in COPVs [9, 10].

Machine learning algorithms (ML) are a branch of artificial intelligence (Al) methods
focused on developing statistical models to identify patterns and make predictions based on
data, without explicit programming [11]. The combination of AE methods with ML
techniques has gained significant attention due to their combined ability to enhance damage
monitoring, detection, and localization in structural health monitoring systems. AE methods
capture elastic waves generated by damage events, while ML algorithms analyze and
interpret these complex datasets to identify patterns that traditional methods might overlook.
This combination improves the accuracy and efficiency of diagnostic processes, especially
in COPVs [12, 13].

The ML algorithms are classified into unsupervised and supervised methods. The
unsupervised algorithms identify latent patterns within high-dimensional datasets without the
need of labels for training data [14], while supervised methods use labeled training data to
construct a mathematical model that maps new, unseen data samples to the corresponding
outputs [15]. Shateri et al. [16] proposed AE events detection algorithms using the root mean
square (RMS) method together with fuzzy c-means clustering algorithm (FCM) to monitor
damage progression in test specimens. The cluster results discovered patterns in failure
progression, with specific cluster ratios serving as reliable predictors of stress levels
associated with fiber-reinforced polymer (FRP) rod failure under increasing load conditions.
The proposed method exhibits an error rate of 7.5%, and requires a comprehensive physical
validation to correlate the clusters with distinct damage types. Marec et al. [17] utilize the
FCM method combined with principal component analysis (PCA) to classify AE events and
correlate clusters with damage mechanisms. Time-scale descriptors derived from wavelet
transforms enhance the discrimination of mechanisms such as matrix cracking and fiber-
matrix debonding, offering improved damage characterization for various composite
materials. However, defining these descriptors requires significant effort and expertise. Sause
et al. [18] introduce a novel method to identify natural clusters in acoustic emission signals
using exhaustive screening of all feature combinations and k-means clustering. The proposed
method was validated on artificial datasets and applied to signals from carbon fiber-
reinforced test specimens. However, the computational cost of the clustering steps can
increase dramatically by including more features, and the generalizability of the proposed
method remains uncertain, as it has not been extensively tested under different material or
structural conditions. Kastle et al. [19] investigated the use of AE data to characterize damage
in COPVs following [18] to classify failure mechanisms into different classes such as matrix
cracking, delamination, and fiber breakage using the HK-means clustering method. The



results show that AE activity is significantly higher in cases of severe damage and is
concentrated around the damage zone. However, the proposed method faced the
complication of identifying the accurate failure mechanism from the clustered AE signals,
since in-situ observations were not available, and the signal features were strongly altered
during propagation dependent on distance, direction, and material damping.

The main objective of this research is to propose a highly accurate and fully
automated damage monitoring framework based on a deep neural network (DNN) algorithm
to classify and predict damage types in different COPV datasets by combining AE techniques
with ML algorithms. Several unsupervised clustering algorithms were examined to achieve
the best clustering performance using the Gaussian mixture model (GMM) method to classify
failure mechanisms into different classes. The results of the GMM clustering were utilized
as a self-labeling step to generate ground truth and automating the labeling process of AE
signal data for different COPVs. A Support Vector Machine (SVM) method was utilized as
a traditional ML multi-class classification method to train predictive models for each COPVs
dataset. Later, a DL-based framework was developed and examined for each COPVs to find
the best architecture and achieve the most accurate multi-class classification result.

1. Materials and Methods
1.1 Test setup and AE data acquisition

The number of nine COPVs with identical properties from two different
manufacturers were used for AE measurements under internal pressure loading under the
Delfin project [20]. Prior to AE measurements, the vessels were damaged with a blunt impact,
either in the dome or the cylindrical section, with impact energies ranging between 1-5 kJ
[19] (Figure 1). The severity of the damage was further influenced by the internal pressure
during impact. CT imaging showed that this led to matrix cracking and delamination of the
composite layer stacks. Initial fiber breaks are also very likely.
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Figure 1. Schematic overview of test setup. Each vessel undergoes three pressurization phases (1) gas
pressurization and impact damaging, (2) pressure ramp followed by a 10 min pressure plateau and (3) slow
burst test according to Mair et al. [21]. AE measurements are only taken during phase (2). In some cases, the
vessels are left unpressurized during impacting.



The AE data acquisition system uses up to 21 wideband sensors with the type of AE1045 and
manufactured by Fujicera, connected to Vallen AEP5 external preamplifiers. The amplified
signals are processed using a Vallen AMSY-6 measurement system equipped with ASIP-2
signal processing modules. The sensors were securely mounted with hot glue on the surface
of the vessels. 2 - 3 sensors were fixed in the dome section, while 15 sensors were positioned
along the cylindrical section. Signals stronger than the 40 dB threshold with 20 MHz
sampling rate and the total duration of 2048 samples (approximately 100 ps duration) were
captured. The recorded signals frequency range was from 75 kHz to 1250 kHz. The COPVs
are gradually pressurized to a specified test pressure, followed by a 10-minute pressure
plateau phase (Fig. 1). The duration of each AE experiment varied between 20 and 30
minutes, depending on the specified maximum test pressure.

1.2 Pre-processing and data labeling

The representative features were extracted from the recorded AE signals from the
first hits of all events. The frequency-based features proposed by [18] together with more
diverse representative features [22] were extracted. A total number of sixteen features were
extracted for further processing: Amplitude, Energy, Duration, Rise Time, Counts, Average
Frequency, Reverberation Frequency, Initiation Frequency, Peak Frequency, Frequency
Centroid, Weighted Peak Frequency, Spectral Bandwidth, and Partial Powers 1 —4 (75— 150
kHz, 150 — 300 kHz, 300 — 450 kHz, 450 — 600 kHz). The Spearman rank correlation
coefficient method [23] was utilized to evaluate the correlation between feature pairs and
select the correlated features based on specific correlation thresholds to include correlated
and diverse features together for further processing. Eight features were considered for the
further processing steps: Energy, Duration, Peak Frequency, Frequency Centroid, Weighted
Peak Frequency, Spectral Bandwidth, Partial Powers 1, and Partial Powers 4.

Table 1. The optimal feature combinations for the best clustering result of each dataset.

COPV | Dataset size Best feature combination

- 1979 | - (817,8) — Peak Freq, Partial Powers 4, Freq Centroid

— 1983 | - (3019,8) — Weighted Peak Freq, Peak Freq, Partial Powers 1

— 0038 | — (7609,8) | — Peak Freq, Duration, Energy

— 0005 | — (540,8) — Peak Freq, Duration, Energy

— 0007 | — (12596,8) | — Weighted Peak Freq, Peak Freq, Energy

— 0014 | — (4857,8) | — Spectral Bandwidth, Weighted Peak Freq, Freq Centroid

— 0020 | — (2721,8) | — Spectral Bandwidth, Peak Freq, Partial Powers 4, Freq Centroid

— 0029 | — (424,8) — Spectral Bandwidth, Weighted Peak Freq, Freq Centroid, Partial Powers 1
— 0059 | — (8483,8) | — Spectral Bandwidth, Peak Freq, Partial Powers 4, Freqg Centroid

The GMM is a probabilistic clustering algorithm that models data as a mixture of
multiple Gaussian distributions [24]. It uses the Expectation-Maximization (EM) algorithm
to iteratively estimate the parameters of the Gaussians and assign data points to clusters based
on maximum likelihood. In this study, the GMM clustering algorithm, together with the
cluster screening approach introduced by [18] was utilized to evaluate all 219 feature
combination groups, ranging from 3 to 8 features to determine the optimal number of clusters
within the range of 3 to 6. Later, the voting step proposed in [18] was used to evaluate the
clustering result based on calculated metrics and determine the best feature combination and
the number of clusters for each COPV (Table 1).
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Figure 2. Clustering result achieved by GMM clustering method with three clusters based on weighted peak
frequency and partial power 1 features.

The clustering analysis results, summarized in Table 1, identify the optimal feature
combinations for the best clustering result of each COPV. The results achieved by the cluster
screening approach indicate that the optimal feature combination varied for each COPV.
Nevertheless, the optimal number of clusters identified for all COPVs was consistently
determined to be three. Figure 2 illustrates clustering results based on two selected features,
highlighting three distinct clusters for four different COPVs. The three clusters could
represent different failure mechanisms, in accordance with previous studies that implemented
similar approaches [18, 25]. Based on the frequency content from low to high, matrix
cracking, interface failure and fiber breakages are likely attributions to the three clusters.
While this attribution remains uncertain, as discussed in [19], it is not important for the
methods discussed in the following. The clustering predictions obtained for each COPV,
consisting of the three classes, are therefore used as labels for training the predictive
supervised models.

1.3 Supervised model training

The Support Vector Machine (SVM) is a supervised ML method developed for
classification and regression tasks. It operates by identifying the optimal hyperplane that
maximally separates data points into distinct classes, ensuring the largest possible margin
between classes [26]. The SVM was used to train multiclass classification models for each
COPVs. After data pre-processing and labeling steps, the primary datasets for each COPV
were divided into training (80%) and test (20%). A part (20%) of the training set was used
for model validation in the training process to avoid overfitting and achieve higher
performance. The number of nine SVM models was trained based on the datasets for each
COPV. All SVM models were effectively trained, as represented by the resulting learning
curves in Figure 3.



The performance of each trained model was evaluated using common representative
evaluation metrics, including accuracy, precision, and recall. The accuracy represents the
proportion of correctly classified samples to the total number of samples in all classes. The
precision metric measures the proportion of correctly predicted positive instances for a class
out of all predictions made for that class. The recall is the proportion of correctly predicted
positive instances for a class out of all actual samples belonging to that class [27]. All metrics
were calculated for each class individually and later the overall values of each metric were
extracted. Table 2 shows the evaluation result of the predictions for trained SVM models for
each COPV.

As shown in Figure 3, certain SVM models demonstrated effective training and
achieved strong performance across evaluation metrics (Table 2), particularly for datasets
0007, 1983, and 0014. These models exhibited a steady improvement in both training and
validation accuracy, a minimal gap between training and validation scores, and well-
converging learning curves. Additionally, the low variance (small shaded area) indicates
stable and consistent performance. However, the learning curve for COPV 0029 presents
significant challenges in model performance, indicating that the trained SVM model
struggles with potential issues such as the complexity of data distributions or insufficient
training data. These factors contribute to a persistent gap between training and validation
scores, as well as high variance in the early stages of learning.

A Deep Neural Network (DNN) is a type of artificial neural network (ANN) with
multiple hidden layers between the input and output layers. It enables modeling of complex
patterns and high-dimensional data, by utilizing non-linear transformations and hierarchical
feature extraction [28].
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Figure 3. Learning curve of trained SVM models for sample datasets.




Table 2. The performance of the SVM Models evaluated by the different metrics for each

COPV as overall metric values.

COPV Accuracy Precision Recall
- 1979 0.7546 — 0.7463 - 0.5804
— 1983 0.8940 — 0.9296 - 0.8267
- 0038 0.8942 — 0.9638 — 0.4293
— 0005 0.7752 — 0.5866 — 0.4545
— 0007 0.8836 — 0.9196 — 0.8489
— 0014 0.8907 — 0.9160 — 0.8516
— 0020 0.8807 — 0.9068 - 0.8762
— 0029 0.7294 - 0.8037 — 0.6531
— 0059 0.9245 — 0.9393 — 0.9344

The DNN-based multiclass classification architecture was used to train improved
predictive models compared to traditional ML methods for each COPV. The DNN input layer
flattens the input data to a one-dimensional format suitable for dense layers. The architecture
is equipped with three fully connected dense blocks with progressively fewer neurons (64,
32, and 16). Each layer employs the ‘LeakyReLu’ activation function to capture and refine
features hierarchically. Regularization was implemented through batch normalization, which
normalizes the output of the layers and improves the stability of the training. Dropout layers
were used to prevent overfitting by randomly deactivating neurons during training. The final
layer is a dense output layer with a Softmax activation function, which ensures probability
distributions between three target classes. The models were trained with an ‘Adam’ optimizer
(learning rate = 0.001), using categorical cross-entropy as the loss function for multiclass
classification and accuracy as the evaluation metric. The maximum number of training
epochs was considered as 100 and, early stopping hyperparameters with the patient value of
10 were applied during the model training to avoid overfitting. This architecture strikes a
balance between complexity and efficiency, ensuring robust performance for multiclass
problems.
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Figure 4. The training/validation loss plots of trained DNN models for sample datasets.
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The sample models presented in Figure 4 were trained and converged according to
training and validation loss plots. This plot demonstrating effective learning with a
significant reduction in loss throughout the training process, as observed in datasets 0007,
1986, and 0014. Furthermore, the close alignment of training and validation losses suggests
minimal overfitting. The training progress for COPV 0029 starts with a very high initial
training and validation loss and drops steeply within the first few epochs. The steep decline
in the first few epochs suggests that the model is effectively learning from the data. However,
since the validation loss remains consistently higher than the training loss and fluctuates
towards the end, this suggests that the model may be slightly overfitting to the training data,
likely due to the limited size of the training dataset and the data hungry nature of deep
learning methods. Table 3 represents the performance results for each trained DNN model
achieved by different evaluation metrics. The reported result represents an improvement in
terms of the metric values for each COPV compared to the trained SVM models (Table 2).

Table 3. The performance of the DNN Models evaluated by the different metrics for each

COPV as overall metric values.

COPV Accuracy Precision Recall
- 1979 — 0.8818 — 0.8887 — 0.9110
— 1983 — 0.9517 — 0.9450 — 0.9560
— 0038 — 0.9695 — 0.9670 — 0.9150
— 0005 — 0.8930 — 0.9440 - 0.8102
— 0007 — 0.9541 — 0.9560 — 0.9421
- 0014 — 0.9470 - 0.9372 — 0.9236
— 0020 — 0.9269 - 0.9234 — 0.9241
— 0029 - 0.9241 — 0.9437 - 0.9173
— 0059 — 0.9510 — 0.9551 — 0.9514
2. Discussion

In this study, the GMM clustering algorithm was used to automatically generate
labels for the AE signal data corresponding to each COPV, serving as a self-labeling step.
Later, supervised ML- and DL-based methods were employed to train predictive models to
distinguish various types of failures in COPVs. Figure 5 represents the classification results
achieved by trained SVM and DNN models and evaluated on three COPV sample test sets.
Figure 5-left column represent the self-labeling result obtained by the GMM method. We
anticipate that each of those three classes represents different types of failure, including
matrix cracking, interface failure, and fiber breaks in each of the COPVs. However, in some
cases, the results of automatic labeling exhibit unclear boundaries between clusters and
misclassified data points into incorrect classes.

The middle column of the Figure 5 shows the classification results obtained from
trained SVM models and evaluated on the three COPVs test sets. The results indicate that the
boundaries of certain classes have shifted due to the misclassification of data points (middle
columns for COPV 0007 and 1983) in comparison with the labels classes. The evaluation
results of the SVM models reported in Table 2 represent low metric values for some COPVs
in terms of accuracy, precision, and recall. The high complexity of data distributions, the
inherent limitations of SVM in handling multiclass classification problems, and in some
cases, insufficient training data are effective as primary factors in reducing the performance
of trained SVM models.
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Figure 5. The visualization of the classification result obtained by SVM and DNN models based on weighted
peak frequency and partial power 1 features.

Therefore, we utilized the DNN-based method to improve the multiclass
classification results. Figure 5-right column demonstrate the classification results obtained
by trained DNN models. The DNN results demonstrate a classification pattern more aligned
with the initial self-labeling step, suggesting better adaptability to complex data distributions.
The significant improvement in the reported evaluation results of the DNN models in Table
3 justify the fact that DL-based methods outperform traditional ML models in terms of
evaluation metrics, improved class boundary definition, reduction in misclassified data pints,
better alignment with automatic labels, and handling the complexity of data distribution.

3. Conclusion

This research proposed a damage monitoring method by combining the AE and ML
techniques to identify the types of failure in COPVs. Developing accurate classification
models requires large, well-labeled datasets, which are difficult to generate due to the
inherent complexity of acoustic emission (AE) signal data. To address this limitation, a self-
labeling approach was employed using the GMM clustering algorithm to generate labels for
different COPVs automatically. The resulting labels categorize the data points into three
distinct classes, each being interpreted as a different failure mode in COPVs. Later,
supervised ML- and DL-based approaches were employed to train highly predictive
multiclass classification models, enabling the learning of complex data patterns and the
accurate differentiation of various failure types in COPVs. The experimental results
demonstrate that the proposed DNN method managed the complexity of the data distribution
more efficiently and achieved superior evaluation metrics by reducing misclassified data
points.



Future research can incorporate pseudo-labeling techniques to enhance the accuracy
of the automatic labeling phase. By leveraging semi-supervised learning approaches, pseudo-
labeling can help refine cluster boundaries, reduce mislabeling errors, and improve the
overall reliability of the generated labels, ultimately leading to more robust and accurate
classification models. Furthermore, the generalization capability of the trained models can
be enhanced by incorporating advanced deep learning techniques, such as ensemble deep
learning by combining multiple classifiers to reduce variance and bias and transfer learning
by knowledge extraction from pre-trained models, facilitating better feature representation
and adaptation to new datasets.
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