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Abstract 

Hydrogen is already shaping the future of energy resources; therefore, its storage must adhere to the 
highest safety standards due to its nature as a highly explosive gas. Consequently, it is imperative to 
ensure accurate and reliable detection of damage in pressure vessels at an early stage. Despite the 
existence of various machine learning methods, particularly those based on deep learning, they often 
face challenges related to interpretability and overfitting. This paper introduces an explainable machine 
learning (ML) model capable of localizing structural damage on Composite Overwrapped Pressure 
Vessels (COPVs) using ultrasonic guided waves, that overcomes the introduced drawbacks. 
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Introduction 
The utilization of pressure vessels for storage, 
especially for hydrogen as an environmentally 
friendly energy source [1], is experiencing 
significant growth. Therefore, ensuring accurate 
and reliable detection of damage in pressure 
vessels at an early stage using ultrasonic 
guided waves (GW) is crucial. Unlike 
conventional ultrasonic waves, guided waves 
can achieve a greater inspection range by 
leveraging the structure of the vessels and 
exploiting the reflection and absorption behavior 
of the ultrasonic waves as they propagate over 
the structure (Fig. 1) [2]. Measurement using 
guided waves is conducted by sensors that act 
as transducers, emitting a pitch signal and 
capturing the catch signal (pitch-catch 
procedure) [3]. 

Various machine learning methods have been 
utilized to investigate guided waves. However, 
deep learning-based approaches often face 
challenges concerning interpretability and 
overfitting [4]. Qian et al. introduced a neural 
network based on Wav2Vec2.0 for defect 
localization in array ultrasonic testing and 
Structural Health Monitoring (SHM) [5]. 
Nevertheless, issues regarding the 
interpretability of neural networks persist. 

 

Fig. 1: comparing conventional ultrasound 
measurement procedure (top) and guided 
wave measurement (bottom) 

 
In this study, the authors introduce a machine 
learning algorithm developed using a Matlab-
based toolbox created at the Lab for 
Measurement Technology (LMT-Toolbox) [6]. 
This model involves benchmarking with several 
baseline subtraction calculation methods and 
subsequently applying available feature 
extraction methods. Then we used the 



	 22. GMA/ITG – Fachtagung Sensoren und Messsysteme 2024	 131

DOI 10.5162/sensoren2024/A5.4

triangulation method [7] to create targets for the 
classification. The performed classification 
predicts those targets, that are used to recover 
the damage location. Consequently, the authors 
achieved a model accuracy of nearly 96.5%. 

Experimental Setup 
To test and validate the developed ML 
algorithm, we utilized data acquired by the 
Federal Institute for Materials Research and 
Testing (BAM) in Berlin (Fig. 2). 

 

Fig. 2:  Measurement setup conducted on pressure 
vessel by BAM  

 

In the conducted experiment, a Composite 
Overwrapped Pressure Vessel (COPV) of type 
AH350-70-4 and manufactured by NPROXX, 
containing hydrogen, was equipped with a 
network of 15 sensors (Fig. 3), which served 
simultaneously as transducers and receivers. 
Ultrasonic guided waves [2] were emitted and 
recorded using the pitch-catch procedure [3] 
with a Verasonics Vantage 64 LF measurement 
system. As a result, eight experiments and 105 
sensor paths per experiment were recorded. 
This was conducted under a constant 
temperature of 20°C and a pitch frequency of 
130 kHz, as it is suitable for detecting damages 
down to 4.5 cm, which covers the size of the 
attached damages. 

Fig. 3: Arrangement of transducers on pressure 
vessel where no damage has been induced 
yet. This setup is utilized to record baseline 
data 

 

Initially, baseline data were recorded, followed 
by a set of reversible damages simulated by 
glued weights of 513g marked as a green dot 
and 330g marked as blue dot (Fig. 4, Table 1).  

 

Fig. 4: Scenario involving an undamaged pressure 
vessel and a scenario featuring a pressure 
vessel with artificially induced damage 

 
A combination of 8 experiments was then 
investigated, as shown in Table 1, which details 
the different damage locations and weights for 
all performed experiments. 

Table 1: various artificial damage experiments to 
investigate ultrasonic guided wave propagation 
in the pressure vessel 

Damage 
ID 

Damage Location Weight 

 
 
 
 
1 
 
 

 

 
 
 
513g 

 
 
 
 
2 
 

 

 
 
 
 
330g 

 
 
 
 
3 

 

 
 
 
513g 

 
 
 
 
4 

 

 
 
 
330g 

 
 
 
 
5 

 

 
 
 
513g 

Artificial Damage 

Sensors 
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6 

 

 
 
 
330 g 

 
 
 
 
7 

 

 
 
 
513 g 
+ 
330 g 

 
 
 
 
8 

 

 
 
513 g 
+ 
330 g 

 
 

Approach Description 
The developed ML algorithm is based on two 
key points. 
Firstly (Section A.), it involves extracting 
features that accurately describe the ultrasonic 
waves in the presence of damage. This process 
includes calculating element-wise signal 
subtraction, optionally applying a signal 
envelope, and then using conventional feature 
extractors to reduce dimensionality. 
Secondly (Section B.), it entails labeling the 
extracted features with targets that provide a 
more accurate description of the damage 
location based on ellipsoid triangulation. 
Training the ML algorithm with these targets 
aids in predicting the position of any existing 
damage. 
The entire pipeline of this ML approach is 
illustrated in Figure 5. 
 

A. Extracting the features 

To find a suitable model for damage detection 
on pressure vessels, the approach involves 
benchmarking different methods for calculating 
baseline subtraction (Table 2). Subsequently, 
various feature extraction methods (Table 3) 
are applied to the baseline subtraction. 
Baseline subtraction is a common procedure in 
the analysis of ultrasonic waves, enabling the 
identification of reflection and absorption 
caused by damages in the setup under analysis 
[8].  
 
 

 

 

 

Fig. 5. Schematic describing the signal methods flow, 
where always one method is picked for each step. 
As an example, a flow can as follows: Relative 
Difference → Upper envelope → ALA → 
Standardization → SVM Classifier 

 

Table 2 Various relative difference method used to 
calculate baseline subtraction has being 
proposed in the study [9]. Elementwise 
damaged signal is noted as 𝑑𝑑𝑑𝑑𝑑𝑑 while 𝑏𝑏𝑏𝑏𝑏𝑏 
represents the elementwise baseline signal 

Difference method Formula 
Simple Difference 𝑑𝑑(𝑡𝑡) − 𝑏𝑏(𝑡𝑡)
Relative Difference (𝑑𝑑(𝑡𝑡) − 𝑏𝑏(𝑡𝑡)) 𝑑𝑑(𝑡𝑡)⁄  
Reversed Relative 
Difference 

�𝑑𝑑(𝑡𝑡) − 𝑏𝑏(𝑡𝑡)� 𝑏𝑏(𝑡𝑡)⁄  

Arithmetic mean 
change 

(𝑑𝑑(𝑡𝑡) − 𝑏𝑏(𝑡𝑡)) ((𝑑𝑑(𝑡𝑡) + 𝑏𝑏(𝑡𝑡) 2⁄ )⁄ ) 

Geometric mean 
change 

(𝑑𝑑(𝑡𝑡) − 𝑏𝑏(𝑡𝑡)) �𝑑𝑑(𝑡𝑡) ∗ 𝑏𝑏(𝑡𝑡)⁄ ) 
Harmonic mean 
change 

�𝑑𝑑(𝑡𝑡) − 𝑏𝑏(𝑡𝑡)� ∗ �𝑑𝑑(𝑡𝑡) + 𝑏𝑏(𝑡𝑡)�
2𝑑𝑑(𝑡𝑡) ∗ 𝑏𝑏(𝑡𝑡)

 

Maximum mean 
change (

𝑑𝑑(𝑡𝑡)
𝑏𝑏(𝑡𝑡) − 1) max (1, 𝑑𝑑(𝑡𝑡)/𝑏𝑏(𝑡𝑡)� ) 

Minimum mean change 
(
𝑑𝑑(𝑡𝑡)
𝑏𝑏(𝑡𝑡) − 1) min (1, 𝑑𝑑(𝑡𝑡)/𝑏𝑏(𝑡𝑡)� ) 

Logarithmic (mean) 
change �𝑙𝑙𝑙𝑙(𝑑𝑑(𝑡𝑡)) −  𝑙𝑙𝑙𝑙(𝑏𝑏(𝑡𝑡))� 
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Table 3: Methods used to build the presented algorithm. 
Each pre-processing method is used 
separately with the rest of signal flow 

Methods [7] 
 Feature Extraction 
SM Statistical Moments 
ALA Adaptive Linear Approximation 
TFX Time Frequency Extractor 
BFC Best Fourier Coefficients 
 Classification 
LDAMahal Linear Discriminant Analysis 

transformation and classification based on 
Mahalanobis Distance 

SVM Support Vector Machines 

 
Typically, the baseline subtraction involves 
computing the simple difference between the 
baseline and the measured signal. In this study, 
the authors also explored relative difference 
methods, as listed in [9]. While the simple 
difference entails elementwise subtraction of 
time series, a relative difference considers the 
scale of the values being compared in an 
elementwise manner. It involves dividing the 
simple difference by a reference value. 
Previous studies have solely examined the 
simple difference [10]. This standardization 
approach helps avoiding unwanted effects 
when amplitudes are too large, enhancing the 
robustness of the process of subtracting the 
baseline from the damaged signal in terms of 
isolating reflections or absorption caused by a 
present damage. 
 
Some adaptations were made to these methods 
to address undefined states, such as division by 
zero. When the denominator is zero, it is set to 
one to obtain an equivalent value to the simple 
difference. Additionally, to prevent result 
distortion, any absolute value of the 
denominator that is less than one was set to 
one. This adjustment prevents large signal 
difference amplitudes resulting from division by 
very small numbers, ensuring that the results 
are not worse than those obtained with a simple 
difference. 

Subsequently, a further processing step 
involves calculating the upper envelope, as it 
provides a concise description of the isolated 
signal shape, simplifying the signal and aiding 
in accurate calculations, particularly in Time of 
Flight procedures for damage localization [11]. 
Following this, we explored various feature 
extraction methods (Fig. 5 and Table 3). The 
used parameters for segmenting the signals are 
listed in Table 4.  
 

 

Table 4: Feature extraction paramaters used for 
segmentation 

Feature 
Extraction 

Segmentation Paramters 

SM [10,15] 

ALA [40,70,100] 

TFX [(1,20),(1,60),(1,100)] 

BFC [40,70,100] 
 

Subsequently, standardization is performed as 
the further classification method (SVM) is 
sensitive to it. Then, applying principal 
component analysis (PCA) is tested [12], as it 
helps in class separation by changing the 
weighting of the scattering. The final step 
involves training the LDA-Mahal or SVM 
classifier (Table 3). Therefore, the approach 
investigates a total of 576 algorithms and 
compares their performance with each other. 

B. Targets preparation 

The training step is based on the ellipsoid 
method [7]. Each transducer/receiver pair is 
labeled based on its ellipsoidal distance from 
the damage. The label is calculated as the ratio 
β of the direct path (c) to the indirect path (a+b). 
The direct path represents the shortest distance 
between a transducer and a receiver, while the 
indirect path corresponds to the ultrasonic wave 
reflected by the damage (see Fig. 6). Once the 
classifier retrieves the ratio, the damage can be 
localized as the intersection of multiple 
ellipsoids. 
 
 
 
 
Fig. 6. The ellipsoid distance is described by the ratio of 

the direct path distance (c) to the sum of the 
indirect path distances (a+b).The blue dot shows 
the damage position 

 

Essentially, a β-ratio between 1 and 0.90 
indicates damage positions relevant to 
transducer-receiver pairs as used by the RAPID 
algorithm introduced in [13]. Therefore, we 
utilized the ratio interval from 1 to 0.90 to include 
only neighboring sensor pairs in proximity to the 
damage. 
To construct classes suitable for training 
classification, we divided the interval [1, 0.90] 
into 10 classes. The class closer to 1 
intentionally spans a smaller range (from 1 down 
to 0.995) to accurately represent damages lying 
in the direct path between the transducer and 
receiver pair. On the other hand, sensor pairs 
are labeled with a value of zero and are not 
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considered when their β-ratio to the damage is 
less than 0.9 (Table 5). 

Table 5 quantization used for labeling sensor paths 
based on ratio of direct path to indirect path 
between transducers and receivers 

Ellipsoid ratio 
intervals 

Quantization 
value / Labeling 

Percentage 
of 

observations 
per class 

     (0.995 , 1] 10        2.38 
     (0.98   , 0. 995] 9        2.50 
     (0.97   , 0.98] 8        1.79 
     (0.96   , 0.97] 7        0.48 
     (0.95   , 0.96] 6        0.48 
     (0.94   , 0.95] 5        0.00 
     (0.93   , 0.94] 4        0.47 
     (0.92   , 0.93] 3        0.36 
     (0.91   , 0.92] 2        0.00 
     (0.90   , 0.91] 1        0.71 
     [0       , 0.90] 0      90.83 

Model Validation 
The ML model validation was conducted using 
Leave-One-Group-Out Cross-Validation 
(LOGOCV), where each left-out group 
represents sensor pair signal data from all eight 
experiments. This involves splitting the dataset 
into 105 groups. While 104 groups are used for 
training the model, the remaining one group is 
left out for testing and validation. Each group 
comprises a set of 8 pitch-catch signal collected 
during the eight experiments (Table 1). This 
procedure enables testing the model's 
robustness against changes in sensor position, 
focusing on features that describe the presence 
of damage rather than features that describe 
sensor positions. 

Best Model 
To identify a suitable model for damage 
detection, we compared the performance of 576 
algorithms, covering all possible combinations 
illustrated in Fig. 5. The best model achieved an 
accuracy of 96.55% (Table 6). Notably, applying 
the following algorithm leads to the best result: 
raw signal → simple difference → signal 
envelope → ALA feature extractor with 70 
segments → standardization → SVM classifier  

Table 6: Listing of the top 15 algorithms with the 
highest accuracy based on the difference 
method. The classification method used 
consists of SVM, as LDA did not give 
significant results 

D
ifference 

m
ethod 

U
se of Signal 

envelope 

Feature 
extraction 
m

ethods 

Segm
entation 

w
idth 

U
se of PC

A 

A
ccuracy %

 

Simple Difference Yes ALA 70 No 96,55 
Simple Difference Yes ALA 100 No 95,71 

Simple Difference Yes ALA 40 Yes 95,48 
Simple Difference Yes ALA 40 Yes 95,12 

Simple Difference Yes ALA 70 Yes 95,00 

Simple Difference No ALA 100 No 94,52 
Geometric mean 
change 

No ALA 40 No 
92,02 

Geometric mean 
change 

No ALA 70 No 
92,02 

Geometric mean 
change 

No ALA 100 No 
91,90 

Geometric mean 
change 

Yes ALA 40 No 
91,55 

Arithmetic mean 
change 

Yes ALA 100 No 
91,55 

Geometric mean 
change 

No ALA 70 No 
91,55 

Geometric mean 
change 

No ALA 40 Yes 
91,55 

Geometric mean 
change 

No ALA 70 Yes 
91,43 

Arithmetic mean 
change 

No ALA 40 Yes 
91,31 

Result Visualization 
As explained in the Model Design chapter, the 
classifier predicts the quantized β-ratios as 
listed in Table 5. Therefore, visualizing the 
predicted damage involves mapping the labels 
back to their β-ratios in reverse. This process is 
performed as shown in Table 7. 

Table 7: Mapping used to transform Model labels to the 
corresponding β-ratios 

Predicted Labels Recovered Ellipsoid Ratio 
10           0.999 
9           0.99 
8           0.98 
7           0.97 
6           0.95 
5           0.94 
4           0.93 
3           0.92 
2           0.91 
1           0.90 
0           no ellipsoid 

 
Following that, the predicted damage location is 
determined by the intersection of the ellipsoids 
plotted using their β-ratios. The centroid of the 
intersection area with the highest amplitude is 
then marked with a pink dot, labeling the 
recovered damage localization (see Fig. 7, Fig. 
8, Fig. 9 showing the best model selection). In 
the other hand the green plus symbol 
represents the position of the actual glued 
damage. The deviation between the real 
damage position and predicted average 
damage position was less than 23 mm for the 
best model selection. Furthermore, detecting 
multiple damages is also possible, as shown in 
Fig. 10. 
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Fig. 7:  Visualization of the damage predicted for 

experiment 1. Distance is the deviation of 
detection from real damage position 

 
 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 8:  Visualization of the damage predicted for 
 experiment 4 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 9: Visualization of a damage located in the lower 
vessel region – Experiment 8 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

Fig. 10: Visualization of two damages located in the upper 
and lower vessel regions – Experiment 6 
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Conclusion 
The authors presented an ML algorithm that 
embodies the advantages of explainable 
machine learning [14], crucial for applications 
where traceability is essential. Therefore, weak 
points of the method can be easily spotted and 
resolved, starting by investigating the extracted 
features and finishing with the classification 
method used to determine its suitability for our 
case. 
 
The developed method combination underwent 
testing of various baseline subtraction methods 
and subsequent application of feature 
extraction techniques. This was followed by a 
classification process to localize damages using 
the pre-trained model, resulting in an accuracy 
of nearly 96.5%. This result could suffer from 
overfitting, so it needs to be validated under 
different vessels and/or with different sensor 
numbers and sensor positions. 
 
However, there are areas for further 
investigation. The quantization used to label the 
sensor pairs requires further exploration. 
Additionally, the range of sensor pairs involved 
in damage detection needs to be explored, as 
pairs with a β-ratio less than 0.90 were not 
considered. The best way to investigate this 
consists of using regression instead of 
classification. 
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