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 Abstract 

This article presents a comprehensive improvement in the experimental analysis  of cracking processes 

in smooth and sharp V-notched samples taken from gas transport pipelines, utilizing the acoustic emis-

sion (AE) method. The research aimed to establish a robust correlation between the failure mechanisms 

of uni-axially tensile samples and the distinct characteristics of AE signals for enhanced quality man-

agement in pipeline integrity. The study encompassed materials from two different straight pipe sec-

tions, encompassing both long-term used materials and new, unused materials. Through the applica-

tion of the k-means grouping method to AE signal analysis, we achieved the identification of AE signal 

parameters characteristic of various stages of the material destruction process. This advancement in-

troduces a significant improvement in monitoring and managing the operational safety of pipeline 

networks, offering a methodology that leverages advanced acoustic emission signal analysis. The out-

comes present significant implications for the pipeline industry by proposing methods to enhance 

safety systems and more effectively manage the integrity and quality of gas infrastructure. 
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1. Introduction  

As the demand for energy increases, the infrastructure for 

transporting fuels is expanding. The transmission systems 

used in most cases take the form of pipelines. Systems of this 

type are used, among others, for the transport of natural gas. 

Gas pipelines enable the transportation of fuels over long 

distances within a given country or as part of international op-

erations. These systems are generally considered to be one of 

the safest ways of transporting energy (Aljaroudi et al., 2015; 

Amyotte et al., 2016; Gumen et al., 2021, Kubicki, 2023). 

However, it is important to be aware that hazards such as ma-

terial loss, pitting and cracks may occur in tubular conveying 

systems. Failures caused by the indicated factors and resulting 

from loads and environmental conditions may result in per-

sonal injury or death, economic losses and environmental 

damage (Alzyod and Ficzere, 2023; Benhamena et al., 2023; 

Bokůvka et al., 2018). Therefore, in the field of research, in-

creasing attention is being paid to the inspection and monitor-

ing of pipelines in order to conduct real-state maintenance of 

infrastructure and manage structural integrity. 

In order to detect defects, it is important to constantly mon-

itor the condition of gas pipelines. Over the last several dec-

ades, various external and internal monitoring methods have 

been proposed to detect pipeline leaks. They are known, 

among others: negative pressure wave (NPW) methods (Li et 

al., 2019), accelerometer-based techniques (Sun et al., 2016), 

acoustic emission (AE) technology (Jin et al., 2014), time do-

main reflectometry (Cataldo et al., 2012), distributed temper-

ature sensing systems (F. Wang et al., 2017), ultrasonic tech-

nologies (Avelino et al., 2009), and magnetic flux leakage 

techniques (Feng et al., 2017). Among them, AE-based tech-

nologies have gained significant popularity due to their ability 

to quickly detect leaks, high sensitivity, real-time response, 

and ease of retrofitting (Hu et al., 2021; Liu et al., 2014). 
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A significant part of research related to the AE method uses 

primarily feature extraction and pattern recognition tech-

niques regarding damage to build leak detection models. 

Xiao's team (Xiao et al., 2019) used wavelet features and sup-

port vector approach (SVM) to classify leaky and leaky states. 

Wang's research (L. Wang et al., 2017) extracted frequency 

width features from a time-domain signal pipeline and used 

them to train a support vector data description (SVDD) model 

for leak detection. Zadkarami (Zadkarami et al., 2017) used 

multi-layer perceptron neural network (MLPNN) and Demp-

ster-Shafer classifier fusion technique to learn leakage pat-

terns represented by statistical and wavelet-based features. Li 

(Li et al., 2017) suggested a leak detection approach based on 

kernel principal component analysis (KPCA) and SVM. Sun's 

team (Sun et al., 2016) used the envelope spectral entropy fea-

tures obtained through local mean decomposition (LMD) of 

AE signals to train SVM and recognize leakage. Sun (Sun et 

al., 2016) further applied LMD and WT to extract RMS en-

tropy features, which were then used to build an SVM leak 

detection model. In a study by Cui (Cui et al., 2016), empirical 

mode decomposition (EMD) was used to process non-station-

ary signals from pipelines and detect leaks in gas pipelines. 

Xu's team (Xu et al., 2013) used packet wavelet transform 

(WT) and time-domain features, such as mean value, peak 

value, RMS value, standard deviation, peak frequency, wave-

form index, and amplitude, in combination to identify leaks. 

with Fuzzy SVM. 

The presented acoustic emission approaches are suitable for 

diagnosing leaks, but they pose problems in the assessment of 

real sections. The indicated supervised learning techniques re-

quire accurate data (signals) regarding pipeline failures. These 

approaches only detect advanced material destruction, which 

actually makes it impossible to take sufficiently early actions 

to limit media loss and prevent failure. According to the au-

thors, a much better solution in the field of gas pipeline diag-

nostics is the use of signal databases containing signal classes 

corresponding to the processes occurring in the material, from 

elastic work to destruction (Świt et al., 2023, 2022). This ac-

tion ensures the possibility of dynamic decision-making de-

pending on the actual condition of the pipeline. 

This article presents an experimental analysis of the crack-

ing process of smooth and notched samples taken from pipes 

used for gas transport pipelines. The aim of these studies was 

to determine the characteristic parameters of AE signals cor-

responding to various stages of failure of uniaxially stretched, 

smooth and  notched samples. The presented research is a 

stage in the development of a system for monitoring the metal 

condition of gas pipelines based on the analysis of acoustic 

emission signals. 

2. Materials and testing methods 

Samples for testing were taken from the pipes of the pipeline 

network for the transport of natural gas. For comparison, the 

material of two pipes was tested: S1 - pipe after long-term op-

eration (40 years); and S4 – new pipe, not in use. It should be 

emphasized that these pipes were manufactured at a distant 

time and possibly in different steelworks, therefore no com-

parison of strength characteristics in terms of the reduction in 

time strength was carried out. In the steel of both pipes, there 

is a ferrite-pearlite microstructure with a grain size of 7 - 12 

μm, however, for S4, thinner and more densely arranged plates 

were observed in the pearlite areas (Fig. 1a and 1b), which 

may be the result of faster cooling during the thermal treat-

ment of the pipe. Extruded particles of MnS inclusions and 

single large spherical particles, probably of oxides, were also 

observed (Fig. 1c, 1d). The chemical composition of the steel 

of the tested pipes is shown in Table 1. 

Table 1. Chemical composition of the steel of the tested   pipes (ac-

cording to the certificate) 

Material C  

[%] 

Si  

[%] 

S   

[%] 

P   

[%] 

Mn 

 [%] 

Al 

 [%] 

R35/G235/S

t37.0 - S1 
0.17 0.35 0.040 0.04 0.35 0.02 

L415NE - 

S4                
0.23 0.45 0.015 0.025 1.4 0.06 

   

Flat samples were made from straight pipe sections and then 

subjected to uniaxial loading. The tests were carried out ac-

cording to PN-EN and ASTM (ASTM E8 / E8M-16ae1, 2016; 

PN-EN ISO 6892-1:2020-05, 2019) standards. The tests were 

carried out at a temperature of +20±2°C on a UTS/Zwick 100 

testing machine, equipped with automated control and data re-

cording systems. The samples were loaded to failure. During 

the test, signals of the force F and the elongation of the meas-

uring part of the sample uext were recorded. An extensometer 

with a measurement base of 25 mm and a resolution of 0.001 

mm was used to record the elongation of the sample. 

Fig. 2 shows the nominal stress-strain diagrams ( – ). The 

values of basic strength and plasticity characteristics were de-

termined on smooth samples. The obtained data indicate that 

S4 steel has higher values of strength characteristics σYS i σUTS. 

Also, the plasticity characteristics A5 and Z are higher for ma-

terial S4 (Table 2). 

Table 2. Strength and plasticity characteristics of the tested steels  

 
σYS_L/σYS_H 

[MPa] 

σUTS 

[MPa] 

E 

[GPa] 

A  

[%] 

Z 

[%] 

S1 384/395 521 199 27 63 

S4 413/420 585 205 38 76 

 

Uniaxial tensile tests were also performed on sharply 

notched specimens. The introduction of a V-notch causes 

changes in the mechanical fields in the cross-section and leads 

to shear failure of the samples. A detailed analysis of mechan-

ical fields in smooth and notched samples was presented in 

a previous work (Świt et al., 2023). The aim of these tests was 

to force the sample to fail according to the dominant shear 

mechanism and to record AE signals during loading and com-

pare them with AE signals obtained on smooth samples (Fig. 

3). Due to differences in the duration of tests of different sam-

ples, the results regarding the analysis of AE signals were pre-

sented in the normalized tn = t/tmax. This format of presenting 

the results made it possible to compare the characteristics of 

AE signals on smooth and notched samples for the appropriate 

sections of sample deformation. 
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a) 

 
 

b) 

 
c) 

 
d) 

 

Fig. 1. Ferritic-perlitic microstructure of analysed steels: (a) – S1; 

(b) – S4, (x2000) and particles of non-metallic inclusions (c i d) 
 

 

The recording and analysis of AE signals were performed 

using piezoelectric sensors and the Express-8 system (Mistras, 

Physical Acoustics). Sensors were used to record data in two 

measurement ranges: 

 1-20 kHz (VS12-E); 

 30-120 kHz (VS75-SIC-40dB) 

The AE signals recorded during the tests were segregated 

and divided into 5 classes. For this purpose, the method pre-

sented in the works (Świt et al., 2023) was used. 

 

 
 

Fig. 3. Appearance of the tested specimen 

3. Results and discussion  

3.1. SEM testing of microstructure destruction   

Metallographic tests were carried out on samples subjected 

to uniaxial stretching, the aim of which was to determine the 

characteristic mechanisms of destruction occurring in the mi-

crostructure at various stages of loading. The tests were per-

formed on sections of smooth and V-notched samples taken 

 
Fig. 2. The dependences of –  in nominal valuesfor smooth 

specimens made of S1 (black) and S4 (blue) pipes 
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from pipes S1 and S4. This article presents the results for an 

S4 steel pipe. The results for S1 are similar and were partially 

presented in a previous publication (Świt et al., 2022). 

During the strengthening of the material in the range of uni-

form deformation, up to the achievement of Fmax, we do not 

observe any clear symptoms of destruction of the material's 

microstructure. Only a slight deformation of the ferrite grains, 

cracking of the extracted MnS particles and their decohesion 

(detachment) from the matrix can be observed (Fig. 4a, 4b). 

a) 

 
 

b) 

 
 

Fig. 4. Microstructure of samples in the range of uniform defor-

mation just before neck formation: a) smooth, b) V-notched 

In terms of neck formation, deformation of ferrite grains as 

well as cracking and decohesion from the matrix of inclusion 

particles were clearly observed in the material microstructure. 

In the neck material of smooth samples, these processes are 

more developed (advanced) (Fig. 5a, 5b). 

Immediately before the destruction of the smooth sample 

material, we observe a large deformation of the ferrite grains 

(over 200%) and a developed destruction of the material be-

tween the ferrite and pearlite grains both in the direction par-

allel to the load and in the transverse direction (Fig. 6a). In the 

notched sample, the symptoms of material destruction are less 

visible, while the deformation of the ferrite grains is directed 

at an angle of ~30° (Fig. 6b). 

a) 

 
b) 

 

Fig. 5. Microstructure of samples in the range of neck formation: 

a) smooth, b) V-notched 

a) 

 
b) 

 
Fig. 6. Microstructure of samples immediately before destruction: 

a) smooth, b) V-notched 
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The development of plastic deformation at an angle is 

caused by a high level of shear stress in samples with sharp 

notches, which was analyzed in detail in a previous article 

(Świt et al., 2022), and leads to the failure of the sample ac-

cording to the shear mechanism across the entire cross-section 

of the sample (Fig. 7b). Then, in the central part of the fracture 

of the smooth sample, there is an area where cracking devel-

oped due to the impact of the stress component normal to the 

cross-section, and only at the side surfaces - due to shear (Fig. 

7a). 

a) 

 
b) 

 

Fig. 7. The breakthroughs of the test specimens: a) smooth, b) V-

notched 

3.2. Acoustic Emissions (AE) signals analysis  

Microstructure tests showed various symptoms of material 

destruction when loading samples - plastic deformation of 

grains, cracking of non-metallic inclusion particles, decohe-

sion between particles and the matrix and between pearlite and 

ferrite phases, cracking of ferrite grains. These elementary acts 

of destruction emit AE signals with certain characteristic fea-

tures. In order to determine these features in the AE signals 

recorded at various stages of the material destruction process 

while stretching the samples, a detailed analysis was carried 

out. As a result of the research, it was found that they sensi-

tively respond to the type of destruction of quantities charac-

terizing the energy (e.g. Energy, Signal Strength) and fre-

quency (e.g. Average Frequency, Reverberation Frequency) 

of the signal and its shape (e.g. ASL, RMS). Due to the fact 

that the loading durability of the tested samples was different, 

the time was also given in normalized form: tnorm= t/tmax. 

Based on previous experience (Świt et al., 2022), the analy-

sis took into account AE signals recorded in various ranges of 

deformation of samples with amplitude levels > 40 dB and 

with high values of energy characteristics (Energy or Signal 

Strength). AE signals were grouped according to a non-hier-

archical approach (k-means algorithm) (Świt et al., 2023, 

2022). 

Against the background of stress-time graphs in normalized 

values, the courses of appropriate characteristics of AE signals 

for samples made of pipe material S1 and S4 are presented 

(Fig. 8-10). Fig. 8 shows changes in the Average Frequency 

value during loading samples. Despite large data scatters, it 

can be seen that the minimum values of the Average Fre-

quency occur when the samples are completely destroyed. For 

smooth and notched samples made of pipe S4, compared to 

S1, lower values were observed in terms of uniform elonga-

tion and higher values at the moment of failure.      

The ASL level reaches its highest values when the samples 

are destroyed. In S4 steel samples, the ASL level, initially 

lower than S1 in terms of uniform elongation, exceeds the val-

ues of S1 samples at the moment of complete failure (Fig. 9). 

 

a) 

 
b) 

 
Fig. 8. Distribution of the Average Frequency parameter over time: 

(a) for smooth samples S1 and S4; (b) for notched samples S1 and 

S4 (b) [S1 - empty symbols; S4 – filled symbols] 
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a) 

 
b) 

 

Fig. 9. Distribution of the ASL parameter over time: (a) for smooth 

samples S1 and S4; (b) for notched samples S1 and S4 [S1 - empty 

symbols; S4 – filled symbols] 

Figures 10 show the distributions of Signal Sterngth charac-

teristics during loading of smooth and notched samples. The 

figures show signals segregated into classes in accordance 

with the assumptions described in studies (Świt et al., 2022). 

AE signals with very high Signal Strength values (>4.3E07 

pv∙s) and a dark blue color (class 1) usually occur when the 

sample is completely destroyed. Occasionally, high levels of 

Signal Strength characteristics were also observed in other in-

tervals - during uniform sample deformation or just before 

neck formation (Fig. 10). Based on the observation of micro-

structure sections (Fig. 4), it can be concluded that in the sec-

tion of uniform deformation, these signals are most likely 

emitted as a result of the cracking of non-metallic inclusion 

particles. Therefore, class 1 signals occur during the cracking 

of microstructure components - non-metallic inclusion parti-

cles, pearlite plates and ferrite grains. These signals are char-

acterized by relatively low frequency values - Average Fre-

quency in the range of 15-35 kHz, and relatively high values 

of the ASL parameter - 70-85. It should be noted that the max-

imum Signal Strength values recorded at the moment of com-

plete destruction of samples from pipe S4 are higher compared 

to S1 

The next group of signals marked as class 3 (blue) occurs in 

the entire range of plastic deformations. The Signal Strength 

values for these signals are in the interval 7.5E06-8.5E07 pv∙s, 

Average Frequency range 17-60 kHz and ASL 20-65. In sam-

ples from the S4 pipe, the frequency and ASL values are usu-

ally lower than in the S1 samples. Taking into account metal-

lographic tests, it can be concluded that these signals arise 

during plastic deformation of the material and the decohesion 

process between ferrite and particles of non-metallic inclu-

sions and between particles of pearlite and ferrite phases. 

a) S1 

 
b) S4 

 
c) S1v 

 
d) S4v 

 

Fig. 10. Distribution of the Signal Strength parameter over time for 

samples from pipes S1 and S4: (a and b) for smooth; 

(c, d) for V-notch samples 
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Signals from classes 0 (red) and 2 (light green) occur in the 

range of plastic deformation of the material. These signals 

have similar frequency ranges and differ in Signal Strength. It 

can therefore be assumed that they are generated by plastic 

deformations of the material of varying intensity. 

The most numerous group of signals (class 4) with a low 

Signal Strength level (< 4.4E05 pv∙s) emitted by various other 

factors of the load process and can be treated as "technological 

noise".  

4. Summary and conclusions  

Based on the above-presented research results on the crack-

ing process of ferritic-pearlite steel from pipes S1 and S4, cer-

tain generalizations were formulated. 

When loading uniaxially smooth and V-notched tensile 

samples, various mechanisms of material destruction occur: 

plastic deformation of the matrix (mainly ferrite grains), deco-

hesion between inclusion particles and the ferritic matrix of 

the material, cracking of MnS inclusion particles and coagu-

lated particles of precipitates at the grain boundaries, cracking 

of ferrite grains. 

Plastic deformation is present at every stage of the material 

destruction process when samples are stretched. The dominant 

stage of this process is the uniform deformation of the sample 

material until a neck is formed. The range of Average Fre-

quency values in this interval is in the band 20-70 kHz. How-

ever, for samples from pipe S4 it is lower than for S1 (Fig. 8). 

The process of plastic deformation at this stage is also accom-

panied by decohesion and local cracks in the pearlitic phase of 

the material. At the moment of fracture of smooth and notched 

samples S1 and S4, signals with the highest Signal Strength 

levels occur. The appropriate frequency for these signals is in 

the range of 15-30 kHz and high ASL values (70-85). 

Comparing the AE signals of smooth and V-notched sam-

ples, it can be seen that the notched samples have a lower level 

of Signal Strength. Also in them, a smaller number of class 3 

signals was observed, which may indicate that the decohesion 

process in the material of these samples is less advanced. This 

was caused by differences in the stress state in smooth and V-

notched samples (Świt et al., 2023). 

Comparing the materials of S1 and S4 pipes, it was found 

that S4 has higher strength and plasticity characteristics (Table 

2). The characteristic values for AE signals are also slightly 

different for S1 and S4 materials. The Signal Strength values 

for the signals recorded at the moment of fracture for S4 are 

higher than for S1 for the appropriate types of samples, 

smooth (Figs: 10a, 10b) and V-notch (Figs. 10c, 10d). So this 

indicates that there is a correlation between the material 

strength characteristics and the AE signal power. 

During tests of smooth and notched samples from pipes S1 

and S4, AE signals with qualitatively similar characteristics 

were recorded. In samples made of S4 steel, compared to S1, 

a smaller number of AE signals from classes 3, 0, 1 were rec-

orded. This may be due to the better quality of S4 steel, made 

nowadays according to modern technology. During metallo-

graphic tests, a smaller number of extracted MnS particles was 

noticed in the steel from the S4 pipe compared to S1. 

The presence of signals of classes 2 and 0 indicates the de-

velopment of plastic deformations in the material. 

The occurrence of class 3 signals means that the material is 

cracking non-metallic inclusion particles and decohesing be-

tween these particles and the ferritic matrix. 

Registration of class 1 signals indicates that a crack devel-

opment process is taking place in the material - micro cracks 

are merging and/or the crack is propagating. 

The presented test results provide the basis for the conclu-

sion that the acoustic emission method can be very useful for 

assessing the technical condition of gas pipelines made of steel 

material. Thanks to the use of this technique, it is possible to 

determine the processes occurring in the material and to cor-

relate acoustic signals with the mechanical parameters of steel. 

Improving monitoring and measurement processes by units 

managing gas infrastructure and external entities is currently 

the basic solution to maintain the quality and security of gas 

supplies. 
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