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Abstract 
Rail defects, both internal and external, pose significant safety risks. Acoustic 
Emission (AE) technology has emerged as a promising method for monitoring 
damage progression and detecting rail defects. This research aims to investi-
gate AE signal characteristics generated from external rail defects using both 
rail-mounted and vehicle-mounted settings. This investigation is expected to 
enhance our understanding of how AE signals correlate with defects and how 
effectively they can identify them. The results of the tests revealed two key 
findings. First, the AE detection rate is low, which suggests that AE detection 
rates may depend heavily on defect size and field conditions. Second, wavelet 
packet power (WPP) analysis indicates that the AE signals from external rail 
defects exhibited concentrated and intense peaks within the 100 - 160 kHz 
range. Overall, detecting external defects showed low performance due to in-
distinct AE signal characteristics and significant environmental noise. How-
ever, the application of continuous wavelet transforms (CWT) and wavelet 
packet power analysis presented more insights by identifying energy distribu-
tions and frequency peaks associated with external defects. 
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1. Introduction 

In railroad transportation, rail and wheels directly interact as trains move. The 
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rails experience wear and tear during daily operations, leading to both internal 
and external defects over time. As part of defect detection efforts, various inspec-
tion and detection technologies, including imaging and ultrasound detection, 
have been applied to monitor rail surface health conditions.  

The optical imaging method is a recognition technology that uses graphics 
scanning and processing, with a high-speed, high-resolution camera. An optical 
encoder is used for graphics recognition and classification. Recent experimental 
research has demonstrated that optical systems can detect surface defects at speeds 
over 135 mph [1]. An automatic optical detecting system can detect flaws using 
color line-scan cameras and a spectral image differencing procedure [2]. This sys-
tem is particularly advantageous for detecting minor defects, including invisible 
cracks, and automates about 95% of inspection work, significantly increasing in-
spection efficiency compared to previous techniques. Advanced optical technolo-
gies include a 3D laser profiling system (3D-LPS) [3]. This system uses a laser 
scanner, odometer, inertial measurement unit (IMU), and GPS to collect rail sur-
face information. The primary challenges the system faces are several including 
but not limited to complex disturbance factors, limited recognition features, and 
limited capability to detect internal defects [4].  

Electromagnetic techniques include eddy current testing (ECT) and alternative 
current field measurement methods (ACFM). ECT employs electromagnetic in-
duction to inspect rail surfaces [5] [6]. Discontinuities on the rail surface affect 
the magnitude of the eddy current, and the detector recognizes these changes 
based on collected data. Studies have shown that ECT can be used effectively at 
high-speed rails up to 90 km/h. However, it requires close proximity to the rail 
surface and is highly sensitive to variations in the lift-off distance, posing a chal-
lenge when considering real-world applications. ACFM measures magnetic field 
disturbances to size surface-breaking cracks [7]. This technology does not require 
direct electrical contact with the surface and can operate across various environ-
ments. Research results from various simulated defect conditions suggest ACFM 
is accurate and reliable for detecting surface-breaking defects at speeds over 150 
mph [7] [8]. The results confirmed that the ACFM sensor could identify visible 
cracks as small as 1.2 mm.  

Magnetic-related techniques, such as electromagnetic tomography technology 
(EMT), are less commonly utilized in rail defect detection methods [9]. This tech-
nology uses a tomographic approach to measure the alternating magnetic signal 
modulated by cracks in the rail and then reconstructs their distribution. A key 
advantage is its ability to detect and reconstruct internal cracks within the rail, 
offering a non-contact, continuous inspection method that can operate at higher 
speeds compared to traditional inspection techniques. However, EMT systems are 
expensive and require specialized expertise to operate the equipment. The sys-
tem’s complexity demands professional knowledge for the proper use and inter-
pretation of the equipment, making it less accessible than other standard inspec-
tion methods. Additionally, the non-encircling sensor structure of EMT must be 
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adapted to the mechanical constraints of rail tracks, such as rail bed mounting 
clips and turnout junctions, which can complicate sensor installation. 

AE is an elastic wave generated by changes in the material’s internal structure, 
typically caused by a sudden change in internal stress or external impacts [10] 
[11]. These changes can involve crack growth, material displacement, phase 
changes, fiber breakage, or decomposition. When AE signals are generated due to 
elastic deformation, sensors respond to the dynamic motion and collect the sig-
nals. In recent years, optical microphones have gained attention for their innova-
tive technology and superior performance in non-contact ultrasonic detection. 
The nature of air-coupled AE waves makes it feasible to develop non-contact sen-
sors for detecting rail defects using this technology. As shown in Figure 1 [12], 
when a monochromatic laser beam propagates through a medium in the presence 
of a sound field, it experiences slight modulation in its optical wavelength. This 
modulation is proportional to the local density and, consequently, the sound pres-
sure. The core component of the optical microphone is a miniaturized Fabry-
Perot cavity consisting of two semi-reflective mirrors. The intensity of the laser 
light reflected from this cavity is determined by the product of the input intensity 
and a transfer function. The round-trip phase shift depends on the laser wave-
length and the distance between the mirrors. Therefore, any change in the laser 
wavelength induced by the sound field alters the light intensity, which is reflected 
by the cavity and can be detected by a photodiode. 

 

 
Figure 1. The optical microphone: (a) Mechanism; (b) Sensor head [12]. 

 
Unlike the bone-conduction sensors, this non-contact approach utilizes air-

couple sensors to record AE signals. Traditional piezoelectric ultrasonic sensors 
generally work within a narrow frequency bandwidth (±10% of the resonate fre-
quency). The optical microphone is introduced in this approach to address this 
limitation. The key question is whether the optical microphone sensor can detect 
external defects located far from the sensor. 

This study explores the AE characteristics of acoustic emission generated from 
external defects and evaluates the performance of the air-coupled sensor in de-
tecting external defects in real-world field tests. The tests involve external defects 
at two locations, with follow-up analysis and evaluations focusing on the charac-
teristics of the AE signals. The study provides insights into the effectiveness and 
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current limitations of this approach for railroad health inspection. 

2. Methodology 

As highlighted in the previous sections, AE testing offers a promising approach 
for detecting defects in rail structures due to its ability to capture real-time stress-
related events without requiring direct mechanical contact. AE techniques are 
particularly valuable because they are sensitive to dynamic processes, such as 
crack initiation, crack growth, and surface fatigue—key concerns in rail infra-
structure. Unlike conventional non-destructive testing methods, which often re-
quire point-by-point inspection or close proximity to defects, AE allows for re-
mote monitoring of large areas, making it well-suited for field applications where 
access is limited, or continuous inspection is necessary. 

For external rail defects, detecting AE signals can be especially challenging be-
cause such defects often produce weaker emissions compared to internal cracks. 
Nevertheless, understanding AE signal behavior under realistic conditions is crit-
ical for developing effective detection methods. Therefore, this study investigates 
how AE signals propagate from external defects in rail systems and evaluates the 
factors affecting signal attenuation and detection capability. 

2.1. Technical Background of AE 

The complexity of AE signals is primarily influenced by two factors: the charac-
teristics of the source and the propagation path. The source characteristics are 
determined by the defect type and material properties, while the propagation 
characteristics are largely influenced by structural dimensions. In AE applications, 
sensors are commonly deployed to detect potential defects within structures 
across distances that range from a few to over ten meters.  

AE energy attenuation during propagation is influenced by several factors: ge-
ometric spreading, interior friction, scattering, and diffraction [13]. 
 Geometric spreading causes the signal amplitudes to decrease as waves origi-

nating from a single spot expand over a broader area. In three-dimensional 
solids, the wave amplitude ( A ) diminishes inversely with distance d , that is 

1A d∝ . In two-dimensional solids, it decreases inversely with the square root 
of distance, that is 1A d∝ . 

 Internal friction is a process where mechanical energy is converted to thermal 
energy as waves travels through non-conservative media, contributing to fur-
ther amplitude reduction. This material-dependent effect causes amplitude to 
decay with distance kdA e−∝ , in which k denotes the attenuation coefficient. 

 Scattering and diffraction occur when waves encounter boundaries, such as 
cavities. Scattering usually occurs when the waves interact with finite voids, 
while diffraction take place at sharp edges. Both result in additional amplitude 
reduction. 

In general, near the AE source, attenuation is dominated by geometry spread-
ing. At greater distances from the AE source, internal friction becomes more im-
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portant, becoming the primary cause of signal decay, following exponential atten-
uation over distance. In contrast, dispersion plays a limited role under typical con-
ditions. The AE signal attenuation behaviors have been investigated through con-
trolled tests, such as placing sensors at varying distances from an AE source. 

AE wave modes are influenced by different boundaries, generating different 
waves such as body and surface waves [14].  
 Body waves generally propagate in infinite media and include longitudinal 

waves (with particle motion parallel to wave travel direction) and transverse 
waves (with particle motion perpendicular to wave direction). Longitudinal 
waves generally have the highest velocity. 

 Surface wave, such as Rayleigh wave, is another wave type that travels along 
the surfaces of semi-infinite media or thick solids, penetrating approximately 
one wavelength into the material. Combining longitudinal and transverse mo-
tion, these waves travel at speeds slightly below shear waves, depending on 
material elasticity.  

In addition to these, plate waves, primarily Lamb waves, are confined to thin 
structures like plates. Lamb waves exhibit multiple modes categorized into sym-
metric (extensional) and anti-symmetric (flexural) types, with in-plane and out-
of-plane motion. These characteristics, however, may not hold consistently at 
higher frequencies. Guided waves propagate along elongated structures, such as 
plates, pipes, and rails, constrained by boundaries [15]. Although terms like 
“guided Rayleigh waves” and “guided Lamb waves” better describe the practical 
conditions, these modes allow long-distance wave travel with minimal energy loss, 
making them suitable for long-range ultrasonics in rail condition monitoring. 

2.2. Testing Prototype 

The testing prototype is shown in Figure 2. The prototype developed included 
data acquisition equipment, optical microphone sensors, pre-amplifiers, and 
high-speed cameras. Membrane-free Optical Microphone model Eta 250 was used 
in this study. The frequency range is 10 Hz - 1 MHz, dynamic range is 100 dB; and 
self-noise is 50 μPa. National Instrumental cRio 9041 with module NI 9223 were 
utilized as data acquisition (DAQ) equipment, the sampling rate was 1 MHz. Mis-
tras 2/4/6 voltage preamplifiers (PAC 2/4/6) were employed to amplify the AE 
signals before they were recorded by DAQ equipment. The gain was set to 60 dB 
for all the tests to ensure the AE signal qualities. During the test, the band-pass 
filter was selected to be 20 - 500 kHz to eliminate the effects of low-frequency 
noises unrelated to the AE events. Labview was used to control data collection and 
storage. To ensure long-time data recording without interruption, the producer 
and consumer modules were employed to save current data and keep recording 
new data simultaneously. A go-pro camera was utilized to record geo-information 
during the field tests. It provides up to 240 frames video recording. Hammer hit 
was employed when each test started, to synchronize the time between video and 
AE signals. 
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Figure 2. DAQ system schematic. 

2.3. Rail External Defect Detection in Nevada Railroad Museum 
2.3.1. Rail-Mounted Field Test 
Two external defects were utilized in this test, and the locations were as presented 
in Figure 3. There were excursion trains operated on the tracks in the Museum. 
The defects were measured by visual inspection, as presented in Figure 4. The 
sensor head was mounted near the rail head. Two testing scenarios were evaluated 
in this test:  

1) The sensor was moved vertically away from the railhead.  
2) The sensor was positioned below the railhead and moved horizontally along 

it. 
The first case adjusted the sensor placement across three different locations as 

shown in Figure 5(a) by moving it away from the defect by one inch in the sub-
sequent test. The second case adjusted the sensor placement in three different lo-
cations as shown in Figure 5(b) by moving it two inches to the left during each 
subsequent test.  

An unloaded hopper car, with an axle load of approximately 70,000 lb., was 
employed. The tests were conducted at 5 mph. A GoPro camera was installed near 
these defect sites to record when the wheel passed over the defects. A hammer hit 
was used to synchronize the video and AE signal timeline, allowing precise anal-
ysis of AE events and associated noises. 
 

 
Figure 3. Location of two external defects in the Nevada Railroad Museum (google map). 
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(a) Surface defect 1: 1.3 in*0.7 in          (b) Surface defect 2: 1.2 in*0.5 in 

Figure 4. External defect location and size. 

 

 
(a)                                  (b) 

Figure 5. Attenuation evaluation (a) Vertically in the air; (b) Longitudinally in the rail. 

2.3.2. Vehicle-Mounted Field Test 
In this testing scenario, the sensor was installed on the train’s mounting frame, 
and acoustic signals were recorded when the train was running over defects (Fig-
ure 6). The sensor was safely placed 1.5 inches away from the rail head side to 
ensure safety. During testing, the sensor was relocated from its original position 
to the far side of the defect by moving it at a two-inch increment on each subse-
quent test (Figure 7). The covered distances were 0, 2, and 4 inches farther from 
the defect site. 
 

 
(a)                                  (b) 

Figure 6. Mounting frame (front and side views). 
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Figure 7. Attenuation evaluation in the rail (longitudinally). 

2.4. Rail External Defect Detection in MxV Rail 

The tests conducted in Nevada provided valuable preliminary insights into exter-
nal defect detection. However, further evaluation was necessary because the ex-
ternal defects identified at the museum were based solely on visual inspection. To 
address this, additional field tests were conducted at MxV Rail in Colorado, tar-
geting defects confirmed through more rigorous inspection methods. Regular 
freight trains were operated on the track. The type and the size of the defects are 
similar to those in Figure 4. Two test scenarios were originally planned: 1) rail-
mounted testing and 2) vehicle-mounted testing, with the external defect located 
near the main entry of the MxV Rail FAST loop (Figure 8). 

During the field testing, unforeseen damage to the sensor head occurred, which 
led to the cancellation of the rail-mounted tests. As a result, only the vehicle-
mounted tests were completed.  
 

 
Figure 8. Location of the external defect in the MxV rail (google map). 

Vehicle-Mounted Field Test 
In this testing scenario, the sensor was installed the same configuration used dur-
ing the Nevada tests. It was installed on the train’s mounting frame, and the acous-
tic signals were recorded when the train was running over defects (Figure 6). The 
sensor was safely placed 1.5 inches away from the rail head side to ensure safety. 
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During testing, the sensor was relocated from its original position to the far side 
of the defect by moving it at a two-inch increment on each subsequent test (Figure 
7). The covered distances were 0, 2, and 4 inches farther from the defect site. 

2.5. Time-Frequency Representation of AE Signals 

For accurate characterization of AE signals, especially those signals change over 
time, it is essential to process and present signals effectively. Non-stationary sig-
nals, whose frequencies and amplitudes vary with time, pose a particular challenge 
for traditional methods like the Fourier transform. While the Fourier transform 
provides a global view of the frequency components, it can fail to capture localized 
variations in time. In contrast, time-frequency analysis, particularly wavelet tech-
niques, offers significant advantages in this aspect [16]. Wavelet transforms, such 
as continuous wavelet transform (CWT) and discrete wavelet transform (DWT), 
enable multi-resolution analysis of signals, effectively capturing both time and fre-
quency information.  

In this study, the CWT is utilized instead of DWT due to its ability to operate 
at narrower scales, offering enhanced multi-resolution capabilities and superior 
performance in noisy environments, particularly for detecting discontinuity. To 
minimize computational effort, the analysis is conducted on specific segments of 
AE waves.  

Based on the definition, CWT is the convolution of the signal ( )x t  with a set 
of wavelet functions ( ),a b tψ  which are created by dilating and translating a sin-
gle mother wavelet ( )tψ  that meets certain criteria [17] [18]. 

 ( ) ( ) ( )*
,, da bWT a b x t t tψ

∞

−∞

= ∫  (1) 

where, 

 ( ) ( ),
1   , ,and 0a b

t bt a b R a
aa

ψ ψ − = ∈ > 
 

 (2) 

In the equation above, ( ),a b tψ  represents the complex conjugate, a denotes 
the scale parameter, b indicates the translation parameter, t is the time, and 

( ),WT a b  is the wavelet coefficient associated with it. The wavelet function  
( ),a b tψ  is centered at b with a spread proportional to a, which is calculated as a 

window function in the time-frequency domains. During the transform, a series 
of ( ),a b tψ  is produced based on multiple values of a and b. The selection of the 
mother wavelet greatly impacts the outcomes of CWT. Therefore, it is essential to 
determine an appropriate mother wavelet based on various aspects of wavelets 
(such as symmetry, orthogonality, and support size). 

An appropriate mother wavelet is essential to the results of CWT analysis. Var-
ious components need to be considered before selecting the optimized mother 
wavelet. In this study, the complex Morlet wavelet was utilized due to its remark-
able time-frequency domain resolution [19] [20]. The function and its corre-
sponding Fourier transform are, 
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 ( ) ( )
21 exp 2π exp

π c
bb

tt i f t
ff

ψ
 

= − 
 

 (3) 

 ( ) ( ){ }22expˆ b cf f f fψ π= − −  (4) 

Here, bf  denotes the non-dimensional bandwidth parameter, cf  denotes the 
wavelet central frequency in Hz, and i represents the imaginary unit. Additionally, 

bf  and cf  need to be selected based on the analyzed AE signals. In general, the 
Morlet wavelet is suggested 5 2πcf ≥  due to the rapid attenuation in the enve-
lope. Shannon entropy can be utilized to quantify the entropies in order to deter-
mine the proper parameters of the mother wavelet, such as bf  and cf . It indi-
cates the similarity between the basis function and the signal being analyzed. A 
lower wavelet entropy value signifies a greater similarity, making it a useful crite-
rion for selecting the appropriate basis function for the wavelet transform. In this 
study, 0.5bf =  and 4cf =  were selected in this study to ensure the lowest 
wavelet entropy [21]. 

2.6. Wavelet Packet Power-Based AE Identification 

Wavelet Power is a method used to analyze the energy distribution of signals 
across different frequency bands by decomposing the signal into components at 
various scales [20]. The wavelet transform provides a time-frequency representa-
tion of a signal, allowing detailed analysis of transient and non-stationary phe-
nomena. However, a limitation of the standard wavelet transform is its unequal 
frequency resolution: it offers good time resolution and poor frequency resolution 
at high frequencies, and good frequency resolution with poor time resolution at 
low frequencies. This characteristic is due to the nature of the wavelet transform’s 
multiresolution approach, where only approximation coefficients (lower fre-
quency components) are further decomposed at each level. In general, for a signal 
( )x t , the wavelet coefficients at scale j  and position k  are given by: 

 ( ) ( ) ( ),, dj kW j k x t t tψ= ∫  (5) 

where ,j kψ is the wavelet function scaled by j  and translated by k . The wave-
let power at each scale can be represented as: 

 ( ) 2
jP W j=  (6) 

However, this traditional approach does not maintain consistent resolution 
across all frequency bands. To overcome the limitations of the wavelet transform, 
the Wavelet Packet Transform (WPT) was developed. Unlike the traditional 
wavelet transform, WPT decomposes both approximation and detail coefficients 
at each level, resulting in a more uniform resolution across all frequency scales. 
This means that WPT provides enhanced frequency resolution even at higher fre-
quencies, making it more suitable for analyzing signals with complex frequency 
content, such as AE waves. In WPT, the decomposition is performed on both the 
approximation and detail coefficients using recursive filtering and down sam-
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pling, defined as: 

 ( ) [ ] ( )[ ]1,2 , 2
n

wp i j h n wp i j n+ = ⋅∑  (7) 

 ( ) [ ] ( )[ ]1,2 1 , 2
n

wp i j g n wp i j n+ + = ⋅∑  (8) 

where [ ]h n  and [ ]g n  are the low-pass and high-pass filter coefficients, respec-
tively. This process results in a full binary tree structure, where each node repre-
sents a frequency band, and the nodes at each level correspond to different scales 
with consistent resolution. The Wavelet Packet Power (WPP) for each frequency 
scale i  can then be calculated as the squared magnitude of the wavelet packet 
coefficients: 

 ( ) 2
, ,i jP wp i j=  (9) 

To summarize the energy distribution across scales, the maximum WPP for 
each scale i  is expressed as: 

 ( ){ }2
WPP max , , 1,2, ,i wp i j j M= =   (10) 

In this study, WPT-based power analysis was utilized to exploit the advantage 
of uniform frequency resolution across all scales, which is particularly beneficial 
for accurately capturing and analyzing AE signals. This approach allows for a de-
tailed examination of energy distribution across frequency bands, aiding in the 
identification and characterization of AE sources with improved precision. 

To ensure the data quality in presenting the AE characteristics, all the WPP 
calculations were performed using the signals collected at 0 inch for all the sce-
narios. A high-pass filter with a cutoff frequency of 100 kHz was applied to the 
data to better evaluate the AE characteristics in high-frequency range.  

3. Results and Discussion 

Two stages of field tests were conducted to evaluate AE signal propagation and 
attenuation characteristics under various conditions, specifically targeting exter-
nal defects in rail structures (Table 1). The first stage involved field tests at the 
Nevada Railroad Museum, focusing on an initial evaluation of AE signal charac-
teristics in a real-world environment. Both rail-mounted and vehicle-mounted 
configurations were used, with sensor offsets at 0, 2, and 4 inches for rail-based 
measurements and 0, 1, and 2 inches for air-based measurements. Each configu-
ration was repeated 10 times. The weather when the tests were performed was 
excellent. The second stage took place at the MxV Rail facility for further evalua-
tion, building on findings from the Nevada tests. Similar sensor configurations 
were used, with identical offsets and repetition counts to allow for a consistent 
and thorough evaluation of AE signal behavior under different testing environ-
ments. The weather was clear when the tests were performed. Note that all the 
rail-mounted tests were canceled due to the sensor damage. 
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Table 1. Summary of external defect tests. 

Test Location Sensor Location 
Attenuation 

Evaluated 
Test 

Speed (mph) 
Offset From 

Defect 
Number of  

Repeats 
Goal 

Nevada 
Rail-mounted 

Rail 5 0, 2, 4 10 each 
Initial evaluation 

of AE signals 
Air 5 0, 1, 2 10 each 

Vehicle-mounted Rail 5 0, 2, 4 10 each 

MxV Rail 
Rail-mounted 

Rail 5 0, 2, 4 
Canceled Further evaluation 

of AE signals 
Air 5 0, 1, 2 

Vehicle-mounted Rail 5 0, 2, 4 10 each 

3.1. Time-Frequency Representation of Defect Signals 

The AE signals collected from the defect areas during the field tests were analyzed 
using the Continuous Wavelet Transform (CWT). In the Nevada field tests, CWT 
analysis did not reveal clear AE signals. As shown in Figure 9, the tests predomi-
nantly captured low-frequency mechanical vibrations throughout the entire test-
ing period.  

In the MxV Rail field test, only two AE events were detected by the sensor dur-
ing the examination of external defects, as illustrated in Figure 10 and Figure 11. 
The observed patterns primarily featured low-frequency components that domi-
nate the energy spectrum, with notable energy peaks concentrated in the 120 - 150 
kHz range. Several factors may explain these observations: 
 The external defects in Nevada may have entered into stable conditions, pro-

ducing minimal active crack growth and thus few AE signals. 
 The defect at MxV Rail may have been at an early stage, generating very limited 

AE activity. 
Additional field tests are necessary to better assess the feasibility of using AE 

methods for detecting external rail defects and to further validate the effectiveness 
of AE signal analysis under real-world field environments. 
 

 
(a) 
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(b)                                                (c) 

Figure 9. CWT of AE in Nevada (a) Overview; (b) 20 kHz filter; (c) 100 kHz filter. 

 

 
(a) 

 
(b)                                                (c) 

Figure 10. CWT of AE (1) in MxV Rail (a) Overview; (b) 20 kHz filter; (c) 100 kHz filter. 
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(a) 

 
(b)                                                (c) 

Figure 11. CWT of AE (2) in MxVRail (a) Overview; (b) 20 kHz filter; (c) 100 kHz filter. 

3.2. Wavelet Packet Power (WPT)-Based AE Identification 

The AE events captured in MxV Rail were further analyzed using WPT-based 
power analysis. The WPP calculations were performed on the two signals collected 
at the 0-inch offset position for the MxV Rail surface defects. To better evaluate 
the AE characteristics in high-frequency ranges, a high-pass filter with a cutoff 
frequency of 100 kHz was applied to all the data. As shown in Figure 12, the WPP 
spectra and its corresponding maxima illustrate the typical energy distribution of 
the field-collected signals. The power spectra indicates that the energy is concen-
trated primarily within the 100 kHz-to-400 kHz frequency range. It also shows 
three prominent energy peaks around 100 - 140 kHz, 200 kHz, 280 kHz, and 360 
kHz. These frequency peaks appeared consistently in both plots, suggesting 
common features likely related to the AE characteristics of the external rail de-
fects.  
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(a) 

 
(b) 

Figure 12. WPP spectrum and maxima of defect-induced AE signals. 

4. Conclusions and Recommendations 

AE signal characteristics were evaluated through real-world field tests. The results 
demonstrated the potential of the developed method to detect external defects, 
although some limitations were observed due to environmental noise and signal 
attenuation. External defects, such as those caused by wear and fatigue, present 
distinct challenges because their damage mechanisms differ from those of internal 
defects, necessitating the development of advanced algorithms for noise isolation 
and defect identification. 

Preliminary evaluations using CWT and WPP analysis revealed that AE signal 
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propagation characteristics vary significantly depending on testing conditions. 
These analysis methods helped identify typical energy distributions and frequency 
peaks associated with external defects, which are expected to play a crucial role in 
refining defect detection algorithms. 

However, the study encounters challenges in detecting external-induced AE 
signals, mainly due to the limited number of AE events and significant ambient 
noise. It is recommended that future research focuses on enhancing defect iden-
tification algorithms and optimizing field testing setups to effectively isolate AE 
events from noise. XARION Laser Acoustics GmbH has a series of products: Eta 
250, Eta 450 and Eta 600, each with increased accuracy of measurements in terms 
of frequency range, self-noise, maximum sound pressure and dynamic range. This 
study used Eta 250. Using advanced sensors is recommended for the study in fu-
ture. 

Moreover, the study also suggests that defects originating from external sources, 
such as wear and fatigue, may not follow the same growth patterns as internal 
cracks. Their development is often expanded by specific incidents like severe fric-
tion during braking or starting. Surface defects often develop over broad areas 
rather than concentrating at a single point, as is typical for internal defects. This 
distribution complicates defect identification, as AE signals can originate from 
any location within the fatigue and wear zones. 

These findings highlight the need for more sophisticated algorithms capable of 
isolating true AE events from ambient noise and scattered emissions. The insights 
gained from this study are valuable for guiding future improvements in testing 
strategies (e.g., testing setups) and enhancing defect identification methods in rail 
systems. 

Many factors influence the low detection rate, one of which is train speed. For 
safety reasons, the tests in this study were restricted at 5 mph which is much lower 
than the speed a regular train is operated in the field. It can be perceived that the 
impact on the rail by the wheel would be much more significant with trains run-
ning at higher speed. The detection rate could be very high, correspondingly. The 
sensors can be placed on a maintenance inspection vehicle or regular trains that 
run at regular speed. The surface defects could be detected at least once when 
multiple times the train with sensors run over the defects. 

The structure of the track influences the impacts of detection rate as well. Ob-
viously, the impacts from heavy train on tracks with concrete ties are bigger than 
those on tracks with wooden ties. The corresponding detection rate could be quite 
different consistently. 
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