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ABRUPT CHANGE DETECTION IN RAILWAY NOISE DATA
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ABSTRACT. Current methods for diagnosing the quality of the railway superstructure are mainly
based on optical sensors, which are relatively expensive compared to acoustic sensors. As part of
the HLUKOS research project, a pair of microphones is installed near the wheel-rail contact point
on a diagnostic vehicle of the Railway Administration (Czech railway infrastructure manager). The
research task is to detect when the sound level changes significantly. A likelihood ratio method has
been used in this paper to detect abrupt changes, which is a current scientific topic. Experiments with
different input thresholds are performed on a sample of 250 m of track data. Initial experimental results
show that this method is meaningfully able to detect locations of abrupt changes with input threshold
values h = 4.58 and number of steps from N = 5 to N = 40.
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wheel-rail contact.

1. INTRODUCTION

The last decades have been marked by the devel-
opment of technological processes and sophisticated
sensors, followed by the need for sophisticated infor-
mation processing systems. Addressing these issues is
important for a number of reasons, particularly safety,
environmental and economic. The large amount of
data from a wide range of sensors means that algo-
rithms must be found or developed to analyse the
information. The core of the interest is the detection
of one or more abrupt changes in some characteristic
of the system under consideration.

An abrupt change is considered to be any change
in system parameters that occurs either immediately
or at least very quickly relative to the measurement
sampling period used. Abrupt changes certainly do
not refer to changes of large magnitude; on the con-
trary, in most applications the main problem is the
detection of small changes. Moreover, in some specific
cases, early warning of small (and not necessarily fast)
changes is essential to avoid economic or even fatal
consequences, such as small malfunctions in the sen-
sors of aircraft navigation systems or small variations
in the geometric position of the track [I].

The quality of track geometry, respect of clearance
profile and other parameters necessary for safe railway
operation are continuously monitored and evaluated
by infrastructure managers. One of the objectives of
the HLUKOS research project is to determine whether
abrupt changes in rolling noise recordings at the wheel-
rail contact point can be detected, and to use these
changes to warn of possible local degradation (defects)
of the railway superstructure.

2. THEORETICAL BACKGROUND

Abrupt change detection in noisy signals is a critical
area of research that spans various fields, including
signal processing, climate science, and power systems.
The methods employed for detecting these changes can
be broadly categorized into wavelet-based techniques,
statistical approaches, and machine learning methods.
Each of these methodologies offers unique advantages
and is suitable for different types of signals and noise
characteristics.

2.1. CURRENT METHODS USED

Wavelet transforms have emerged as a powerful tool
for detecting abrupt changes in signals, particularly
in the presence of noise. The wavelet transform allows
for the decomposition of a signal into its constituent
components at various scales, making it easier to iden-
tify discontinuities or abrupt changes. For instance,
Ukil and Zivanovié¢ [2] demonstrated the effectiveness
of using an adjusted Haar wavelet for segmenting
power system disturbance signals into event-specific
sections, highlighting the method’s robustness in noisy
environments.

In addition to wavelet methods, statistical tech-
niques such as the Kolmogorov-Smirnov statistic have
been utilized for abrupt change detection. Qi et al. [3]
proposed a fast framework based on binary search
trees and the Kolmogorov statistic to identify changes
in the statistical properties of signal series, which are
indicative of qualitative transitions in the underlying
data generation mechanism. This approach is more ef-
ficient due to the shortest computation time, the high-
est hit rate and accuracy than compared conventional
methods Kolmogorov-Smirnov statistic, t-statistic and
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singular-spectrum analyses which was tested on real
EEG recordings.

Another significant method for detecting abrupt
changes is the use of Bayesian approaches, particu-
larly in online applications such as automatic speech
recognition (ASR). Chowdhury et al. [4] emphasized
the importance of developing noise estimation algo-
rithms that continuously track and estimate noise
levels, enabling the detection of abrupt changes in
the noise spectrum. This adaptability is crucial in
real-time systems where the acoustic environment can
vary significantly.

In the realm of climate science, various detection
methods have been developed to identify regime shifts,
which can be classified into categories based on the
type of change — mean value, variance, frequency, prob-
ability density changes, and multivariable analysis [5].
These methods provide a comprehensive framework
for analyzing abrupt changes in climate data, empha-
sizing the need for tailored approaches depending on
the nature of the data.

The integration of machine learning techniques into
abrupt change detection has also shown promise. For
instance, sparse identification of nonlinear dynamics
has been utilized for rapid model recovery in chaotic
systems, allowing for efficient detection of abrupt
changes with reduced data requirements [6]. This
approach exemplifies the trend towards leveraging ad-
vanced computational techniques to enhance detection
capabilities in complex systems.

In summary, the methods for detecting abrupt
changes in noisy signals are diverse and multifaceted,
encompassing wavelet transforms, statistical tech-
niques, Bayesian approaches, and machine learning.
Each method has its strengths and is suited to par-
ticular types of signals and noise characteristics. In
this paper we focus on another technique for detect-
ing abrupt changes, namely the use of likelihood ra-
tio. It is based on the principle of change detection
on difference synthetic aperture radar images [7] or
pipeline damage detection using torsional guided wave
mode [g].

2.2. PROBLEM FORMULATION

Lets have a dataset which a sequence of signal level
observations X = [z1, Za,...,Ty], where n is a number
of observations.

The task is to find a sufficient change in the signal
level. This is achieved by identifying the intervals
at which significant changes in signal strength occur.
This allows for the identification of potential issues
and an improvement in the accuracy of data analysis.

2.3. LIKELIHOOD-RATIO CHANGE DETECTION

Likelihood-ratio change detection is a statistical
method that is used to detect a point in time when
the distribution of signal y; changes [9] [10]. The goal
of the detection algorithm is to determine S(y;) when
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the distribution shifts from f(y,0o) to f(y:,61) where
it is assumed that 0y and 6; are known.

At each time step ¢, the log-likelihood-ratio is com-
puted as:

Sy, 01)
f(yta 00)

This ratio in Eq. compares the probability of
observing the current value of the signal y; under the
assumption that a change has already taken place
(with parameter 6;) to the probability of observing
the same value under the assumption that no change
has yet occurred with 6.

The following algorithm solves the detection prob-
lem. It detects the change in the level of the signal
under test. It is possible to apply this approach to
the Fourier transform, thus capturing changes in fre-
quency.

S(yi) = log (1)

Initialization. Set the values of the signal y;, 6y,
and #; — means, o — standard deviation of the data
set.

Signal observation. The signal y; is sampled in K,
where K is the sequence number of the large period
of sampling. In addition, each large period is divided
into N small periods, as indicated in Figure [I}

K=1 K =2 K =3

& 4 4

1 2 ... NN+IN+2...2N2N+1 ¢
- - - -

period of taking samples period of sampling the signal

F1GURE 1. Illustration of the signal divided into K
intervals [9].

Compute and update statistics. Calculate the
likelihood ratio for y; on N-th small interval, and
update statistics over small intervals using the alpha
coefficient in Eq. (2)). The closer « is to 1, the more
weight is given to the value of S;_1:

(61— 62) [ 01+ 0,
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where S; is the current value of the statistic, y; is
the current observed value, and « is the coefficient of
forgetting where 0 < a < 1.

After obtaining the result on the small interval NV,
the value of STV (K) big interval is computed, as shown
in Eq. , where SV (K) is the value of the statistic
on the K-th interval.

SfV(K) = (01(7;290) Zi\;N(K—l)H K [yt o %] - (3)

Threshold test. Compare SV (K) with a predeter-
mined threshold ~. The decision rule is:

[0, if SN(K) < h,
d{L it SN(K) > h, )
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where SN (K) = Sﬁ{%_l)“ [1q).
If SN(K) > h, it is considered that there was
a change in the distribution from 6y to 6.

3. RAILWAY NOISE DATA

The purpose of the experiment part is to find intervals
where noise significantly and rapidly changes using the
likelihood ratio method. Within the framework of the
HLUKOS research project, data collection is carried
out by means of microphones placed symmetrically on
the wheelset of the diagnostic vehicle MVZSv2 (owned
and operated by Czech rail infrastructure manager:
Technology and Diagnostics Centre, Railway Admin-
istration, State organisation), in such a reference po-
sition (see Figure , which is closest to the measured
wheel and, according to further technical analysis and
listening to the sound recording, shows the lowest
level of interference by air flow and other ambient
phenomena.

The key is the choice and correct configuration
of the sound analyser, whose function is to process
the data recorded by the measuring microphones in
real time and convert them into specific acoustic pa-
rameters. The problem lies in the combination of
the high speed of the diagnostic vehicle (currently
max. 160 kmh™!, in the near future up to 200 kmh=1)
and the requirement for very fine sampling of the
track parameters. For the solution of this project,
a specially designed sensor-acoustic system developed
by the project team — EKOLA group, spol. s r.o.,
and CTU in Prague, Faculty of Transportation Sci-
ences — was used. This system enables the collection of
acoustic data with an accuracy comparable to conven-
tional sound measurement technology at a sampling
frequency of up to 48 kHz, which corresponds to a sam-
pling duration of 0.02ms [11].

The study was conducted in a station throat sec-
tion with three single rail switches running against
the switch blades at a low speed, within the range of
35.6 to 36.8kmh~'. The data set used of 1001 obser-
vations contained two key variables: ID and railway
noise values. The ID variable is dimensionless and in-
dicates the order of observations, with measurements
taken every 0.25 m of track. The ID range is from 0 to
1000, which means that the measured track sample
is 260 m long. The next variable is the noise in dB.
These values reflect the amplitude of the Z-network
(unweighted) equivalent sound pressure level recorded
at corresponding ID points. The range of noise values
is from 87.5 to 118.4dB.

4. RESULTS AND DISCUSSION

A model was defined with the parameters 6, = 90
and 67 = 107. These values represent the mean val-
ues obtained from the measured signal, which was
segmented into two distinct models. The signal was
divided into K samples to determine the moment of
signal change.

FIGURE 2. Position of the microphone for measuring
the contact noise between the rail wheel and the rail
on the MVZSv2 diagnostic vehicle [T2].

Table [1] presents the number of samples on which
SN (K) changes from 6 to 6; for different values of
N, where N is 5, 10, 20, 40. The threshold h was
established at 4.58.

N 5 10 20 40
Total 15 9 5 3

TABLE 1. Demonstration of the relationship between
segment length N and detection sensitivity h.

Figures presents a comprehensive chart detail-
ing the detection of changes in railway noise. The
top graph displays the raw signal data, the middle
graph illustrates the values of the S; statistic on the
K-th sample, and the bottom graph visualizes the
decision-making process for detecting changes in the
signal, based on the analysis of S{¥(K) and h.

The coefficient a was applied during calculations
over small periods, preserving o = 0.95 when N =5
and N = 10, and o = 1.0 when N is 20 and 40.

For each combination of parameters N and h, the
results have shown the number of detected changes
were obtained:

e at N =5 and h = 4.58, changes were identified due
to the high sensitivity of the threshold,

e at N = 10 and h = 4.58, the sensitivity decreased
and the number of false alarms decreased,

e at N = 20 and h = 4.58, the lowest number of false
alarms and the most accurate detection of changes
were recorded,

e at N= 40 and h = 4.58, three samples exhibited
a change in the signal, and no other notable peaks
were identified. This suggests that this specific
combination of segment length and threshold might
limit the detection of additional signal changes.

5. CONCLUSIONS

Listening to the sound recording, three clear sound
perceptions can be heard in the analysed section of
track (at ID = 81, 251 and 834). The abrupt change
at ID = 81 was only detected at N = 5; at IDs = 251
and 834 at ID = 834 at all N values examined.
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FIGURE 3. Abrupt change the visualization of railway noise using likelihood ratio detection: Graph of signal detection

with the sample length N = 5.
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FIGURE 4. Abrupt change the visualization of railway noise using likelihood ratio detection: Graph of signal detection

with the sample length N = 10.
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FIGURE 5. Abrupt change the visualization of railway noise using likelihood ratio detection: Graph of signal detection
with the sample length N = 20.
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FIGURE 6. Abrupt change the visualization of railway noise using likelihood ratio detection: Graph of signal detection
with the sample length N = 40.
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The experiment demonstrated that the parameter
N is essential for the accurate detection of signal
changes. Shorter segments (N = 5) enhance sensitiv-
ity but increase the likelihood of false alarms. The
threshold h must be selected to achieve an optimal
balance between sensitivity and accuracy. With a cho-
sen threshold of h = 4.58, a value of N in the range
20-40 seems to be optimal.

This research paper advances the knowledge base
and capabilities for identifying railway noise, paving
the way for more effective monitoring and maintenance
strategies. Ultimately, this research contributes to the
enhancement of railway safety and reliability.
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