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Abstract— The condition-based maintenance of high-speed
railway catenary is an important task to ensure the continuous
availability of train power supply. To improve the condition monitoring of catenary, this paper presents a novel scheme to detect
catenary local irregularities using pantograph head acceleration
measurements. First, a series of experimental inspections is carried out in a section of the Beijing–Guangzhou high-speed line in
China. The time intervals between the inspections are shortened
from the traditional six months to about 40 days, which enables
monitoring the short-term degradation of local irregularities.
Then, based on the wavelet packet entropy, an approach is proposed to detect local irregularities with different scales in length.
Criteria for identifying and verifying the local irregularities are
established based on the gradient and repeatability of entropy
from multiple measurements. Results from the experimental
inspections show that different scales of local irregularities can be
detected by the proposed scheme. By using frequent inspections,
local irregularities can be effectively verified after about seven
inspections. The spatial distribution of local irregularities is found
to be closely related to the catenary structure. These findings
provide valuable information to deploy the scheme for a railway
network.
Index Terms— Catenary condition monitoring, high-speed
railway, inspection interval, local irregularity, wavelet packet
entropy.

I. I NTRODUCTION

T

HERE are currently over 30 000 km of high-speed
railway lines worldwide. Most of the high-speed trains
are powered by electricity transmitted from the catenary suspended above the rail. Fig. 1 shows the basic components
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Fig. 1. Schematics of railway catenary and the irregularity of contact wire
(dashed lines).

of catenary in one span between two masts, including the
messenger wire, contact wire, and dropper. Both ends of
the messenger and contact wires in several adjacent spans
(an anchoring section) are anchored to keep certain tensions
in the wires. The pantograph mounted on the train roof
collects electric current when slides through the contact wire.
Generally, the contact wire height along the entire line must
maintain a good consistency and regularity to ensure the current collection quality. For railway infrastructure management,
the irregularity of contact wire is a major issue [1]–[3]. Contact
wire irregularities are unfavorable deviations in the contact
wire height (as shown by the dashed lines in Fig. 1) and
thickness, which can affect the dynamic contact with a pantograph in the vertical direction. Because a local irregularity can
induce a transient impact when a pantograph passes through,
it normally has a short deterioration period and high impact on
the catenary condition that can impair the life cycle of catenaries [4], [5]. Thus, local irregularities of contact wire should
be timely detected to prevent severe damages to the catenary
and pantograph. Due to this particularity, complete or partial
wire replacement is usually the only maintenance option in the
case of damaged or broken contact wires, which costs much
time and money, and, sometimes, interrupts train services.
Condition monitoring is commonly adopted to facilitate
the maintenance of catenary [6]. Previous studies developed
approaches that vary with the employed measurements to
assess the catenary condition based on periodical inspections.
The pantograph–catenary contact force (PCCF) is the
preferred parameter to measure theoretically [7], [8], since
the interaction between catenary and pantograph can be
directly reflected by the contact force. However, the general
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requirement for the PCCF measurement [9], in terms of
sensor placement, accuracy, validation, and so on, is high and
expensive to implement. Optionally, the displacement or acceleration of the pantograph, the contact wire, or the contact
point can be employed as substitutes [10]. These parameters
can be directly measured by displacement and acceleration
sensors [11], or indirectly calculated from high-resolution
images [12], [13].
Using the aforementioned parameters, some key performance indicators (KPIs) can be computed and then compared
with the predetermined thresholds for condition assessment.
For detecting local irregularities of contact wire specifically,
both PCCF and pantograph head (pan-head) acceleration have
been employed to establish KPIs. The statistical distribution
and kurtosis of PCCF [2] and the root mean square of panhead acceleration [4] were used for detecting irregularities.
Recently, KPIs based on the frequency or wavelength of measurement data have been gaining attention. Frequency-based
KPIs can reveal the contact wire irregularities in an early
stage before the time-domain KPIs could. The quadratic time–
frequency representation of PCCF was found to be feasible for
detecting contact wire irregularities [14]. But, the localization
accuracy for detecting local irregularity was unsatisfactory.
Because local irregularities have limited impact on the
pantograph–catenary interaction compared with the intrinsic
structural parameters of catenary, including the anchoring
length, span length, and interdropper distance [15]–[17],
they are, generally, not easy to identify from the PCCF or
pan-head acceleration. To address this issue, extracting the
frequency components attributed to the structural parameters
can be a preprocessing step before obtaining KPIs [16].
After preprocessing, a KPI should be accordingly established for detecting the local irregularities. As introduced
earlier, previously employed KPIs, such as kurtosis, root
mean square, and time–frequency representation, can also be
applied. However, two main properties make them unfavorable
for large-scale applications in practice as follows.
1) Lack of General Applicability: These KPIs are developed
to focus on certain types of irregularities, while the
irregularities actually have different shapes and lengths
that induce different responses due to various causes,
such as wear, incorrect tension of wires, and so on.
2) Implementations Are Not Simple Enough: There are
parameters to be predetermined for previous KPIs,
such as the window length of analyzed data, resolution parameters for time–frequency representation, and
so on. Also, the comparison of KPIs requires prior
knowledge on the defect types and the corresponding
vibration responses, so that irregularities can be correctly
diagnosed.
To detect generic local irregularities using frequency-based
KPIs, the indicative frequency range are not constant, because
the length or wavelength of local irregularities varies from
centimeter [5] to tens of meters [14] attributed to different
causes. In such a case, determining the indicative frequencies
becomes problematic, since the types and locations of local
irregularities existing in a railway line are unknown and
changing with time. Therefore, an integrated KPI is proposed
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in this paper to circumvent identifying the indicative frequency
ranges and also simplify the detection procedure for practice.
Recent studies [5], [18] showed that the wavelet transform is
effective for analyzing the local characteristics of pantograph–
catenary interaction because of the well-proven superiority
of wavelet transform for identifying singularity in signal
processing [19]. This superiority is rooted in the wavelet
basis function that can be scaled and translated in time, while
methods, such as the Fourier transform and the Hilbert–Huang
transform [20], are based on the functions with full scale in
time. It has been widely used for detecting local features, such
as rail defects [21], [22], electrocardiograph anomalies [23],
and bearing faults [24]. Based on the component signals
decomposed by the wavelet transform, a KPI is often extracted
from a component signal (or the corresponding wavelet coefficients) with the indicative frequency range depending on the
problem to be solved. To establish an integrated KPI in this
paper, the information contained in all the component signals
should be combined together. Thus, the concept of entropy,
which is a measure of order or disorder of a dynamic system,
can be employed to establish the wavelet entropy [25] as the
KPI. The local irregularities induce certain transient disorders
in the pantograph–catenary dynamic interaction. Because the
wavelet entropy is proven to reflect the degree of order or
disorder associated with a multifrequency signal response [26],
it is suitable for analyzing both the PCCF and pan-head
acceleration.
Besides the difficulty from the signal processing perspective,
another situation that is also not in favor of the local irregularity detection is the periodical inspection for catenaries.
Currently, the inspections are carried out annually or semiannually by a dedicated inspection train. However, the time
interval between every inspection is too long to monitor
the short-term degradation of defects [4]. The results from
two successive inspections, when comparing with each other,
cannot reflect adequately the evolvement of the catenary condition. For high-speed lines, especially lines with high traffic
densities, a shorter inspecting period certainly will benefit the
detection and prediction of defects causing local irregularities,
so that infrastructure managers can control further damages
and reduce potential safety threats. Nevertheless, this is on
condition that the data measurements and analyses can be
timely arranged and implemented.
In this context, a series of experimental inspections was
performed on a section of the Beijing–Guangzhou high-speed
railway in China, which has an annual passenger demand of
over 100 million. The inspections are carried out with a time
interval shorter than two months. In this way, the potential
to improve the stability and safety of high-speed catenary
by timely eliminating or mitigating local irregularities can
be explored. Moreover, instead of running at a low speed,
the inspections are deliberately carried out at or close to the
commercial speed of the railway line. It imitates the operation
of commercial trains to examine if future inspections could
be performed by commercial trains so that overnight inspections that are costly and sometimes interfere with a regular
operation can be circumvented. Also, multiple commercial
trains mounted with a measurement system can substantially
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shorten the inspection interval to cover the entire railway
line or network, which is more feasible and economical
compared with manufacturing and operating a number of
specialized inspection trains.
Using the data measured from the aforementioned
experimental inspections, this paper employs the pan-head
acceleration as the source of KPI to detect local irregularities
in high-speed railway catenaries. In a previous study [27],
the motivation, feasibility, and preliminary processing
technique of using the pan-head acceleration to reduce the
system cost and technical difficulty of catenary condition
monitoring is presented. This paper extends those ideas into
application and further proposes an approach for catenary
local irregularity detection. The rest of this paper is organized
as follows. The data set and data processing techniques
employed in the proposed approach are introduced in
Section II. Section III presents an approach for detecting
local irregularities with different scales in length. Section IV
presents and discusses the detection results obtained from
the experimental inspections. Some conclusions and outlooks
are given in Section V toward the implementation of the
detection scheme for a network of railway lines.
II. DATA D ESCRIPTION , P REPROCESSING ,
AND WAVELET PACKET E NTROPY
This section first describes the measurement data that are
required for the proposed approach, using the data set measured from the experimental inspections as an example. Then,
a preprocessing procedure is proposed to extract the essential
frequency components contained in pan-head accelerations.
Finally, the wavelet packet entropy is introduced for the
preprocessed accelerations, which provides KPIs to identify
and verify local irregularities later in Section III.
A. Data Description
As an input for the proposed approach, a dedicated inspection or commercial train installed with a pantograph–catenary
monitoring system is required. The system should measure
parameters concerning the condition of catenary, which are the
pan-head acceleration and the height and stagger of contact
wire for this approach. Also, a more frequent inspection
strategy compared with the previous inspection interval of half
a year should be employed. The new interval is preferably less
than three months.
In the case of the aforementioned experimental inspections,
an integrated on-board measurement system was employed
to measure the pan-head vertical acceleration and the height
and stagger of the contact wire. Simultaneously, the speed
and location of the inspection train and the passage of masts
between spans are also recorded. The measurements comply
with the technical specification enacted by the China Railway
Corporation in 2012 [28], in which requirements on the
inspection of catenary and pantograph–catenary interaction
are put forward. Table I presents the measurement range and
accuracy required for the measured parameters. An example
of the measured data set is shown in Fig. 2. The sampling
rate for all measurements is a fixed spatial interval of 0.25 m.

TABLE I
T ECHNICAL S PECIFICATIONS FOR THE PARAMETERS M EASURED [28]

Fig. 2. Set of inspection data. (a) Pan-head vertical acceleration. (b) Contact
wire height. (c) Contact wire stagger. (d) Mast passage. (e) Train speed.

Fig. 2(a) shows the vertical acceleration of pan-head in
the unit of the gravitational acceleration g ≈ 9.81 ms−2 .
Fig. 2(b) and (c) shows the height and stagger of contact wire,
respectively. It can be seen that there are two locations with
abnormal variations of value at around 2212.4 and 2213.3 km
in the contact wire height and stagger. These types of variation
appeared because the inspection train was passing through
the overlapping section between two anchoring sections of
the catenary. In Fig. 2(d), the indicator of mast passage is
shown as a Boolean variable with 1 and 0 denoting the
occurrence and the absence of a mast, respectively. During
the measurements, the speed of the inspection train was
maintained to be approximately constant around 289.8 km/h,
as shown in Fig. 2(e). The measurements other than the panhead acceleration are considered as auxiliaries to support the
outcomes from acceleration.
B. Preprocessing
The pan-head acceleration signal contains essential frequency components, namely the catenary structure wavelengths (CSWs) caused by the cyclic structure of catenary [16].
As has been explained in [27], the identification of the CSWs
in pan-head acceleration can be realized based on the ensemble
empirical mode decomposition (EEMD) [29]. It can adaptively
sift out the CSW regardless of variations in the catenary
structure, operation speed, and pantograph type. Given an
acceleration signal x(t), the EEMD first decomposes the
signal into several intrinsic mode functions (IMFs) dl j(t),
l = 1, 2, . . . , N and a residual r (t) that satisfy
x(t) =

N


dl (t) + r (t).

l=1
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contained in both the reconstructed signals. This also helps
to avoid the influence of the end effect of EEMD [29] by
minimizing the number of signal ends.
C. Wavelet Packet Entropy for CSWs and Non-CSW Signal

Fig. 3.
signal.

(a) PSDs of the IMFs and (b) corresponding CSWs and non-CSW

The pan-head acceleration is decomposed into two signals,
namely the CSWs and the non-CSW signal, after the
preprocessing. The CSWs can be regarded as the component
resulting from the stiffness variation of contact wire in
cycles of span and interdropper distance. Thus, defects with
the length or wavelength that is equal or close to span
and interdropper distance can be reflected in the CSWs.
Meanwhile, other defects that induce different frequency
responses are reflected in the non-CSW signal. For both the
signals, the wavelet packet transform (WPT) [30] is employed
for a comprehensive feature extraction. Concretely, taking the
CSWs x c (t) as an example, it can be decomposed into 2 j component signals after j ( j ∈ N) levels of WPT as follows:
j

In [27], the identification of CSWs is realized by eliminating
IMFs with frequencies higher than the frequency range of
CSWs, based on the power spectrum densities (PSDs) of the
IMFs. To further explore the usage of acceleration signal, this
paper utilizes both the CSWs part and non-CSW part of the
signal. Concretely, because the CSWs normally range between
certain intervals of spatial frequency, the CSWs contained in
the original acceleration signal can be separated from the nonCSW signal. This can be done by PSDs of the IMFs with a
Boolean variable
l = arg max[Pl ( f )] f1 ∧ arg max[P j ( f )] f 2
f

(2)

f

where Pl ( f ) is the PSD of lth IMF dl (t), arg max f [Pl ( f )]
denotes the argument of the maximum Pl ( f ), and f 1 and f 2
are the upper and lower frequency boundaries to identify if
an IMF is a CSW, respectively. The common pairs of value
for the frequency boundaries are (0.014 m−1 , 0.025 m−1 )
and (0.1 m−1 , 0.25 m−1 ), corresponding to the interdropper
distance wavelength and the span wavelength, respectively,
according to [16]. Using the two pairs of frequency boundary,
the CSWs x c (t) can be obtained by summing the identified
IMFs, while the non-CSW residual x n (t) is the sum of the
rest of IMFs and the residual r (t). The two signals satisfy
x(t) = x c (t) + x n (t).

(3)

Thus, the acceleration signal is essentially decomposed into
two signals that are the CSWs and the non-CSW signal
after the preprocessing. For example, PSDs of the IMFs
decomposed from the acceleration signal in Fig. 2 are shown
in Fig. 3(a). Based on (2), the IMFs whose peak of PSD
falls within the frequency intervals indicated by the red and
blue dashed lines, namely the 4th and 7th IMFs, are identified as CSWs. As a result, the CSWs and the non-CSW
signal of the original acceleration signal are reconstructed,
as shown in Fig. 3(b). Generally, the original signal should not
be segmented beforehand to preserve intact the information

x c (t) =

2


x ij (t).

(4)

i

Each component signal x ij (t) can be expressed as
x ij (t) =

∞


cij,ϕ ψ ij,ϕ (t)

(5)

k=−∞

where ψ ij,ϕ (t) is a wavelet packet function and integers i , j ,
and ϕ are the modulation, scale, and translation parameters,
respectively. The wavelet packet coefficients cij,ϕ are obtained
from
 ∞
cij,ϕ =
x c (t)ψ ij,ϕ (t)dt.
(6)
−∞

Compared with the conventional wavelet transform that only
decomposes the low-frequency component of a given signal
after the first level, the WPT decomposes signals completely
at every level that results in higher resolution in the highfrequency band. This ensures the extraction of high-frequency
features that can be attributed to local or short-wavelength
excitations, which is important for identifying local defects.
However, the complete decomposition of WPT may excessively divide the frequency band of the original signal into
narrow frequency bands. Concretely, a component signal at
a low level that contains useful information for irregularity
detection can be unfavorably decomposed into two component
signals that are lack of physical meanings. This can lead to
inaccurate KPIs for further application. To address this issue,
a common solution is to find the optimal decomposition tree
for the given signal based on the entropy of nodes [31].
Starting from the root node of the full WPT tree, the employed
entropy-based criterion computes and compares the entropy of
every parent node and the two nodes split from it. To obtain
the optimal tree, a parent node is split only if the sum of
the entropy of the two nodes is lower than the entropy of
itself. In this way, the given signal has the lowest information
cost with WPT based on the optimal tree. Taking the CSWs
and the non-CSW signal shown in Fig. 3(b) as examples,
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TABLE II
T YPICAL C ATENARY D EFECTS AND THE R ESULTING
S CALES OF L OCAL I RREGULARITIES

Fig. 4. Optimal trees determined for the WPT of the CSWs xc (t) and the
non-CSW signal xn (t). The red and blue dashed lines indicate nodes that are
discarded by the entropy-based criterion for xc (t) and xn (t), respectively.

the optimal trees determined from the three-level WPT of both
the signals are shown in Fig. 4. This is implemented by using
the MATLAB toolbox in [32]. It can be seen that the optimal
tree varies with the signals. This consequently changes the
result of WPT from, for example, (4) to as follows:

x ij (t)
(7)
x c (t) =
{i, j }∈Sc

where Sc is the set of component signals remained in the
optimal tree of the CSWs x c (t).
The component signals at the terminal nodes of the optimal
tree contain specific frequency bands decomposed from the
original signal. This enables feature extraction at the concerned
frequency bands that are related to abnormal excitations.
To obtain a KPI that characterizes the features for local
irregularity detection, the Tsallis wavelet entropy is employed.
The Tsallis entropy is a kind of entropy that measures the
disorder of a system. Combining with the signal decomposition results from wavelet transform, it has been applied
to the identification of short-duration or transient process
in the response of faulty systems [33]–[35]. In this paper,
it is employed as an indicator to integratethe results from
WPT. For a set of probabilities { pi, j } with {i, j }∈S pi, j = 1,
the general Tsallis entropy can be defined as
⎞
⎛

1
⎝1 −
(8)
S=
( pi, j )q ⎠ , q ∈ R
q −1
{i, j }∈S

where q is the nonextensive parameter, and in the case of
Tsallis wavelet entropy, pi, j is the relative wavelet packet
energy of the i th node at the j th level computed by
pi, j = 

E i, j
{i, j }∈S

E i, j

(9)

where E i, j is the wavelet packet energy for the i th node at the
j th level. For a discrete signal, the computation of E i, j should
be done within a time window centered around an arbitrary
time instant tn with

2
(10)
E i, j (tn ) =
x ij (t)
t ∈Tn

where the time window Tn = {t : |t − tn | ≤ (L w /2)} denotes
the set of time instants contained in the window length L w .
This window length determines the length of data on which
the Tsallis wavelet entropy is based. It can shift and scale

in the time domain in a way serving as a flexible detector
for anomaly detection at a different scale and location. Thus,
the selection of window length becomes crucial for the local
irregularity detection as will be presented in Section III.
III. L OCAL I RREGULARITY D ETECTION
The term “local” is a relative description of irregularity
that depends on the total contact wire length corresponding
to the data scale. For instance, for the data measured from
kilometers of contact wire, the contact wire irregularity with
a length of hundreds of meters can thus be regarded as a local
one. It means that the local irregularity only occupies a small
portion of the total length of the contact wire concerned. In this
context, the selection of data length to be analyzed becomes
crucial for local irregularity detection. It determines the length
of local irregularity that can be reflected by the data. Table II
shows several types of typical catenary defect that can lead
to different scales of local irregularity. For a long data series
from a continuous measurement, the window length selected
for local irregularity detection should be varying instead of
being fixed, so that different types of local irregularity can
be reliably identified. It is also beneficial for recognizing
the cause of local irregularities due to the enhanced local
information. Therefore, this section presents a varying window
strategy for local irregularity detection.
A. Entropy Computation With Varying Windows
As presented in (10), the wavelet packet energy E i, j (tn )
computed in the window length L w decides on which data
scale, the Tsallis wavelet entropy in (8), is based. The idea
is to employ different window lengths concerning the scales
of defects given in Table II. It can be seen that the scale
of local irregularities varies from hundreds of meters (spans)
to centimeters. To determine the precise window length to
be employed, the actual variation of the catenary structural
parameter is taken into consideration for two main reasons as
follows.
1) The scales of local irregularities are all associated with
physical causes that are inaccurate structure configuration or damages attributed to pantograph–catenary interaction. Because the structural parameters of catenary
affecting the formation of local irregularities are not
strictly consistent along the entire line, these parameter variations should be considered for window length
selection.
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TABLE III
T HREE PAIRS OF S CALE FOR E NTROPY C OMPUTATION

Fig. 5. Illustration of the varying window with length L w (tn ) sliding through
time instants tn .

2) Assuming that a fixed window length L w = 300 m,
which equals to about six spans, is employed as the
window for the scale of spans. When this fixed window
slides through the data series measured from a catenary
with uneven span lengths, it will cover a different
combination of spans with both ends of the window
shifting erratically in the middle of certain spans. This
makes the resulting entropies less comparable with each
other since they are based on the vibration responses
of pantograph sliding through different local parts of
the catenary. Therefore, it is preferred to not only use
the varying window to detect local irregularities with
different scales but also have windows that are adapted
to the variation of the catenary structural parameter.
Making use of auxiliary measurements, the lengths of every
anchoring section, the lengths of every span, and an average
interdropper distance of 5 m in the catenary are employed as
the varying window lengths. First, the distance between two
adjacent overlapping sections, which can be obtained based
on the contact wire height, is regarded as the length of an
anchoring section. Using this window length, defects that have
a scale of spans such as shown in Table II could be identified.
Second, the distances between two adjacent masts indicated
by the Boolean values of masts are regarded as the lengths of
spans. Similarly, this window length helps to identify defects
that have a scale within one span but longer than 5 m such
as shown in Table II. Finally, the shortest window of 5 m is
used to identify other defects with a scale shorter than 5 m,
which are mostly wear and hard points in the contact wire.
As concretely given in Table III, there are two key parameters
in (10) involved in the varying window strategy. The first one
is the window length L w for entropy computation. The second
one is the time instant tn that decides where the midpoint
of the window is located. As schematically shown in Fig. 5,
the varying window slides through the signal as the time
instant tn increases in the time domain.
To pair with the aforementioned three scales of window
length, three sets of time instant tn are proposed accordingly.
Basically, at each scale, the interval between adjacent time
instants should not be longer than half of the window length,
so that the full signal length can be entirely covered by the
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sliding window. This can be done by using the window lengths
from the next scale as the intervals between time instants.
As given in Table III, for Scale 1, the window lengths are
the actual lengths of anchoring sections. The corresponding
time instants are the positions of masts within every anchoring
section, which makes the interval between two adjacent time
instants equal to the window length of Scale 2 that is the length
of span. Similarly, the time instants of Scale 2 correspond
to the window length of Scale 3. Finally, for the shortest
window length of Scale 3, the sampling interval of 0.25 m is
employed to essentially compute the entropy at every sampling
point. In this way, the entropy-based feature extractions can
be performed at three scales corresponding to the lengths
of the anchoring section, span, and interdropper distance in
descending order. It can not only ensure the complete feature
extraction at every scale but also avoid the extraction of
redundant features among different scales. Most importantly,
the computed entropy can be associated with certain physical
meaning rooting in its spatial position and specific window
length.
As introduced in Section II, for subsequent entropy computation, there are two signals, namely the CSWs and the
non-CSW signal, decomposed by WPT with optimal trees.
To apply the varying window strategy to both the signals,
the physical meanings of both should be taken into consideration. The CSWs signal is, by definition, associated with the
structural parameters of the catenary. It contains frequency
components that are sensitive to the variation of span and
interdropper distance along the catenary. This is in line with
the effects of the varying window strategy at Scales 1 and 2,
in which the window slides with the interval of span and
interdropper distance, respectively, to detect anomalies in the
frequency range related to the structural parameters. Thus,
Scales 1 and 2 should be applied to the CSWs. For the same
reason, the non-CSW signal is suitable to be processed by the
Scale 3 varying window to detect anomalies at scales smaller
than the main structural parameters. Based on the entropy
computed at the three scales, the following presents the criteria
for the identification and verification of local irregularities.
B. Local Irregularity Identification and Verification
In future inspections, if the pan-head acceleration is the sole
source of indicator for catenary condition monitoring, it is
crucial to establish the baseline and criterion for the diagnosis
of acceleration signals. For dynamic measurements such as
the pan-head acceleration, the data measured from a single
inspection run is considered to be not so reliable in terms of
repeatability under the interferences of measurement noise and
environmental disturbance. This may lead to a false indication
of defects or overlook of actual defects. With a shortened
inspection interval, data from multiple runs can be used for
cross-comparison to mitigate this effect and thus increase the
hit rate, find new defects at an early stage, and obtain the
degradation of different defects.
In practice, the signal baseline for the pan-head acceleration
is normally measured from the acceptance test of the targeted
pantograph–catenary system or early in situ inspections. It is

Authorized licensed use limited to: TU Delft Library. Downloaded on June 05,2022 at 21:46:08 UTC from IEEE Xplore. Restrictions apply.

3542

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 68, NO. 10, OCTOBER 2019

anticipated that the system performance will decline with the
increase of service time so that infrastructure managers can
keep track of the system condition by comparing new data with
the baseline. For the experimental inspections in this paper,
there is no historical reference, as it is a new attempt of the
inspection strategy. Thus, the measurement data from the first
inspection is regarded as the baseline for this particular case
study. It should be noted that all data are measured from an
existing line where the presence of local irregularities was
expected, even for the first inspection performed among the
nine inspections.
To identify the local irregularities that cause abnormal
transients in the computed entropy, a criterion based on the
variation of entropy is employed. For a series of entropy S(tn )
computed by the varying window at any of the three scales,
an abnormal transient could be an abrupt rise or fall in the
entropy along the time. It can be mathematically described as
the gradient of entropy defined as
|S(tn+1 ) − S(tn−1 )|
.
(11)
tn+1 − tn−1
Then, to automatically identify and locate the abnormalities
in a rather long entropy series computed from kilometers of
data, the following criterion is employed:
G(tn ) =

Y (tn ) =

1, if |G(tn )| > μ + 3σ
0, otherwise

(12)

where μ and σ denote the mean and standard deviation (SD)
of the entropy gradient G(tn ), respectively. Y (tn ) is a Boolean
variable with value 1 and 0 denoting if the corresponding
entropy value is abnormal or not, respectively.
Although this criterion decides the property of entropy in
an absolute sense, it does not indicate necessarily the presence or absence of local irregularity. The identified abnormal
entropy can be further verified by comparing with the baseline
and historical results measured from the same location. The
comparison must be carried out for entropies computed at the
same scale. Taking the mth (m > 1) measurement in this paper
as an example, its result at Scale k (k ∈ {1, 2, 3}) denoted
by Ym,k (tn ) can be compared with the result of the earlier
(m−1)th measurement at the same scale Ym−1,k (tn ) as follows:
Ym,(m−1),k (tn ) = Ym,k (tn ) ∧ Ym−1,k (tn )

(13)

where Ym,(m−1),k is the logical conjunction of Ym,k (tn ) and
Ym−1,k (tn ). If Ym,(m−1),k (tn ) is 1 (true), it means that the
results from the two inspections are consistent, since both the
results are positive about the presence of local irregularity
at the same location. If possible, this can be extended by
tracing results back to the earliest inspection where the local
irregularity first appeared, so the evolvement of irregularity can
be observed. For the positive result that cannot find any trace
of support from previous inspections, it can be temporarily
labeled as a new potential local irregularity, which will be
verified when subsequent inspections are performed. It should
be noted that the result of a single inspection may generate
several false positives and negatives. Thus, it is necessary to
trace back more than one inspection when looking for support
for a potential local irregularity. Generally, a potential local

Fig. 6. Summarized process of the signal transformation in the proposed
approach. The dashed lines with arrows indicate the relationships between
the signals.

irregularity can be treated as a verified one when at least three
positive results at the same location are successfully identified
from the recent six inspections. This is to prevent the waste
of maintenance resource on unverified defects. A generalized
mathematical expression of the verification can be expressed as
YM,k (tn ) = Ym 1 ,k (tn ) ∧ Ym 2 ,k (tn ) . . . ∧ Ym q ,k (tn )

(14)

where m 1 , m 2 , . . . , m q ∈ M and M is the set of measurement
number selected for local irregularity verification with
(m q − m 1 ) < 6. For a potential local irregularity at tn , it is
verified only if YM,k (tn ) = 1 and the number of elements in
M is no less than 3.
To sum up, Fig. 6 shows concisely the proposed approach
with the transformation of the mth acceleration signal x m (t)
to the Boolean variable Ym,k (tn ) at Scale k. The acceleration signal is first preprocessed and decomposed into the
CSWs x c (t) and the non-CSW signal x n (t) by (3). At this
point, the best trees of both the signals based on WPT are
obtained, and the corresponding component signals at the
terminal nodes are determined for entropy computations. Then,
the entropy Sm,k (tn ) at the three scales with varying windows is computed separately by (8). Accordingly, the entropy
gradient G m,k (tn ) and the Boolean variable Ym,k (tn ) at the
three scales are obtained. Finally, comparisons for verifying
the local irregularities can be realized by (14). In theory,
the proposed approach is simple to implement, because there is
no parameter needing to be predetermined and tuned from the
preprocessing step to the final verification. The entire process
can be computed automatically as long as the input data meet
the requirements. Also, the results are simplified to a single
KPI that is the criterion value at three scales. This facilitates
the maintenance decision-making when dealing with a massive
amount of data from a railway network.
IV. R ESULTS AND D ISCUSSION
The data set from the experimental inspections are employed
to demonstrate the detection performance of the proposed
approach. The inspections were carried out in a section of railway that is about 34.5 km long from the Beijing–Guangzhou
high-speed line starting at 2211.6 km. As shown in Fig. 7,
nine measurements are performed in the same section with
an average interval of 39 days and the maximum less than
2 months. The time intervals are uneven in consideration of
minimizing the impact on regular operation. During the nine
measurements, a fixed train speed of 290 km/h is consistently
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Timeline of the experimental inspections.

Fig. 9. Comparisons of the PSD of pan-head acceleration from the nine
measurements.

Fig. 8. Comparisons of the SD, maximum (Max), and minimum (Min) of
the pan-head acceleration, the corresponding CSWs, and the non-CSW signal,
respectively, from the nine measurements.

used, while the data measured during the acceleration and
deceleration of the train are omitted. Although the environmental conditions such as the temperature and wind for the
nine measurements were different due to the natural change
of seasons, the measurement system is considered unaffected,
because the system was designed to be functioning under the
temperature from −40 ◦ C to 70 ◦ C in areas below 2500 m
above sea level. Hereafter, the measurements are referred as
measurement 1 to 9 in a chronological order.
Initially, it was difficult to discover any explicable pattern
from the basic statistics of the nine acceleration data series.
Fig. 8 shows the differences among the nine data series in
terms of SD, maximum, and minimum, which reflect the
degree of oscillation in the pan-head acceleration. The same
statistics of the corresponding CSWs and the non-CSW signal
are also shown. It can be seen that the SDs of the accelerations
fluctuate slightly around 3.7 g for all the nine measurements.
The corresponding SDs of the non-CSW signals in blue circles
almost overlap with those of the accelerations with smaller
values that fluctuate around 3.5 g. This similarity agrees with
the case of contact force where, likewise, the SD of non-CSW
signal fluctuates with the SD of force [16]. The maximum
and minimum values of the accelerations and the non-CSW
signals also show the same similarity. Meanwhile, the CSWs
have smaller fluctuations with SDs at around 0.9 g and extrema
changing with a different pattern compared with those of the
accelerations and the non-CSW signals. In any case, it was not
obvious that the acceleration is deteriorating with the increase
of operational time. The same can be concluded from the
PSDs of the accelerations shown in Fig. 9. It can be seen
that the level of PSDs was neither growing nor declining

consistently with the increase of measurement number. For
example, measurements 3 and 4 were performed under similar
speed. However, the PSD of acceleration from measurement 3
has the highest level of spectrum density, while the one from
measurement 4 has the lowest.
Besides the randomness of pantograph vibration during the
nine measurements, part of the reason for these uncertain
results is that the indicators are globally computed from
the entire data series. This can be improved by using local
windows to examine the indicators of local data segments.
The proposed approach is precisely this type of methodology,
but with frequency indicators that help to identify early-stage
irregularities which are hard to detect based on the timedomain statistics. The following demonstrates the detection
results at the defined three scales separately and together.
A. Results at Each Scale
1) Scale 1: The first scale aims to detect local irregularity
with respect to the length of anchoring sections based on
the extracted CSWs. The irregularity at this scale indicates
that the overall level of contact wire height or elasticity is
abnormal, likely due to the incorrect tension or unrecovered
thermal expansion of catenary wires. Fig. 10(a) shows the
entropies computed at Scale 1. It can be seen that each entropy
series fluctuates moderately with several notable peaks and
troughs as the pantograph runs forward in position. Since the
entropies were based on CSWs and window lengths at Scale 1,
the fluctuation could be attributed mostly to the changes of
the geographic condition along the line and differences in the
catenary structure in order to adapt those changes. The entropy
gradients shown in Fig. 10(b) provide more information
on the degree of entropy fluctuations. It becomes relatively
clear where the drastic changes happened in the entropies of
CSWs. Based on the criterion defined in (12), the potential
irregularities at Scale 1 from the nine measurements were
identified and shown as red dots on the dashed threshold lines.
Some locations of the potential irregularities from different
measurements were overlapping with each other. According
to the principle for local irregularity verification defined
with (14), the locations of verified local irregularities based
on all nine measurements are shown in Fig. 11. Four locations
with irregularities are verified at Scale 1 because they were
identified in at least three out of the nine measurements.
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Fig. 12. Locations of verified local irregularities at Scale 2 corresponding
to the number of measurements performed. Arrows on the right indicate
the number of verified local irregularities (circles) accumulated after every
measurement.

Fig. 13. Two examples of entropy evolvement at Scale 2. Example 1 shows
the entropies at the position where the first and only local irregularity is
verified after measurement 3. Example 2 shows the entropies at the position
where the rightmost local irregularity is newly verified after measurement 8
(see Fig. 12).

Fig. 10. (a) Entropies of the accelerations from measurement 1 to 9 (from
top to bottom) at Scale 1. (b) Corresponding entropy gradients. The dashed
lines depict the thresholds in (12) with red dots marking the gradients higher
than the thresholds.

Fig. 11.
Verified local irregularities at Scale 1 based on the nine
measurements.
TABLE IV
N UMBERS OF THE M EASUREMENTS T HAT V ERIFY
THE F OUR L OCAL I RREGULARITIES

To further investigate the results, Table IV provides the measurements from which the four local irregularities were identified. By referring to the inspection schedule shown in Fig. 7,
it can be inferred that these measurements performed with
short intervals are indeed necessary to enable the irregularity
detection. If only one or two measurements were performed in
the nine-month period as per the traditional inspection interval,
it would be unlikely to detect and verify the existence of
any of the four irregularities. This deficiency can be largely
attributed to the randomness in a single measurement run in

terms of vibration, noise, and environmental interference that
changes with seasons. By having more frequent inspections,
the detection results can be verified by historical records,
in a way that offsets the influence of randomness in each
measurement. This also applies to the cases of Scale 2 and
Scale 3, as the criterion for verification is essentially the same.
2) Scale 2: The second scale is also based on the CSWs,
but focus on local irregularities with a shorter length between
spans and interdropper distances. The computational process
is the same as in Scale 1. Fig. 12 shows the locations of
verified local irregularities after a certain measurement was
performed. Because it takes at least three positive results at
the same location to verify a potential local irregularity identified from the first measurement (baseline), Fig. 12 presents
the verified results starting from measurement 3. It can be
seen that only one irregularity was verified successfully after
measurements 3 and 4, which indicates that there were local
irregularities left undetected in one or two of the earlier
measurements. Starting from measurement 5, the number of
verified local irregularities increased significantly. By the time
of the sixth measurement, which was the last opportunity
to verify the results from the first measurement according
to (14), the number reached 11. At this point, the detection
results began with measurement 1 were regarded as finalized.
Thus, the newly verified irregularities after measurement 6 can
be considered as the ones missing from measurement 1, or
emerging ones because the railway line was still operating
between the measurements. By the end of the experimental
inspections, measurement 9 outputs the same number of verified local irregularities as that of measurement 8. This indicates
that the inspection reached a state where the existing local
irregularities were mostly verified, while the emerging ones
were still labeled as potential ones from the most recent six
measurements.
Fig. 13 shows the typical evolvement of entropy using
two examples in Scale 2. Example 1 is a verified local
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Fig. 14. Numbers of verified and potential local irregularities at Scale 3 with
respect to the measurement number.

irregularity that was identified continuously in the first three
measurements. This implies that the local irregularity already
existed before the first measurement. However, it can be seen
that measurements 4 and 8 still failed to detect it later on.
On the contrary, Example 2 was verified near the end of
the experimental inspections. It was missing in the first three
measurements and detected initially in measurement 4. This
indicates that it probably appeared later than Example 1 in
the catenary. Similarly, it was also missing in later measurements 5 and 6 and then detected in measurements 7 and 8.
Both the examples reflect the importance and necessity of
the verifying procedure and tolerating missing detection in
adjacent measurements.
3) Scale 3: This scale is based on the non-CSW signals
to detect short local irregularities using the varying windows
with time steps equal to the sampling interval. A single peak
in the acceleration could be regarded as a local irregularity
caused by the wear or a hard point of contact wire. This adds
additional uncertainty to the detection results, as it is more
dependent on single values of acceleration. Fig. 14 statistically
shows the verified and potential local irregularities at Scale 3.
Similar to Scale 2, the number of verified local irregularities
increased from measurement 3 and became almost constant at
measurement 9. Compared with the number of potential local
irregularities identified at every measurement, it can be seen
that it took six or seven measurements for the verified number
to approach the potential number. Also, there were small
differences between the verified number and the potential
number in the latest measurements. This is because there are
inevitably false positives in every measurement. Moreover,
the number of verified local irregularities accumulated from
measurement 1 was higher than the potential number detected
from measurements 8 and 9, despite the fact that the potential
number from a single measurement has increased slightly over
time.
In summary, although local irregularities at the three scales
induce different frequency responses in the pan-head acceleration, the same criteria proposed in the approach could
still identify and verify them. The repeating entropy peaks
from multiple measurements assure the existences of local
irregularities and also exclude false alarms that are highly
possible from a single measurement as shown by the abovementioned results.
B. Overall Results
When comparing the results from different scales with
each other, it gives insights into the temporal and spatial
distributions of the detected local irregularities. These patterns

Fig. 15. Distribution and normalized numbers of verified local irregularities
from the three scales with respect to the measurement number.

are important for understanding the differences among the
three scales and thus treating the detection results effectively.
Fig. 15 shows the distribution of the number of verified
local irregularities from the three scales. It can be seen that
the total number increases rapidly starting from measurement 3
and levels off at the end of the inspections. The number from
Scale 3 dominates the distribution of total number, because it
has, by definition, the shortest window length to detect small
defects. The tendency to grow is also mainly contributed by
Scale 3, as the numbers from Scale 1 and Scale 2 became
constant before measurement 9. From another perspective,
the normalized numbers of every scale are shown referring
to the vertical axis on the right. In this way, the slopes
of the increasing numbers can be compared. From measurement 4 to 7, the slopes of the three scales are almost
parallel to each other, even though the differences in number
are huge. This indicates that, with the employed inspection
interval, it requires about seven or eight measurements for
the inspection to reach a state where most of the existing
local irregularities are detected and verified. More importantly,
the detection results at this point can be regarded as a new and
well-established baseline, which can be utilized to reflect and
distinguish the existing and emerging local irregularities. For
the scale 3 specifically, one or two more measurements could
help to reach this state completely.
Fig. 16(a) shows the distribution of verified local irregularities after measurement 9 by position. The positions of anchoring sections are also depicted for comparison. At Scale 1,
three out of four local irregularities are located at or near
the end of an anchoring section, except for the leftmost one.
This indicates a high possibility of defects concerning the
configuration of anchoring. At Scale 2, most local irregularities
are found in the second half of the entire section, which
should be paid more attention to when visiting the field.
As for the ones at Scale 3, the distribution is quite dense
and sporadic along the entire section. To have a closer look
at the distributions, the intervals α and β marked by doubleheaded arrows, both containing local irregularities from the
three scales, are selected. Fig. 16(b) and (c) shows the enlarged
view of both the intervals. In interval α, the local irregularity
at Scale 2 is located at the position of a mast, while the one
in interval β is located in the middle of a span. The causes
could be errors in steady arm configuration or midpoint anchor

Authorized licensed use limited to: TU Delft Library. Downloaded on June 05,2022 at 21:46:08 UTC from IEEE Xplore. Restrictions apply.

3546

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 68, NO. 10, OCTOBER 2019

Fig. 16. (a) Positions of verified local irregularities from the three scales.
The dashed lines show the positions of the ends of anchoring sections.
(b) and (c) Enlarged views of the intervals α and β marked in (a), respectively.
The dotted lines show the positions of masts.

misregulation. In both the intervals, the local irregularities at
Scale 3 still show signs of randomness, as the defects at this
scale, such as contact wire wear and hard point, can also
appear at unpredictable positions.
Overall, the resulting distribution of verified local irregularities over time, as an example, shows the expected outcome
from frequent inspections after a certain period of time,
so that an effective schedule for further actions can be made
accordingly. In the case presented, it takes approximately the
first seven inspections to find most of the existing irregularities
in a railway line and then set a baseline for detecting emerging
irregularities in the future. Meanwhile, the distribution of local
irregularities in position has certain tendencies to converge on
the structural boundaries of catenary, namely the ends of spans
and anchoring sections. For the verified local irregularities
at Scale 1 and Scale 2, which are relatively observable and
have high impacts on the pantograph–catenary interaction, it is
important to set priorities for field visits depending on the
density of irregularities.
V. C ONCLUSION AND F UTURE W ORKS
This paper proposed a new scheme for the local irregularity
detection of catenary in high-speed railways based on the
experimental in situ inspections. The inspections were carried
out in a section of a high-speed line with inspection time intervals shortened from the traditional six months to an average
of 39 days. This helps to explore and achieve eventually the
desired inspection interval of 10 days required by the national
standard [28] for high-speed railway catenaries. To achieve
accurate detections, a preprocessing step is proposed for the
measured pan-head accelerations. The wavelet packet entropy
of the preprocessed pan-head acceleration is employed as the
indicator for identifying and verifying local irregularities with
different scales in length. Analyses showed that, based on
the repeatability of entropies from multiple measurements,
the proposed scheme can detect different scales of local
irregularities that exist in a long railway line. It is simple to

implement in practice while covering almost all types of local
irregularities of the catenary. Furthermore, frequent inspections
are beneficial to the monitoring of catenary in high-speed lines
with emerging needs for condition-based maintenance. The
proposed scheme is adapted and suitable for when frequent
inspections are implemented in the near future.
To further develop the proposed scheme and make it feasible
to cover a network of railway lines, the following can be
considered.
1) The actual causes of early-stage local irregularities are
not easily observable without performing additional field
tests with specialized equipment. This is still an important and ongoing task to relate the detection results with
actions that can be taken to facilitate maintenances.
2) Big data analytics can be applied to the massive
data accumulated for long-term catenary condition
monitoring.
3) The commercial trains performing the inspections and
the inspection frequency should be optimized, considering the existing timetable of trains and the deterioration
rate of catenary in different railway lines.
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