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unprogrammed maintenance and reducing confidence in the reliability of
the structure in question. One way to deal with this problem is to monitor
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accurate condition estimation of the element based on the data collected.
Herein, this paper implements a method to diagnosis and evaluate the
reliability of the bolster beam structure of the railway-vehicle during a
fatigue test. The results show that multidimensional monitoring not only
provides an accurate diagnosis of the element, but also that this technique
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Abstract

Many structural elements are exposed to load conditions that are difficult to model during the design
stage, such as environmental uncertainties, random impacts and overloading amongst others, thus,
increasing unprogrammed maintenance and reducing confidence in the reliability of the structure in
question. One way to deal with this problem is to monitor the structural condition of the element. This
approach requires supervising several signals coming from critical locations and then, performing
an accurate condition estimation of the element based on the data collected. Herein, this paper
implements a method to diagnosis and evaluate the reliability of the bolster beam structure of
the railway-vehicle during a fatigue test. The results show that multidimensional monitoring not
only provides an accurate diagnosis of the element, but also that this technique allows to estimate

reliability correctly.
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Introduction

Nowadays, structural health monitoring (SHM)
is a topic of active research!'. It consist of
the entire process of signal acquisition, signal
processing and computer decision support to plan
maintenance activities of critical elements in order
to increase reliability, availability, maintainability
and security indexes (RAMS)2. SHM deals
with real operational conditions, many of them
difficult to model during the design stage, such
as environmental effects, the alteration of load
conditions during operation, structural fatigue and
random impacts, amongst others®*. This type
of maintenance strategy allows one to estimate
the best time to perform a maintenance task,
thus providing for the availability of qualified
operators, the suited tools for the task and so
forth, overall improving the system to which the
structure belongs>®.

Railway-vehicles in particular, are designed
to operate for at least thirty years, but real-
life conditions present a complex mixture of

alternated loads specific to each railway system’,
such as railway routes, type of vehicles, different
operational schedules and maintenance programs
amongst others. This could result in early wearing
of components, such as cracks and fissures;
requiring frequent corrective maintenance tasks
and also dramatically reducing its life-time,
in terms of operation and reliability®®. These
scenarios get worse if we take into account that
the effort of SHM on railway-vehicle structures
is limited to the bogie, leaving the maintenance
program of the remaining elements mainly
supported by non-destructive tests, avoiding real-
time signal measurements that would otherwise
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diagnose the structure inline!. One of these
components is the bolster beam, which is the main
structure of the carbody and is not a disposable
piece. The diagnosis of a bolster beam consists of
a set of non-destructive tests, such as those that
include magnetic particles, ultrasound, permeable
liquids, amongst others, that would require the
whole train to be taken out of service, thus
decreasing its availability. On the other hand,
regarding fissures, the repair action would be to
hire an expert operator to weld the fissure, whose
level of expertize would depend on the location
and type of weld'""!?. Hence, it is critical for the
maintenance manager to estimate when and where
a fissure will appear.

Although there are several strategies for SHM
reported in the literature'*!4, such as the use of
accelerometers and strain gauges measurements,
acoustic signals, temperature sensors, machine vi-
sion and profile detectors, as far as we know,
there have not been any applications of SHM to
the bolster beam, despite the fact that this is a
critical structure needed for vehicle operation, in
which poor maintenance or incorrect loading can
result in damage to both the infrastructure and
passengers!®>. On the other hand, although full
scale fatigue and fracture requires a huge invest
of time and monetary cost, these studies play an
important role in validating engineering designs.
Notwithstanding the existence of analytical mod-
els and computational tools, this test provides
the only reliable tool available to solve complex
behaviours '°.

Considering this issues, Universidad EAFIT
designed and produced a new bolster beam
element!” to which we performed a destructive
fatigue test, simulating extreme starts and stops
with loads and thereafter conducting a health
monitoring strategy based on multidimensional
monitoring. It allows not only for a complete
diagnosis of the system, but also to estimate the
reliability of the element, highlighting the first
region to fail.

Bearing these ideas in mind, the rest of
the article is organized as follows: Materials
and Methods explains the experimental setup
and methods used; Results presents the results
obtained with the proposed method, Discussion
discuses the main results; and finally Conclusions
introduces the main conclusions of this study.

Materials and Methods

This study concerned to passenger vehicles similar
in geometry and design to the ET420 trains set,
e.g., Munich S-Bahn and Metro de Medellin ‘8.
In particular, the bolster beam is the structural
element that supports the loads coming from the
carbody and transmits to it to the bogie movement
through the pivot at interface element, as is
presented in Fig. 1. Universidad EAFIT designed
a new bolster beam®!” and performed a fatigue
test applying critical loads at the pivot, simulating
impacts between bogie and the pivot, as reported
by railroad operator.

Experimental Set-up

A database of stress signal at fifteen points were
constructed during a fatigue test of a bolster beam
designed by Universidad EAFIT. In the following
subsections, the experimental setup is explained
in detail, firstly, introducing the product test
laboratory of Universidad EAFIT and secondly,
introducing the sensors placed at the element.

Product Test Laboratory The load test was
performed using the Product Test Laboratory of
Universidad EAFIT. It is made up of four systems,
as demonstrated in Fig. 2:

1. Reaction structure. This supports the loads
applied to the bolster beam. It consist of a
reaction frame that allows the actuators to be
placed in several configurations, a reaction
wall and underframe, that permit the element
of interest to be placed according to test
protocol.

2. Power system. It is composed of the set
of elements required to transmit loads to
the test element, mainly a 6CTAAS8.3-G1
Cummins® Motor, three Shore-Western®
922.5E actuators designed to apply 102 kN
at tension and at 167 kN compression, two
Shore-Western® 927E actuators designed to
apply 995 kN and 1500 kN at tension and
compression respectively .

3. Control system. The power system is
governed by a SC6000 controller system,
an industrial computer running a software
specifically designed for this purpose by the
Shore Western® company 2.

4. Monitoring system. The laboratory includes
HBM® MGCPIlus equipment configured
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(a) Location of the bolster beam and the elements in its surroundings. (b) The system’s energy processor model.

Figure 1. Railway-vehicle components. The bolster beam supports loads coming from the carbody and also from the bogie

through the pivot as interface element.
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Figure 2. Diagram of conformation of the test laboratory at testing a particular element. There are four interacting systems: the

reaction, power, control and monitoring systems.

with 5 AP815 cards devoted to dealing bolster beam Instrumentation The bolster beam
with strain gauges signals and two AP801S6 instrumented corresponds to the element patented
cards that acquire signals coming from in!’. Three different types of sensors were located

accelerometer transducers.
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Figure 3. Location of sensors on the bolster beam.

along the bolster beam as presented in Fig 3,
namely:

e Thirteen triaxial strain gauges (reference
K-RY8-3-45-120-0), one located on the
underframe of the structure (DEBT), and the
rest symmetrically at the left and right sides
of the bolster beam on the crossbars at the
front and rear(DEL{D,T}), at the top surface
of the bolster-beam, close to the weld that
joins it with the crossbars at front and rear
location (DETL{D,T}); at the frontal and
rear surfaces of the bolster beam close to
the welds that join it with the underframe
(DETL{D,T});

e Two uniaxial strain gauges (reference HBW-
35-125-6-3VR) located at the pivot of the
bolster-beam, specifically placed to acquire
signals from longitudinal (DEPLT) and
transverse (DEPT) deformations;

e Three triaxial accelerometers (reference
KISTLER® 8393 A K-BEAM), located at
the top surface of the bolster beam on the
front left side (ACTID_I), rear right side
(ACTIT_D) and over the pivot (ACP);

e Two triaxial accelerometers (reference
Brﬁel&Kja:r® DeltaTron 4524), located on
the top surface of the bolster beam at rear
left side (ACTIT_I) and the front right side
(ACTID_D).

Methods

The method followed during this study consisted
of analyzing data coming from a fatigue test
performed over the bolster beam of a railway-
vehicle. Strain signal was combined in each
point of the analysis yielding to the current
stress supported by the structure. Several indexes

of failure were extracted and several Symptom
Observation Matrices (SOMs) were constructed
for each point of analysis and then followed cycle
by cycle.

This data is the result of the condition of
the structural element after a certain number
of cycles, allowing for decisions to be taken
regarding elements that are currently placed in
vehicles. The method overview is presented in
Fig. 4. Firstly, stress signals from several different
points were extracted from critical regions of the
bolster. Secondly, those signals were preprocessed
and thereafter transformed in stress estimations.
Thirdly, several condition indexes were extracted
and a SOM per signal was constructed. Finally,
SOMs were used to perform diagnosis and
prognosis of the structure.

Fatigue Test The fatigue test protocol consist of
a sinusoidal load of 64.8 kN at the guide-rode
gripper (Fp,, ) at 1 Hz, simulating critical starts
and stops of the bogie, and a load of 214.04
kN placed at the contact with the bogie limits
(Fp,,) at 1 Hz in phase with Fp . due to the
bodycar inertia when the vehicle is full loaded.
Load locations and implementation is presented in
Fig. 5.

Data coming from sensors were acquired at a
sample rate of 300 Hz in parallel for all signals and
stored using Catman® proprietary format using 61
channels including one pulse of synchronization
between the SC6000 controller and the MGCPlus
device. The test stopped after 3180 cycles when
cracks at the pivot were evident.

Signal processing and analysis Before begin-
ning the fatigue test one minute of signals was
recorded in order to establish the value of each
deformation without the signals being deformed
from the pressure of loads. The average of each
channel was subtracted from the signals acquired
during the test. Principal stresses at critical regions
in places where triaxial strain gauges were used
were computed as in’!. In the following equation,
let E’ be the Young modulus, v the Poisson mod-
ulus, ¢, the strain parallel to longitudinal loads, ¢,
the strain at 45° of the longitudinal loads and ¢ the
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Figure 4. Method Overview. A fatigue test was performed evaluating extreme start and stop loads of the railway vehicle. Data
coming from several sensors were recorded, preprocesed and analyzed to obtain stresses at critical places of the structure. Several
indexes of condition were extracted and selected, reducing their redundancy. A SOM was thus constructed. Finally, structural
diagnosis and its reliability across time were computed.

(a) Load hypothesis (b) Implementation at the Product Test Laboratory

Figure 5. Configuration of Fatigue Test. Two loads were applied over the pivot simulating critical starts and stops: 1) road grid load
over the pivot and 2) contact between pivot and the bogie longitudinal limits.

transverse strain: of them are significant to estimate the system’s
E e te condition.; signals coming from the ejlen.lent copld

o= - present high redundancy, unnecessarily increasing
L~ 5 - the computational effort. To select meaningful

\/ (€a — €)% + (€. — €)%, (1) symptoms, each symptom, S;, was normalized by
2(1+v) subtracting and dividing by its initial value, Sy, as

Statistical moments of a one-second window suggested in>:
were then extracted as descriptors of each stress
signal, namely??: average (u), standard deviation
(std), skewness (sk), kurtosis (kurt), root mean
square (rms), crest factor (c¢f), and Fourier
coefficients, as defined in Tab. 1.

Symptoms selection Notwithstanding, a huge S,

Si =

number of signals taken does not mean that all S, -1, )

http://mc.manuscriptcentral.com/JRRT

Prepared using sagej.cls



Page 7 of 12

©CoO~NOUTA,WNPE

Journal of Rail and Rapid Transit

6

Journal Title XX(X)

Table 1. Definition of Symptoms. Regarding the Fourier transform, only the coefficients that correspond to {0,1,2,3,4} Hz were

used.

Symptom

Definition

Average ()
Standard deviation (o)

Skewness (sk)
Kurtosis (kurt)

Root Mean Square (rms)

Crest factor (cf)
Fourier transform amplitude (|§{x}|)

n= % 25:1 Tn
N
o=/% Lo (@n — p)?
sk = & 0 (@ —p)®
(w1 E]\J?Vzl(zn—ﬂzf)
1
N n=1(Tn—p)
kurt = M =n=1vm 77
(F =i @n=w?)’
/1 N .
N anl 1%
Cf — |-7"pcak

7‘77%5
{x}, = Zilzo Tne N

3/2

rms =

g

rj=v-1

the dependency amongst symptoms s; and s; was
then computed using the Pearson coefficient of
correlation as:

N
Sm' - Ms; Sn - Ms;
Fapa, = Zn:1( 2 z)( i M J). 3)

Nos, Os;

The most correlated symptom is selected as
representative of all those symptons that obtain
correlations higher than a threshold of 0.6. A new
subset of symptoms is created with the remain
symptoms and the process is performed repeatedly
until each symptom is represented.

Multidimensional Condition Monitoring Multidi-
mensional condition monitoring is based on the
holistic modeling>#?, representing the element as
an open system using two resolutions of time:
the high resolution one, ¢, in which the element
has a particular signature in the signals coming
from it, where the system is considered instantly
time-invariant, and the life-time (low resolution) 6
which correspond to observations where the sys-
tem could be considered time-variant; hence, if the
system wears during operation, signals observed at
time 0; must differ from others observed at 0. It
means that the system varies its efficiency over its
life-time.

Herein, the symptoms matrix was constructed
using the symptoms as columns of the SOM matrix

(0) selected above, with each observation (6)
taken every 100 cycles, as in:

Oy, Odys, Ooy s, Oo, 515
092751 002,52 092,53 002,512
o : : :
pT
Oo,.5, 0g,.5 Oa,s; Oy,
Ooy.s1 Oo,5, Oo, s, Oby 512
“4)

N being the total number of observations.
A way to decompose the SOM into linear
combination of spaces is to perform a singular
value decomposition (SVD)?%?7, which allows for
the generation of an index of failure (¥) w.r.t an
orthonormal symptom space (U), formally:

Op =U,, %, V]

T

)
U and V" are unitary matrices and X is a diagonal
matrix composed of non-negative numbers. Thus,
symptoms of damage (SD) were computed as:

SDi(e) = Xy, (6)

hence, the system damage at time-life 6 is
computed as the sum of all symptoms of damage,
formally:

SD(f) = XZ: |SDi(0)| = izii ui(0). (D)

Moreover, as U is an orthonormal space, the
diagonal of ¥ governs the contribution of each
vector to the symptom damage matrix, therefore,
it is possible to use this information to construct
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another index of general damage summing up the
contribution of each vector as:

DS(0) = Z 24 (0)]. ®)

Symptom Reliability The holistic modeling ap-
proach suggests that there is a finite quantity of
energy that the system could dissipate before it
must get out of service, defining the energy of the
system as the sum of the absolute value of the
singular values?3. It allows for the reinterpretation
of the damage occurred during the lifetime of
the element as the quotient between the current
observed symptoms (6(.S)) and the limit allowed
of the symptom in which the machine is not safe
to work (6;):

0,(S) > 0(S). (9

Hence it is considered that the system will
not continue in operation after reaching the limit
6, and hence 0 < D(S) < 1. On the other hand,
reliability (R) is defined as the probability of
a system to perform its task correctly, i.e., the
system is operating below 6,(D), hence, reliability
is redefined as:

0(S)
60,(5)

R(S) = =1-D(9). (10)

Typically, this limit is computed using a
statistical test that measures the mean life of
several elements with similar properties. However,
in many cases it is not possible to get access to this
information, due to a lack of specimens to test, a
high variability in components and in the welding
process itself (a huge number of specimens are
indeed required). In this cases, it is preferable to
adjust an ad hoc bound based on the reliability
itself. Herein, we use the approach proposed in?%,
whose metric includes the desired availability P,
and the permissible probability of needless repair
to avoid malfunctions:

A
R(S) = = 11
( l) Pga ( )
the ratio A/P, =0.1 representing the design
rule?.

Results

Table 2 introduce the symptoms selected by the
redundancy reduction algorithm, based on the
Pearson correlation coefficient. The symptoms are
ranked according to their correlation with the
remaining ones.

Figure 6 presents the generalized fault evolu-
tion. Figure 6(a) presents the evolution of the
||SD;||, which is equal to the singular value of
the corresponding vector. The evolution of each
generalized fault presents a monotonic behavior.
The generalized fault profile DS evolution is in-
troduced in Fig. 6(b), and is used as a measure of
the overall condition of the system.

Figure 7 introduces the composition of the gen-
eralized failures SD; and SDs, being the most
relevant in the construction of the overall condition
estimator, D.S. The contribution to each general-
ized fault was computed via the covariance matrix
and normalized using its internal variability. In all
cases, the main coefficient was related to the sensor
closer to the location where a crack appeared and
also in the direction of load application (DEPLT).
The second most relevant coefficient was related to
the sensor DETLD_D, which is closer to the sec-
ond weld that supports more stress in the bolster
beam structure.

Figure 8 introduces the reliability symptom
curve computed from the DS normalized by its
first non-zero value. Using this curve and the
reliability limit proposed above, the system could
be safely used for a duration of 2000 cycles;
after that, a maintenance task must be required.
This result is coherent with the actual behavior of
the couple pivot/bolster beam tested, as the pivot
presented a crack after cycle number 2490.

Discussion

Structural monitoring deals with real conditions
that are difficult to model during the design
stage and also allows for the implementation of
maintenance strategies for each specific device.
This is a technique well suited for those structures
that cannot withstand invasive or destructive tests.
Also it is reported that continuously monitoring
critical structures allows for a reduction in the
cost of maintenance task, as the are addressed to
the particular requirements of a specific structure,
rather than a general policy based on periodic

maintenance .
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Table 2. Symptoms selected after reduce their correlation. The closest sensor to the failure is presented in bold.

Symptom Number  Sensor Location  Feature

DETLT_D Fourier coefficient at 4 Hz
DETLD_D Skewness

DEBT Skewness

DETLT_D Fourier coefficient at 0 Hz
DETLT_I Root Mean Square
DETLD_D Fourier coefficient at 4 Hz
DELD_D Standard Deviation
DEPLT Fourier coefficient at 1 Hz
DETIT_D Kurtosis

13 10 DETLT_|I Kurtosis

14 11 DETLT_I Crest Factor

15 12 DETID_D Skewness
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Figure 8. Symptom reliability. Accordingly to this graph, the system reaches 0.1 reliability after 2000 cycles of operation. The pivot

of the bolster beam broke-down after 2490 cycles.

Currently, maintenance of the carbody structure
is based on non-destructive tests, following
a periodic inspection strategy. In this cases,
the entire train is taken out of operation to
perform the inspection, reducing its availability.
Particularly, Schlake et al. recently proposed a
method based on computer vision to identify
fissures in the structure’. Despite the fact that
it monitors the entire underframe structure, the
failure must be visible by the naked eye and also,
it does not directly instruct a maintenance task
recommendation until it requires a corrective task
to be undertaken. The method proposed herein to
monitor the bolster beam not only estimates the
current condition of the system, but also takes into
account the history of the condition to construct
a reliability function to guide the maintenance
program.

Reliability is typically computed based on the
time to the point of failure measured by a set of
similar devices*. The inner variability in material
composition, sensor sensitivity, low repeatability
to perform welds and other such factors are all
taken into account. The approach taken herein
explodes the information coming from the history
of a particular device and creates a specific
reliability, reducing those uncertainties.

The method proposed differs from machine
learning methods as they learns from examples,
an action that limits the type of identifiable
failures'*2. The proposed method estimate the

current reliability of the system based in several
lowly-correlated symptoms and also finds the
source of data that contributes the most to
condition variation. Finally, the method explored
in this article relates condition evolution with
system reliability. Typically, to compute the
reliability associated with a machine, it is
necessary to measure the lifetime of a statistical
significant number of similar devices*. On the
contrary, the method used herein takes advantage
of all the measurements performed in a particular
system to the current reliability. It allows for a
function to be fit over the reliability curve and
predicts the best time to perform a maintenance
task.

Conclusions

This study presented the application of multidi-
mensional monitoring to SHM, particularly con-
cerning the bolster beam of a railway vehicle.
The method is sensible to input signals, hence
it was necessary to develop a strategy to reduce
redundancy amongst symptoms, which consisted
of a recursive algorithm based on the Pearson cor-
relation coefficient. Multidimensional monitoring
allowed for the combination of signals coming
from several locations in the bolster beam and
generated a single index to evaluate the entire
system, which is directly related to its reliability.
The technique not only recommended performing
a maintenance task 490 cycles before the system
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failed, but also accurately located the region of the
failure.
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