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Abstract
The problem of fault detection in railway vehicle suspension systems via random vibration signals under
varying operating conditions, presently payload, is considered. The focus is on exploring the performance
limits for small, incipient, faults, while maintaining low false alarm rates despite significant variations in the
payload. The study is based on a recently introduced Functional Model (FM) method for robust fault de-
tection and Monte Carlo simulations. Comparisons with an alternative state-of-the-art Principal Component
Analysis based method are also made. The results indicate that the FM method, based on just two car body
sensors and a narrow (0-40 Hz) frequency bandwidth, achieves very high to excellent detection performance
for primary and certain secondary suspension faults, yet inadequate for certain small magnitude (5% to 20%
reduction in suspension element properties) faults in the secondary suspension. The detection performance
is significantly degraded when the PCA based method is employed.

1 Introduction

Railway vehicle safety is of paramount importance, with subsystems such as the suspension, wheels, and
rail being of critical importance. This has led to significant research efforts over the past several years [1]-
[13]. A significant part of work has focused on vibration based methods [10]-[13] which are attractive due
to a number of advantages, including the wide availability of sensors and related equipment and their global
nature; the latter referring to the capability of the methods to detect faults that are relatively ‘remote’ to
the sensor location [14]. This characteristic is particularly important as it implies that fault detection on a
vehicle may be potentially based on a low number of vibration sensors; a highly desirable feature leading to
monitoring / diagnosis system simplicity and low installation and maintenance costs.

Vibration based fault detection in railway vehicle suspension has been considered via various methods within
two main categories: Model-based and the data-based [2]. Methods of the first category utilize physics-based
models and are mainly employed when the relationship between the excitation and response signals, obtained
from the vehicle, is known, with detection often achieved via evaluation and monitoring of a sensitive to fault
residual sequence [3]. ‘Typical’ methods within this category employ the Kalman Filter (KF) [4] - within a
linear framework - or the Extended Kalman Filter (EKF) [5] - within a nonlinear framework. The obtained
results indicate high effective, although in practice building highly accurate physics-based suspension models
may be difficult and certain parameters may be unavailable. Furthermore, the accuracy of such methods may
depend on various additional factors, including state vector initialization and EKF convergence [10].

Data-based methods are also useful, as no physic based models are required. These utilize random vibration
response signals acquired on the vehicle, with the basic principle being that any fault will affect the vehicle
dynamics and this may be detected on the measured response signals. The key thus is on the proper analysis
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of the measured signals and the extraction and monitoring of signal ‘features’ that are sensitive to faults [2].
This processing may include time-domain (such as Principal Component Analysis, PCA, Canonical Variate
Analysis, CVA) [6]), frequency-domain [7], time-frequency [8] or correlation analysis (cross correlation of
two signals at different locations on the vehicle) [9].

Methods from both categories have been developed and tested via simulations with faults corresponding to
20% or higher reduction in the properties (such as stiffness or damping) of selected suspension elements
mainly without considering uncertainty factors, such as a varying payload.

Yet, from a practical viewpoint, the introduction of an effective monitoring / diagnosis system is subject
to two main requirements: (a) high detection performance for small, incipient, faults, and (b) robustness
to varying operating conditions. The latter are due to a number of factors, including payload (number of
carried passengers or luggage), travel speed, rail quality and so on. Meeting these requirements is a major
challenge, especially as the two seem contradictory because increasing the detection sensitivity generally
leads to reduced robustness. Essentially, this means that the monitoring / diagnosis system design has to be
based on a proper trade off between a high ‘detection rate’ and a low ‘false alarm rate’.

Although these issues have not yet been seriously dealt with within the context of fault detection for rail-
way suspension systems, it is important to mention that the issue of robustness to varying operating and
environmental conditions has received significant attention within the broader context of Structural Health
Monitoring (SHM). The available methods may be classified in a number of categories. In a first category,
the effects of varying conditions on the healthy dynamics may be explicitly modeled, and thus accounted for
when fault detection is performed [15]; yet this presumes that the varying operating and environmental con-
ditions are measurable. In a second category, the effects of varying operating and environmental conditions
on the healthy dynamics are fully modeled using proper stochastic representations, such as Random Coef-
ficient (RC) stochastic models [16] or Multiple Model (MM) representations [17, 18], so that discrepancies
from these may be associated with the presence of fault or damage [17, 19]; this presumes the availability
of a high number of signals/experiments for proper model construction. In a third category, the effects of
varying operating and environmental conditions on the healthy dynamics are attempted to be removed using
techniques such as Principal Component Analysis (PCA) on proper feature spaces, thus resulting in a ‘re-
duced’ representations of the part of the healthy dynamics which are not significantly affected by the varying
conditions, but may be affected by the presence of faults [20]; this risks reducing the fault detection perfor-
mance, while a high number of signals/experiments for constructing the ‘reduced’ representation is typically
required.

The goal of the present study is the exploration of the potential for simultaneous satisfaction of the two main
requirements via an innovative Functional Model (FM) based method recently introduced by the authors and
co-workers [21]. More specifically the paper aims at exploring, through the FM based method, the following
objectives:

(a) Potential achievement of high detection rate for small, incipient, faults.

(b) Potential achievement of low false alarm rate despite significant changes in the vehicle operating
conditions, presently varying payload (number of carried passengers or luggage).

(c) Potential achievement of the above with a minimal number of sensors (only two are considered) and
a very limited measurement bandwidth (0 − 40 Hz). The importance of the first constraint is obvious,
while that of the second relates to practical operation of the monitoring / diagnosis system under normal
operating conditions with the excitation being provided by the rail within a limited frequency bandwidth.

The study is based on the conjecture that the Functional Model (FM) method for robust fault detection is
in a position to potentially meet the above objectives as it is, by construction, capable of distinguishing the
effects of varying operating conditions from those of faults, while operating with a low number of sensors,
and achieving high detection sensitivity. This is due to the fact that high quality, data based, parametric
stochastic models describing only the partial dynamics (hence operating with a low number of sensors) are
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used, with the model parameters selected as the fault sensitive features; these are indeed known to have high
sensitivity to incipient faults [22, 23].

The Functional Model based method for robust fault detection belongs to the wider family of FM based
methods, introduced over the past several years mainly for fault/damage localization and magnitude estima-
tion; the reader is referred to [14, 24, 25] and references therein. Its formulation for robust fault detection
is nevertheless new, as it was first presented in [21] in a context similar to that of the present paper, with
certain preliminary (demonstration) results presented, and subsequently on a damage detection problem for
a composite beam in [26]. The present study constitutes a follow up of [21], going into more depth on the
method and its interpretation, as well as on the particular application problem on which further issues and
fault scenarios are considered, and the performance limits are explicitly explored. In addition, an interesting
comparison with a PCA based method is presently made.

The rest of the paper is organized as follows: The railway suspension robust fault detection problem, along
with the model, the faults and the experiments, are presented in Section 2. The Functional Model based
method for robust fault detection is presented in Section 3, and the fault detection results, along with the
comparison with the PCA based method, are presented in Section 4. Concluding remarks are finally summa-
rized in Section 5.

2 The railway suspension robust fault detection problem

2.1 The railway vehicle suspension model

The railway suspension model employed is depicted in Figure 1. It consists of the car body, two bogie
frames, four wheelsets, and the primary and secondary suspensions. It is a 9 degrees-of-freedom model that
includes the following variables: bounce z, pitch φ, and roll θ for the car body and the two bogies (leading
and trailing) describing the vertical dynamic behavior of the vehicle. The car body is connected to the two
bogies, located at its front and rear ends, through secondary suspensions, while each bogie is connected to
two wheelsets (modeled as massless point followers) through primary suspensions. The car and the bogies
are modeled as rigid bodies. The primary and secondary suspensions are modeled by linear springs and
viscous dampers with stiffness and damping constants Kp, Cp (primary suspension) and Ks, Cs (secondary
suspension).

The vehicle is assumed to travel on a straight track at constant speed, with symmetrical loading of the two
rails, and no wheel lift. Displacements in the lateral direction are assumed negligible. The model is excited
by the track irregularity, which acts on subsequent wheelsets with specific time delays related to the vehicle
traveling speed (further details in [21]). Vertical vibration acceleration responses are measured at points Y 1
and Y 2 (blue solid circles in Figure 1).

2.2 The faults and the variable operating conditions

Four fault scenarios are considered for the suspension elements shown in red in Figure 1:

◦ The first fault scenario corresponds to stiffness reduction (of various values) in the primary suspension’s
stiffness (right rail, first wheelset; Kp1).

◦ The second fault scenario corresponds to stiffness reduction (of various values) in the secondary sus-
pension’s leading airspring Ksl (right rail).

◦ The third fault scenario corresponds to damping reduction (of various values) in the primary suspen-
sion’s damping coefficient (right rail, first wheelset; Cp1).

STRUCTURAL HEALTH MONITORING 3695



Figure 1: The railway vehicle suspension model employed. The blue solid circles represent accelerometer
positions, while the suspension elements subject to fault are indicated in red.

◦ The fourth fault scenario corresponds to damping reduction (of various values) in the secondary sus-
pension’s leading airspring Csl (right rail).

The first two scenarios physically correspond to coil spring softening due to wear and/or aging of the coils and
to loss of air (softening) from the secondary air chamber (airsping) due to a malfunction or due to changes
in the environmental temperature that may lead to airspring softening or stiffening (air expansion at high
temperatures). The last two, corresponding to damping characteristics, are related to damper degradation
because of oil leakage due to wear on their seals or loosening of their mounting on the vehicle.

Faults within each scenario are designated as F e,p1λ , F e,slλ , F d,p1λ , and F d,slλ , respectively. In all cases λ
designates fault magnitude (reduction percentage from the nominal value), with the magnitudes considered
being λ = [5, 10, 20, 30]%. It is noted that the first two magnitudes are quite small compared to those used
in the literature, with the objective being the exploration of their detectability under varying payload. A
summary of the fault scenarios is provided in Table 1.

As already mentioned, the variable operating condition refers to the payload, that is car body mass increase,
due to passengers and/or luggage. Values of k ∈ [0, 10]%, corresponding to [0 − 3 280.4] kg, are presently
considered. Payload increase is assumed to be non-measurable under normal operation, that is when the
diagnostic system is functioning (inspection phase). Yet, it is assumed that controlled experiments with
measurable payloads may be performed once, during the method’s baseline (training) phase.

2.3 The Monte Carlo experiments and the vibration signals

Vertical vibration acceleration responses are obtained at points Y 1 and Y 2 (Figure 1) using track irregularity
displacement presently approximated by zero-mean Gaussian white noise. The employed travel speed is 70
km/h.
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Fault Mode Description
F e,p1λ Primary suspension, first wheelset, right rail coil spring stiffness reduction
F e,slλ Secondary suspension, leading bogie, right rail airspring stiffness reduction
F d,p1λ Primary suspension, first wheelset, right rail damping coefficient reduction
F d,slλ Secondary suspension, leading bogie, right rail damping coefficient reduction

Table 1: The considered fault scenarios (λ designates the fault magnitude, that is percentage of the reduction).

Simulation is based on MATLAB’s lsim function at a high initial sample rate of f inits =3 200 Hz, sub-
sequent low-pass filtering to 40 Hz through a Chebyshev II digital filter of order 12 and re-sampling at
fs = 80 Hz. The final signals have frequency bandwidth in the 0 − 40 Hz range; also see Table 2. Prior
to processing, each signal is sample mean corrected and normalized to unit sample variance (division by its
own sample standard deviation).

Monte Carlo simulation experiments are performed with the healthy system under 11 operating conditions
(payload increase k ∈ [0, 10]% with a step of 1%) in the baseline (training) phase of the method. Also,
with the healthy and faulty system under each fault scenario and magnitude (λ = [5, 10, 20, 30]% reduction)
and 21 operating conditions (payload increase k ∈ [0, 10]% with a step of 0.5%) in the normal operation
(inspection) phase of the method; notice that 10 of these conditions are not included in the baseline phase.
Further details and the total number of experiments performed in each phase are provided in Table 2. As is
evident, fault detection performance is to be based on thousands of experiments (test cases) in the inspection
phase of the method.

Baseline (learning) phase
Healthy 1 experiment per payload Total no. of experiments
System Payload increase k ∈ [0, 10]% with a step of 1% 11

Inspection (diagnosis) phase
Healthy 50 experiments per payload Total no. of experiments

System (H) Payload increase k ∈ [0, 10]% with a step of 0.5% 1 050
Faulty 50 experiments per payload under each λ Total no. of experiments per fault
System Fault magnitude: λ = 5, 10, 20, 30% scenario: 4 200

(F i,p1λ , F i,slλ ) Payload increase k ∈ [0, 10]% with a step of 0.5% (1 050 experiments per λ)
Signal bandwidth 0− 40 Hz; sampling frequency fs = 80 Hz; signal length N = 8 000 samples (112 s)

Table 2: Details on the Monte Carlo experiments (baseline and inspection phases).

2.4 Effects of the faults and the variable operating conditions on the estimated
dynamics

As vibration based methods rely on detecting the effects of faults on the considered dynamics, these are of
obvious importance on potential fault detectability. In the present case, due to the impracticality of measuring
the track irregularity, the dynamics considered are limited to the Transmittance Function (TF) [18] between
points Y 1 and Y 2, that is the relationship between the vibration signals at the two measurement points
(Y 2 taken as input and Y 1 as output; see Figure 1). Indicative Transmittance Function non-parametric
estimates1, are presented in Figure 2 for ‘small’ (λ = 5%) and ‘large’ magnitude (λ = 30%) faults, under
varying operating conditions (k = 0− 10% payload increase) for each case.

The results indicate that the effects of the ‘small’ magnitude faults on the dynamics are rather limited, but
more pronounced for their ‘large’ magnitude counterparts, for instance in the [4-7] Hz and [21-24] Hz
ranges. Based on these observations the detection of ‘small’ faults is expected particularly challenging.

1Obtained by the Welch method [27, pp. 186-187]; Hamming windowing, segment length of 1 024 samples, 95% overlap,
frequency resolution δf = 0.07Hz, MATLAB function tfestimate.m.
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Figure 2: Effects of ‘small’ (λ = 5%) and ‘large’ magnitude (λ = 30%) fault on the dynamics: Trans-
mittance Function magnitude (points Y 2, Y 1) for healthy and faulty dynamics under varying operating
conditions: (a) Primary stiffness Kp1 fault (λ = 5%), (b) secondary damping Csl fault (λ = 5%), (c) Pri-
mary stiffness Kp1 fault (λ = 30%), (d) secondary damping Csl fault (λ = 30%). (10 excitation-response
pair signals per payload for payload values k = 0− 10% with a step of 0.5%; 210 curves per system health
state.)

3 The stochastic Functional Model based method for robust fault de-
tection

3.1 The concept

As already mentioned, since the rail induced excitations are not practically measurable, the method is solely
based on random vibration acceleration response signals; presently just the responses at points Y 1 and Y 2
are considered in order to satisfy the objective of a low number of sensors. Of course, this severely limits the
dynamics on which the method is to operate, rendering the problem more challenging2.

The method’s main idea is based on representing the considered (partial) dynamics under any operating con-
dition in a proper ‘feature’ space, within which the healthy system state should, under all possible operating
conditions (payloads), be represented via a certain subspace, referred to as the ‘healthy subspace’. Para-
metric representations of the dynamics, in the form of stochastic data-based AutoRegressive models with
eXogenous (ARX) are selected, with the ‘features’ chosen to be the model’s AR/X parameters; this selection
being motivated by their high sensitivity to faults. The ‘healthy subspace’ is constructed in the baseline
(training) phase of the method, using controlled experiments with the healthy system, in which the operating
conditions (payload) are measurable. This is accomplished via an ARX type Functional Model (FM), which
is capable of representing the healthy dynamics under any operating conditions. This model’s parameters
are functions of a number of independent scalar scheduling variables, each one representing a certain aspect

2It is clear that the use of additional sensors would include additional dynamics and facilitate fault detection.
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Figure 3: Schematic representation of the concept of the Functional Model based method for robust fault
detection.

of the operating conditions; in the present study only the payload is varying, hence a single scheduling vari-
able suffices. The model’s functional parameters then define the ‘healthy subspace’ in the feature space, of
dimensionality equal to the number of scheduling variables (that is independent variability sources); being
unity in the present case.

In the method’s normal operation (inspection phase), when the system is under an unknown health state and
any (unknown) operating condition, a fresh vibration response signal pair is obtained (say xu, yu), based on
which fault detection is to be achieved. Detection is to be conceptually based on whether or not the point
representing the current system dynamics in the feature space resides or not in the ‘healthy subspace’. In the
affirmative case the current system is to be declared as healthy, else as faulty. Mathematically examining this
‘residence’ condition may be a bit tricky due to unavoidable estimation errors incurring in both the baseline
and inspection phases (that is both the ‘healthy subspace’ and the current point). A convenient approach for
examining it, and making a decision, is based on determining a specific conventional ARX model within
the ‘healthy subspace’ that ‘best’ corresponds to the current dynamics, and then examining its validity. If
valid, this model constitutes an appropriate representation of the current dynamics, implying that the current
system is healthy; otherwise there is no appropriate representation of the current dynamics residing within
the ‘healthy subspace’, implying that the current system is faulty. A simple schematic representation of this
concept is provided in Figure 3 using a simplified 3D feature space consisting of three model parameters
(a1, a2, a3).

An important advantage of the method is that measurement of the operating condition variable(s) (presently
the payload) is not required during inspection. Yet, it presupposes a deterministic cause-and-effect rela-
tionship between the variable operating condition variable(s) and the system dynamics. The number of
independent variability sources (thus the ‘healthy subspace’ dimensionality) may be determined based on
physical understanding or via data analysis.

3.2 The methodology

(a) The baseline (learning) phase

The Functional Model employed to represent the healthy (partial) dynamics under any operating condition is
a Functionally Pooled AutoRegressive model with eXogenous excitation (FP-ARX) model of orders na, nb
[28]:

yk[t] +

na∑

i=1

ai(k) · yk[t− i] =
nb∑

i=0

bi(k) · xk[t− i] + ek[t] (1a)
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ek[t] ∼ NID
(
0, σ2e(k)

)
ek1 [t], ek2 [t] : potentially correlated at time t, for any values of k1, k2 (1b)

ai(k) :=

p∑

j=1

ai,j ·Gj(k), bi(k) :=

p∑

j=1

bi,j ·Gj(k) (1c)

with k designating the operating condition (scheduling) variable (presently the payload)3, xk[t], yk[t] the
excitation and response signals (presently the two response signals), respectively, under operating condition
k, and ek[t] the corresponding innovations signal assumed to be zero-mean and white (serially uncorrelated)
with variance σ2e(k) and uncorrelated with xk[t]. Notice that the signals may be cross-correlated with their
counterparts corresponding to different operating conditions (different k’s). t = 1, 2, 3, . . . designates nor-
malized (by the sampling period) discrete time, ai(k), bi(k) the i − th AR and X parameter, respectively,
while NID stands for Normally Independently Distributed.

As indicated by Eq. (1c), the AR and X parameters are modeled as explicit functions of k by using a p-
dimensional functional subspace spanned by the (mutually independent) functionsG1(k), G2(k), . . . , Gp(k)
(functional basis). The constants ai,j and bi,j designate the AR and X coefficients of projection, respectively.
The model of Eq. (1a) is referred to as an FP-ARX model of orders na, nb and functional subspace dimen-
sionality p, designated as FP-ARX(na, nb)p model.

Such an FP-ARX(na, nb)p model may be identified based onM excitation-response signal pairs, (xk[t], yk[t])
k ∈ {k1, . . . , kM}, corresponding to sample values k = k1, k2, . . . , kM , of the operating condition variable
k, with each signal beingN samples long. Estimation of the AR/X projection coefficients and the innovations
variance may be achieved via various methods, including Ordinary Least Squares, Weighted Least Squares,
and Maximum Likelihood [28]. The model orders and the subspace functional basis may be selected via a
proper version of the Bayesian Information Criterion (BIC); details are provided in [28].

(b) The inspection (diagnosis) phase

Fault detection is achieved based on a current (fresh) signal pair (xu[t], yu[t]) corresponding to non-measurable
operating conditions (unknown value of k). Towards this end the ‘consistency’ of the current signal pair with
the FP-ARX model needs to be examined, which is equivalent to examining whether or not the current point
in the feature space ‘resides’ within the ‘healthy subspace’. As previously explained, this is achieved by
determining a specific conventional ARX model within the ‘healthy subspace’ that ‘best’ corresponds to the
current dynamics (as expressed by the corresponding signals), and then examining its validity.

Thus, given the current signal pair (xu[t], yu[t]), a conventional ARX model is estimated from within the
‘healthy subspace’, that is from within the previously obtained FP-ARX model. This is achieved by estimat-
ing the value of the scheduling variable k as follows4:

k̂ = argmin
k

N∑

t=1

e2[t, k] (2)

where e[t, k] is the FP-ARX model residual sequence corresponding to the current signal pair and argmin
designating minimizing argument. Due to the non-quadratic dependence of the cost function on k, estimation
is based on non-linear optimization, with golden search with parabolic interpolation [29] presently employed.
The estimator k̂ may be shown [14] to be asymptotically Gaussian distributed, with mean equal to its true
counterpart and variance coinciding with that of the Cramer-Rao lower bound, that is k̂ ∼ N (k, σ2

k̂
).

The ARX model within the ‘healthy subspace’ is that obtained from the FP-ARX model of Eq. (1a) for the
obtained estimate of k. Its innovations variance may be then estimated as:

σ̂2e(k̂) =
1

N

N∑

t=1

e2[t, k̂] (3)

3Generalization to the multivariate case is conceptually straightforward [14].
4Estimators/estimates are designated by a hat.
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Table 3: Baseline phase: ARX and FP-ARX model estimation details.
Condition number

Estimated model SPP BIC RSS/SSS (%) of inverted matrix
ARX(130, 129) 61.70 -5.60 0.16 1.07× 109

FP-ARX(130, 129)p=2 169.20 -58.64 0.26 1.20× 109

ARX Estimation method: Ordinary Least Squares (OLS; MATLAB function arx.m)
SPP: Signal samples Per estimated Parameter
FP-ARX estimation method: Ordinary Least Squares
Number of experiments (signal records) M = 11

Payload range k: [0, 10]% with step of 1%
The functional subspace is spanned by shifted Chebyshev Type II polynomials obeying the recurrence relation:
a1nGn+1(x) = (a2n + a3nx)Gn(x)− a4nGn−1(x) with G0(x) = 0, G1(x) = 1

x := k/kmax ∈ [0, 1] ⊂ <; a1n = a4n = 1, a2n = −2, a3n = 4.
Functional subspace dimensionality: 2; Functions G1(x) = 1, G2(x) = 4x− 2

No. of projection coefficients: 520

Model validity is then examined via formal examination of the estimated innovations (residual) series uncor-
relatedness (whiteness) hypothesis, presently accomplished via the Portmanteau Test [30]. Towards this end
the Q statistic (below) follows chi-square (χ2) distribution with r degrees of freedom under the null (Ho)
hypothesis of a valid model5, that is [30]:

Q := N(N + 2) ·
r∑

τ=1

(N − τ)−1ρ̂2[τ ] ∼ χ2(r) (4)

in which N designates the residual series signal length (in number of samples), ρ̂2[τ ] the estimated (sample)
normalized autocorrelation at lag τ , and r the (user selected) maximum lag considered. The null hypothesis
is then accepted, at a (user selected) risk level α (probability of rejecting Ho even though it is correct) as
follows:

Q < χ2
1−α(r) =⇒ Healthy system

Else =⇒ Faulty system
(5)

with χ2
1−α(r) designating the chi-square distribution’s (1− α) critical point.

4 Robust fault detection results and assessment

(a) Baseline (learning) phase

A random vibration pair of signals obtained from points Y 1 and Y 2 under nominal payload (k = 0%) and
the healthy system is first employed for obtaining a conventional ARX model based on standard procedures
[27, pp. 203-205] (Matlab function: arx.m). This leads to an ARX(130,129) model characterized by zero
time delay, that is b0 6= 0 in the exogenous (X) polynomial. This basic structure is then maintained in the FP-
ARX modeling procedure [28] which is based onM = 11 distinct vibration signal pairs, each corresponding
to different payloads (k ∈ [0− 10]% with an increment of δk = 1% are used)6. Various functional subspace
dimensionalities are considered, and the procedure leads to the selection of an FP-ARX(130,129) model with
functional subspace consisting of the first p = 2 shifted Chebyshev type II polynomials [31, p. 782], that is
an FP-ARX(130,129)2 model. Estimation details are provided in Table 3.

5In which case the estimated innovations (residual) series e[t, k̂] is uncorrelated (white).
6Note that δk = 1% corresponds to payload (mass) increase of 328.04 kg.
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Figure 4: FM method fault detection performance: ROC curves for (a) primary stiffness faults of various
magnitudes F e,p1 , (b) secondary stiffness faults of various magnitudes F e,sl , (c) primary damper faults of
various magnitudes F d,p1 , (d) secondary damper faults of various magnitudes F d,sl . (1 050 healthy and 1
050 fault test cases per fault scenario.)

(b) Inspection (diagnosis) phase

Fault detection results for all four fault scenarios are subsequently presented for 5 250 test cases (exper-
iments), 1 050 corresponding to the healthy system and 4 200 to its faulty counterpart (1 050 per fault
scenario); details in Table 2. It should be noted that these experiments are all different from those used in the
baseline phase, while the number of normalized ACF samples used in Q is selected equal to r = 25. The
results are presented in terms of ROC curves7.

Fault scenario F e,p1λ (stiffness reduction in the primary suspension) – see Figure 4(a). Perfect ROC curves
which include the (0,1) point implying excellent detection performance with no false alarms or missed faults.

Fault scenario F e,slλ (stiffness reduction in the secondary suspension) – see Figure 4(b). Perfect ROC curves
for the two largest fault magnitudes (λ = 20, 30%) implying excellent detection performance with no false
alarms or missed faults. Quite good ROC curve for the λ = 10% magnitude, yet not for the smallest
λ = 5% magnitude for which the ROC curve is inadequate. This reveals the sensitivity limits of the method,
suggesting that faults as small as 5% stiffness reduction are not detectable.

Fault scenario F d,p1λ (damping reduction in the primary suspension) – see Figure 4(c). Perfect ROC curves
for the three largest fault magnitudes (λ = 10, 20, 30%) implying excellent detection performance with no
false alarms or missed faults. Yet, the ROC curve is not ideal, although still adequate, for the smallest
λ = 5% magnitude.

Fault scenario F d,slλ (damping reduction in the secondary suspension) – see Figure 4(d). A probably ad-
equate ROC curve only for the largest fault magnitude (λ = 30%). Yet, inadequate ROC curves for the
smaller λ = 5, 10, 20% magnitudes.

In summary, faults in the primary suspension are generally detectable even for magnitudes as small as λ =
5% reduction, while faults in the secondary suspension are not always detectable for magnitudes of λ = 20%

7A Receiver Operating Characteristic, ROC, curve [32, pp. 34-35] represents the true positive rate, that is percentage of correct
fault detections, versus the false positive rate, that is percentage of false alarms, for varying detection threshold.
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reduction or less. In all cases, the detectability of faults associated with stiffness reduction is better than that
of faults associated with damping reduction.

4.1 Comparison with an alternative method

An interesting comparison with an alternative method which is based on Principal Component Analysis
(PCA), that is the U-PCA-ARX method [17], is now undertaken.

This method employs the centered PCA for defining an n−dimensional orthogonal coordinate system on
which a random (due to estimation error) healthy ARX parameter vector may be projected, with the pro-
jections forming a set of mutually uncorrelated random variables. This is achieved by performing a PCA
decomposition of the sample covariance matrix of the estimated (in the baseline phase) ARX parameter vec-
tors. The decomposition provides the eigenvalues (in decreasing order) and the corresponding eigenvectors,
with the latter defining the aforementioned transformed n−dimensional orthogonal coordinate system (prin-
cipal coordinates). Fault detection is based on the ARX parameter vector projections into a subspace of the
transformed coordinate system defined by q (properly selected, q < n) eigenvectors corresponding to the q
‘smallest’ eigenvalues. Parameter vector projections into this subspace are characterized by relatively ‘low’
variability in the healthy state, thus expected to exhibit discrepancies mainly under the presence of fault; thus
leading to ‘robust’ fault detection.

(a) Baseline (learning) phase

The 11 pairs of vibration response signals of the baseline phase of the FM based method are presently used
too for the estimation of corresponding ARX(130,129) models,mo,i (i = 1, . . . , 11), and their corresponding
parameter vectors ao = [ao,1, . . . ,ao,11] are sample mean corrected, with each element in the vector being
normalized by its own sample standard deviation. The sample covariance matrix P = 1

pa
T
o ao (T designating

matrix transposition) is then computed and decomposed via P = US2U into the diagonal matrix S2 that
includes the (positive) eigenvalues of P (squared singular values, arranged in decreasing order), and the
matrix U that is a real unitary matrix containing the eigenvectors of P . The first h columns (principal
components) of the eigenvectors matrix U – corresponding to the largest eigenvalues that explain a certain
fraction γ(%) of the total parameter vector variability – are associated to the variable operating conditions
acting on the healthy system, and the remaining q principal components being potentially affected by faults.

A 10× 10 sample covariance matrix, corresponding to the first 5 AR and first 5 X parameters is constructed,
and as it is a-priori known that only one uncertainty source (payload) affects the system, only the first
component is rejected (h = 1), which may be shown to correspond to γ = 83.3%.

(b) Inspection (diagnosis) phase

Using a fresh pair of vibration response signals from the current (unknown health state) system, a new ARX
modelmu (characterized by parameter vector au) is obtained. Following the aforementioned procedure, fault
detection is based on an Euclidean norm pseudo-statistic, with fault being detected whenever this exceeds a
certain threshold (details in [17]).

Fault detection results are presented in Figure 5, for the same test cases and a fashion similar to that of the
previous method (ROC curves).

For fault scenario F e,p1λ (stiffness reduction in the primary suspension) adequate performance, although
somewhat inferior to that of the FM based method, is observed for the three largest fault magnitudes, which
nevertheless becomes drastically inferior for the smallest fault magnitude (λ = 5%).

For fault scenario F e,slλ (stiffness reduction in the secondary suspension) the detection performance is abso-
lutely poor for all fault magnitudes.

For fault scenario F d,p1λ (damping reduction in the primary suspension) the detection performance is prob-
lematic even for the largest magnitude fault (λ = 30%), and absolutely poor for the two smallest fault
magnitudes (λ = 5, 10%).
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Figure 5: U-PCA-ARX fault detection method performance: ROC curves for (a) primary stiffness faults
of various magnitudes F e,p1 , (b) secondary stiffness faults of various magnitudes F e,sl , (c) primary damper
faults of various magnitudes F d,p1 , (d) secondary damper faults of various magnitudes F d,sl . (1 050 healthy
and 1 050 fault test cases per fault scenario; 10× 10 covariance matrix; 1 rejected component corresponding
to γ = 83.3%.)

For fault scenario F d,slλ (damping reduction in the secondary suspension) the detection performance is ab-
solutely poor for all fault magnitudes.

In summary, the results obtained indicate performance characteristics clearly inferior to those of the FM
based method, while also confirming that faults in the secondary suspension are harder to detect (compared
to those in the primary suspension), and faults associated with damping reduction (in either the primary or
secondary suspension) are harder to detect than faults associated with stiffness reduction.

5 Concluding remarks

The problem of fault detection in railway suspension systems under variable operating conditions (variable
payload) via measurement of random vibration signals was considered via a novel Functional Model (FM)
based method. The emphasis of the work was on exploring the limits of high detection performance for
relatively small, incipient, faults, while, at the same time, keeping the false alarm rate low despite the variable
operating conditions (robustness) due to varying payload. Moreover the diagnosis operation ought to be
based on only few sensors and a very limited frequency bandwidth.

The potential fulfillment of these objectives was examined through Monte Carlo simulations, while compar-
isons with an alternative, PCA-based, fault detection method were also made.

The main conclusions drawn may be summarized as follows:

(a) Very high to excellent detection performance is possible mainly for spring elements (stiffness reduc-
tion), but also for damping elements, in the primary suspension for faults of magnitudes as low as 5%
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reduction in the nominal values.

(a) Very high to excellent detection performance is possible for spring elements (stiffness reduction of at
least 10%) in the secondary suspension. Detection performance is significantly degraded, varying from
adequate (for fault magnitudes of 30%) to inadequate/poor (for fault magnitudes of 20% or smaller) for
damping element faults in the secondary suspension.

(a) The detection performance is significantly degraded when an alternative PCA-based method is em-
ployed.

(a) It is important to underline that these performance characteristics were achieved based on only two
vibration response sensors (accelerometers) placed on the car body, and signals limited to the 0− 40Hz
range.

Acknowledgements

This research was supported by Grant (56990000) from the Research Committee of the University of Patras
via the ‘K. Karatheodori’ program.

References

[1] R. Gutiérrez-Carvajal, G.R. Betancur, L.F. Castañeda, G. Zajac A fractional Fourier transform-based
method to detect impacts between the bogie and the car body of a railway vehicle: a data-driven ap-
proach, Journal of Rail and Rapid Transit, Vol. 232, No. 1, (2016), pp. 288-296.

[2] C. Li, S. Luo, C. Cole, M. Spiryagin, An overview: modern techniques for railway vehicle on-board
health monitoring systems, Vehicle System Dynamics: International Journal of Vehicle Mechanics and
Mobility Vol. 55, No. 7, (2017), pp. 1045-1070.

[3] H. Mori, H. Tsunashima, Condition monitoring of railway vehicle suspension using multiple model
approach, Journal of Mechanical Systems for Transportation and Logistics, Vol. 3, No. 1, (2010), pp.
243-258.

[4] M. Jesussek, K. Ellermann, Fault detection and isolation for a full scale railway vehicle suspension with
multiple Extended Kalman Filter, Vehicle System Dynamics: International Journal of Vehicle Mechanics
and Mobility, Vol. 52, No. 12, (2014), pp. 1695-1715.

[5] M. Jesussek, K. Ellermann, Fault detection and isolation for a nonlinear railway vehicle suspension with
a hybrid Extended Kalman Filter, Vehicle System Dynamics: International Journal of Vehicle Mechanics
and Mobility, Vol. 51, No. 10, (2013), pp. 1489-1501.

[6] X. Wei, L. Jia, H. Liu, A comparative study on fault detection methods of rail vehicle suspension sys-
tems based on acceleration measurements, Vehicle System Dynamics: International Journal of Vehicle
Mechanics and Mobility, Vol. 51, No. 5, (2013), pp. 700-720.

[7] Wei X, Jia L, Guo K, S. Wu, On fault isolation for rail vehicle suspension systems. Vehicle System
Dynamics: International Journal of Vehicle Mechanics and Mobility, Vol. 52, No. 6, (2014), pp. 847-
873.

[8] S. Azadi, A. Soltani, Fault detection of vehicle suspension system using wavelet analysis. Vehicle System
Dynamics: International Journal of Vehicle Mechanics and Mobility, Vol. 47, No. 4, (2009), pp. 403-418.

STRUCTURAL HEALTH MONITORING 3705



[9] T.X. Mei, X.J. Ding, Condition monitoring of rail vehicle suspensions based on changes in system dy-
namic interactions, Vehicle System Dynamics: International Journal of Vehicle Mechanics and Mobility,
Vol. 47, No. 9, (2009), pp. 1167-1181.

[10] J.S. Sakellariou, K.A. Petsounis, S.D. Fassois, Vibration based fault diagnosis for railway vehicle sus-
pensions via a Functional Model Based Method: a feasibility study, Journal of Mechanical Science and
Technology, Vol. 29, No. 2, (2015), pp. 471-484.

[11] L. Gasparetto, S. Alfi, S. Bruni, Data-driven condition-based monitoring of high-speed railway bogies,
International Journal of Rail Transportation, Vol. 1, No. 1-2, (2013), pp. 42-56.

[12] A. Kowalska-Koczwara, F. Pachla, P. Stecz, K. Stypuła, T. Tatara, J. Lejk, M. Sokołowski Vibration-
based damage identification and condition monitoring of metro trains: Warsaw Metro case study, Shock
and Vibration, Vol. 2018, Article ID 8475684, 14 pages.

[13] X.Y. Liu, S. Alfi, S. Bruni, An efficient recursive Least Square-based condition monitoring approach for
a rail vehicle suspension system, Vehicle System Dynamics: International Journal of Vehicle Mechanics
and Mobility, Vol. 54, No. 6, (2016), pp. 814-830.

[14] C.S. Sakaris, J.S. Sakellariou, S.D. Fassois, A time series Generalized Functional Model Based method
for vibration-based damage precise localization in structures consisting of 1D, 2D and 3D elements,
Mechanical Systems and Signal Processing, Vol. 74, (2016), pp. 199-213.

[15] J. D. Hios and S. D. Fassois, A Global Statistical model based approach for vibration response-only
damage detection under various temperatures: a proof-of-concept study, Mechanical Systems and Signal
Processing, 2014, Vol. 49, No. 1-2, pp. 77-94.

[16] E. Figueiredo, L. Radu, K. Worden, C. R. Farrar, A Bayesian approach based on a Markov–Chain
Monte Carlo method for damage detection under unknown sources of variability, Engineering Structures,
Vol. 80, (2014), pp. 1-10.

[17] K.J. Vamvoudakis-Stefanou, J.S. Sakellariou, S.D. Fassois, Vibration-based damage detection for a
population of nominally identical structures: unsupervised Multiple Model (MM) statistical time series
type methods, Mechanical Systems and Signal Processing, Vol. 111, (2018), pp. 149-171.

[18] A.G. Poulimenos, J.S. Sakellariou, A transmittance-based methodology for damage detection under
uncertainty: an application to a set of composite beams with manufacturing variability subject to impact
damage and varying operating conditions, Structural Health Monitoring, (online 2018), in press.

[19] K.J. Vamvoudakis-Stefanou, J.S. Sakellariou, S.D. Fassois, Random Coefficient model based damage
detection for a population of nominally identical structures: An exploratory study, in Proceedings of the
International Conference on Noise and Vibration Engineering (ISMA2016), Leuven, Belgium, 2016.

[20] A. Gomez Gonzalez, S.D. Fassois, A Supervised vibration-based statistical methodology for damage
detection under varying environmental conditions & its laboratory assessment with a scale wind turbine
blade, Journal of Sound and Vibration, Vol. 366, (2016), pp. 484-500.

[21] T.-C.I. Aravanis, J.S. Sakellariou, S.D. Fassois, Vibration based fault detection under variable non-
measurable operating conditions via a stochastic Functional Model method and application to railway
vehicle suspensions, in Proceedings of the Surveillance 9 International Conference, Fes, Morocco, 2017.

[22] K.J. Vamvoudakis–Stefanou, J.S. Sakellariou, S.D. Fassois, Random vibration response-only damage
detection for a set of composite beams, in Proceedings of the International Conference on Noise and
Vibration Engineering (ISMA2016), Leuven, Belgium, 2016.

3706 PROCEEDINGS OF ISMA2018 AND USD2018



[23] F.P. Kopsaftopoulos, S.D. Fassois, Scalar and vector time series methods for vibration based damage
diagnosis in a scale aircraft skeleton structure, Journal of Theoretical and Applied Mechanics, Vol. 49
No. 3, (2011), pp. 727-756.

[24] C.S. Sakaris, J.S. Sakellariou, S.D. Fassois, Random-vibration-based damage detection and precise
localization on a lab-scale aircraft stabilizer structure via the Generalized Functional Model Based
Method, Structural Health Monitoring, Vol. 16, No. 5, (2017), pp. 594-610.

[25] J.S. Sakellariou and S.D. Fassois, Vibration based fault detection and identification in an aircraft skele-
ton structure via a stochastic Functional Model Based Method, Mechanical Systems and Signal Process-
ing, Vol. 22, (2008), pp. 557-573.

[26] T.-C.I. Aravanis, S. Kolovos, J.S. Sakellariou, S.D. Fassois, Vibration-based damage detection for a
composite beam under environmental and operational variability via a stochastic Functional Model
Based Method, in Proceedings of the 5th International Conference of Engineering Against Failure
(ICEAF V), Chios, Greece, 2018.

[27] L. Ljung, System Identification: Theory for the User, 2nd Edition, Prentice-Hall (1999).

[28] J.S. Sakellariou, S.D. Fassois, Functionally Pooled models for the global identification of stochastic
systems under different pseudo-static operating conditions, Mechanical Systems and Signal Processing,
Vol. 72-73, (2016), pp. 785-807.

[29] G.E. Forsythe, M.A. Malcom, C.B. Moler, Computer Methods for Mathematical Computations,
Prentice-Hall (1976).

[30] S.D. Fassois, J.S. Sakellariou, Statistical Time Series Methods for SHM, in Encyclopedia of Structural
Health Monitoring, Boller, C., Chang, F. and Fujino, Y. (eds.), John Wiley and Sons Ltd, Chichester,
UK, pp. 443-472, 2009.

[31] M. Abramowitz, I.A. Stegun, Handbook of Mathematical Functions, Dover (1970).

[32] R. Duda, P. Hart, D. Stork, Pattern Classification, 2nd Edition, Wiley (2000).

STRUCTURAL HEALTH MONITORING 3707



3708 PROCEEDINGS OF ISMA2018 AND USD2018


