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Figure 12. Stress-frequency curve of four steel strands.

It can be concluded from the figure that:

(1) The variation trend of stress-frequency curve of the four steel strands are different. The
stress-frequency of the 1.2 m steel strand is negatively correlated, while the other three length are
positively correlated.

(2)  The stress-frequency variation trends of 1.2 m and 10 m steel strands coincided with the results of
the author’s previous research. What is more, the force-frequency curve of the 1.2 m steel strand
shows large dispersion, and the general variation trend is that the oscillation frequency decreases
with the increase of the stress. Compared with the 1.2 m steel strand, the stress-frequency curves
of 5m, 10 m and 15 m steel strands have smaller dispersion and better repeatability. The general
variation trend is that the resonant frequency increases with the increase of stress.

(3) The stress-frequency variation rule of steel strands transitions from a negative correlation of
1.2 m to a positive correlation of 5 m, indicating that the critical length of the long and short
steel strands is within the range of (1.2 m, 5 m). Therefore, the critical length can be obtained by
fitting the relationship between f and in the stress-frequency fitting curve obtained from the
experimental data of each length.

The critical length is related to the rate of change of the force frequency. Therefore, the length
I'and frequency f of the four kinds of steel strands and the slope k() are taken as the data points
of the length effect analysis. The fitting curve obtained by fitting the data points can determine
the critical length. The length I of the strand has a corresponding relationship with the oscillation
frequency f and the stress in the fitting curve equation, and the relationship can be described as
a two-dimensional length effect point. Therefore, four different length steel strands correspond to
four two-dimensional length effect points, and the relationship between I and k() can be obtained
by fitting. The two-dimensional length effect points obtained from the experimental data are (1.2,
-0.000143), (5, 0.000174), (10, 0.000262) and (15, 0.000359). Thus, the experimental length effect curve
equation can be expressed as

k(f/e) = 1.52x107*In(I - 0.546) — 5.828 x 107 (31)

Similar to the experimental length effect, the simulation critical length is obtained by the relationship
between f and in the stress-frequency fitting curve of each length. From the stress-frequency
mathematical models established in the Section 2, four sets of simulated two-dimensional length
effect points are (1.2, -0.000120), (5, 0.000186), (10, 0.000261) and (15, 0.000345). The equation for the
simulation length effect curve can be expressed as

k(f/0) = 127 x10*In(I - 0.899) - 3.335x 10~° (32)
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The experimental length effect curve and the simulation length effect curve are shown in Figure 13. In
Equations (31) and (32), when k¢, is zero, the critical length of the stress-frequency relationship of
steel strand under the electromagnetic oscillation method can be obtained from the negative correlation
to the positive correlation.
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Figure 13. The length effect curves.
4.2. Analysis and Discussion

Figure 13 shows the relationship between the experimental length effect curve and the simulation
length effect curve. According to length effect analysis and Figure 13, the following conclusions can be
drawn from the analysis.

(1)  The experimental length effect curves and Equation (31) show that the stress-frequency variation
trend of steel strand is related to the length. The critical length for distinguishing long or short
steel strands is [ = 2.013 m. When 0 </ < 2.013 m, the oscillation frequency decreases with the
increase of stress; when 2.013 m < [ < 15 m, the oscillation frequency increases with the increase
of stress.

(2) Similar to the analysis results of experimental length effect, the stress-frequency variation trend
of simulation length effect is also related to the length of steel strand. The critical length for
distinguishing long or short steel strands is / = 2.199 m. When 0 </ < 2.199 m, the oscillation
frequency decreases with the increase of stress; when 2.199 m < [ < 15 m, the oscillation frequency
increases with the increase of stress.

(3) The error of critical length between experimental length effect and simulation length effect is
8.46%, which meets the requirement of application.

(4) It can be inferred from the trend of the length effect curve that when the length of steel strand is
longer than 15 m, the oscillation frequency increases with the increase of stress.

It can be concluded that different length steel strands exhibit different inductance characteristics
in stress detection based on LC oscillation. Both theoretical derivation and experimental analysis show
that when the length of steel strand is short, the inductance characteristic of a segment wire is mainly
exhibited, and the oscillation frequency decreases with the increase of stress. And when a certain
length is reached, the steel strand mainly exhibits the inductance characteristics of spiral coil, and the
oscillation frequency increases with the increase of stress.

To summarize, when 0 < I < 2.013 m, the stress is negatively correlated with the oscillation
frequency, that is, the oscillation frequency decreases with the increase of stress, and the main
performance of steel strand is the inductance of a segment wire. When [ > 2.199 m, the stress is
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positively correlated with the oscillation frequency, that is, the oscillation frequency increases with the
increase of stress. At this time, the main performance of steel strand is the inductance characteristic
of a spiral coil. The transition interval of length effect is 2.013 m < [ < 15 m, that is, the relationship
between stress and oscillation frequency changes from a negative correlation to a positive correlation.
The effects of length and external magnetic field are considered in this study, but if there are new
influencing factors, the accuracy and consistency of the theoretical and experimental results cannot
be guaranteed.

The prestress of the concrete bridge is mainly provided by the steel strand. Compared with other
types of prestressed concrete bridges, the span of the simply supported girder bridges is the smallest
and generally larger than 15 m. When the stress is measured by the LC electromagnetic oscillation
method, the steel strand mainly shows the inductive characteristics of spiral coils. Consequently,
it is appropriate to choose the stress-frequency mathematical model of steel strands based on the
inductance characteristics of spiral coils in engineering applications.

5. Conclusions

This paper established the stress-frequency models of long and short steel strands. The theoretical
models were validated by stress-frequency experiments of four lengths of 1.2 m, 5 m, 10 m and 15
m, and the inductance characteristics of each length of steel strand were analyzed. Both theoretical
analysis and experimental research show that: (a) short steel strands mainly represent the inductance
characteristics of the segment wires, the oscillation frequency decreases with the increase of stress;
(b) while the long steel strands mainly represent the inductance characteristics of spiral coils, the
oscillation frequency increases with stress increases.

The error of critical length obtained from the analysis of experimental length effect and simulation
length effect is 8.46%, and the critical length interval for distinguishing long or short steel strands
is (2.013 m, 2.199 m). When 0 < [ < 2.013 m, the oscillation frequency decreases with the increase
of stress. When [ > 2.199 m, the oscillation frequency increases with the increase of stress. When
2.013 m < <2.199 m, the transition interval of the length effect of the stress measurement is based on
the electromagnetic oscillation method, that is, the stress and the oscillation frequency are transitioned
from a negative correlation to a positive correlation.

In the next stage, the influence of the length and permeability of steel strand on stress measurement
will be considered comprehensively, and more frequency data will be collected to reduce the error
in the experiment. In addition, the relationship between the stress and oscillation frequency of steel
strands in concrete structures will also be studied as a key point in order to approach the practical
engineering application.

Author Contributions: Conceptualization, B.Z.; Methodology, B.Z. and C.T.; Software, X.L. and H.C.; Validation,
C.T.; Formal analysis, B.Z. and C.T.; Investigation, C.T. and X.L.; Resources, B.Z; Data curation, C.T;
Writing—original draft preparation, C.T. and B.Z.; Writing—review and editing, C.T. and G.Z.; visualization, X.L.
and H.C.; supervision, X.L. and G.Z.; Project administration, B.Z.; Funding acquisition, B.Z.

Funding: This research was funded by the National Key Research and Development Program of China, grant
number 2017YFC0806007, the Program for Innovation Team Building at Institutions of Higher Education in
Chongqing, grant number CXTDG201602013, the Technology Innovation Project of Chongqing Social Undertakings
and People’s Livelihood, grant number CSTC2016SHMSZX30026, and the Urumgi Science and Technology Plan,
grant number Y161320008, the National Natural Science Foundation of China, grant number 51478072, the National
Science Fund for Distinguished Young Scholars, grant number 51425801, the Joint Technical Research Project of
Sichuan Tibetan Expressway Company.

Conflicts of Interest: The authors declare no conflict of interest.

297



Sensors 2019, 19, 2782

References

1.

10.

11.

12.

13.

14.
15.

16.

17.

18.

19.

20.

21.

22.

Qian, J.; Chen, X.; Sun, L.; Yao, G.; Wang, X. Numerical and experimental identification of seven-wire strand
tensions using scale energy entropy spectra of ultrasonic guided waves. Shock Vib. 2018, 2018, 6905073.
[CrossRef]

Niederleithinger, E.; Herbrand, M.; Muller, M. Monitoring of shear tests on prestressed concrete continuous
beams using ultrasound and coda wave interferometry. Bauingenieur 2017, 92, 474-481.

Feng, H.; Liu, X.; Wu, B.; Han, Q.; He, C. Design of a miniaturised ultrasonic guided wave inspection
instrument for steel strand flaw detection. Insight 2017, 59, 17-23.

Xu, J.; Wu, X; Sun, P. Detecting broken-wire flaws at multiple locations in the same wire of prestressing
strands using guided waves. Ultrasonics 2013, 53, 150-156. [CrossRef] [PubMed]

Farhidzadeh, A.; Salamone, S. Reference-free corrosion damage diagnosis in steel strands using guided
ultrasonic waves. Ultrasonics 2015, 57, 198-208. [CrossRef] [PubMed]

Chaki, S.; Bourse, G. Guided ultrasonic waves for non-destructive monitoring of the stress levels in prestressed
steel strands. Ultrasonics 2009, 49, 162-171. [CrossRef] [PubMed]

Rizzo, P. Ultrasonic wave propagation in progressively loaded multi-wire strands. Exp. Mech. 2006, 46,
297-306. [CrossRef]

Kim, J.M.; Kim, HW.; Park, Y.H.; Yang, .H.; Kim, Y.S. FGB sensors encapsulated into 7-wire steel strand for
tension monitoring of a prestressing tendon. Adv. Struct. Eng. 2012, 15, 907-917. [CrossRef]

Perry, M.; Yan, Z.; Sun, Z.; Zhang, L.; Niewczas, P.; Johnston, M. High stress monitoring of prestressing
tendons in nuclear concrete vessels using fibre-optic sensors. Nucl. Eng. Des. 2014, 268, 35-40. [CrossRef]
Leung, C.K.Y.; Wan, K; Inaudi, D.; Bao, X.; Habel, W.; Zhou, Z.; Ou, J.; Ghandehari, M.; Wu, H.; Imai, M.
Review: Optical fiber sensors for civil engineering applications. Mater. Struct. 2015, 48, 871-906. [CrossRef]
Huynh, T.C,; Kim, J.T. FOS-Based Prestress Force Monitoring and Temperature Effect Estimation in Unbonded
Tendons of PSC Girders. J. Aerosp. Eng. 2017, 30, B4016005. [CrossRef]

Kim, T.M.; Kim, D.H.; Kim, M.K; Lim, Y.M. Fiber Bragg grating-based long-gauge fiber optic sensor for
monitoring of a 60 m full-scale prestressed concrete girder during lifting and loading. Sensor. Actuators
A-Phys. 2016, 252, 134-145. [CrossRef]

Lan, C.; Zhou, Z.; Ou, J. Monitoring of structural prestress loss in RC beams by inner distributed Brillouin
and fiber Bragg grating sensors on a single optical fiber. Struct. Control Health 2014, 21, 317-330. [CrossRef]
Militzer, M. A synchrotron look at steel. Science 2002, 298, 975-976. [CrossRef] [PubMed]

Duan, Y,; Zhang, R.; Zhao, Y.; Or, S.W.; Fan, K.; Tang, Z. Steel stress monitoring sensor based on elasto-magnetic
effect and using magneto-electric laminated composite. J. Appl. Phys. 2012, 111, 07E516. [CrossRef]
Ricken, W.; Schoenekess, H.C.; Becker, W.-]. Improved multi-sensor for force measurement of pre-stressed
steel cables by means of the eddy current technique. Sens. Actuators 2006, 129, 80-85. [CrossRef]

Guo, T,; Chen, Z; Lu, S.; Yao, R. Monitoring and analysis of long-term prestress losses in post-tensioned
concrete beams. Measurement 2018, 122, 573-581. [CrossRef]

Chen, Z.; Zhang, S. EM-Based monitoring and probabilistic analysis of prestress loss of bonded tendons in
PSC beams. Adv. Civ. Eng. 2018, 4064362. [CrossRef]

Kim, J.; Kim, J.W.; Lee, C.; Park, S. Development of Embedded EM Sensors for Estimating Tensile Forces of
PSC Girder Bridges. Sensors 2017, 17, 1989. [CrossRef]

Yim, J.; Wang, M.; Shin, S. Field application of elasto-magnetic stress sensors for monitoring of cable tension
force in cable-stayed bridges. Smart Struct. Syst. 2013, 12, 465-482. [CrossRef]

Chen, D.; Zhang, B.; Li, X,; Tu, C; Yuan, C.; Li, W.; Zhou, Z; Liang, Z. A stress measurement method for steel
strands based on LC oscillation. Adv. Mater. Sci. Eng. 2018, 2018, 1584903. [CrossRef]

Li, X.; Zhang, B.; Yuan, C.; Tu, C.; Chen, D.; Chen, Z.; Li, Y. An electromagnetic oscillation method for stress
measurement of steel strands. Measurement 2018, 125, 330-335. [CrossRef]

® © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution
[

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

298



E SeNnsors ﬁw\n\py

Article

Wayside Detection of Wheel Minor Defects in
High-Speed Trains by a Bayesian Blind Source
Separation Method

Xiao-Zhou Liu "2, Chi Xu 2 and Yi-Qing Ni 12*

1 Hong Kong Branch of the National Rail Transit Electrification and Automation Engineering Technology

Research Center, Hong Kong, China; xiaozhou.liu@connect.polyu.hk (X.-Z.L.);
herbert.xu@connect.polyu.hk (C.X.)

Department of Civil and Environmental Engineering, The Hong Kong Polytechnic University, Hung Hom,
Kowloon, Hong Kong, China

*  Correspondence: ceyqni@polyu.edu.hk; Tel.: +852-3400-8539

check for

Received: 29 July 2019; Accepted: 12 September 2019; Published: 14 September 2019 updates

Abstract: For high-speed trains, out-of-roundness (OOR)/defects on wheel tread with small radius
deviation may suffice to give rise to severe damage on both vehicle components and track structure
when they run at high speeds. It is thus highly desirable to detect the defects in a timely manner
and then conduct wheel re-profiling for the defective wheels. This paper presents a wayside fiber
Bragg grating (FBG)-based wheel condition monitoring system which can detect wheel tread defects
online during train passage. A defect identification algorithm is developed to identify potential wheel
defects with the monitoring data of rail strain response collected by the devised system. In view
that minor wheel defects can only generate anomalies with low amplitude compared with the wheel
load effect, advanced signal processing methods are needed to extract the defect-sensitive feature
from the monitoring data. This paper explores a Bayesian blind source separation (BSS) method to
decompose the rail response signal and to obtain the component that contains defect-sensitive features.
After that, the potential defects are identified by analyzing anomalies in the time history based on
the Chauvenet'’s criterion. To verify the proposed defect detection method, a blind test is conducted
using a new train equipped with defective wheels. The results show that all the defects are identified
and they concur well with offline wheel radius deviation measurement results. Minor defects with a
radius deviation of only 0.06 mm are successfully detected.

Keywords: wheel minor defect; high-speed train; online wayside detection; Bayesian blind source
separation; FBG sensor array

1. Introduction

Wheel out-of-roundness (OOR)/tread defects can impose damage to both rail tracks and vehicle
components such as sleepers, wheelsets, and bearings, increasing the likelihood of derailment and
undermining operational safety and ride comfort owing to high vibration amplitudes [1,2]. They can
also generate ground vibration and noise that annoy residents living around the rail line [3-5].
Furthermore, while a wheel may continue to operate if it carries a small flat or polygonal shape, it is
subjected to a cyclic impact load every time it rotates and the service life of key components on the
vehicle-track system would be reduced [6,7]. For high-speed rail (HSR) and trains, wheel defects are
the prime factor leading to faults and failures of both vehicle components and rail infrastructure in
service. Due to high running speed, a wheel defect with small radius deviation within the current
manufacturing/maintenance tolerance has the potential to give rise to abnormal vibration by exciting
various vibration modes for the wheelsets [8,9].
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To understand the causes and consequences of wheel defects, a large number of theoretical
investigations and experiments have been carried out with the intention to reveal the initiation and
development mechanism [2,5,7,10-13], as well as to perceive their effects on railway operation and
safety through dynamic simulation [4,5,9,11,14-18]. In terms of controlling the development of wheel
defects, previous studies [5,13] show that the most common and effective strategy is wheel re-profiling.
In most cases, wheel defects, if caught in early stages, can be removed or machined out by re-profiling
before damage becomes disastrous [19]. However, the existing mileage-based wheel re-profiling may
run counter to operator’s expectation by increasing the maintenance cost and reducing the service life
of wheelsets. Therefore, there is a large economic incentive for adopting a condition-based maintenance
(CBM) scheme which can detect and replace out-of-round wheels in time, to reduce maintenance
costs for wheelsets and efficiently preventing the hazards imposed by wheel defects. Wayside wheel
condition monitoring is such an efficient method under CBM scheme [20]. With the help of a wheel
condition monitoring scheme, the wheelset maintenance activities can then be optimized, thereby
allowing whole life costs to be reduced based on a life-cycle cost assessment.

There have been a variety of methods for wayside wheel defect detection. Included are wayside
wheel load impact detectors (WILDs) [1,21-25], wayside rail acceleration detectors [26,27], wayside
acoustic detectors [28,29], and wayside detectors based on laser and video camera techniques [30,31],
etc. Our recent work [32] has given a brief review and comparison of wheel condition monitoring
methods. It reveals that online monitoring can be more effective than offline/static inspection for wheel
condition assessment and defect detection. Compared with the vehicle-borne wheel defect detection
method, the wayside detectors are more suitable for massive wheel inspections. Compared with other
online wayside detectors, including laser and video camera based detectors and vibration and acoustic
detectors, the strain gauge based detectors confer unique benefits: (i) they are immune to train-induced
vibration so they are suitable for in-service train detection, while the performance of laser and video
camera based detectors can be limited by vibration during train passage; and (ii) the response signals
collected by strain gauges can directly refer to wheel impact, while the effect of the excitation due
to the neighboring wheels on the response features is not ignorable when the accelerometer-based
and acoustic detectors are employed. The sensors in the impact detection system are usually strain
gauge rosettes [33,34] or fiber Bragg grating (FBG) sensors [22]. However, most of the existing WILDs
only focus on the amplitude of impact load to decide whether an impact is too great for the vehicle to
remain in service [6]. If the maximum load exceeds the preset threshold, an alarm will be given. It is
suitable for detection of large defects which often occur when trains run on normal-speed railways,
metro lines, and freight lines. The wheel defects they investigated are deep (around 1 mm) or wide
(wider than 0.1 m) flats. However, for high-speed trains, as small as 0.5 mm (radius deviation) local
defect and 0.04 mm polygonal wear can be critical. As such, a more sophisticated system is needed
for minor defect detection. Besides, when trains pass over the instrumented segment at low speeds,
the anomalies generated by wheel defects on rail response will not be easily identified.

Therefore, in order to make a rational decision about whether a wheel should be re-profiled,
a well-developed data processing procedure is demanded. This paper pursues Bayesian blind source
separation (BSS) with Gaussian process (GP) model to extract the defect-sensitive feature. A defect
detection procedure is then developed, which enables potential wheel minor defect identification in
light of the online-monitored rail response data. The algorithms in the detection procedure are coded
in MATLAB environment so that defective wheel(s) can be detected and the defect(s) can be located
automatically during the passage of in-service trains.

The rest of this paper is outlined as follows. The wayside wheel condition monitoring system
for rail strain data acquisition is introduced in Section 2. Section 3 presents the proposed Bayesian
BSS-based wheel defect identification method, and its in-situ verification for high-speed train wheel
detection is presented in Section 4. Finally, some conclusions are drawn in Section 5.
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2. FBG-Based Wayside Wheel Defect Detection System

2.1. FBG Sensing System in Wayside Detection

The major challenges of the existing wayside wheel defect detection systems—including various
types of WILDs, hot box detectors and laser-based systems, etc.—when applied to HSR, include the
clearance required for the equipment to be installed, the need of power supply for sensors and more
space claimed by deploying data acquisition system. These problems would be eliminated when using
FBG sensors, which offer many advantages over conventional electrical sensors, such as immunity to
electro-magnetic interference (EMI), long life-time, remote sensing and self-referencing, compact size,
massive multiplexing capability, high reliability and durability, low cost and easy implementation.
Specifically, in developing wayside wheel condition monitoring system, the following features of FBG
sensing techniques are particularly favorable:

e  Assurance of immunity to electromagnetic field: most of the conventional wheel condition
monitoring systems, either resistance strain gauge- or accelerometer-based, are vulnerable to EMI
induced by high voltage power supply system of modern HSR [23];

e  Massive multiplexing capability: HSR always has strict requirements on clearance, which can be
problematic for conventional sensing systems when considerable measuring points are needed.
In contrast, FBG-based sensing system allows the use of hundreds of sensing points (FBGs) in
a single fiber cable. This ability facilitates easy installation on HSR tracks with light-weight
trackside equipment;

e  High reliability and durability: the FBG-based sensing system can operate for more than 20 years
without losses in performance even in extreme climate, such as heavy rains and snows, strong
winds, or extremely hot summer days, and corrosion environment and large shocks caused by
track maintenance work [22];

e Long conduction distance: the FBG-based sensing system can offer up to 100 km distant
detection [23], because the optical fiber has a salient advantage in long-distance transmission
with much lower signal attenuation. This allows the monitoring equipment to be installed far
away from the instrumented rail section where the sensors are deployed and both the sensors and
connecting fibers at the instrumented zone require no power supply.

2.2. FBG-Based Wayside Wheel Defect Detector

An FBG-based wayside rail strain response detector was developed in our recent research [35],
where two FBG arrays were devised for deployment on feet of parallel rails (both left and right rails) to
capture the features of potential wheel defects. The configuration of FBG array is determined based
on numerical simulation presented in [36]. Through this simulation, the rail dynamic strain response
subject to the excitation of defective wheel is precisely evaluated, from which the features of localized
anomalies caused by wheel local defect can be revealed. This proves the feasibility of mounting strain
gauges on rail foot to collect response data containing features of potential defects. The FBG sensor
array deployed on rail is thereby designed which, by densely distributing the FBG sensors along a rail
segment, can capture with high fidelity the localized anomaly caused by flat-defect if it exists. Figure 1
shows the deployment of FBG sensor array and configuration of the devised system. Each FBG can
measure the longitudinal strain of rail foot caused by bending moment of the cross-section under the
excitation of wheel dynamic load. The length of the array is slightly longer than the distance rolled
over by the wheel for a complete cycle (i.e., the circumference of the wheel tread). The interval of the
FBGs (denoted as d) along the array is around 0.15 m. This is to ensure that a few neighboring FBG
sensors can concurrently detect the defect-sensitive features when a potential defect hits at any location
within the instrumented rail section.

Because FBG sensors are used, power supply is not required at the railway site, the interrogator,
as data logger can be installed with computer in a control room/office far away from the instrumented
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rail section with the use of a multi-core armored fiber optic cable to realize data transmission. As shown
in Figure 1, the configuration of the devised online monitoring system consists of: (i) two FBG strain
gauge arrays installed on the feet of the parallel rails; (ii) a high-speed interrogator for data collection;
and (iii) a computer with data acquisition and processing software for system control and data analysis.
The online detector collects rail response data at a sampling rate of 5000 Hz. The high sampling rate
renders the time interval of sampling much shorter than the predicted time difference of localized
anomalies, thereby the desired features can be captured.

v
——
Wheel
Rail
—-I d |— FBG sensor array
| L22mR }
Armored optical cable
Interrogator I!
- SESEINER <
Network cable Computer

Figure 1. Deployment of FBG sensor array and configuration of the online monitoring system.
3. Wheel Defect Identification

With the online detector presented in Section 2, the rail strain responses to the excitation of passing
wheels can be collected by FBG sensors deployed on the instrumented section. To detect the defective
wheels as well as identify the local defects in an accurate and timely manner, a signal processing
method is needed. Besides, as aforementioned, the defect detection for high-speed trains should
focus on minor defects with small radius deviation, so the wheel defect detection method needs to be
carefully designed in order to extract features from rail response signals that are sensitive to the defects.

The procedure of wheel defect detection in compliance with monitoring data of rail responses can
be divided into three steps: firstly, the monitoring data are pre-processed using a signal extraction
method, as detailed in Section 3.1. Then, the defect-sensitive feature is extracted by Bayesian BSS,
as described in Section 3.2. Lastly, the potential defect is confirmed and identified by a defect
confirmation scheme based on the Chauvenet’s criterion, as presented in Section 3.3.

3.1. Strain Response Extraction

The requirement of real-time wheel condition monitoring and defect detection means a need
for signal processing algorithm that can automatically extract response excited by each wheel from
whole time history of rail strain response. To this end, the first step is to search the peak values and
the corresponding time slots. The number of peaks is equal to the number of passing wheelsets.
A signal processing strategy comprising four loops is developed for the response extraction, as shown
in Figure 2.
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Define: i=1, sp =[] (to store the strain data which exceed threshold),
u =[] (to store the sequence number of element of sp), 72 = length(s)

u'=[lLu]
Define: k=2, vp =[], I =[]

1p= [, u((u'(k - Du'(6)/2)]
Vo = [V Sp(('(K - D+u'(4))/2)]

——— To store the peak value

and the corresponding
sequence number 2

IDcﬁnc: 1=1,v =[] (to store the speeds of passing wheels) |

Define: =2, u' =[] (to collect the sequence number of
end point of the peak response excited by each wheel)

<_Jj>length(u)? >

'

Define s = s(l,(/) - 1, 1y(/) + 1) as the
strain response excited by the /th wheel

o>
Yes
V=V S5y - (- )]

V=V LI+ T) - ()]

< 1> length(lyyy >
7 Yes

Figure 2. Procedure of rail response extraction. ! The user-defined threshold Th is based on the
knowledge of passing trains (e.g., heavy wagons, locomotives, metro trains, or high-speed trains).

For high-speed trains concerned in this study, for example, the variance of the peak values is relatively
small, the value of Th can be greater than 0.5. 2 In this step, the maximum strain value may not be the
peak point considering that the noise in observation data may generate false peaks.

Figure 3 shows the measured strain response acquired by an FBG sensor deployed at rail foot
during the passage of an eight-car train. The time history of the strain response exhibits 32 peaks in
accordance with 32 wheelsets. By conducting the response extraction procedure, the strain responses
corresponding to all the wheels can directly refer to the excitation of passing wheels. As such, we can
extract the rail strain responses automatically with the proposed procedure, which offer a window
to obtain the section of interest from the waveform of rail strain response, as indicated in Figure 3.
The strain responses around their peaks obtained from different FBG sensors when a wheel passes
over the instrumented rail section are illustrated in Figure 4.
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Figure 3. Measured strain response acquired by an FBG sensor deployed at rail foot.
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Figure 4. Strain responses acquired by different FBG sensors.
3.2. Defect-Sensitive Feature Extraction Based on Bayesian BSS

The datasets of rail response referring to all passing wheels have been obtained in Section 3.1.
As shown in Figure 4, the output strain data contain a major trend that reflects the variation of rail
strain response excited by the wheel passage, as well as disturbance caused by both wheel tread
roughness and signal noise. In this section, the rail strain response data will be decomposed and the
feature corresponding to wheel local defect will be extracted by employing Bayesian BSS, so that the
effect of tread roughness of the passing wheel can be quantified.

3.2.1. Bayesian BSS

The aim of BSS is to estimate 1 signals (sources) and a mixing function from the m sole observations
of mixtures of them. To solve the BSS problem, as an ill-posed inverse problem, the most used prior
knowledge is to assume the mutual independence of each series of source signals, which leads to
the development of independent component analysis (ICA) methods [37,38] and the second-order
blind identification (SOBI) methods [39]. These methods cannot fully consider the temporal structure
in the source signals and the difference of noise power among different channels. For rail strain
response signals, the time-varying feature can be seen clearly, as shown in Figure 4. Therefore, in
signal decomposition, the temporal structure in source signals should be taken into account. Besides,
the FBG sensors on the array may have different performances at different locations because of
uncertainties generated during the manufacturing and installation. These factors inevitably have some
influence on the monitoring data. Thus, different noise power should be assigned to different channels.
In recognition of this, the present study uses a Bayesian BSS framework, in which a hierarchical fully
Bayesian approach for BSS problem is built.
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3.2.2. Assumptions and Model Establishment

The basic form of a BSS problem at time ¢ can be written as
X(t) = Y(t) + Z(t) = AS(t) + Z(t) 4]

where X(f) = [x1(), x2(t), ..., xm(t)]T is a vector of size m standing for noisy observations, S(t) = [s;(t),
5p(t), ..., sp(D]" is a vector of size n containing the hidden sources mixing in the observation signals; A is
called ‘mixing matrix” representing the transfer function from the sources to the sensors; Z(t) = [z;(f),
25(1), ..., zm(D)]7 is the noise vector of size m; Y(t) is observation signals without noise contamination.
Unlike traditional BSS techniques (e.g., SOBI method) which assume that different noise sequences
have a same variance, the present study considers a diagonal covariance matrix £z to model the noise

sequences Z(t). Thus,
L
W(ZY,) = TIMzwo Y,) @)
=1

where L is the length of sequences X, S, and Z; and N (Z(t);0, Y.7) represents normal distribution with
the mean p and variance 02. The diagonal elements in the matrix are equal to different noise power o,
of the ith observation point (i.e., Y7, = UI.Z). After modeling the noise, the likelihood function of the
observation X can be expressed as

L

L
p(XIA,8,x7) = [[r(x]as(), ) ) = [ Mxt:ase),)) ®)

t=1 =1

-

Due to the fact that each source signal of rail response is temporally correlated, GP prior is applied
in the model as a prior distribution for source signals. For any finite dimensions, there always are a
mean vector and a covariation matrix to describe a selected set of variables. In this model, each source
signal is assumed to be a stationary GP with zero-mean, squared exponential covariation function.
Thus, the source prior can be written as

plsik) = T o(s) = [T (sT0.x) @

where S; = [s;(t1), sj(t2), ..., sj(tL)] is the jth source signal; K; is the covariation matrix with a GP kernel
expression of any two times t and #’

Ki(t,t') = px -t (5)
iNE)=prexp 2h;

where p is a scale factor of the kernel that indicates the power of the generated GP, ; is the
hyperparameter of the jth source signal.

For the prior of mixing matrix A, we consider discriminative inferences for different measuring
points (FBGs) in modeling, and it is written as

p(Ale) = [T Tplas) = [TT ] Maii0,ci) ©)
i=1 j=1 i=1 j=1

where a;; is the element in the ith row and the jth column of the mixing matrix; €;; is the variance of a;;
and it can be considered as a hyperparameter of the mixing matrix prior.

305



Sensors 2019, 19, 3981

For the distribution of the hyperparameters of noise (X¥7) and mixing matrix (€), the conjugate
prior for the variance in Gaussian likelihood is used

m

P(Zz) = H p( ZZI,],|0¢Z/ﬁZ) - ﬂIG(UﬂaZ’ﬁZ) (7)

i=1

m n m n
p(S) = p(s,']‘|0(u,‘3u) = HHIG(&{jlaa,ﬁa) (8)
i=1 j=1 i=1 j=1
where az, 7, a;, and f,; are known parameters in inverse-gamma distribution.
Due to the non-negativity of the hyperparameter of source (#), gamma distribution is used to
describe this hyperparameter’s statistical feature

n n

p() = [T plny) = [T 6. ps) ©)

j=1 j=1

where ag and g are two known parameters in the above gamma distribution.

After modeling of all the prior distributions and introducing distributions of the source and mixing
matrix hyperparameters, the joint posterior distribution can be calculated by the Bayes’ theorem, which
is expressed as

p(A,S,2z,h, eX) OCP(XIA S,2z) xp(Ale) xp(e) xp(h) x p(Ez)

n

= H N(X(£); AS(t ),Zz)x]le(sT 0,K) x M) g
X H1 H IG(&;]'O(mﬁa)X _ﬁl G(h]|a5,ﬁ5) X H IG( |amﬁn)
i=1j= j=

To solve this joint posterior, both Gibbs sampling and Metropolis-Hastings (M-H) algorithm,
as two MCMC methods, are used in Bayesian BSS model to estimate A, S, X7, /1, and €. The procedure,
which was detailed in our previous research [40], consists of: (i) generating samples of the source,
mixing matrix, noise covariance matrix and mixing matrix hyperparameter from the corresponding
conditional posteriors p(SIX,A,Lz,h), p(AlS, X, Lz he), p(Xz|A,SX), and p(e|A) by Gibbs sampling;
(ii) deriving the expression of these conditional posteriors; and (iii) deriving the posterior of the source
hyperparameter p(h|S), which does not belong to a standard conjugate family by the M-H algorithm.

3.2.3. Defect-Sensitive Feature Extraction

The original strain response acquired by an FBG sensor situated at rail foot under the excitation
of an eight-car EMU (32 wheels) is shown in Figure 4. By using the proposed Bayesian BSS method,
two sources are derived. The raw response data can thereby be decomposed into two components by
multiplying sources by mixing weights. Figures 5 and 6 illustrate two sets of original signals of rail
response and their decomposed components. They are generated by a healthy wheel and a wheel with
local defects, respectively. It is seen that in both cases, the first component is the trend of the original
response signal and it reflects the rail response to an ideally rounded wheel, whereas the second
component is the response excited by wheel roughness only. Comparing the two cases, the defect
feature can be extracted by analyzing the second component.
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Figure 5. Raw signal of rail response to the excitation of a healthy wheel and its decomposed

components: (a) plotted in different panels; (b) plotted in the same panel.
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Figure 6. Raw signal of rail response to the excitation of a defective wheel and its decomposed
components: (a) plotted in different panels; (b) plotted in the same panel.

3.3. Defect Identification

Pursuant to the signal decomposition and feature extraction of rail strain responses described
above, this section will identify anomalies in the time history from the second signal component
obtained by Bayesian BSS, targeting to detect potential defects. To the end, a threshold is to be set
by a criterion for outlier detection. If a number of data points of the decomposed signal exceed the
threshold, they will be recognized as localized anomalies.

Regarding the choice of criterion, it is considered that track structures and vehicle components can
sustain the dynamic loads in all but the worst cases, without catastrophic failure [11]. Similarly,
wheel defects that may generate such wheel-rail interaction force should be rare. Therefore,
the Chauvenet’s criterion is a suitable method in identifying localized anomalies that are likely
to be wheel defects. A threshold (limit) for judging the anomalies from the normalized data can thereby
be placed. The upper and lower limits of the probability band given by the Chauvenet’s criterion are
expressed in Equation (11) and Equation (12), respectively.

x, = F7(1-025/N|y,0) (11)

x =2u-F'(1-025/N (12)

o)

where x, and x; are the upper and lower limits of the probability band, F~! is the normal inverse
function, and N is the sample size. Given the lower and upper limits, the anomalies on the time history
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of normalized strain data can then be easily detected, as shown in Figure 7. Note that in this study,
anomalies are the data points that are beyond lower or upper limits and the adjacent data points within
a certain range in time series.

So far, the anomalies on the normalized rail strain data are obtained. However, whether
these anomalies are caused by actual wheel defects still needs further investigation. Our previous
studies [35,36] revealed that a strong evidence for the presence of a wheel defect is that there are more
than one anomaly found on the responses collected by different FBGs and these anomalies occur at the
same time period. In view of this, we can further examine the anomalies identified by the Chauvenet’s
criterion through a comparison of adjacent FBGs. Specifically, if an anomaly is concurrently identified
from the normalized responses collected by different FBGs at the same time period, a wheel local defect
can be confirmed. The features of the potential defect, including the relative response amplitude and
its location on the wheel tread, can subsequently be obtained. An example of the screening mechanism
was given in [35].

13.85 139

13.95

Time (s)

Figure 7. Detection of localized anomalies from the normalized strain data — an example of two
strain response datasets: blue and green curves—normalized strain time histories from two different
FBGs; black straight lines—the upper and lower thresholds specified by the Chauvenet’s criterion;
red curves—the anomalies identified using the Chauvenet’s criterion.

The implementation procedures for online wheel defect detection in a timely manner are as
follows: when a train passes over the instrumented rail section, the detector is triggered to collect data
and the three-step algorithm is employed for instant data processing and evaluation. The acquired data
are pre-processed first to obtain the rail response corresponding to the specific wheel load excitation
(step I); afterwards, the defect-sensitive feature extraction is conducted through signal decomposition
based on Bayesian BSS (step II); lastly, the localized anomalies obtained through feature extraction are
used to identify potential wheel local defect by the Chauvenet’s criterion (step III).

In the proposed defect detection process, there are several factors that may have effects on
detection results. Among them, three issues need further exploration: the speed variation of passing
trains, the temperature effect on strain measurement, and the location of FBGs with respect to sleepers.
Their possible influences are discussed in the following:

e  The speed variation of passing trains: The process of train passage lasts from seconds to dozens of
seconds, so it is possible that the train is speeding up or slowing down during this process and
the speed is not constant. However, as described in the proposed method, the condition of wheels
is assessed individually, that is, the detection of each wheel is free from the interference of other
wheels. Since the instrumented rail section with FBG array is only about 3 m long, the speed of
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each wheel is unlikely to change dramatically during its passage across the instrumented section.
In addition, it has been proven that the dynamic strain monitoring data of rail obtained under
different constant running speeds of a train give rise to consistent wheel defect detection results
as long as the running speed is instantly measured and enough large dynamic strain of the rail is
excited by the passing wheel. It is observed that when the train’s running speed is lower than
20 km/h, the anomaly stemming from minor wheel defect is difficult to perceive in the measured
rail dynamic strain response.

e The temperature effect on strain measurement: For strain measurement using FBG sensors,
the temperature effect usually should not be ignored, since the output wavelength of FBG sensors
can shift with temperature variation. However, temperature-induced wavelength change would
not influence the performance of the proposed method. This is because the wavelength change
caused by temperature variation mainly results in the change of baseline of the output signal.
The influence of temperature can be easily eliminated by deducting the mean value of wavelength
before or after train passage. Particularly in the proposed method, after pursuing BSS, the change
of temperature will be reflected in the first component (source) rather than the second component
(source), the latter being used for wheel defect detection. Also, the temperature variation during
the short time of the wheel’s passage across the instrumented section is ignorable.

e  Different locations of FBGs with respect to sleepers: In this study, the FBG sensors on the array
have different locations with respect to sleepers. These FBGs measure the rail strain due to
bending, and the measurement result may be influenced by the distance of the sensor from the
sleeper. Therefore, it is necessary to compare the signals generated by different FBGs on the array.
As shown in Figure 4, under the excitation of the same wheel, the waveforms of the rail strain
responses at different locations are similar. Even if there are slight differences in the amplitude
of response peak, this kind of difference is mainly reflected in the first component after signal
processing using BSS, rather than in the second component. Therefore, the detection results would
not be affected by this issue.

4. In-Situ Verification

In this section, the proposed online detector is deployed on a rail line to verify its capability to
collect singles and detect multiple wheel local defects through a blind test. Based on the test results,
the performance of the devised system in local defect detection will be assessed.

4.1. Implementation of Online Detector

The devised online wheel defect detector presented in Section 2 has been implemented on a rail
line, as shown in Figure 8. The devised system has a trigger module which allows the interrogator
to collect wavelength data from the FBG array automatically when there is a train passing over the
instrumented rail section. The monitoring data of rail strain response will be stored in a hard disk
and sent to the data processing and analysis module, which integrates the wheel defect identification
algorithms presented in Section 3. In this way, the condition of the wheel tread and defect information
(if any) can be obtained and displayed in real time.
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Figure 8. Configuration of the online wheel condition monitoring system.
4.2. Blind Test

To verify the proposed defect detection method, a blind test was conducted by operating a train
with potential wheel local defects on the instrumented rail. The test train is a new high-speed EMU
equipped with several defective wheels, as shown in Figure 9a. The distance between bogie pivot
centers of the test train is 18 m and bogie wheelbase is 2.5 m. The train passes over the instrumented
rail several times and the running speed ranges from 20 km/h to 50 km/h. The defective wheels
have single or multiple wheel defects on their treads, but the defects were unknown before the test.
The proposed defect identification method is applied to process and analyze the monitoring data
collected by the online detector. By comparing the online detection results with the results of offline
wheel inspection (wheel radius deviation measurement) conducted later in a depot, as shown in
Figure 9b, the performance of the detector is evaluated. The detection results and performance analysis
of the proposed wheel local defect detection method will be detailed in Section 4.3.

() (b)

Figure 9. (a) The test train of an eight-car high-speed EMU; (b) In-depot offline wheel inspection by
radius deviation measurement.

4.3. Test Results and Validation

After conducting data pre-processing (step I) and feature extraction (step II), there are 21 x 64
(21 FBGs on each array, 64 wheels) datasets of the second component of rail response signals. The defect
identification algorithm (step III) is then applied to confirm the existence of potential defects. Among
the rail strain responses corresponding to all 64 wheels, the right wheels of wheelsets no. 1, 6, and
24, and the left wheel of wheelset no. 27 are identified to have local anomalies. Figures 10a, 11a, 12a
and 13a illustrate the second component of raw signals collected by different FBGs on the array (blue
and green curves) and localized anomalies (highlighted in red) corresponding to these wheels. It is
found that the defect detection results match the radius deviation measurement results (shown in
Figures 10b, 11b, 12b and 13b) well in most cases, even in the multiple defect cases. Furthermore,
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the proposed method has excellent performance in detecting minor defects, whose depth is as low as
around 0.06 mm (amplitude is —0.08 mm and baseline is around —0.02 mm), as seen in Figure 11b. It is
noteworthy that in multiple defect cases, the signature of a same local defect may occur twice on the
response signals collected by the FBG array because it may hit the rail twice and both hits can generate
localized anomalies if the contact point is near one end of the FBG array. The online detection result for
the left wheel of wheelset no. 27 is such an example, as shown in Figure 13a.
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Figure 10. Defect detection results of the right wheel of wheelset no. 1: (a) online detection result;
(b) offline wheel radius deviation measurement.
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Figure 11. Defect detection results of the right wheel of wheelset no. 6: (a) online detection result;
(b) offline wheel radius deviation measurement.
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Figure 12. Defect detection results of the right wheel of wheelset no. 24: (a) online detection result;
(b) offline wheel radius deviation measurement.
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Figure 13. Defect detection results of the left wheel of wheelset no. 27: (a) online detection result;
(b) offline wheel radius deviation measurement.

5. Conclusions

The demand for ensuring operation safety and reducing maintenance cost for high-speed rail
calls for a well-organized CBM scheme which can provide timely and necessary information about the
condition of wheels and other key components to the railway operators. To facilitate the application of
online wheel defect detection methods, as a critical part of CBM scheme for rolling stocks on HSR,
more efforts should be devoted to improving the performance of the existing detection methods,
from the perspective of the system configuration design, performance of sensors, data acquisition
system, and defect identification algorithms in line with online monitoring data. The work presented in
this paper is among these efforts. It is recognized that the FBG-based wayside wheel impact detectors
can be more effective for HSR wheel condition assessment and defect detection than conventional
detectors. In this study, a new defectidentification method for wheel minor defects which are commonly
reported to cause abnormal vibration on HSR vehicle-track system is proposed, where an online
monitoring system using FBG sensor arrays is employed to collect rail strain responses at multiple
locations at rail feet.

In order to automatically detect potential wheel defects, this study proposes a three-step defect
identification algorithm to identify local defects in light of the online monitoring data of rail strain
responses. The algorithm is carefully designed to reduce both false alarms and missed hits which may
induce considerable cost in HSR. Because Bayesian BSS outperforms the conventional BSS techniques
in processing signals with temporal structure and quantifying measurement error/uncertainty,
the proposed algorithm uses Bayesian BSS to decompose the raw signals and obtain useful features
that are sensitive to wheel defects. Through data pre-processing, defect-sensitive feature extraction,
and defect confirmation procedure, not only can we identify the defective wheels from all passing
wheelsets, we are also able to predict the location of wheel local defects in multiple defect cases.

Blind tests were implemented to verify the performance of the proposed method. Test results
indicate that the local defects can be identified with high fidelity, which are in good agreement with
the offline measurements of wheel radius deviation taken in a depot. It is found that wheel defects
with depth (radius deviation) as low as 0.06 mm can be successfully detected by the proposed method.
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Abstract: We present in this paper a structural health monitoring study of the Egyptian lighthouse
of Rethymnon in Crete, Greece. Using structural vibration data collected on a limited number of
sensors during a 3-month period, we illustrate the potential of the stretching method for monitoring
variations in the natural frequencies of the structure. The stretching method compares two signals,
the current that refers to the actual state of the structure, with the reference one that characterizes
the structure at a reference healthy condition. For the structure under study, an 8-day time interval
is used for the reference quantity while the current quantity is computed using a time window of
24 h. Our results indicate that frequency shifts of 1% can be detected with high accuracy allowing for
early damage assessment. We also provide a simple numerical model that is calibrated to match the
natural frequencies estimated using the stretching method. The model is used to produce possible
damage scenarios that correspond to 1% shift in the first natural frequencies. Although simple in
nature, this model seems to deliver a realistic response of the structure. This is shown by comparing
the response at the top of the structure to the actual measurement during a small earthquake. This is
a preliminary study indicating the potential of the stretching method for structural health monitoring
of historical monuments. The results are very promising. Further analysis is necessary requiring the
deployment of the instrumentation (possibly with additional instruments) for a longer period of time.

Keywords: SHM,; stretching method; model updating

1. Introduction

This work takes place in the general framework of structural health monitoring (SHM) of historic
monuments [1-4]. Ideally, the monitoring system should provide a quick assessment of the state of the
structure without requiring a long training period while using only a limited number of instruments
and computational resources. Several vibration-based output only modal identification techniques
are available in the literature for this purpose (see for example [5-7] and references therein). Since the
estimated modal frequencies depend highly on changing environmental conditions (such as the
temperature, and the wind direction/strength), the use of statistical methods is necessary so as to
remove this dependance and provide reliable indicators of structural damage [8-15]. We also refer
to [16] for a review on data normalization procedures for addressing the issue of separating structural
changes of interest from operational and environmental variations. These statistical techniques,
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however, often require heavy computations and a long training period, of the order of one year, before
the monitoring system can be operational [11]. To address this problem, we have introduced in [17]
the Stretching Method (SM) which, in the context of SHM, allows the estimation of small shifts in the
natural frequencies of a structure in a simple and efficient way without requiring a long training period.

The stretching method has been successfully used to detect and monitor changes in the substratum
of the earth [18]. To do so, SM compares two waveforms, the current and the reference one, both
obtained by cross-correlating ambient noise recordings. These two waveforms characterize the current
and reference state of the substratum (e.g., the velocity with which waves propagate in the Earth) [19,20].
The difference between the two waveforms is the time-window over which the cross-correlations are
averaged. A large time window is required to build the reference waveform, while a smaller one is used
to obtain the current waveform. SM determines the amount of stretching that the current waveform
needs so as to maximize its correlation with the reference waveform. This stretching corresponds to a
relative change in the velocity with which waves propagate in the substratum.

The application of the stretching method in the structural health monitoring context was
considered in [17]. There, SM was adequately modified so as to detect and monitor changes in
the natural frequencies of a structure. In contrast to seismology, the cross-correlations instead of being
compared in the time domain, they are processed in the frequency domain using the Fourier transform.
In the SHM context, we can interpret the time-window over which the reference cross-correlation is
computed as the training period of the method which is typically 7-9 days while the time needed to
compute the current waveform determines the damage warning time shown to be 12-24 h [17].

In this paper we apply this SM-based methodology on output only vibration data collected on
the Egyptian lighthouse located at the port of Rethymnon on the island of Crete in Greece. SM is
successfully used to identify the natural frequencies of the structure related to flexural bending modes.
However, due to lack of sufficient data, other modes such as axial or torsional, while shown to be
present in the signals, were not vigorously identified. Based on a 2-hour time averaging period for the
current quantity, we carry out an analysis of the fluctuations for the first two natural frequencies of
the structure. Our analysis indicates strong dependence on temperature and also on wind direction.
The fluctuations in the natural frequencies are reduced by increasing the time-averaging window over
which the current waveform is computed. A time window of 24-hours seems to provide sufficiently
accurate estimates of artificially imposed frequency shifts. This is determined with a sensitivity
analysis that allows us to estimate with what accuracy different levels of frequency shifts in the
natural frequencies can be detected. This analysis shows in particular that our methodology can be
safely used for recovering frequency shifts as small as 1% when using 1-day intervals for averaging
cross-correlations to compute the current quantity.

We also propose a simple model that is calibrated to match the estimated natural frequencies
using model updating techniques. Generally speaking, a mathematical or numerical model may be
used to simulate the behaviour and response under certain excitation of a structure. This model is
often built using the finite element method. In practice, however, several properties of the real system
are unknown or uncertain (i.e., material and geometric properties, boundary conditions, excitation),
for which, inevitably, conjectures have to be made. Moreover, due to lack of knowledge or other
restrictions, often simplifying modeling assumptions regarding the structure are required or implicitly
made [21]. Due to these uncertainties, it is often better to define a simple initial model amenable to
easy and efficient modifications. Furthermore, a simple surrogate model with a limited number of
degrees of freedom is more appropriate to be used for possible near real time results as an output of
some simulation that could be executed to embedded systems (e.g., microprocessor).

Here, we use a simple model that consists of two independent cantilever beam systems.
The first refers to the east-west and the second to the south-north directions. Using model updating
techniques [22] we seek to estimate elasticity (Young’ modulus) and inertia (mass density) distribution
over the length of the beams so as to match the model’s eigenfrequencies to the estimated natural
frequencies of the structure. The calibrated model, although very simple, matches (relatively well) the
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response of the structure to a small earthquake. This calibrated model is also used to provide possible
damage scenarios associated with specific measured shifts.

The remainder of the paper is structured as follows. In Section 2, we present a brief review of
the stretching method and explain how it can be used for operational modal analysis. Then, the
application of the method and the analysis of the data collected on the Rethymnon lighthouse is carried
out in Section 3. Section 4 is concerned with the model updating technique and Section 5 contains our
conclusions.

2. Methodology Review: the Stretching Method

The Stretching Method (SM) is widely used in passive imaging applications mostly related to
Geophysics [23-25]. The key idea of the method is to estimate how much we need to stretch a signal,
referred to as current, so as to maximize its correlation coefficient with another signal, the reference.
In Geophysics, the signals on which SM is applied are time domain cross correlations of seismic
noise recordings. The reference signal characterizes the medium with no variations while the current
characterizes the medium in its present condition. The difference between the two signals is the time
interval over which the cross-correlations are averaged. Longer time intervals are required to obtain
the reference quantity while for the current signal, the cross-correlations are averaged over a small
time window. The resulting stretching parameter corresponds to the relative velocity change dv/v of
the medium. Recently, SM was successfully used in the context of Structural Health Monitoring (SHM).
The methodology is briefly explained below, for more details we refer the interested reader to [17].

Let uy(t, x;) and uy, (£, x,) be the recordings of the acceleration due to random excitations in the
k-th and m-th directions at locations x; and x;, respectively. Combination of direction and location
defines a specific degree of freedom, u*(t) = uy(t, x;) and w/(t) = wu(t, x,). We use these recordings
to compute the empirical cross-correlation function over the time interval [0, T],

0= /[;T Wl (£l (£ + T)dt, v

with T denoting the lag-time. The cross-correlation function Cr is a self averaging quantity, which
means that it is independent of the random excitation, provided that the averaging time window is
large enough. More precisely, it can be shown that C converges to the average quantity C?V,

(1) =% Carln), @
where the average is defined with respect to the realizations of the random excitations
i) = (i (). ®

In the SHM context, SM is not applied directly to the time domain cross-correlations but rather
to their Fourier transforms. Assuming that the excitations behave like random white noise and
the structure is a linear and time invariant system, the elements of the cross-correlation matrix in
the frequency domain correspond to power spectral densities. In this case, the resulting stretching
parameter corresponds to the relative change dv /v in the natural frequencies of the structure. More
precisely, we form the matrix

[A#(v)],-,]- = A?J-(v), #=71,cC

where A?j(v) is the Fourier transform of the reference (# = r) or current (# = c) empirical
cross-correlation (1) computed for sensors i and j, 1 < i,j < n, where n denotes the number of
the available (measured) degrees of freedom,

A?J(V) = /CiT’j(T)e’zm"dT. 4)
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The matrix A*(v) is symmetric so it admits a symmetric singular value decomposition (SVD) of
the form,
Af(v) = Ut (n)=F ()U"" (v). ®)
The matrix £#(v) is a real diagonal matrix with the singular values o} (v),...cf (v) placed on
the diagonal while the columns uf(v),...,u® (v) of the matrix U*(v) are the corresponding singular
vectors. Here U"T denotes the transpose of the matrix u’. The frequencies at which the first singular
value admits peaks correspond to the natural frequencies of the structure while the first singular vector
at the corresponding frequency is identified as the modal shape associated to this natural frequency
(see Section 10.3.3 of [26]).
To monitor variations in the natural frequencies with the SM method we maximize the
correlation coefficient "o
fVl of(v+ Av)oj (v)dv

Cs(Av) = ,
v V(o (v 4+ Av))2dv [ (o] (v))2dv

(6)

where ¢] and o are the reference and current largest singular values of the matrices A" and A°
respectively. The interval over which the optimization is performed is centered around each of the
detected natural frequencies of the structure. The discretization is adaptively refined during the
optimization process so as to provide an efficient solution. The result of this procedure provides a
value for Av for each current quantity. Tracking the changes Av over time could help us detect potential
structural damage [26].

3. Application to the Rethymnon Egyptian Lighthouse

In this section we apply the stretching method to structural vibration data of the Rethymnon
lighthouse.

3.1. Structural Elements of the Lighthouse

The Egyptian lighthouse of Rethymnon is a masonry building constructed in 1838 while still Crete
(Greece) was an Ottoman province under Egyptian control. The lighthouse came under the supervision
of the French Lighthouse Company in 1864. It was operating until 1962. In 1930, for strengthening
purposes, concrete reinforcement was used, as it may also be seen in the photo of Figure 1.

Figure 1. An older shot of the Egyptian lighthouse of Rethymno.
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Elements of the geometric properties of the lighthouse have been adopted from data of an older
rehabilitation study (1973, Lampakis, Civil Engineer), shown in Figure 2.
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Figure 2. Sketches of an older rehabilitation study.

Based on this study, and using a preliminary simplified model, we initially assume a length
L =15.6 m and consider the lighthouse as a hollow cylinder of constant cross section having internal
radius r; = 1.2 m and external 7, = 1.8 m. The material is assumed homogeneous with a modulus of
Elasticity E = 5 GPa and mass density p = 2.5 tn/m?>. These values belong in a range typical for masonry
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of historical buildings and give a good agreement between the model predicted eigenfrequencies
(Section 3.3.1) and those estimated from the measurements (see Section 3.3.2). In Section 4.1.1, we use a
heterogeneous cantilever beam model and estimate the distribution of its elasticity modulus and mass
density by minimizing the misfit between the model predicted and the measured eigenfrequencies.

3.2. Instrument Placement

The deployment of the accelerographic instruments started in May 2017, after the Rethymno
Ephorate of Antiquities expressed interest within the frame of the EU H-2020 STORM project. NOAIG
installed two digital three-component accelerographs of CMG-5TDE type (Guralp Systems Ltd, 24 bit
at 200 s/s, continuous local recording, time-stamped via GPS) at the top and the basement of the
lighthouse. Care was taken for the installations to have the same orientation and to be at the same
vertical axis of the lighthouse, in order to minimize possible effects from the directivity of the ground
motion energy propagation and from the rotation of the body of the lighthouse.

The two instruments were recording acceleration in three directions (North, East and vertical) for
a period of three months in separate 2-hour long files. We have a total of n = 6 degrees of freedom
recorded corresponding to three directions at the top and three directions at the bottom of the lighthouse.
Although the two instruments were vertically aligned, since the diameter of the lighthouse is changing
with height, the alignment is not perfect.

In addition, we included in our study meteorological data (temperature, wind speed and wind
direction), which were kindly offered by the Institute for Environmental Research and Sustainable
Development of the National Observatory of Athens, that has developed and operates a network of
automated weather stations to monitor weather conditions in Greece. Data were acquired from the
weather station permanently deployed at the Municipal Enterprise of Water and Sewerage Supplies
of Rethymno. The station is situated close to the coast and the Lighthouse under investigation.
The meteorological station includes a Davis Instruments, type: Vantage Pro2 Wired Fan-Aspirated,
weather monitoring instrument. Further detailed information on the station configuration and the
produced data, as well as the NOA meteo network can be viewed in [27,28].

3.3. Modal Recognition

Using the limited number of sensors, that is two tri-axial (3D) sensors, it is possible to estimate
the natural frequencies (eigenfrequencies) of the structure while for the corresponding eigenfunctions
we only get a very crude estimate (i.e., their values at the two measurement locations).

3.3.1. Modal Recognition—Theoretical Expectations

Approximating the lighthouse tower as a cantilever beam of constant cross section and adopting
the Euler-Bernoulli assumptions, we may analytically express the respective eigensystem and obtain
an estimation for the eigenfrequencies and eigenfunctions pairs. We believe that according to the
instruments’ placement as described in Section 3.2, we could, with certainty, measure only flexural
due to bending modes. Other modes such as axial or torsional may also exist, however, due to lack of
sufficient data, we cannot safely confirm that.

The moment of inertia is taken to be I=7t(r% — r?) /4=6.616 m*. The eigenfunctions corresponding

to flexural vibration of the cantilever beam are (see for example in [29]),

sinh (A, L) — sin (A,L)

= cosh - inh (A,x) — si 7
¢n(x) = cosh Ayx — cos (Ayx) + cosh (AnL) — cos (AnL) (sinh (Apx) — sin (Apx)) (7)
while, eigenfrequencies w;, are given as,
EI
wn = Ay g ®)
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where, the first two coefficients A,L are given as 1.8751 and 4.6941, respectively. Furthermore,
m=pA = 14.137 tn/m, the beam’s mass per length, and A=7(r2 — r?) = 5.655 m?, the cross section
area. The coefficient of flexural rigidity is EI = 33080970.64 kNm?. The first two flexural (angular)
eigenfrequencies wy, corresponding eigenperiods T,, = 27/wy, and ordinary eigenfrequencies
vy = 1/ Ty, are calculated as:

wy = 22.101rad/sec, T; = 0.284sec, v1 = 3.517Hz,
wy = 138.504rad /sec, T, = 0.045sec, 1, = 22.043Hz.

3.3.2. Modal Recognition—Signal Processing

To apply the SM method, we first compute the empirical cross-correlations according to Equation (1)
for all different pairs of measurements. The reference quantity is computed by averaging the recordings
over the first 8 days of acquisition. The current quantity will be computed either using a 2-hour interval
or a 24-hour interval. The idea is to use for the current quantity the smallest possible window that
guarantees detection of small shifts in Av with high accuracy. This allows for assessing any structural
damage of the structure as soon as possible. As illustrated in Figure 4, Av measurement has a large
variance due to temperature variations when a time-window of 2-hours for the current quantity is used.
To chose the adequate size of the time window for the current quantity, a sensitivity analysis is carried
out (results shown in Figures 7 and 8). This consists of artificially inserting a frequency shift in the
monitoring data and then trying to recover it using SM. Our analysis suggests that the 24-hour interval
is a good time window for detecting a frequency shift of 1% with high accuracy.

Then, the Fourier transform of the current and reference cross-correlations is computed and the
corresponding 6 x 6 matrices are formed. Since the values of these matrices depend on the frequency,
their singular value decomposition, performed frequency by frequency, provides singular values that
are frequency dependent as well. Our analysis uses the first singular value of the corresponding matrix
as reference and current quantity in (6).

To estimate the modes of the structure under examination, we look at the first singular value of
the reference cross-correlation matrix as a function of frequency. The frequencies at which this function
admits peaks are identified as structural modes. By looking at the plot in Figure 3 (i.e., the first singular
value of the reference cross-correlation matrix as a function of frequency), we have identified the
eigenfrequencies given in Table 1. We do not have an interpretation for the modes 3-5. We believe
that they correspond to torsional and axial modes, however, not appropriately measured due to the
instruments’ placement.

lel2
2.00

Amplitude
g

5 10

15
frequency (Hz)
Figure 3. The first singular value of the reference cross-correlation matrix (computed using the first 8

days of acquisition) as a function of frequency (in Hz), 07 (v) . The estimated values for the first seven
natural frequencies of the structure are given in Table 1.
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Table 1. The first seven eigenfrequencies estimated from the peaks of o] (see Figure 3).

Global Indexn  wjy (rad/sec) v, (Hz) Type

1 24.453 3.860 flexural, east-west
2 25.792 4.105 flexural, north-south
3 78.163 12.440 @

4 83.290 13.256 @

5 86.953 13.839 @

6 131.061 20.859 flexural, east-west
7 133.141 21.190 flexural, north-south

3.3.3. Modal Recognition—Theoretical Modal Values vs Recovered Modes and Conclusions

By comparing the results of Sections 3.3.1 and 3.3.2, we observe that quite good agreement has been
obtained between theoretically expected, under certain rough approximations, and measured values
for flexural modes of the structure. There are three estimated eigenfrequencies in the neighbourhood of
13 Hz, which due to lack of sufficient data, could not be safely recognized and attributed with specific
physical meaning, while they seem to be related with torsional and axial response or other secondary
motion of non-structural components on which instruments are located.

3.4. Av Measurements

We focus our attention now on the first two identified modes and look at their variations as a
function of time over the acquisition period. It is well known that the variations of Av over time are
mainly driven by variations in temperature [30]. To examine if the same holds here, we compare
in Figure 4 the variations Av for the first two modes with the temperature variations over the same
time period.
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Figure 4. Comparison between the Av measurement and the temperature for the first (left) and second
(right) mode.

With a first look at the results (see Figure 4), we observe that the measurement that corresponds
to the first mode seems to be highly correlated with the temperature while the measurement of the
second mode is less correlated with the temperature. More precisely, the measurement seems to be
differently correlated at the very beginning and the very end of the measurement period in comparison
with the period in between.

The explanation of this behaviour relies on the source of the excitation for these two modes.
The two modes correspond to different flexural vibrations and, thus, each mode excitation is expected
to depend on the wind direction.
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In Figure 5, we plot the direction of the wind for two different time segments in the three month
acquisition period. On the left we have a few days with wind that varies widely in direction and thus
guarantees an excitation source for both modes measured in Figure 4. On the right we have a time
period with winds that barely vary in direction (mostly East-West winds) and thus do not provide
sufficient excitation for the second mode. Although the natural frequencies of the structure do not
depend on the wind direction our ability to measure them using vibration data does depend on it.
Indeed the SM assumes measurements due to white isotropic noise. If the noise is not isotropic, it
affects the ability of SM to recover the measurement for Av. This explains why the second mode does
not correlate with the temperature in the same way as the first mode does during the periods that the
wind is mostly along a single direction.

Temperature (in Celcius)
]
3
Temperature (in Celcius)

19 : T -

[ 50000 100000 150000 200000 253000 250000 300000 356000 200000
+1.497

4d7e0 - +1.499¢9
Time (Unix time) Time (Unix time)

Figure 5. The temperatures for two different days and the correlation with the wind direction.
The direction of the wind is represented by the different dot colors with blue to be a North-South
direction and with red a West—East direction. On the left we have a couple of days at the middle of the
measurement period and on the right a couple of days at the end of the measurement period.

To decrease the variations of Av so as to be able to asses damage associated with frequency shifts
in the structural modes we propose to compute the current quantity using a time-window of 24-hours.
This significantly reduces the variations of Av as can be seem in Figure 6.
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Figure 6. The estimated values for the first (right) and the second (left) eigenmode using for the current
quantity a time window of 2 h (blue dots) and 24 h (orange triangles). The reference quantity is the
same for both plots and is computed using the first 8 days of data.

To illustrate that SM can effectively allow us to detect small permanent shifts in the structural
modes that could be associated with a damage, we artificially insert a frequency shift in the monitoring
data and then try to recover it. Over the assumed period over which there is damage, we define the
modified singular values 0;(v) as follows,

o) =0v+Av), i=1,...,7. )
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In Equation (9) we introduced a shift §v that corresponds to the small permanent shift associated to
the damaged state. Then we form the correlation matrix using %(v) instead of %(v) in Equation (5)
and apply the SM to this modified correlation matrix.

To determine with what accuracy we can detect different levels of frequency shifts in the natural
frequencies, we carry out a sensitivity analysis. This consists in manually imposing a frequency shift as
described above and then calculate the error of the SM method on recovering the imposed frequency
shift. We perform this analysis for frequency shifts from 0.1% to 1% using both 1-day and 1-week
measurements to define the current quantity. The results are illustrated in Figure 7, where we observe
that the estimation is good for both cases with relative errors below 10% . As expected, the accuracy
increases by increasing the time window used for the current quantity. Also, larger frequency shifts
can be determined with higher accuracy. Noting that a frequency shift of 1% can be recovered with a
relative error less than 4%, we deduce that we can trust our methodology for recovering frequency
shifts as small as 1% when using 1-day measurements as current quantity.

10

Relative error on Av [%]

A\‘\‘

0.0 0.2 0.4 0.6 0.8 1.0
Relative frequency shift [%]

Figure 7. Relative error on Av when recovering frequency shifts from 0.1% to 1% using either 1 day
(orange) or 1 week (blue) as current quantity.

To visualize the performance of SM, we insert a 1% permanent frequency shift at the measurements
shown in Figure 6 and try to recover it. The results for the first mode are illustrated in Figure 8.
We observe a very good agreement between the estimated and the exact frequency shift indicating that
indeed SM can be used in SHM.

3.88
—— Original Measurement
~N —&— Expected Estimation
I 3.86 1 —e— Actual Estimation
C
=
€ 3844
£
9-) 3.82 1
53
w0
©
(]
§ 3.80 1
3.78 T T T T T T T T
1.4964 1.4966 1.4968 1.4970 1.4972 1.4974 1.4976 1.4978
. — 1e9
Time (Unix time) €

Figure 8. The estimation of first mode using a 24-hour time window for the current quantity and
imposing shift of 1%. With orange we plot the exact imposed shift and with green we plot the estimation
provided by the SM. We observe very good agreement.
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Using a simplified numerical model we will provide in the next section possible damage scenarios
that correspond to a frequency shift of 1%.

3.5. The Estimated Mode Shapes

Studying the modal values and their variations over time is not always enough for a complete
understanding of what the recovered modes actually represent. The whole picture comes from studying
the mode’s shape as well. Using the SVD (5) we compute the singular vector corresponding to the
largest singular value for the reference quantity at the identified structural frequencies reported on
Table 1. The results for the first four modal shapes are reported in Table 2 while the respective degrees
of freedom, are shown in Figure 9 together with a schematic illustration of the first two eigenmodes.

Table 2. Modal Shapes.

Direction/Position First Mode  Second Mode Third Mode Forth Mode
East-West (EW)/bottom —0.0801644 —0.0248191 —0.352925 —0.334469
North-South (NS)/bottom  —0.0566074 —0.0120627 —0.314454 —0.29505
Vertical (V)/bottom —0.00216538  —0.00592483 —0.0370501 —0.121381
East-West (EW)/top —0.887227 —0.473897 —0.788803 —0.771983
North-South (NS)/top —0.450108 —0.87642 —0.364553 —0.385618
Vertical (V)/top —0.024408 —0.0807035 —0.141706 —0.204166

\Y

Top T NS T First T Second
:EW

Bottom \

NS

Figure 9. Measured degrees of freedom and schematic illustration of the first two eigenmodes.

4. Model Recalibration

In this section we describe the approach we have adopted in order to define a simple yet satisfactory
model of the structure under consideration. Finite element simulation of a very similar lighthouse
structure in Chania, an almost 80 km neighbor city west of Rethymno, has been accomplished in
the past and presented in the literature [31]. The models used there were quite detailed ones with
3D simulations taking place. In the current work we have been experimenting with simpler and
more adaptive 1D models with which parametric studies could be easily accomplished, and advanced
techniques (minimization, transient analyses) could be more efficiently implemented. The objective
here is to construct such simple models having the necessary dynamic properties and still being able to
give results in near real time by simulations executed in embedded electronic devises. For that a Java
finite element library together with other necessary units (e.g., Apache Maths Common) have been
utilized in the development environment of SDE [32]. The simplest model that might be used for such
structures is a cantilever beam, dynamic properties of which, in terms of the eigensystem, have been
considered in Section 3.3.1. Here we use such a model in combination with the finite element method
and appropriate calibration.
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4.1. Modal Characteristics Consideration

Estimated mode shapes using the acquired data of lighthouse response (see Table 2) indicate the
possible coupling of bending to torsional modes. That was expected since cross section asymmetric
geometry and/or non-homogeneity of material distribution on the cross section imply coupling of
bending and torsional vibrations, since shear and mass center do not coincide over the height. More
generally, when geometric, shear and mass centers of the cross sections of a uniform beam do not
coincide then coupling of flexural, torsional (including possible warping) and tensional vibration
modes occurs [33]. Yet, that coupling might have mostly appeared because of sensors’” positioning.
Furthermore, as mentioned before in this work, due to lack of sufficient data, we do not consider
any possible torsional and/or tensional motion and we confine ourselves to the study of structure’s
bending as a cantilever beam system.

Therefore, we proceed by defining two independent cantilever beam systems, avoiding in such a
way the necessity of some 3D model of the beam. The first refers to the East-West and the second to
the South-North direction.

4.1.1. Model Calibration as A Minimization Problem

Here we present the model updating procedure. The parameters we search for are the elasticity
and inertia distribution over the length of the structure as represented by the elasticity modulus and
mass density. We have admitted the quite reasonable assumption of common distribution for both
elasticity and inertia.

The methodology we setup is a sensitivity-based element-by-element updating procedure [34].
We use some piecewise linear distribution ¢5(x) as:
X=X

T;il‘k (H[x — xs] — H[x — x541])

AX — x — Xg

$4(0) = ([x — x; ] ~ Hlx — x]) T2 o
where x € [0, L], Ax=x; — x;_1 the length of each section and H(x) the Heaviside step function. Then,

both elasticity modulus and mass density distributions might be given as:

S S
E(x) = Eo ) asps(x) and p(x) = po ) asps(x). 11)
s=1 s=1

Here, we assume ten sections of linear distribution of material properties defined by the
coefficients a; which are actually the unknown variables of the minimization problem. Having
defined these coefficients as we also establish the material elasticity and inertia properties distribution.

The objective function f to be minimized over the S design variables a; might be given as,

2
~\2 V2 (”s ) -
_ _ _ 12
£0) = (o) =00+ (2080 1) 12)
accompanied by simple bound constraints on a;. We take advantage of the powerful limited-memory
BFGS gradient algorithm [35]. The necessary derivative of the objective function f with respect to as is
given by,

A Y L S VL WL
aas—2(‘/1 Vl)aaSJrVio,(rzm Vz)(vzaas V1aa5)’ (13)

where 3712 denote the sensitivity indexes for the eigenfrequencies. For the dependence of a given
eigenfrequency w;=27tv; on design variable a; we get the explicit form [26,36],

dwi 1 g (9K ,aM\
aTzsfzw,‘m;*(P” <875 “i S Pi (14)

326



Sensors 2019, 19, 3599

where ¢; the i-th and ] the respective generalized mass for that mode given by the product ¢} M¢;.
Sensitivities of stiffness and mass matrices can be explicitly expressed on parameters such as the cross
section area A, moment of inertia J, elasticity modulus E and mass density p among others. Sensitivity
matrices with respect to such parameters are given in the literature (e.g., for the case of Euler-Bernoulli
beam [34]). However, as it can be seen in Equation (14), we need to compute the sensmVltles and

W' of stiffness and mass matrix, respectively. Therefore, considering the chain rule, we get

dwi _ dw; OF | dw; 9p
ons BE das | 0p das

oK  ,0M oK ZE)M
Za;m* i <7_w1 E)E)(P'Ba Za;m* i (7_ i 8p>¢' (15)

with the sensitivities of stiffness and mass matrices over elasticity modulus and mass density
parameters computed using the finite element method and 2 a s g 5. depending only on geometrical
features and being easily obtained from Equation (11).

We consider the two independent cantilever beams for the EW and SN directions respectively
defining the finite element model using two hundred elements of equal length, and we set
Eg=531GPa and pp = 25 tn/m>®. Using Table 1, the target values for the EW model are

=3.860 Hz and 7,7 = 20.859/3.860. For the NS model these values are asked to be 7; = 4.105 Hz and
721 = 21.190/4.105, respectively. Results for the distribution of elasticity modulus and mass density for
both EW and SN models are shown in Figure 10, where we plot the coefficient over the length of the
structure with which we should multiply Ej and py in order to obtain the target values for each model.

Material properties distribution on the length

cocefficient

.00

.00 1.56 3.12 4.68 6.24 7.80 9.36 10.92 12.48 14.04 15.60
length

Figure 10. Material properties (elasticity modulus, mass density) nondimensional distribution (vertical
axis) with the height (horizontal axis) of the lighthouse.

4.1.2. Possible Damage Profiles

As it has been shown in Section 3.4, the SM methodology is able to detect one percent variation
of the eigenfrequencies. Here we present some possible damage profiles corresponding to that level
of variation of eigenfrequencies. In order to do so we assume a variable damage profile of some
damage starting from the base of the lighthouse and possibly spreading towards the top. It is worth
mentioning that the case of localized severe damage to some restricted area near the base could occur
because of an earthquake, while a distributed over the length moderate damage could be the result of
some corrosion process (e.g., alveolization, the mechanical action of salt crystallization and action of
wind) [37]. To define the damage height we use the coefficient /1, taking values from zero up to one
and corresponding to zero height, measuring from the base of the lighthouse, up to the total height of
it. For this damage area we define a second coefficient z; with which the moment of inertia for cross
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sections belonging to that damaged area is multiplied. This coefficient z; takes values from one which
stands for fully operating cross section up to zero which means totally damaged cross section. The use
of this damage variable is in accordance with instructions for moment of inertia reduction because
of structural strength deterioration due to cracking. We again solve a minimization problem where,
for some specific damage area height 1;, we ask for the value of the damage variable z; such that the
variation of the first or second eigenfrequency is of a specific given level (e.g., 1%—2%). The results are
shown in Figure 11, where we present curves of constant frequency variance for one and two percent,
respectively. The horizontal axis stands for the length of the damaged area measured from the bottom
up to the total height. The vertical axis is the damage level of this area, represented by the coefficient
1 — z; that takes values from 0 (fully operative) to one (totally damaged). We observe in Figure 11
that in order to have a frequency reduction of 1%, a damage level of 0.6 (corresponding to z; = 0.4) is
localized in a small area from the bottom, at about 0.5% of the total length. We also observe that to get
a frequency reduction of 2% for the same length of damaged area the respective damage level should
be higher, having a value at about 0.75, corresponding to damage variable z; = 0.25.

Damage level and distribution over height

1.00
.90
.80
370
v—‘{ .60
)
§ .50
.40
<
5 .30 .
< frequency variance 1%
20 frequency variance 2%
.10
.00
.00 .10 .20 .30 .40 .50 .60 .70 .80 .90 1.00

damage area coefficient hy

Figure 11. Combination of damage level z with damaged area length /1L, for variation of eigenfreqency
Av =1% and 2%.

4.2. Time History Consideration

In this last section we try to further validate our model in the time domain taking advantage of a
small earthquake that occurred and recorded on June 21st, 2017. We plot in Figure 12 the recorded
acceleration integrated in time to get velocities and displacements. The East-West components are
shown on the left column while on the right are the North-South ones. It is observed in these plots that
spurious drifts have appeared in the integrated velocities and displacements time histories. Since they
have appeared in both the lower and upper levels of the structure’s measured response, we keep them
as they are for further analysis.

In the model, we impose the motion recorded at the lower level of the lighthouse shown in Figure 12
and compute the response at the top level which we further compare with the recorded motion on that
level of the lighthouse (see Figure 13). We consider both EW and SN models for which we impose the
recorded motion on the lower level. This position is at a height about 10% of the total length while
we refer to that as the bottom since it is assumed to be the level on the ground floor of the lighthouse.
We time integrate the equation of motion of the finite element system using the f-Newmark method.
The critical damping ratio  has been estimated to be around 3% using the half power method [29]. We
impose motion at the bottom as constraints through the consistent penalty method [38], for which both
acceleration and displacement time histories are needed to be given as input.
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Figure 12. From top to bottom, recorded acceleration integrated in time to give velocities and
displacements. On the left column East-West while on the right North-South components are plotted.
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Figure 13. Cont.
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Acceleration at the top

0 12 24 36 48 60 72 84 96 108 120

Figure 13. Response of top level acceleration for the East-West model (top plot) and for the North-South
(bottom plot), respectively. Both recorded motion (red) and computed by the model (blue) are presented.

In order to compare measured and computed (by the model) results of velocities and displacements
at the top of the structure, we proceed by eliminating the drifts. For that, we use a polynomial detrending
of the first and second order, for velocities and displacements, respectively. The response at the top of
the lighthouse, as computed by the simple (but calibrated) numerical model, is in quite good agreement
with the measured response of the structure (see Figures 13 and 14) especially for the North-South
component. Note, in particular, that there is an amplification factor of 10 between the bottom and the
top acceleration in the measurements, which is well captured by the model.
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Figure 14. Response of top level velocities (top) and displacements (below) for the East-West model
(left) and for the North-South (right), respectively. Both recorded motion (red) and computed by the
model (blue) are presented.

5. Conclusions

The stretching method is a computationally efficient vibration-based technique that uses a very
limited number of sensors permanently installed on site to measure operational structural responses
for the purpose of damage detection. The preliminary study carried out in this paper on data collected
on the Egyptian lighthouse of Rethymnon illustrates the potential of using SM for structural health
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monitoring of historic monuments. Although our results are quite promising, further effort is needed
as regards to both the data acquisition and the model setup. In this study, our model is kept very
simple since we do not have so many data to exploit. Note that only two instruments were placed on
the lighthouse for a short period of 3 months. A more careful deployment of the instruments (so as to
be able to measure axial or torsional modes) on a permanent basis would allow us to carry a more in
depth study and illustrate effectively that SM allows for early warning of structural damage.
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