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Abstract

Embedded ultrasonic transmission measurements can be a cost effective and more user-friendly alternative in
comparison to commonly used structural health monitoring systems used in civil engineering to detect
operational or environmental changes in structure. They can be used to detect small structural changes in
large concrete structures without necessity of placing a sensor on the spot where the changing is taking place.
This paper presents the investigations on the possibility of utilising autoregressive model, where the velocity
of ultrasonic wave in a medium is dependent on the operational state. The goal is to use the model for
localization of operational changes in the large concrete structure by means of embedded ultrasonic
transducer networks. In this study, several static load tests and dynamic test on large reinforced concrete
beams have been performed using embedded ultrasonic sensors. Using the autoregressive model it is possible
to localize operational changes in the concrete structure. The proposed approach of diagnostic signal
processing allows for precise evaluation of structural changes in concrete.
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DETEKCJA ZMIAN STRUKTURALNYCH W BETONIE Z WYKORZYSTANIEM WIELU
CZUINIKOW ULTRADZWIEKOWYCH NA PODSTAWIE MODELU AUROGEGRESYWNEGO

Streszczenie

Zintegrowane ultradzwickowe pomiary transmisyjne mogg by¢ efektywna pod wzgledem kosztow i bardziej
przyjazna dla uzytkownika alternatywa w odniesieniu do czgsto stosowanych systemow monitorowania stanu
struktur w budownictwie w celu detekcji eksploatacyjnych lub srodowiskowych zmian strukturalnych. Moga
one by¢ wykorzystane przy detekcji minimalnych zmian w duzych strukturach betonowych bez koniecznosci
umieszczenia czujnika w lokalizacji wystepujacej zmian. Artykut przedstawia wyniki badan w zakresie
mozliwosci zastosowania modelu autoregresyjnego, gdzie predkosé fali ultradzwickowej w medium jest
zalezny od stanu eksploatacyjnego. Celem jest zastosowanie modelu do lokalizacji zmian eksploatacyjnych w
duzej betonowej strukturze, wykorzystujac sieci zintegrowanych przetwornikéw ultradzwigckowych. W
niniejszej pracy monitorowano statyczne i dynamiczne testy duzych zbrojonych betonowych belek z
wykorzystaniem wbudowanych czujnikoéw. Stosujac model autoregresyjny, mozliwe bylo zlokalizowanie
zmian eksploatacyjnych w betonowej strukturze. Zaproponowane podejscie diagnostycznego przetwarzania
sygnatow pozwala na doktadng oceng zmian strukturalnych w betonie.

Stowa kluczowe: monitorowanie stanu konstrukcji, beton zbrojony, most, badania ultradzwickowe, model AR

1. INTRODUCTION

Concrete is the most used material in volume in
the world for many civil infrastructures, like
bridges. They are capable of safely transferring the
superimposed loads to the foundations; however,
their structural integrity is degraded by different
kinds of operational and environmental effects.
Therefore, their strength is important as a civil
infrastructure assign a significant portion of the
national economy, so keep a high level of structural
safety, durability, an efficient system is urgently
required for regular structural assessment and
performance of the infrastructure. For such purpose,

monitoring with the use of low-cost distributed
sensors is an effective solution [1].

Various methods called Non-Destructive
Testing (NDT) techniques have been used for many
years, and in many cases combined with Structural
Health Monitoring (SHM), and more than seventy
types of standardized testing methods can be found
[2]. Although some of them have potential
applicability in the considered problem, they are
widely used. Indeed, NDT techniques using devices
with attached sensors have some drawbacks: the
necessity of huge number of connections, small
coverage place, bulky size, complex signal
processing, and quite strong local mechanical
noises initiated by the sensor elements. For
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example, strain gauges are commonly used as low-
cost measurement devices to measure the internal
stress/strain in concrete structures. The problem of
application of traditional strain gauges is the
difference value of stress inside a concrete
specimen, and at a point on the surface of the
specimen under axial loading. Also, fiber optic [3]
and piezoelectric sensors [4] have shown a good
performance in measuring internal stresses. The
main disadvantages are their cost and capability for
long-term monitoring. Another most used set of
NDT techniques for reinforced concrete inspection
is acoustic and Ultrasonic Pulse Velocity method
(UPV). UPV method is based on sending and
receiving sound waves inside the cement matrix.
The measured parameters are the elastic properties
of the material.

During decades, ultrasonic methods are widely
used in civil engineering to detect crack initiation
and growth, defects as well as to determine material
properties. Traditional ultrasonic inspection shows
a few important disadvantages. The first one is the
need of trained operator, which is sometime
difficult in practice. The high influence of surface
by soft material and external environmental effects
(changes in temperature, wind and others) leads to
undesirable effects on the sensing accuracy. The
transducers are intending for accidents or
impairment during practical field measurements.
Therefore, BAM (Bundesanstalt fiir
Materialforschung und —priifung) developed a
novel ultrasonic transducer, which can be
permanently embedded in concrete [5]. The new
ultrasonic data evaluation has to follow for
detecting subtle changes (e.g. velocity changes) in
materials. The main benefit of this sensor is a high
sensitivity on monitored large areas of a structure
with a limited number of sensors.

Since acquired signals from the mentioned
sensors need to be analyzed in order to collect
diagnostic information on a diagnosed object, it is
essential to use primary signal processing methods
and approaches. From a variety of data evaluation
approaches for collecting structural diagnostic
information, UPV mostly uses the first arrival, time
delay, Hilbert transform of ultrasonic wave [6-9].
Unfortunately, the sensitivity of this technique is
limited, as quite low frequencies (20—100 kHz
relates to a wavelength in concrete) must be used
due to the natural scattering properties of concrete,
and  ultrasonic  wave received by the
receiver/transducer is not only peaks, also it
contains a lot of noise components.

As infrastructures become larger and more
complicated, examination and localized methods
become inefficient, hence more primary effective
methods are needed. Recently, Autoregressive
Model (AR), a technique adapted from mechanical
vibration, was introduced to civil engineering
experiments. It is based on the comparison of past
behavior, when there is some correlation between
values in a time series. The theoretical relationship

between structural operational changes and AR
coefficients are investigated from response signals
[10]. An overview on applications of AR models
can be found in [11].

In this paper, at first, the literature review of
propagation of ultrasonic wave in concrete is
presented, then the autoregressive model is used for
evaluation of signals acquired from ultrasonic
sensors, and based on the velocity changes of the
ultrasonic waves induced by operational effects, the
changes in concrete were determined. This study is
part of the INFRASTAR project, dealing with
advanced monitoring and NDT techniques for
pressure, temperature, and strain measurements and
fatigue damage assessment. The project aims are to
get benefit from novel sensors and improved data
processing methods to “smart” the structures.

2. ULTRASONIC NON-DESTRUCTIVE
EVALUATION METHODS

2.1. Fundamentals of the propagation of

ultrasonic waves

UPV testing is based on time-varying sending
and receiving ultrasound pulse waves in structure. It
can be used in many applications for damage
detection/evaluation, source localization, material
characterization, and more. Ultrasonic inspection
method consists of high-frequency sound waves
which are normally above 20 kHz frequency
introduced into the material. At least two
transducers to perform the ultrasonic inspection are
necessary: one transmitter and one receiver. There
are three basic ways in which the transducers can
be placed: direct, semi-direct, and indirect. A signal
pulse generator and amplifier is used to produce an
amplified electric signal, then it is converted to
mechanical vibrations by a piezoelectric crystal
transducer, and transmitted through the structure.
Then, a reflected wave is received by the receiver
and converted back to an electric signal which is
called an echo [12,13]. In the ultrasonic inspection,
the most commonly used modes are longitudinal
and shear waves for the propagation. For concrete
inspection, ultrasonic pulse velocity method [5,12]
is a useful and versatile NDT method for structure.
Based on the velocity of propagation of ultrasound
waves, it is possible to evaluate the quality of
concrete. Ultrasonic pulse velocity method can be
used for evaluation of the similarity, the position of
damage or deepness inside both reinforced or
masonry structures. To predict the strength of
concrete, measurements of the Rayleigh wave and
the skimming longitudinal wave velocities are used
[14]. The speed of sound is different in various
materials, since the mass of the atomic particles and
the elastic properties are different for various
materials. The mass of the atom is related to the
thickness of the material, and the elastic properties
are related to the elastic constants of the material.
For longitudinal waves, the speed of the sound in
solid material like concrete is given in (1) [15]:
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_ E(1-n)
Vi= \]p(l—n)(l—Zn) ’ 1
the velocity of surface Rayleigh waves is given by:

0.87+1.12n E
V= 1+n \’Zp(1+n) ’ 2)

where V; and V. is the velocity of sound for
longitudinal wave and Rayleigh waves, E is the
young modulus, p is the material density, and » is
the Poisson’s ratio. Equations (1) and (2) relate
wave velocities with elastic parameters. Therefore,
the propagation of wave is strongly affected by the
elastic properties and density of constituent
materials [16]. Since elastic waves in concrete are
tend to diffraction and attenuation, the elastic waves
of relatively low frequency (as low frequency has a
large wave-length), and the high energy source is
usually needed [7,14]. If the wave frequency is
lower than 20 kHz, the wavelength is larger than
the distinguishable size of the structure. It is easy to
implement the technique for the structural health
monitoring and transient dynamic analysis in this
frequency range [7]. If the frequency is megahertz
rage (higher than 1 MHz), it is difficult to observe
ultrasonic pulse waves on a large length scale,
because of the combination of scattering and
attenuation. In this case, ultrasonic techniques could
be used only on small size specimen in the
laboratory [17]. The parameters that impact on the
velocity and attenuation of stretch of ultrasound
waves are [7,18]: the nature of the load; the age of
the concrete (the velocity increases with the time of
the concrete); the form and the volume of the
structure; the presence of steel reinforcements (the
speed increases in proximity of the steel bars); the
water/cement ratio; environmental effects, e.g.
humidity and temperature of a concrete [17].

The compressive strength of lightweight
concrete (84 different compositions were tested
between 3 to 180 days) is investigated using UPV
method [19,20]. Three types of lightweight
aggregates (Leca and Argex from Portugal and
Arlita from Spain) were examined. The influences
of the cement type and content, amount of water,
type of admixture, initial wetting conditions, type
and volume of aggregate were examined. The
highest velocities were realized in samples
containing high cement content and low water-
cement ratio. Both ultrasonic signal velocity and
compressive strength increase over the 90-day
curing period. The compressive strength of
lightweight concrete (LWC) and velocity of
ultrasonic signal reduce when the size of aggregate
increases. However, the ultrasonic signal velocity
increases in common thickness concrete and ages in
LWC with Leca, but less measurable in LWC with
Arlita [20]. According to this result, different
wetting conditions do not have a strong influence.
As ultrasonic inspection for concrete that has been

developed and evaluated in the laboratory are being
transitioned to field operation, the influence of
operational changes in real structure is becoming of
growing concern [21]. One major methodology for
addressing this problem is to develop features that
are sensitive to operational changes and damages
[21,22]. Since it is hard to detect operational and
environmental changes from one single feature, the
approach generally taken is to develop features for
a particular object and evaluate their operational
changes.

2.2. AR time series model

Linear time series models have been used in
such a damage detection process that includes
applications to a wide range of structures and
associated damage scenarios, including cracking in
concrete columns [18,21], loose connections in a
bolted metallic frame structure [22], or damage to
insulation on wiring [23]. However, the linear
nature of such a modeling approach limits the scope
of application and the ability to accurately assess
the condition of systems that exhibit nonlinearity in
their undamaged state. The AR model may be used
as a changes/damage feature extractor for the
ultrasonic test. This AR model approach consists of
using the parameters estimated from the baseline
conditions, and calculating the response of data
obtained from the structure. This AR model can be
written as:

W) =x(@)— Y aqx(t—i)+ ey,
3)

where x(?) is the measured signal at discrete time
index ¢, and X is the predicted signal value. The
residual error £(t), which is the difference between
the measured and predicted signal, is calculated at
time ¢ e, is a noise that follows a normal
distribution with zero mean and variance ¢?, and is
independent of the past time series X. # is a model
order. The coefficients of the AR model parameter
a;, can be estimated by using Akaike’s information
criterion (AIC) or Root Mean Squared Error
(RMSE) [22,24]. To estimate the correct AR model
parameter, it is necessary to know the physical
mechanisms underlying the system. RMSE will be
a good choice to compute optimal model parameter
from elastic properties of concrete, as it is easy to
compute and more generally, minimizing RMSE
finds an approximation for the conditional
prospective value of the next observation. In this
paper, RMSE is used to find an optimum model
order:

RMSE (@) = - /£(2) . (4)

The estimation of the AR model order can be
realized by minimizing the RMSE value using (5).

The most important step to find an optimum
model order is to remove the noises from the data
set. Nevertheless, in many cases equal RMSE value
cannot achieve the optimum model order.
Dimensionality reduction technique is used to
remove noisy and redundant features (e.g.
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crosstalk) until reaching an appropriate model order
to adopt the underlying physical system response
correctly (Fig. 1). However, the average of RMSE
values can be used to characterize model
performance in the validation period as well as to
compare the outputs to a perfect match between
predictions and the measured signal. An example of
ultrasonic signals presented in Figs. 2 and 3 shows
the effect of high-order (25" order) and low-order
(8" order) models to resemble the signal. The
diamond line represents the real signal x(#), which
is chosen as the reference signal, and the solid line
(with no markers) represents the predicted signal x
with the high model order in Fig. 2(a), and low
model order in Fig. 2(b), respectively. In Fig. 3, the
first plot indicates that the real signal and low
model order estimated signal are less correlated,
while the high peak in the second plot indicates that
model is highly correlated to the signal (time
shift = 0).

RMSE — \/E?(Xmeasured,i_Xmodel,i)z . (5)

n
The flow chart of modeling stage of AR
algorithm is shown in Fig. 1.

Filtering

Maximum
model order

Validation
with
model
order

Fig. 1. Flowchart of modelling stage of AR
algorithm

AR models work especially fair well when
modelling the feedback of linear, time-invariant
systems. AR method delivers the best linear fit to
the measured signal if the operational changes are
nonlinear, but there is uncertainty when the system
is suppressing to other inputs then there is no
guarantee that this model will exactly compute the
responses.

3. EXPERIMENTAL PROCEDURE
3.1. Test object

A first-class infrastructure is an inevitable factor
for economic growth. Bridges have a key position
in this infrastructure system. Its functional failure or
collapse has significant economic and financial
consequences. For this reason, it is important to
regularly monitor the current bridge condition, and
derive estimates of the remaining service life. This
ensures a safe and economically sensible use for

existing structures. For this purpose, BAM develops
a structure shown in Fig. 4 called BLEIB structure
(Shared object for INFRASTAR project) at
Horstwalde that includes experimental studies such
ultrasound for the detection of operational changes
or cracks. The structure is 25 m long with three
supports, and 5 cross sections. The load cell is
installed on the front bridge side (fixed anchor) on
the tendons during their initial installation, and
supplemented by a spherical cap and steel plates.
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Fig. 2. High (a) and low (b) model order estimated

AR model (all ultrasonic signals are acceleration
data in arbitrary units)

3.2. Experimental setup

Fourteen ultrasonic transducers were embedded
in the structure during construction. They become
vertically mounted on the stirrup reinforcement.
They are controlled by an external BAM data
acquisition system. This data acquisition system
conducts a transmission pulse successively to each
of the transducers, while the other waves passing
through the structure to register in receiver
ultrasonic transducer and store it in the local
system, e.g. transducer pair 1 and 2, where
transducer 1 sends the pulse and transducer 2
receives the response, respectively. The setup is
divided into sections as shown in Fig. 5 and
Table 1. Parameters are derived from the ultrasound
signals (e.g. Ultrasonic velocity changes), from
which one can draw conclusions about the temporal
change of the elastic parameters or (micro) cracking
in the influence area of changes. Two kinds of test
were performed to locate changes in the structure,
static and dynamic tests equipment shown in Fig. 6.
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Fig. 4. BLEIB Structure at Horstwalde, Berlin

4. ANALYSIS OF RESULTS

4.1. Results of measurements

The order of the AR model is an important, but
unknown value. A high order may perfectly
resemble the data, but the model will not generalize
to other data sets. Contrary, a low order will not
adopt the underlying physical system response
correctly. In order to find out the optimum model
order, RMSE is used. For the purpose of finding the
optimum AR model, the RMSE is plotted as a
function of the model order. The estimation of the
AR order can be achieved by minimizing the
RMSE value. Fig. 7 shows the RMSE of AR
models of increasing order (from 1 to 100) for
emitter 13 and receiver 14.

The results suggest that an AR model of order
a = 5 would fit the data sets well. After the
parameters have been estimated for both AR model,
Figs. 8 and 9 show how well the model fits the
measured and estimated ultrasonic signal-time
histories at emitter 13 and receiver 14 for the
dynamic and static test using the AR model (a = 5).

From a qualitative point of view, the measured and
estimated ultrasonic signal (first 500 samples from
Fig. 8) shown in Fig. 9.
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Fig. 5. A scheme of sensor positioning at BLIEB
structure, and its view with main dimensions and
loading
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Fig. 6. 4 tons load for the static test, and the shaker
for the dynamic test

Table 1. Sensor positions
Section Sensor Number

A Sensor 1 & 2; Sensor 3 & 4
B Sensor 5 & 6; Sensor 7 & 8
C Sensor 9 & 10
D Sensor 11 & 12
E Sensor 13 & 14

RMSE
g

0N D N N N B 0 B 010
Model Order
Fig. 7. RMSE of AR model
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Fig. 8. Comparison of the measured and
estimated ultrasonic signal using the AR
model(a =5)

4.2. Determination of structural changes

For dynamic test, 30.6 kg shaker was placed in
the structure (near to sensor positions 5 - 6). During
the dynamic test, 2 Hz to 60 Hz random frequency
applied for the first 15 minutes on the structure. For
the static test, a load of 39.85 kN (2x 19.6 kN) was
moved in various steps from one side to another
side of the structure (52 minutes < t < 140 minutes),
static load was applied from the right top side of the
structure (Fig. 5). Time and position of static loads

are shown in Fig. 10. The applied loads, even very
small moves, had a clear influence on the ultrasonic
signals. The normalized residual errors are used to
find the correlation or the presence of periodic
velocity under the different operational effects if
the signals buried under noise also. The average
velocity changes due to static load per step during
the load moving stepwise. The velocity only partly
recovered after a pause, probably due to no
operational effects during these periods. The result
of the residual errors coefficient from AR model
(a=15) is shown in Fig. 11. Notice that the residual
errors are estimated from dynamic and static test
time history from emitter 13 and receiver 14. The
plots show that the resulting residuals from the AR
model (a = 5) are correlated, because it is still
possible to identify the dynamic and static changes
in the structure. The residuals are increasing up to a
maximum value when the static load is applied on
top of the sensor (+ = 75 minutes), which is
comparable ( = 19 minutes and static load position
19 meter on the structure) with the Fig. 11. Even
load is passing through the sensor pairs 13-14
(t= 85 minutes), small pause, and when the static
load far from sensor pair positions 13-14 can be
clearly observed (Fig. 11).
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Fig. 9. Comparison of the measured and estimated
ultrasonic signal of the first 500 samples
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Fig. 10. Position of static load as a function of
time

In the AR model (a = 5), the changed states are
split into two groups in order to highlight the
influence on the AR residuals of the dynamic and
static effects. Fig. 11 suggests that increasing the
level of nonlinearities in the operational change
states in the structure tends to decrease the
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amplitude of the parameters. The AR parameters
were calculated by fitting the AR model to a signal
from one transducer pair (emitter 13, receiver 14)
of static and dynamic state condition using the
RMSE technique. To better clarify those changes,
Fig. 12 shows the model (o = 5) parameter for
dynamic test conditions at emitter 13, receiver 14
sensors. The impact is weak comparing to the static
loads. As the expected changes in the structure are
small compare to 39.85 kN static load.

1 ]

A T
Dynamic | Pause Static Lx 51 Static test
Test  [1 test v-oou5 | (Lead)
(Vibration) (Load)

08} V| jpauge
P

A
X:55.28

ol SITUAL

0

[
o

Residual Error
e
=

[} 50 100 150
Time (Minute)

Fig. 11. Residual error coefficient of ultrasonic
time histories
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Fig. 12. AR model (a = 5) parameters for dynamic
state conditions

However, the amplitude of the damaged or
changed states with amplitude variations has no
correlation with the level of damage or changes in
the structure. These results suggest that the
operational and environmental variations can
introduce changes in the structural response and
mask the responses related to damage. This fact
makes the discrimination of the damaged states
challenging with operational and environmental
variations from all the undamaged states.

5. CONCLUSIONS AND FUTURE WORK

The embedded ultrasonic transducers in the
concrete structure have shown to be valuable
devices for various tasks in long-term SHM. AR
residual error appears to be the potential
changes/damage-sensitive feature. The source of
changes in the structure seems to induce changes in
those AR parameters related to the level of changes
in the structure. Load changes can be detected and
localized and, therefore, this feature can also be
used to evaluate the severity of damage. Damage or

change introduces strong correlation in the AR
residual errors. However, the correlation with the
level of change seems to disappear when the
damage is present with operational and
environmental variations.

Since this paper is a part of our work in
progress, we can briefly list some of the parameters
that we want to incorporate in our next phase of
testing. First of all, the number of sensors that are
used in the localization as well as the influence of
the distance between the sensors, has not been
considered. Secondly, we plan to do some pre-
processing on the ultrasonic signal before feature
extraction from the ultrasonic signal. Digital noise
reduction (with oversampled signals) and
classification can improve the localization
accuracy. Thirdly, the multiple feature based sensor
fusion for the source or damage localization will
have to be investigated as well.
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