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Preface to ”Optical Sensors for Structural Health

Monitoring”

The intention to prevent the severe damage and eventual collapse of structures, and consequent

human, material and economic losses, fostered the need for the preservation, maintenance and

retrofitting of existing structures. Our built heritage comprises multiple structural systems with

different materials, designed and constructed in different periods, and thus with different design

criteria, detailing and construction techniques. Effective monitoring enables the reduction of

maintenance costs (optimized maintenance), or even reducing the costs of eventual interventions

needed to upgrade the level of structural safety, supporting retrofitting strategies based on rich

information about the structural behavior. For this, accurate assessment of structural safety

is needed, which may benefit from innovative monitoring approaches, equipment and sensors.

Photonic technologies have become vitally important in developing monitoring solutions. In recent

decades, there has been a growing interest in monitoring research, especially sensors, not only in

electronics but also in fiber optics. These have proved to be a promising technology because they

are durable, stable, insensitive to electromagnetic interference and generally have minimal aesthetic

impact; as such, they are particularly interesting for long-term structural health surveillance. The

fact that no power supply at the measurement site is required, their multiplexing capability (allowing

dozens of sensors on the same fiber optic cable) and low attenuation of the optical fiber are additional

advantages. Their application may also allow the implementation of a safer monitoring system

(without risk of short circuiting). The results of the information captured with the monitoring strategy

may be used for the calibration of structural numerical models, based on data obtained in real-time,

and eventually, the implementation of early warning systems in the case of danger.

This volume is a collection of papers that originated as a Special Issue, focused on some

recent advances related to optical sensors and structural health monitoring. Applications including

corrosion, load, crack opening and strain or deflection monitoring in different types of structural

systems, such as pipelines, aircrafts, concrete beams and bridges, are presented.

The authors of this book are grateful to all the contributing authors, journal editors, reviewers

and the production team.

Paulo Antunes, Humberto Varum

Editors
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Abstract: Oil flowlines, the first “pipeline” system connected to the wellhead, are pipelines that are
5 to 30.5 cm (two to twelve inches) in diameter, most susceptible to corrosion, and very difficult
to inspect. Herein, an external corrosion detection sensor for oil and gas pipelines, consisting of
a semicircular plastic strip, a flat dog-bone-shaped sacrificial metal plate made out of the same
pipeline material, and an optical fiber with Fiber Bragg Grating (FBG) sensors, is described. In the
actual application, multiple FBG optical fibers are attached to an oil and gas pipeline using straps or
strips or very large hose clamps, and, every few meters, our proposed corrosion detection sensor will
be glued to the FBG sensors. When the plastic parts are attached to the sacrificial metals, the plastic
parts will be deformed and stressed; thus, placing the FBG sensors in tension. When corrosion is
severe at any given pipeline location, the sacrificial metal at that location will corrode till failure and
the tension strain is relieved at that FBG Sensor location, and therefore, a signal is detected at the
interrogator. Herein, the external corrosion detection sensor and its design equations are described,
and experimental results, verifying our theory, are presented.

Keywords: corrosion sensor; oil and gas pipelines; optical fibers; Fiber Bragg Grating (FBG)

1. Introduction

Pipelines are the most practical, economical, and safest way of transporting crude or refined
oil and gas (O&G) around the world. A study done by the Fraser Institute [1], comparing safety
of transporting oil and gas (O&G) by rail versus pipelines, revealed that both ways are safe but
pipelines are the safest transportation mode. Even all living creatures except flatworms, nematodes,
and cnidarians have circulatory systems and use veins and arteries (pipelines) to transport blood,
oxygen, and nutrients to their bodies. However, from time to time, rupture of the pipelines or veins
and arteries can occur. In the case of O&G pipelines, as they are transporting flammable and very
hazardous materials, any rupture or defect of the pipeline can potentially result in explosions, fires,
release of toxic gases, loss of human lives, property damage, and environmental disasters. Many living
creatures and humans have a nervous system, which can detect rupture of veins and arteries when it
occurs (acting as a health monitoring system) to warn humans of occurrence of such events, but such
health monitoring systems are nonexistent in most O&G fields.

The purpose of this research is to develop a health monitoring system (a corrosion detection
sensor) using fiber optics to facilitate detection of external corrosion and help prevent leaks in exposed
O&G pipelines. In this paper, an external corrosion detection sensor for O&G pipelines, consisting
of a semicircular plastic strip, a flat dog-bone-shaped sacrificial metal plate made out of the same

Sensors 2020, 20, 684; doi:10.3390/s20030684 www.mdpi.com/journal/sensors1
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pipeline material, and an optical fiber with FBG sensors, is described. The external corrosion detection
sensor and its design equations are described, and experimental results, verifying our theory, are
also presented.

1.1. Literature Review—Corrosion Prevention

Protective coatings (zinc, epoxy, paint, and other polymers) applied to the outside of O&G
pipelines, and cathodic protection are two most commonly used methods [2] by the oil industry to
control and inhibit external corrosion of buried pipelines. For above the ground pipelines, which is
the focus of this paper, cathodic protection is not an option since the electrolyte (water or soil) is not
present and protective coating is the only external protection. The most common types of coatings
used in the O&G industry are zinc coating, created during manufacturing of the pipelines and epoxy
coating, which is a paint-like substance that seals the surface of the pipeline. Pipeline coating prevents
the metal pipe from being in direct contact with the environment, thus extending its life.

Despite the use of coatings, due to mechanical and environmental damages to the coating, external
corrosion still takes place on above the ground pipelines. As most oil fields lack a corrosion monitoring
system, corrosion can occur undetected.

Another indirect method used to protect pipelines from external corrosion has been pipeline
insulation, acting like coatings. Pipeline insulation is used to reduce energy loss, maintain temperature
in O&G pipelines, control paraffin waxes from precipitation, and prevent pipelines from freezing and
cracking, and is designed to be water tight to prevent infiltration of water from the outside environment
onto the pipeline surface; thus, protecting the pipelines from external corrosion but due to mechanical
and environmental damages to the insulation, water invariably seeps into the insulation, and pipeline
corrosion occurs. Corrosion under insulation (CUI) or corrosion under fire-proofing (CUF) is reported
by most O&G and petrochemical companies to be one of their worst nightmares. The cost associated
with controlling corrosion is astronomical. On 21 June 2016, PHMSA (US Pipeline and Hazardous
Materials Safety Administration) issued an advisory bulletin [3] warning the pipeline industry about
Corrosion Under Insulation (CUI). Thermal insulation not only has failed to shield O&G pipelines
from external corrosion, but has actually exacerbated the corrosion problem.

Corrosion of low carbon steel pipelines cannot be entirely eliminated but can only be controlled;
meaning occurrence of corrosion is a certainty. Thus, there is a definite need for corrosion detection,
and inspection. As corrosion is a major threat to O&G pipelines, its inhibition and timely detection are
the two key parts of pipeline integrity practice.

1.2. Literature Review—Corrosion/Leak Detection Sensors

In the past four years, numerous in-depth review papers have been published [4–11] that show
inspection techniques commonly used by the O&G industry for external and internal corrosion
detection of O&G pipelines.

For above the ground O&G pipelines without an insulation or with insulations removed, visual
inspection, ultrasonic thickness measurement method, Pipeline Inspection Gage (PIG) or Inline
Inspection (ILI) tool, and Hydrostatic Pressure Testing (HT) are four main pipeline integrity inspection
techniques used by most O&G companies to detect external corrosion and assess if a corroded pipeline
is safe to be in operation or not. These techniques have their advantages and disadvantages, and each
reflects a different, unique aspect of the overall pipeline integrity management.

The first and the simplest method of inspection is, of course, visual inspection, but it is also the
most expensive and time-consuming method. It involves a person walking along the pipeline and
checking the surface condition of the pipe, looking for dents, pitting corrosion, metal loss, cracks,
and other defects. Visual inspections are usually performed with portable visual scanners (laser
scanners), which allow for precise, traceable sizing of surface corrosion at the outer diameter of the
pipeline. The task of visual inspection of O&G pipelines becomes harder when insulations are involved.
Insulation has to be first removed before the visual inspection and later replaced when visual inspection
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is complete. This is why this method is labeled as expensive and time-consuming. Corrosion under
insulation (CUI), as explained earlier, is one of the most difficult corrosion processes to detect and
prevent, as the insulation covers the corrosion problem until it is too late.

When corrosion is found on the surface of the pipeline, ultrasonic thickness measurement method
can be used to detect the depth of the corrosion and, at the same time, detect if internal corrosion is
also occurring at the same location where external corrosion has been found. Ultrasonic thickness
measurement method is a very effective tool in determining local wall thickness of a pipe, but this
method is limited to small areas and it takes a long time to use this method to inspect a large area of
a pipeline. This method is mostly used to see the severity of corrosion defects when visual inspection
shows occurrence of external corrosion.

In-line inspection (ILI) tools, or also called smart pipeline inspection gauges (pigs) travel through a
pipeline scanning, measuring, and recording wall thickness, and looking for metal loss, dents, corrosion,
deformations, cracking, or other defects [12]. Smart pigs use magnetic flux leakage (MFL) [13] or
ultrasonic waves [14] to identify potential problems. The resulting data is then analyzed to diagnose
issues and schedule maintenance. Most O&G companies use ILI technology every 3 to 5 years, thus,
due to this long inspection interval, the ILI method cannot be considered as a health monitoring system,
but instead as an inspection method. ILI testing involves production shutdown which is very costly,
even when no corrosion is found during the ILI inspection.

Another technique used by the O&G industry to test pipelines for strength and leaks is hydrostatic
testing [15]. This technique is particularly used to test newly laid pipelines for leaks. However, the
same technique can also be applied to existing pipelines with defects and corrosion damage. The test
involves filling a segment of a corroded pipeline with a liquid, usually water, which may be dyed to
aid in visual leak detection, and pressurization of the pipeline to the specified test pressure. The test
pressure is normally chosen higher than the working pressure to create a factor of safely. After shutting
off the supply valve, the pressure tightness can be tested by observing whether there is pressure loss.
The location of a leak can be visually identified since the water contains a dye and repairs can be
performed if a leak or severe corrosion is found. Hydrostatic testing involves production shutdown
which is again very costly.

To inspect insulated O&G pipelines for external corrosion, in addition to ILIs and hydrostatic
pressure testing, the following three techniques are also used; Neutron Backscatter, X-rays or
Radiography [16], and Pulsed Eddy Current [17].

In the case of the Neutron Backscatter method, the technique is not used to directly detect
external corrosion of O&G pipelines but to detect presence of water underneath the thermal insulation.
A radioactive source emits high-energy neutrons into the insulation. If there is moisture in the
insulation, the hydrogen nuclei attenuate the energy of the neutrons. If presence of water under the
thermal insulation is detected using Neutron Backscatter method, then, most likely, external corrosion
under insulation (CUI) is occurring.

When thermal insulation is present, X-rays or Radiography method can be used to detect change
in pipe wall thickness due to corrosion. Sections of the pipe wall, suspected of having corrosion, can
be exposed to Iridium 192 or Cobalt 60 gamma rays, and the radiation transmitted through the pipe is
captured using sensitive films. The sensitive film carries the image of the pipe section and the image
can be used to calculate the remaining wall thickness of the pipe. This method is effective in detecting
CUI, but it is limited to small area coverage. The radiation hazard to radiography personnel who
perform the inspection is also of concern.

The Pulsed Eddy Current method is another inspection technique used to detect corrosion under
insulation. Eddy currents are generated in the pipeline wall due to magnetic field produced by a coil.
The coil-induced magnetic field is created by applying and controlling the electrical current to the coil.
The thicker the pipeline wall, the longer it takes for the eddy currents to decay to zero. This property
and technique are used to detect remaining wall thickness of pipelines.
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All the techniques mentioned above, are inspection techniques. They are not able to provide
real-time or on-demand corrosion monitoring for the O&G pipelines. As the above-mentioned
inspection techniques are typically used once every few years, aggressive pipeline corrosion can occur
in between inspection intervals without the knowledge of pipeline operators.

The demand for developing a corrosion detection sensor for O&G pipelines is ever increasing due
to industry regulations and an aging pipeline network. The fact that most O&G flowlines cannot be
pigged or are very difficult to pig, also plays a role in the demand for development of corrosion detection
sensors that can be permanently deployed in the field. The industry is still in the search of a sensing
solution that could be permanently deployed in the field, does not affect oil production, will be safe in
volatile environments, cost-effective, require no or little power, and will not require any alteration or
intrusion in the pipeline wall. Many of the existing inspection or health monitoring technologies violate
the above-mentioned requirements, but our proposed sensor meets all the mentioned requirements as
will be seen later.

Several sensors have been proposed for monitoring of pipelines based on optical fibers.
Ren et al. [18] proposed to monitor hoop strain in the pressurized pipe, which will change as
the pipe wall gets thinner due to degradation from corrosion or erosion. This solution is suitable for
determining both external and internal corrosion [19,20], but it also involves removal of protective
coatings and is sensitive to pressure fluctuations during pipeline operations. Lawand et al. [21]
proposed a corrosivity sensor that can be placed in the vicinity of the exposed pipeline. This solution
was based on Radio-Frequency Identification (RFID) technology and required an inspection crew to
walk along the pipeline in order to interrogate each sensor.

In this paper, an external corrosion detection sensor, based on fiber optics and strain change, is
proposed. It can be placed on the exposed O&G pipelines and interrogated remotely at any time.
The size of the sensor is determined using Castigliano’s second theorem and the sensor design equations
are verified using the Finite Element Analysis (FEA) method. The sensor prototype was manufactured
and tested in an accelerated corrosion test. The OBR 4600 Optical Back-scatter Reflectometer (OBR)
was used as the fiber optic interrogator in the experimental apparatus.

The results obtained from the FEA, closed form equations, and the experiment show excellent
correlations. Experimental results prove the feasibility of the proposed sensor. This sensor is able to
provide corrosivity environment near the O&G pipeline and help prevent leaks by providing early
warning for the operators to perform detailed inspection of a specific location on the pipeline.

The sensor is very safe as it involves only light traveling through the optical fiber. The only
challenge is that the proposed corrosion sensor is unable to measure the corrosion rate in real-time, but
it is able provide an average corrosion rate when the sacrificial metal element in the sensor fails.

2. External Corrosion Detection Sensor

The corrosion detection sensor consists of a semicircular shaped plastic curved beam (shown
in Figure 1a), attached to a dog-bone-shaped metal component (see Figure 1b), with exact material
property as of the pipeline, and an optical fiber with FBG sensors. Each FBG sensor will be glued to
a semicircular shaped plastic curved beam at point A, as shown in Figure 1a.

 
(a) (b) 

Figure 1. (a) External corrosion detection sensor. (b) Dog-bone-shaped metal.
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As shown in Figure 2, the outer diameter of the semicircular shaped plastic curved beam, do, is
chosen to be larger than the length Lo by design. When the semicircular shaped plastic curved beam is
radially compressed inwards and inserted to the two holes of the dog-bone-shaped metal, the metal
and the plastic curved beam at point A are placed in tension.

(a) (b) 

Figure 2. (a) Semicircular plastic component. (b) Metal similar to pipeline.

This tension is also felt by the FBG sensor as it is glued to the semicircular shaped plastic curved
beam at point A. Once tension is observed at point A by the interrogator, the interrogator is zeroed. As
the dog-bone-shaped metal corrodes, resulting in failure of the dog-bone-shaped metal, the tension
at point A is relieved; thus, a signal is picked up by the interrogator. Figure 3 shows how the sensor
of Figure 1 will be implemented in the field.

Figure 3. An O&G pipeline with external corrosion detection sensors, spaced every few meters.
(a) Pipeline with an optical fiber and corrosion detection sensors, (b) Corrosion detection sensor.

In the field, multiple optical fibers with FBG sensors will be placed on each O&G pipeline. The fiber
optic cables with corrosion sensors are attached to the pipeline by simple zip ties, straps, or large hose
clamps, see Figure 3. Neither the sacrificial steel material nor the semicircular plastic part shall be
rigidly attached to the pipe. Our proposed sensor sits very near the pipeline but not rigidly attached to
the pipeline, basically acting as an environmental corrosivity sensor near the pipeline. When the sensor
fails due to corrosion, most likely the pipeline may be already corroded since the corrosion sensor
is very near to the pipeline. When corrosion is severe at any pipeline location, the dog-bone-shaped
metal corrodes at that location and the prestressed semicircular plastic curved beam will break the
dog-bone-shaped metal in two pieces, thus a signal is detected by the interrogator at the control room.
When a sensor fails at any particular location, the pipeline inspector will visit the pipeline at that
location. He or she will conduct a visual inspection first. If corrosion is observed on the pipeline, he or
she will use the inspection techniques such as ultrasound technology or eddy current probe and other
techniques to further assess the severity of the pipeline corrosion. If repairs are needed, the pipe will
be repaired at that location. As the dimension of the dog-bone-shaped metal is known, and, following
the ultrasound inspection, the thickness of pipeline corrosion damage is also known, the time to failure
is also known, and an average corrosion rate can be calculated. If no corrosion is observed on the
pipeline, only the dog-bone-shaped metal is replaced till the next sensor failure.

Note that as the plastic curved beam can be in the deformed state for a long periods of time, seeing
extreme ambient temperatures (high and low temperatures) and humidity conditions, the plastic
material needs to exhibit no permanent set or creep and should be able to withstand the temperature
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and humidity condition of the ambient environment. Also, the plastic material needs to have UV
resistance, and its mechanical properties should remain constant with aging.

The number of FBG sensors that one can incorporate within a single fiber depends on the
wavelength range of operation of each sensor and the total available wavelength range of the interrogator.
FBG strain sensors are often given a 4 nm range. Most commercially available interrogators provide
a measurement range of 60 to 80 nm. At 80 nm wavelength range, one can only incorporate 20 sensors
per fiber. A new interrogator with 160 nm wavelength range and 16 channels has been recently
made available to the public. Assuming 4 nm wavelength range of operation for each FBG sensor,
and using this new interrogator, at least 40 FBG sensors can be implemented in a single fiber. With
a sixteen-channel interrogator, at least 640 FBG sensors can be implemented per pipeline without using
any optical switches. Most flowlines are 1 to 4 km long. Assuming a 4 km long oil or gas pipeline
(flowline), without using any optical switches, one can monitor corrosion of O&G pipelines every
6.25 m. With the use of optical switches, we can further reduce the distance between the corrosion
sensors. If a 3 nm range is used for each FBG sensor, then the total number of sensors that can be used
on each pipeline will be 848, meaning every 5 m we can place an external corrosion detection sensor.

Crevice corrosion refers to the localized attack on a metal surface at, or immediately adjacent
to, the gap or crevice between two joining surfaces. To eliminate the crevice corrosion between the
dog-bone-shaped metal and the plastic curved beam, the ends of the dog-bone-shaped metal can be
coated with a thin film of plastic or some anticorrosion coatings. By coating the ends, we force the
corrosion to only occur at the center of the dog-bone-shaped metal; thus, eliminating crevice corrosion.
Crevice corrosion between the pipeline and the sensor needs to be also avoided. That is why our sensor
is not attached to the pipeline but only attached to the optical fibers.

As in most oil fields 3000 to 4000 flowlines maybe present and each pipeline may have anywhere
from 600 to 800 sensors, there is a need to keep the cost of the corrosion detection sensor low. To keep
the cost of the sensor low, 3D printers can be used to manufacture the plastic semicircular shaped
component. The 3D printing technology to print the plastic component is very mature. As for metals,
in recent years, major research has taken place with printing metal components and some 3D printing
companies claim that they are able to print steel with 0.02% to 2% carbon content. The authors believe
in few years’ time, the technology to print all sensor components using 3D printers will be there,
and the cost of the corrosion detection sensor will go down as time goes on.

Sensor Design Equations

To design the corrosion detection sensor of Figure 1 at different sizes, developing a closed form
design equation for the above proposed sensor is required. Most optical fibers can only handle strains
up to a limit and design equations will thus be necessary to make sure the strain of the optical fiber
at the FBG sensor locations does not exceed the manufacturer specified strain limit. To verify the
developed closed form design equations, ANSYS finite element software will be used to compare the
analytical results with ANSYS results.

In Figure 2, as we mentioned earlier, the distance do is larger than Lo, meaning to insert the
semicircular plastic curved beam to the holes of the dog-bone-shaped metal (see Figure 2b), one needs
to compress the semicircular plastic curved beam radially inwards. When the semicircular plastic
curved beam is compressed radially inwards and then inserted to the dog bone shaped metal piece, we
get the picture of Figure 4a. The boundary conditions applied to the plastic curved beam will be as
follows, see Figure 4b.
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(a) (b) 

Figure 4. (a) Assembled sensor. (b) Boundary conditions.

In actual practice, to insert the semicircular plastic curved beam to the dog-bone-shaped metal,
a radial displacement in the negative X-direction is given to point B, but to apply that displacement,
a force F is required to be applied to move point B in the negative x-direction. The force F causes not
only to move point B and surface BC in the negative X-direction but also in the negative Y-direction.

Force F rotates surface BC in the clock-wise direction. A counterclockwise moment M is needed
to be applied to the right end of the curved beam in order to bring the slope of surface BC to zero and
keep the motion of the BC-surface in the Y-direction to zero.

At any angle θ, the internal forces and moments will be as follows, see Figure 5.

 
Figure 5. Plastic semicircular curved beam internal forces and moments.

The internal forces and moments (shown in Figure 5), at any angle θ, are equal to

Fθ = F sin θ (1)

Fr = F cos θ (2)

MF = FR sin θ (3)

The curved beam stress, at any angle θ, and at any radius r is equal to [22]

σ =
Mt(r− rn)

Aer
− Fθ

A
(4)

where Mt = (MF −M). The strain, at any angle θ, and at any radius r will be equal to

ε =
Mt(r− rn)

AeEr
− Fθ

AE
(5)

The strain limit of the FBG sensor determines the maximum deflection that can be given to point
B. The Castigliano’s second theorem is used to develop the closed form equations.
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In Figure 5, for a curved beam with a rectangular cross section, the width is assumed to be W,
and the outer and the inner radii are ro and ri, respectively. The location of neutral axis is given by
Equation (6).

rn =
A∫

A
dA
r

=
W(ro − ri)∫

r
W(dr)

r

=
W(ro − ri)

W
∫ ro

ri

1
r dr

=
(ro − ri)

lnr| ro
ri

=
(ro − ri)

lnro − lnri
(6)

If the curved beam is sectioned at an angle, θ, see Figure 5, as explained earlier, there will be two
forces, Fr, and Fθ and a moment, Mt, at that section. The total strain energy of the semicircular curved
beam from 0 < θ < π, can be calculated by adding four terms, shown below in Equation (7).

U =

∫
Mt

2

2EAe
dθ +

∫ F2
θrc

2EA
dθ +

∫
MtFθ

EA
dθ +

∫
CF2

r rc

2AG
dθ (7)

The first strain energy term in Equation (7) is generated by the moment Mt, the second term is
due to axial force Fθ, the third term accounts for coupling energy due to Mt and axial force Fθ, and the
fourth term is due to transverse shear energy due to radial force Fr [23]. The parameter C in the fourth
term is the strain-energy correction factor for transverse shear, equal to 1.2 when the cross section is
rectangular [24].

Using Equation (7) and conducting a lengthy mathematics, please see reference [22] for more
details, we arrive to the following two important equations:

ux = uxF − uxM = F
(
πr2

c

2EAe
− πrc

2EA
+

πCrc

2AG

)
− M

( 2rc

EAe
+

2
EA

)
(8)

uy = uyF − uyM = F
(

2r2
c

EAe
− 2rc

EA

)
− M

πrc

EAe
(9)

For the design of Figure 4, uy = 0, and ux is known. Knowing ux and uy, force F and moment M
can be calculated from Equations (8) and (9). Knowing F and M, we can now calculate the strain ε

using Equation (5). The maximum strain occurs at θ = 90 degrees and r = ro.

3. Equation Validation Using Finite Elements

To validate Equations (5), (8), and (9), ANSYS finite element (FE) software was used to model
a semicircular plastic beam, made from PVC material, with following dimensions (see Table 1).

Table 1. Mechanical property and model geometry.

Parameters Values, SI Units

Inner radius, ri 14.22 mm

Outer radius, ro 15.37 mm

Thickness, t 1.15 mm

Width, W 10 mm

Young’s Modulus of PVC, E 3.4 GPa

Poisson’s ratio, ν 0.4

End deflection given to the right end, δ 1.5 mm

Strain, εx, obtained from ANSYS, με 4487

Strain, εx, calculated from Equation (5), με 4492

Error 0.1%

As was explained earlier in Section 2, the semicircular shaped plastic curved beam is chosen to be
larger than the dog-bone-shaped metal. To insert the plastic curved beam to the metal, the beam is
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radially compressed inwards and inserted to the two holes of the dog-bone-shaped metal. The radial
inward motion here is 1.5 mm, as shown in Table 1. The ANSYS 2D FE model is shown in Figure 6.
Plane183, 2D 8-node element with “plane stress with thickness” option was used to mesh the curved
beam. The thickness of the curved beam (thickness is in to the paper) is set as W = 10 mm. Both ends
of the curved beam are held fixed in the “uy” direction. The left end is given ux = +0.75 mm and the
right end is given ux = −0.75 mm motion, simulating 1.5 mm inward radial motion. The FE model
of Figure 6 shows eight elements through the radial thickness.

 
Figure 6. ANSYS Finite Element (FE) Model.

Figure 7 shows the deformed and the undeformed shape of the semicircular curved beam due to
1.5 mm radial displacement.

 
Figure 7. The deformed and the undeformed shapes with boundary conditions.

9
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As can be seen from Figure 8, the maximum strain occurs at r = ro, at θ = 90 degrees, and at point
A (see Figure 4), and it is equal to 4487 με. The maximum strain was calculated using Equations (8), (9)
and finally (5) and was found to be 4492 με. The error is only 0.1% (see Table 1). ANSYS FE stress
analysis validates the derived equations. Equations (1)–(9) can now be used to design the corrosion
sensor of Figure 4.

  
(a) (b) 

Figure 8. (a) Curved beam strain in the x-direction, (b) Strain in the x-direction zoomed to point A.

4. Experimental Validation

Figure 9 shows the actual corrosion detection sensor and the dog-bone-shaped metals (low carbon
steel), made from the same O&G pipeline material. The semicircular curved beam is made of PVC for
the experiment, but long-term, it will be constructed using a 3D printer. Three corrosion detection
sensors were constructed using the three dog-bone-shaped metals shown in Figure 9. The dimensions
of the dog-bone-shaped metals are shown in Figure 10. The three corrosion sensors were placed in
series as shown in Figure 11; Figure 12. Figure 11; Figure 12 show the experimental apparatus used for
validating the performance of the proposed external corrosion detection sensor.

 

 
(a) (b) 

Figure 9. (a) Actual corrosion detection sensor. (b) The dog-bone-shaped metals.
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(a) (b) 

Figure 10. Dimensions of the dog-bone-shaped metal (Lo = 29.24 mm). (a) Top view; (b) Side view.

Figure 11. Schematic of the experimental test setup to test the proposed corrosion detection sensor.

Figure 12. Schematic of details of proposed sensor.

The optical fiber used in our experiment is a single mode fiber (SMF 28) with 5 FBG sensors, with
FBG sensors 1 m apart. The first FBG Sensor is located at 0.5 m from the end of the optical fiber that
connects to the interrogator. Glue was used to attach the outer surface of the PVC rings to the bottom
surface of the FBG sensors (see Figure 9; Figure 12). To make sure the bond between the FBG sensor and
the semicircular plastic curved beam remains intact at high temperature of the pipeline (≤150 ◦C) and
high humidity of the desert for prolonged periods of time, the authors of [25] recommend a compound,
based on a combination of ceramic fillers with an epoxy binder that is applied with a brush technique,
and this compound can withstand temperatures in the region of 260 ◦C and humidity of 75%.

The optical fiber was connected to an interrogator with wavelength range of 1270−1340 nm.
The connection termination type between the optical fiber and the interrogator was FC-APC.

Most O&G pipelines are made of API 5L X42 to X70 material with carbon content from 0.16% to
0.28% (mild or low carbon steels). Other mild or low carbon steel materials are also used in the O&G
industry. The dog-bone-shaped metal pieces are required to be made from the same pipeline material.
For our experiment, API 5L X65 material was used. As can be seen from Figure 11, the dog-bone-shaped
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metals are linked to one another using wires. Wires are soldered to the dog-bone-shaped metals and
the solder joints were coated with an anticorrosion coating. Figure 13 shows the entire experimental
test set-up consisting of a laptop, an interrogator, corrosion cell, and a power supply.

Figure 13. (a) Experimental test set-up. (b) and details of the apparatus inside acrylic tank.

A DC power supply (4 V and 1 A) was used to accelerate the corrosion reaction. Graphite rods
were the cathode and the low carbon steel pieces were the anode, all of them are placed into 3.5% by
weight NaCl solution which is regarded as the electrolyte. The thinnest section of the dog-bone-shaped
metals is in the middle, with thickness of 1 mm. It was at this location where the corrosion failure first
occurred. The experiment kept running until complete failure of one of the sensors. It took almost 14 h
to corrode one of the sensors. The three corroded sensors are shown in Figure 14.

 
Figure 14. The three corrosion sensors after accelerated corrosion failure.

As was explained on page 10, the optical fiber used in our experiment is a single mode fiber
(SMF 28) with five FBG sensors, with FBG sensors 1 m apart. The first FBG Sensor is located at 0.5 m
from the end of the optical fiber that connects to the interrogator. Thus, the first FBG Sensor is located
at 0.5 m, the 2nd FBG sensor at 1.5 m, the third at 2.5 m, and so on. In our experiment, only three FBG
sensors out of five were used. Figure 15 shows the strain observed by all the FBG sensors before and
after the failure of the first corrosion sensor. The yellow color trace is the strain observed by all the
FBG sensors before the failure of the 1st corrosion sensor, which is about zero and the blue color trace
is the strain observed by all the FBG sensors after the failure of the 1st corrosion sensor. The y-axis
shows the strain (in micro strain) of all the FBG sensors and the x-axis indicates the location (in meters)
of the FBG sensors. In the upper right corner of the Figure 15, the graph indicates “time domain”. This
implies that the strain at each FBG sensor location can change with time. If we would have continued
the accelerated corrosion, we would have had the failure of the 2nd or 3rd corrosion sensors and
in Figure 15, we would have seen additional peaks, as time goes by.

The peak value of the strain, at 0.5 m, where the first FBG sensor is located, is −3100 με. When the
semicircular plastic curved beam is inserted to the dog-bone-shaped metal, point A (where the FBG
sensor is attached to) will be strained. The strain at point A will be in tension. We tared (zeroed out)
that strain in the interrogator. However, when the dog-bone-shaped metal corrodes, the semicircular
plastic curved beam is released thus negative strain is observed on the interrogator display monitor.
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Figure 15. (a) Yellow trace displays strain before sensor failure. (b) Blue trace displays strain after
sensor failure due to corrosion.

It was not necessary to tare the strain. We could have done the opposite, meaning not zero out
the strain and leave the strain at point A as it is and when the dog-bone-shaped metal is corroded,
the strain at point A would have gone back to zero.

5. Discussion

The external corrosion rate of O&G pipelines, based on NACE Standard (NACE RP0-502: Pipeline
External Corrosion Direct Assessment Methodology), is ~0.4 mm/year [26]. Due to this low corrosion
rate, larger diameter O&G pipelines are inspected every 3 to 5 years. Pipeline pigging and data analysis
is very costly, and due to this high cost, most O&G companies have opted for 5-year inspection interval
rather than the shorter ones. The smaller diameter pipelines (flowlines) are not even pigged due to
diameter of the pipeline being small and no launch and retrieval stations being available to launch and
retrieve the PIG. Even if the flowlines were piggable, since pigging occurs every 5 years, if there is an
aggressive corrosion occurring due to the change in the pipeline environment or surrounding, O&G
industry is vulnerable to possible field accidents in between inspection interval.

As, in normal conditions, the external corrosion rate of O&G pipelines is low, real-time corrosion
monitoring is not really necessary, but as long as corrosion state of the pipelines are monitored monthly
or every few months, this monitoring protects the O&G industry against aggressive pipeline corrosion.
Our proposed sensor can provide corrosion state of the O&G pipelines, as and when needed. Our
sensor is basically monitoring the corrosivity environment near the O&G pipelines.

In this paper, we embarked upon designing a very low-cost corrosion detection sensor for O&G
pipelines, requiring no power. The sensors are passive, very simple, and they are permanently
deployed in the field, unlike ILIs, ultrasound probes, X-ray, or radiography tools. The sensor involves
a semicircular plastic component, a sacrificial dog-bone-shaped metal made from the same pipeline
material, and optical fibers. The optical fibers have up to 20 to 40 FBG sensors per optical fiber,
depending on which type of interrogator used. The optical fibers are attached to the gas and oil
pipelines using zip ties, straps, or large hose clamps and our sensors are attached to the FBG sensors.
When corrosion is severe at any pipeline location, the dog-bone-shaped metal corrodes at that location
and eventually fails and thus a signal is detected by the interrogator at the control room. Once a signal
is picked up at the control room, inspection personnel will visit the pipeline at that location and conduct
visual inspection first, and possibly ultrasound, X-ray or radiography inspection. If the corrosion is not
severe, the dog-bone-shaped metal is replaced until the next failure. If severe corrosion is observed at
any pipeline location, the pipeline is inspected using ultrasound probes, or X-rays, or eddy current
probes or other inspection methods. Depending on the severity of the corrosion, pipeline may be
repaired and the metal dog-bone-shaped metal is replaced till the next sensor failure. In the proposed
corrosion monitoring system of this paper, all the communication between the corrosion detection
sensors and control room is through the optical fibers. As only light is involved, and there are no

13



Sensors 2020, 20, 684

batteries or electricity of any kind (since interrogator sits inside the control room), this corrosion
monitoring system is very safe.

The thickness of the sacrificial dog-bone-shaped metal was chosen to be 1 mm. With corrosion rate
of 0.4 mm/yr, it would take 2.5 years for the sacrificial dog-bone-shaped metal to corrode completely
through the 1 mm thickness. Two and a half years is the mid-span of the 5-year inspection interval. If
after 2.5 years, no signals are observed on the remote interrogator for any of the corrosion sensors, then
one can conclude the corrosion rate is less than 0.4 mm per year for that pipeline. When few sensors
fail earlier than 2.5 years, then it implies we are having aggressive corrosion occurring at some specific
pipeline locations. Our proposed sensor is very helpful to the pipeline operators as they can now go to
those specific locations and find out why there is a higher rate of corrosion at those locations. Steps can
be taken at those high corrosion rate locations to lower the corrosion rate back to 0.4 mm/yr or lower.

If there is a leakage of the crude oil, as crude oil is hot, the heat can create tension strain on the FBG
sensors thus a signal can be picked up by the interrogator in the control room. The proposed sensor of
this paper can not only detect occurrence of pipeline corrosion but also the pipeline fluid leakage.

Ground settlement is a geological phenomenon of ground elevation changing (vertical movement
of the ground) caused by the compression of earth’s crust surface soil due to natural and unnatural
events. Caving in or sinking of the ground is one form of ground settlement. If the ground caves in,
naturally, the O&G pipelines foundations will also cave in. Our fiber optic-based corrosion monitoring
system proposed in this paper, most likely, does not capture ground settlement since neither the
optical fiber nor the corrosion sensors are rigidly attached to the pipeline unless the ground cave-in is
deep. There are few O&G companies already using optical fibers on their O&G pipelines to monitor
the potential security risks, detect pipeline temperature, and detect ground settlement. For those
companies, presently having optical fibers on their pipelines, it makes sense to bundle our corrosion
detection system to their existing fiber optics monitoring system to also detect pipeline corrosion.

6. Conclusions

The grating length of most FBG sensors is anywhere from 5 to 20 mm. If the grating length is too
large, the strain experienced by the FBG sensor won’t be the strain of point A but the average strain
near point A (See Figure 4b). The FBG sensor, used in our experiment, had a grating length of 10 mm.
The FBG sensor was picking up the average strain underneath the FBG sensor and not strain at point A
only, and that is why the experimental tension strains are below the predicted ANSYS strain results.

Due to the differences in physical–mechanical properties of the matrix material and the FBG
sensor, and the adhesive, the strains measured by the FBG sensor may not be equal to the actual strains
experienced by the matrix material. When the FBG sensor is glued on to the PVC semicircular curved
beam, the area of moment of inertia is changed and the FBG sensor thickness, material and adhesive
used can have some impact on the actual measured strain.

The exact value of strain obtained at point A is not important as long as the strain is below the
strain limit of the optical fiber and the strain is large enough to be detected by the interrogator; thus,
the proposed sensor of this paper can be used to detect occurrence of pipeline corrosion and pipeline
leakage, and provide average pipeline corrosion rate.

Author Contributions: N.V. and X.W. conceived the sensor design, P.R. conceived and designed the experiments;
X.W. and O.S. performed the experiments; N.V., X.W. and F.F.Y. conducted the FE analysis, F.F.Y. and N.V. looked
into wireless communications, X.W. and N.V. developed the closed form equations and analyzed the data; and N.V.,
X.W. and O.S. wrote the paper. All authors have read and agreed to the published version of the manuscript.

Acknowledgments: Funding for this research project came from the Khalifa University of Science and Technology.

Conflicts of Interest: The authors declare no conflicts of interest. The funding sponsors had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; and in the
decision to publish the results.

14



Sensors 2020, 20, 684

References

1. Green, K.P.; Jackson, T. Safety in the Transportation of Oil and Gas: Pipelines or Rail? In Fraser Research
Bulletin; Fraser Institute: Vancouver, BC, Canada, 2015; ISSN 2291-8620. pp. 1–14.

2. Peabody, A.W. Peabody’s Control of Pipeline Corrosion, 3rd ed.; Bianchetti, R., Ed.; NACE International: Houston,
TX, USA, 2018; chapters 2 and 3.

3. Pipeline Safety: Ineffective Protection, Detection, and Mitigation of Corrosion Resulting from Insulated
Coatings on Buried Pipelines. PHMSA (US Pipeline and Hazardous Materials Safety Administration)
Advisory Bulletin, Docket No. PHMSA–2016–0071. 21 June 2016. Available online: https://www.phmsa.dot.
gov/regulations-fr/notices/2016-14651 (accessed on 10 December 2019).

4. Ho, M.; El-Borgi, S.; Patil, D.; Song, G. Inspection and monitoring systems subsea pipelines: A review paper.
Struct Health Monit 2019. [CrossRef]

5. Wright, R.F.; Lu, P.; Devkota, J.; Lu, F.; Ziomek-Moroz, M.; Ohodnicki, P. Corrosion Sensors for Structural
Health Monitoring of Oil and Natural Gas Infrastructure: A Review. Sensors 2019, 19, 3964. [CrossRef]
[PubMed]

6. Xie, M.; Tian, Z. A review on pipeline integrity management utilizing in-line inspection data. Eng. Fail Anal.
2018, 92, 222–239. [CrossRef]

7. Sundaram, B.A.; Kesavan, K.; Parivallal, S. Recent Advances in Health Monitoring and Assessment of
Inservice O&G Buried Pipelines. J. Inst. Eng India Ser. A 2018, 99, 729–740.

8. Vanaei, H.R.; Eslami, A.; Egbewande, A. A review on pipeline corrosion, in-line inspection (ILI), and corrosion
growth rate models. Int. J. Pres Ves. Pip. 2017, 149, 43–54. [CrossRef]

9. Ameh, E.S.; Ikpeseni, S.C.; Lawal, L.S. A Review of Field Corrosion Control and Monitoring Techniques of
the Upstream Oil and Gas Pipelines. NJTD 2017, 14, 67–73. [CrossRef]

10. Hedges, B.; Papavinasam, S.; Knox, T.; Sprague, K. Monitoring and Inspection Techniques for Corrosion in
Oil and Gas Production. In Proceedings of the NACE International. Corrosion 2015 Conference and Expo,
Houston, TX, USA, 15–18 March 2015.

11. Varela, F.; Tan, M.Y.; Forsyth, M. An overview of major methods for inspecting and monitoring external
corrosion of on-shore transportation pipelines. Corros. Eng. Sci. Technol. 2015, 50, 226–235. [CrossRef]

12. Tiratsoo, J. Pipeline Pigging & Integrity Technology, 4th ed.; Tiratsoo, J., Ed.; Clarion Technical Publishers:
Houston, TX, USA, 2013.

13. Shi, Y.; Zhang, C.; Li, R.; Cai, M.; Jia, G. Theory and application of magnetic flux leakage pipeline detection.
Sensors 2015, 15, 31036–31055. [CrossRef] [PubMed]

14. Reber, K.; Beller, M.; Willems, H.; Barbian, O.A. A new generation of ultrasonic in-line inspection tools for
detecting, sizing and locating metal loss and cracks in transmission pipelines. Proc. IEEE Ultrason. Symp.
2002, 1, 665–671.

15. McAllister, E.W. Pipeline Rules of Thumb Handbook: A Manual of Quick, Accurate Solutions to Everyday Pipeline
Engineering Problems; Elsevier Science & Technology: Waltham, MA, USA, 2013; pp. 150–172.

16. Bossi, R.H.; Iddings, F.A.; Wheeler, G.C. Nondestructive Testing Handbook: Radiographic Testing, 3rd ed.;
American Society for Nondestructive Testing: Columbus, OH, USA, 2002; Volume 4, Chapter 19.

17. Udpa, S.S.; Moore, P.O. Nondestructive Testing Handbook: Vol 5. Electromagnetic Testing (ET), 3rd ed.; Chapter
15: Chemical and Petroleum Applications of Electromagnetic Testing; American Society for Nondestructive
Testing: Columbus, OH, USA, 2004; pp. 381–398.

18. Ren, L.; Jia, Z.G.; Li, H.N.; Song, G. Design and experimental study on FBG hoop-strain sensor in pipeline
monitoring. Opt. Fiber Technol. 2014, 20, 15–23. [CrossRef]

19. Jiang, T.; Ren, L.; Jia, Z.; Li, D.; Li, H. Pipeline internal corrosion monitoring based on distributed strain
measurement technique. Struct Control Health Monit. 2017, 24, 1–11. [CrossRef]

20. Ren, L.; Jiang, T.; Jia, Z.; Li, D.; Yuan, C.; Li, H. Pipeline corrosion and leakage monitoring based on the
distributed optical fiber sensing technology. Meas. J. Int. Meas. Confed. 2018, 122, 57–65. [CrossRef]

21. Lawand, L.; Shiryayev, O.; Al Handawi, K.; Vahdati, N.; Rostron, P. Corrosivity sensor for exposed pipelines
based on wireless energy transfer. Sensors 2017, 17, 1238. [CrossRef] [PubMed]

22. Wang, X. External Corrosion Detection of Oil and Gas Pipelines Using Fiber Optics. Master’s Thesis, Khalifa
University, Abu Dhabi, UAE, December 2017.

15



Sensors 2020, 20, 684

23. Budynas, R.G.; Nisbett, J.K. Shigley’s Mechanical Engineering Design, 9th ed.; McGraw Hill: New York, NY,
USA, 2011; pp. 169–171.

24. Budynas, R.G. Advanced Strength and Applied Stress Analysis; McGraw-Hill Education: Boston, MA, USA, 1999.
25. Wnuk, V.P.; Mendez, A.; Ferguson, S.; Graver, T. Process for Mounting and Packaging of Fiber Bragg Grating

Strain Sensors for use in Harsh Environment Applications. Proc. SPIE 2005, 5758. [CrossRef]
26. NACE RP-0502: Pipeline External Corrosion Direct Assessment Methodology, Item No. 21097; NACE International:

Houston, TX, USA, 2002; p. 53.

© 2020 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/).

16



sensors

Article

Realtime Localization and Estimation of Loads
on Aircraft Wings from Depth Images

Diyar Khalis Bilal 1,2, Mustafa Unel 1,2,*, Mehmet Yildiz 1,2 and Bahattin Koc 1,2

1 Faculty of Engineering and Natural Sciences, Sabanci University, Istanbul 34956, Turkey;
diyarbilal@sabanciuniv.edu (D.K.B.); meyildiz@sabanciuniv.edu (M.Y.); bahattinkoc@sabanciuniv.edu (B.K.)

2 Integrated Manufacturing Technologies Research and Application Center, Sabanci University,
Istanbul 34906, Turkey

* Correspondence: munel@sabanciuniv.edu

Received: 16 May 2020; Accepted: 12 June 2020; Published: 16 June 2020

Abstract: This paper deals with the development of a realtime structural health monitoring system
for airframe structures to localize and estimate the magnitude of the loads causing deflections to the
critical components, such as wings. To this end, a framework that is based on artificial neural networks
is developed where features that are extracted from a depth camera are utilized. The localization of
the load is treated as a multinomial logistic classification problem and the load magnitude estimation
as a logistic regression problem. The neural networks trained for classification and regression are
preceded with an autoencoder, through which maximum informative data at a much smaller scale
are extracted from the depth features. The effectiveness of the proposed method is validated by
an experimental study performed on a composite unmanned aerial vehicle (UAV) wing subject to
concentrated and distributed loads, and the results obtained by the proposed method are superior
when compared with a method based on Castigliano’s theorem.

Keywords: structural health monitoring; load localization; load estimation; depth sensor; artificial
neural networks; castigliano’s theorem

1. Introduction

Structural Health Monitoring (SHM) has been an increasingly important technology in monitoring
the structural integrity of composite materials used in the aerospace industry. Because airframes
operate under continuous external loads, they will be exposed to large deflections that may adversely
affect their structural integrity. Critical components, such as fuselage and wings, should be monitored
to ensure long service life. Although these components are designed to withstand different types of
loading conditions, such as bending, torsion, tension, and compression, among others, a robust SHM
system will be extremely valuable for the aerospace industry for realtime monitoring of loads.

Current aircraft maintenance and repair systems used for structural monitoring rely on load
monitoring systems while using strain gauges [1,2], optical measurement systems [3–7], and fiber brag
grating (FBG) [8–11] sensors.

The strain gauge based measurements are widely used both in literature and the industry for
aircraft wing deflection measurements due to their ability to fit into almost any space and proven high
accuracy measurements [1,2]. However, strain gauges have many limitations, such that they cannot be
attached to every kind of material, they are easily affected by external temperature variations, and
physical scratches or cuts can easily damage them. More importantly, a large number of them need to
be installed if one needs to monitor the whole wing due to their small size.

Besides strain gauges, various approaches that were based on optical methods were investigated
in the literature for measurement of wing deflections and loads acting on them. Burner et al. [3]
presented the theoretical foundations of video grammetric model deflection (VMD) measurement
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technique, which was implemented by National Aeronautics and Space Administration (NASA) for
wind tunnel testing [4]. Afterwards, many research on wing deflection measurement and analysis
were motivated by the catastrophic failure of the unmanned aerial vehicle (UAV) Helios [5,6]. Lizotte
et al. [7] proposed estimation of aircraft structural loads based on wing deflection measurements. Their
approach is based on the installation of infrared lightemitting diodes (LEDs) on the wings; however,
the deflection measurements are local, which do not cover the whole wing structure unless a large
number of LEDs are installed.

Motivated by the catastrophic failure of Helios, a realtime in flight wing deflection monitoring
of Ikhana and Global Observer UAVs were performed by Richards et al. [8] by utilizing the spatial
resolution and equal spacing of FBGs. Moreover, FBGs have also been used by Alvarenga et al. [9]
for realtime wing deflection measurements on lightweight UAVs. Additionally, chord wise strain
distribution measurements that were obtained from a network of FBG sensors were also used by
Ciminello et al. [10] for development of an in flight shape monitoring system as a part of the European
Smart Intelligent Aircraft project. More recently, Nicolas et al. [11] proposed the usage of FBG sensors
for determination of wing deflection shape as well as the associated out of plane load magnitudes
causing such deflections. To simulate in flight loading conditions, both concentrated and distributed
loads were applied on the wings each with incrementally increasing loads. They reported that their
calculated out of plane displacements and load magnitudes were within 4.2% of the actual measured
data by strain gauges. As seen from these works in literature, even though FBGs used for SHM
purposes have advantages over conventional sensors, they are still highly affected by temperature
changes. Moreover, their installation is not an easy task due to their fragile nature, and special attention
must be given to the problems of ingress and egress of the optical fibers [12].

Although the aforementioned sensors used in the literature can be used for load monitoring
in aerospace vehicles, better technologies are needed to achieve usable sensitivity, robustness, and
high resolution requirements. The need for the use of a large quantity of sensors to cover the whole
structure is one of the major drawbacks of these sensor technologies. Therefore, a sensor that is capable
of full field load measurement from a single unit with high accuracy and precision can become an
important alternative. This will also result in a considerable reduction in costs, especially when a fleet
of airframes need to be inspected and monitored.

From these works in the literature, it is observed that, in general, a mathematical model for
describing the deflections of an aircraft wing is used to study its behavior under different types of
loads. However, obtaining physics based models of systems can easily become a difficult problem
due to system complexity and uncertainties; thus, effectively decreasing their usefulness. This is
especially the case in systems, where lots of data are obtained using different types of sensors, which,
in turn, adds more complexity to the system due to inherent sensor noise. In such cases data driven
modeling techniques have been found to be more effective since the acquired data already contains
all kinds of uncertainties, sensor errors and sensor noise [13]. One of the most effective data driven
modeling techniques has been proven to be artificial neural networks (ANN)s [14]. In this regard,
many recent applications of neural networks have emerged in literature for monitoring of strains
and stresses during load cycles using strain gauges [15], pavement defect segmentation using a deep
autoencoder [16], and machine learning based continuous deflection detection for bridges using fiber
optic gyroscope [17].

In this work, an ANN based approach for realtime localization and the estimation of loads acting
on aircraft wings from full field depth measurements is proposed. The proposed methodology can
work with a single external depth image sensor with full field measurement capability for a single
wing; thus, one sensor is enough for inspection of the whole wing. Moreover, depth cameras do
not require any calibration and can be directly used on any kind of wing regardless if it was made
of composites or not due to optical measurement. The proposed framework is able to estimate the
magnitude of the load causing wing deflections under both bending and twisting loading conditions;
therefore, it is not limited to pure bending case, as was in the work of Nicolas et al. [11]. Moreover,
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the proposed method is not just limited to the estimation of load magnitudes, but it will also be able
to estimate the location of the load causing bending and twisting deflections; therefore, making the
localization of the loads possible. The localization of loads can become a very useful tool, especially
in the case when one needs to know the nature of the external loads occurring in flight. Using this
information, one can estimate the exact flight conditions and, as such, can improve the design of the
aircraft based on this new data. More importantly, the proposed framework can operate in real time.
To the best of the authors’ knowledge, this is the first work in the literature to address the problems of
real time localization and estimation of bending and twisting loads causing deflections to structures
based on depth imaging and ANN.

The rest of the paper is structured, as follows; in Section 2, the proposed method for real time
load monitoring from depth measurements using neural networks is presented. In Section 3, the
experimental setup, data collection procedure, and evaluation of the used depth sensor for load
monitoring are described. The effectiveness of the proposed approach is validated by an experimental
study in Section 4, followed by the conclusion in Section 5.

2. A Data Driven Methodology for Realtime Monitoring of Loads from Depth Images

This work proposes the development of a data driven modeling approach for localization and
estimation of loads acting on aircraft wings from full field depth measurements. These measurements
can be provided by a multitude of sensors, such as depth cameras. An autoencoder coupled with two
different supervised ANN architectures are proposed for the localization and estimation of loads in
order to develop these models and ensure realtime performance. The localization part is treated as a
multinomial logistic classification problem and the load magnitude estimation as a logistic regression
problem, which are explained in detail in the following subsections.

2.1. Dimensionality Reduction Using Autoencoders

To develop data driven models for localization and estimation of loads from depth measurements
while providing realtime performance, an autoencoder [18] framework is proposed to be utilized.
This is because the full field measurements that are acquired from the depth sensors are inherently
rich, but can be very large in size, thus working with them becomes computationally expensive
and can hinder realtime performance. Autoencoders can effectively reduce the large number of
features obtained from depth sensors while retaining the critical information, thus encoding the
original input at a much smaller dimension. Furthermore, to ensure that maximum informative data is
obtained, Kullback-Leibler divergence (KLDiv) [19] was used to avoid obtaining binary encoded data
by enforcing the mean and standard deviation of the encoded data to be some desired values. In this
work, logarithmic normalization was utilized to minimize this large range of data due to the possible
presence of a large gap between the values of the input depth measurements. The overall algorithm
for the utilized autoencoder is given, as follows:

Y = Γ(< log(X), W1 > +B1) (1)

Z = Γ(< Y, W2 > +B2) (2)

KLDiv = αd log
αd
α

+ (1 − αd) log
1 − αd
1 − α

(3)

CFAE =
1
N

N

∑
i=1

(Xi − Zi)
2 + βKLDiv (4)

where X is the input depth vector, Y is the output of the encoder, Z is the output of the decoder, Γ is
the activation function, αd, and α are the desired and actual mean and/or standard deviation of the
encoded data, respectively, W1 and W2 are the weight matrices, B1 and B2 are the bias vectors, CFAE is
the autoencoder cost function to be minimized, and < ·, · > is the dot product.
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After the critical information is extracted from the input depth features and is encoded at a smaller
dimension using the proposed autoencoder, two different supervised ANNs for realtime localization
and estimation of loads can then be utilized, as illustrated in Figure 1.

Figure 1. Proposed realtime load localization and estimation framework for SHM.

2.2. Load Localization from Depth Images Using ANN

A supervised feed forward ANN with a classification structure is proposed to localize where the
load is acting on the wing. The proposed ANN classifier, as depicted in Figure 2, takes the encoded
depth images as inputs and provides output based on the location of the loads.

Figure 2. The proposed load localization ANN with 2 hidden layers and ReLU activation functions.

The encoded depth features for each sample in the training set were normalized across the samples
by making use of the standardization technique so that the input features had zero mean and unit
standard deviation. The formula used for standardization is given by Equation (5). As for the test set,
they were standardized using the mean and standard deviation of the training set. Standardization

20



Sensors 2020, 20, 3405

was performed due to inevitable sensor noise, which can hinder the generalization capabilities of
neural networks. Afterwards, the standardized inputs were fed into the localization ANN consisting
of two hidden layers. The activation functions in both layers were chosen to be ReLU (Rectified Linear
Unit), among other functions, such as sigmoid and tanh, due to ReLU’s fast convergence.

X̂i =
Xi − mean(Xj)

σ(Xj)
(5)

where Xi vector contains the encoded features in each sample, Xj vector contains the features across the
samples, X̂i vector contains the standardized features for each sample, and σ is the standard deviation.

Typically, in classification problems, the output labels are one hot encoded, through which,
categorical data, in this case, the load positions, are converted into numerical data. The output of the
last layer of the neural network, which is now a one hot encoded vector is passed through a sigmoid
function. The Sigmoid function changes the arbitrary output scores to a range of probabilities that
range between zero and one. Sigmoid, instead of other activation functions, was chosen to be in the
output layer. This is because the load localization in this work is a multi label classification problem
where more than one correct label exists in the output. Therefore, the output labels are not mutually
exclusive i.e. the output labels are independent. The closeness between the output of the sigmoid
function and the true labels (T) is defined as loss or cost function. The cost function of the classification
(CFCL) is defined as the average of Cross Entropy Error Function (CEEF) over a batch of multiple
samples of size N and labels of size K, as follows:

CFCL =
1
N

N

∑
i=1

K

∑
j=1

Tij log(S(xij)) (6)

The optimizer in the backpropagation algorithm updates the weights and biases, so as to minimize
this loss and, as such, the loss decreases and the accuracy of the neural network increases. A
classification ANN with two hidden layers of ReLU activation functions was determined to be sufficient
to successfully localize the loads causing bending and/or twisting deflections. The proposed ANN
was trained using Adam [20] optimizer. Both L2 regularization and dropout [21] techniques were
utilized in order to increase the generalization performance of the network and prevent overfitting.
This resulted in obtaining a new cost function, which consists of both the cost function defined by
Equation (6) and the new scalar regularization value β due to L2 regularization. The final cost function
FCFCL is given by Equation (7) and the metric used for calculating the accuracy of predictions in
load localization is given by Equation (8). The localization results obtained for both concentrated and
distributed loading scenarios are presented and evaluated in detail in the results section.

FCFCL = CFCL + β ∑ ||Weights||2 (7)

AccuracyCL =
∑(Y = Ŷ)

N
× 100 (8)

where Y is the ground truth, Ŷ is the prediction, and N is the number of samples.

2.3. Load Estimation from Depth Images Using ANN

In this section, a logistic regression ANN for the estimation of the magnitude of loads acting on
the wing is proposed. The input to this network is again the encoded depth images, and the output is
the magnitude of the load. Unlike the ANN classifier, the output layer here consists of only a single
node which provides continuous type numeric outputs in terms of loads. Because the output, in this
case, is a single numeric value, there is no need to use sigmoid function in the output, as was the
case in logistic classification. Moreover, the cost function for the estimation of load magnitudes (CFE)
is simply defined as the sum of the squared difference between the predicted value and the ground
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truth as given by Equation (9). Similar to the localization part, the estimation of load magnitudes
was performed using two hidden layers, but the activation functions used in the first and second
hidden layers were chosen to be tanh and sigmoid, respectively. The proposed load estimation ANN is
illustrated in Figure 3.

CFE =
1
N

N

∑
i=1

(Y − Ŷ)2 (9)

where Y is the ground truth, Ŷ is the prediction, and N is the number of samples.

Figure 3. The proposed artificial neural networks (ANN) for estimation of loads with two hidden
layers of tanh and sigmoid activation functions, respectively.

Both tanh and sigmoid functions belong to the family of sigmoid functions. The difference
between these two is that the output of sigmoid function ranges from zero to one while the output of
tanh ranges from −1 to +1. Moreover, the tanh function often converges faster than sigmoid due to
tanh’s symmetric nature [22]. The formula used for calculating the accuracy of predictions [23,24] for
load estimation is given by Equation (10). The results obtained for both concentrated and distributed
loading scenarios are presented and evaluated in detail in the experimental results section.

AccuracyE = (1 − ||Y − Ŷ||
||Y − Ȳ|| )× 100 (10)

where Y is the ground truth, Ŷ is the prediction, and Ȳ is the mean of the ground truth.

3. Experimental Setup and Evaluation of the Depth Sensor for Load Monitoring

3.1. Experimental Setup

In order to validate the effectiveness of the proposed framework, an experimental setup that
consists of a composite wing of a quad tilt-wing aircraft called SUAVI [25] was used. The wing has
a size of 50 × 25 cm in length and width, respectively. The root side of the wing was fixed, so that
no tilting was induced under applied loads. Similar to the works in the literature, ground tests were
performed to experimentally mimic the deflections that may occur on a wing due to some external
loads during flight. In the experiment, different types of loads that cause bending and twisting
deflections on the wing were applied in two different loading scenarios. First, the load was designed to
be acting on one of the eight positions depicted in the left image of Figure 4 and it is called concentrated
loading case in this work. Six calibrated loads with magnitudes of [2.45, 4.9, 7.35, 9.81, 12.26, 14.71]
N were chosen to be acting on these positions. Therefore, in total, eight different positions exist with
each one containing six distinct loads, resulting in forty eight configurations for the first case. In the
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second scenario, the loads were chosen to be distributed loads placed in between each of the eight
locations. This way the loads were made to be acting on multiple locations of the wing at the same
time, as indicated in the right image of Figure 4. In loading positions 9 to 21, except for positions 13, 17,
and 21, the loads were made to act at two positions simultaneously, for example position 9 represents
two loads acting at positions 1 and 5. As for positions 13, 17, and 21, the loads were made to act at
four positions simultaneously, for example position 13 represents four loads acting at positions 1, 2, 5,
and 6 at the same time. Therefore, the total number of positions corresponding to distributed loads
are thirteen. The magnitude of loads used for distributed scenario were the same as the concentrated
loading case, but their magnitudes were distributed among the multiple positions they were acting
upon, for example at position 9 two loads of 1.225 N were acting at positions 1 and 5 simultaneously
for a loading case of 2.45 N. Therefore, six distinct load magnitudes per location exist in the distributed
loading case, thus resulting in seventy eight different configurations for the second case. Therefore,
in total, 126 distinct loading cases were performed during the experiments. In order to measure the
deflections occurring over the span of the wing, this work proposes the use of a single RGB-D camera.
RGB-D cameras are sensors that are capable of providing pixel wise depth information from images,
thus making them suitable for full field measurement purposes. The RGB-D sensor used for data
collection in this work was chosen to be a Microsoft Kinect V1 [26] sensor. The reasons for choosing
Microsoft Kinect V1 for this work are as follows:

• It has high resolution depth and visual (RGB) sensing and is offered at a very affordable price
when compared to other three-dimensional (3D) cameras, such as SwissRanger [27] and other
Time of Flight cameras [28].

• It works based on structured light thus making it suitable for measurement from an inclined angle.
• It works in realtime (@ 30 Hz) with a field of view (FOV) of 43◦ (vertical) × 57◦ (horizontal) and

can measure an area of 1.5 × 1 m from a distance of 1 m.
• One of the advantages of using a depth camera like Microsoft Kinect is that it does not require the

sophisticated and time consuming camera calibration procedures since it is already calibrated,
and it directly provides X, Y, and Z information in the camera frame and without loss of generality
this frame is also the world frame.

• Moreover, depth cameras have many advantages over conventional intensity sensors in that they
can work in low light conditions and are invariant to texture and color changes [29].

Figure 4. Positions of concentrated (Left) and distributed (Right) loads (Green) acting on the UAV wing.

Khoshelham et al. [30] theoretically and experimentally evaluated the geometric quality of the
depth data that were collected by Kinect V1. They quantified the random error of depth measurement
to be 4 cm at a ranging distance of 5 m, and concluded that the error increased quadratically by
the increase in the ranging distance from Kinect. Based on their results, Khoshelham et al. made a
recommendation for the use of Kinect sensor for general mapping applications, and they indicated
that the data should be acquired at a distance of 1 to 3 m from the sensor due to the reduced quality
of range data at further distances. Therefore, in this work, the Kinect was placed at a distance of
one meter from the wing during the tests, and it was placed under the wing of the UAV, so as to
capture the whole wing. Figure 5 shows the experimental setup used in this work. Although the
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methodology will be evaluated for a relatively small aircraft, the same technique can be utilized for
structural health monitoring of much larger ones with the use of a depth camera with larger field of
view, such as Carnegie Robotics® MultiSense™ S21B [31], Arcure Omega [32], and MYNT EYE [33].
Moreover, because the UAV used in this work was small in size, the depth sensor was not installed on
it. Nonetheless, depth cameras can be installed on a larger aircraft with a minimum distance according
to the depth sensor’s operation range between the wing and the installation location. Depth cameras
could be installed in place of RGB cameras that were fitted on the aircraft [3,4,7] but with the advantage
of not requiring installation of additional marker’s or LEDs on the wing as shown in Figure 6. The
installation of the depth sensors at an angle, as shown in Figure 6, will not affect their operation, since,
once a deflection occurs over the span of the wing, the wing’s depth will change with respect to the
pose of the installed depth sensor. For large aircrafts, the depth sensors can be connected to an onboard
pc via wired or wireless connections. Moreover, dampers can be utilized for reducing the impact of
vibrations on the depth sensors in order to take into account the vibrations that may occur in flight.
Furthermore, if the proposed method is trained with the data obtained from in flight conditions then
the proposed method can take into account all of the disturbances acting on the depth camera, since
the disturbances will manifest themselves in the acquired data.

Figure 5. Experimental setup.

Figure 6. Possible installation locations of depth sensors on large aircraft.

3.2. Data Collection Procedure

The data collection procedure was performed similar to the works in the literature [1–3]. For both
concentrated and distributed loading scenarios, first, loads were applied at each position as depicted
in Figure 4 separately, and then depth images of the wing were acquired. For example, a load of 2.45 N
was applied on position 1, while no other load was applied at any other location, and then the data
was collected. Afterward, the next load of 4.9 N was applied at the same position, and the data were
recorded. This procedure was repeated for all other locations in the same manner until data from all of
the positions with all of the different load magnitudes were recorded. The acquired depth images by
Kinect V1 are shown in Figure 7, in which the pixel values correspond to the actual measured distance
in mm. Because the images were captured at one meter distance with a resolution of 640 × 480 pixels,
the captured scene encompassed much more information than required; therefore, the images were
cropped to include only the UAV wing, and the size of the acquired image was reduced to 247 × 166
pixels. It should be noted that this was only done in this case and, if the whole wing encompasses the
image, then there is no need for cropping the image. Moreover, any depth values above 2000 mm and
below 800 mm were changed to zero in order to get rid of redundancies, as shown in the right image
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of Figure 7. Moreover, since the gap between the depth values of the wing and its surrounding were
very large, the color distribution resulted in a binarized representation.

Figure 7. (Left) Acquired and (Right) Extracted depth image of the composite UAV wing.

3.3. Evaluating Accuracy and Precision of Microsoft Kinect V1

Even though Microsoft Kinect V1’s overall accuracy and precision were previously evaluated by
Khoshelham et al. [30]; in this work, its evaluation was performed for the specific working conditions
required for structural health monitoring. To this end, the deflections at 32 reference points of the wing
were measured using Kinect V1 sensor, and they were compared with the measurements from a laser
ranger. To track the locations of reference points in the image plane, eight ArUco [34] markers, each
having four corners were used. The patterns known as ArUco markers are small two-dimensional (2D)
barcodes often used in augmented reality and robotics, as shown in Figure 8. ArUco was developed
by Garrido-Jurado et al. [34], where they showed the superiority of their work to other known
markers in literature such as ARTOOLKIT [35], ARToolKit Plus [36], and ARtag [37]. The locations of
these 32 corners in image plane were detected in subpixel accuracy using the algorithm provided by
Garrido-Jurado et al. [34] and the obtained results are shown in Figure 8.

Figure 8. (Left) Sample ArUco Markers. (Right) Corner extraction in subpixel accuracy from
ArUco markers.

3.3.1. Mapping Depth and RGB Images of Microsoft Kinect V1

To use ArUco markers for tracking the corners during deflection measurements, the RGB and
depth images obtained from Kinect V1 were mapped using an affine transformation. Using n known
points of the wing, such as its four corners, the unknown parameters of the transformation can be
calculated, as follows:

C = AD (11)

A = CD−1 (12)

where C ∈ �2×n contains the locations of a point in the colored image, D ∈ �3×n contains the
corresponding locations in the depth image, and A ∈ �2×3 is the affine transformation matrix.

By following the above steps, depth images were successfully mapped to the RGB images that
were acquired from the Kinect V1, as shown in Figure 9. As seen from this figure, the color images
were changed to grayscale, so as not to work with unnecessary color channels. This way, the corners of
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the ArUco markers, which act as reference points, can be used for tracking the deflection changes at
these points both by Kinect V1 and a laser meter, which will act as ground truth.

Figure 9. Kinect V1 depth and RGB images in grayscale (Left) Before mapping. (Right) After mapping.

3.3.2. Microsoft Kinect V1 vs Leica DISTO X310 Laser Meter

After the RGB and Depth images were mapped, the difference between the deflections that were
measured by Kinect V1 and laser ranger at corner points were calculated. To account for errors in
corner detection and mapping, for each detected corner pixel from RGB image, a 3 × 3 window of
pixels was chosen from the corresponding depth image. A Leica DISTO X310 laser meter [38] with
±1 mm accuracy was used for evaluating the accuracy of Kinect V1. Loads with magnitudes of 2.45,
4.9, 7.35, 9.81, 12.26, and 14.71 N were placed on position 4 of the wing and the deflections were
measured using both the Kinect V1 and Leica DX310 sensors. The obtained results are shown in the
left image of Figure 10 for 2.45 N load, in which the mean absolute error for the 32 corner points was
measured to be 2.0556 mm with a standard deviation of 1.74 mm. This was repeated for 100 frames,
and the obtained results are shown in the left image of Figure 11, in which the mean of absolute
errors was measured to be 2.0642 mm with a standard deviation of 0.21 mm. Similarly, the results
obtained for 14.71 N load are shown in right images of Figure 10 and Figure 11, in which the mean
absolute error for 32 corner points was calculated to be 2.6875 mm and 2.1520 mm for a single and
100 frames, respectively, with standard deviations of 1.615 mm and 0.26 mm. The same procedure
was repeated for all of the aforementioned loads that range from 2.45 to 14.71 N, and the obtained
results are summarized in Table 1. These results show that for the required working conditions, the
Kinect V1 has an accuracy of ±2.25 mm with a standard deviation of 0.28 mm and a resolution of
1 mm. Therefore, since the deflections due to different loads range from 1 mm to 19 mm in this work,
the Kinect V1 is proved to be suitable for acquiring the deflection measurements reliably. Moreover,
neural networks already take the noise of the sensors into account when they are trained with the
data acquired from them; therefore, the small noises in the acquired data are taken care of by the
proposed method.

Figure 10. Absolute errors at 32 corner points of the wing for (Left) 2.45 N load. (Right) 14.71 N load.

Figure 11. Mean of absolute errors in 100 frames for (Left) 2.45 N load. (Right) 14.71 N load.
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Table 1. Accuracy and Precision of Microsoft Kinect V1.

Loads (N) 2.45 4.9 7.35 9.81 12.26 14.71 Average

Absolute mean error (mm) 2.06 2.18 2.3 2.59 2.21 2.15 2.25
Standard deviation (mm) 0.21 0.36 0.46 0.22 0.15 0.26 0.28

3.4. Visualization of Depth Features Acquired from Microsoft Kinect V1

Here, the visualization of depth features that were obtained from Kinect V1 for loads acting on
the wing is shown. As mentioned, the spanwise deflections of the wing due to the application of the
external loads were captured by the depth camera. Figure 12 illustrates these deflection measurements
for the distinct loads acting on position 1 and 8. These illustrations were made by reconstructing the
surface of the wing from the acquired depth images after the application of each load. These images
show how the overall bending profile of the wing changes due to the magnitudes and locations of the
external loads. The Kinect V1 sensor can measure deflections due to loads as small as 2.45 N acting on
position 1 of the wing, as seen from these measurements. Deflection profile is especially visible for
loads acting on Position 8, since it is the furthest point from the fixed part of the wing.

Figure 12. Wing deflections due to loads placed at (Left) Position 1 (Right) Position 8.

Moreover, in order to show the effect of the same load applied on different sections of the wing,
loads of 2.45 and 14.71 N were applied on all eight distinct partitions of the wing, and the resulting
depth images were plotted in Figure 13. These results clearly indicate that the wing deflection profile
is different even when the same load is applied on different locations. Furthermore, by observing these
results one can see a strong relationship between the behavior of the deflection of the wing for loads
placed in parallel, namely loads placed at Positions 1 and 5, 2 and 6, 3 and 6, 4 and 8. These results
prove the effectiveness of Microsoft Kinect V1 sensor for wing deflection measurement under various
loading conditions acting on distinct sections of the wing.

Figure 13. Wing deflections due to (Left) 2.45 N and (Right) 14.71 N loads applied on distinct positions
of the wing.
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4. Dataset Creation and Experimental Results

4.1. Dataset Creation

A dataset of wing deflections due to loads was constructed by extracting the depth features from
the Microsoft Kinect V1 sensor operating at 30 Hz by following the procedure explained in Section 3.2
in order to train and test the proposed ANN models. To construct the training dataset, 100 samples for
each loading case was acquired. Initially, depth images were acquired when no load was acting on the
wing. Afterward, data were collected for six different load magnitudes acting on 21 distinct sections of
the wing in sequence, which included the concentrated and distributed loading scenarios. Therefore,
12,700 samples were collected for the training dataset. As for the test dataset, the depth images were
acquired for the duration of only one second, thus resulting in 30 samples for each loading case for this
dataset. Unlike the training dataset, the six distinct loads on the 21 sections of the wing were applied
at random in this case, so as to evaluate the robustness of the proposed approach. This resulted in the
acquisition of 3810 samples for the test dataset. The details of the constructed training and test datasets
are tabulated in Table 2.

Table 2. Training and test datasets.

No. of Samples per Load per Position No. of Distinct Loads per Position No. of Distinct Positions Total No. of Samples No. of Features per Sample

No Load 100 (30) 1 1 100 (30) 247 × 166 (41,002)
Concentrated Loads 100 (30) 6 8 4800 (1440) 247 × 166 (41,002)
Distributed Loads 100 (30) 6 13 7800 (2340) 247 × 166 (41,002)
Training Dataset 100 — 22 12,700 247 × 166 (41,002)
Test Dataset 30 — 22 3810 247 × 166 (41,002)

The ( ) show the number of samples in the test dataset.

In this paper, TensorFlow [39] software was used to build and test the proposed ANN models.
TensorFlow is an open source platform developed by Google Brain team, and it is widely used
in literature to conduct machine learning based research due to its highly efficient computation
framework. The computer used for developing the proposed ANN models had an Intel Xeon 3.6 GHz,
twelve thread central processing unit (CPU) with 16 GB of RAM, and the whole network was trained
on the CPU only, without the need of GPU.

4.2. Experimental Results and Discussions

In this section, the performance of the proposed framework for load localization and estimation
are analyzed and discussed in detail. Initially, autoencoders were used to extract informative data
from the depth images at a much smaller scale. subsequently, the proposed ANNs were trained using
the training set described in Section 4.1, and their performance was evaluated and compared with a
modified version of Castigliano’s theorem (The readers can refer to the Appendix A for the details of
this algorithm.) on the constructed test set.

4.2.1. Load Localization From Depth Images Using ANN

An autoencoder was used to obtain informative data at a much smaller scale from the acquired
depth images to be fed into the localization and estimation networks, as stated in Section 2.1.
The autoencoder was run in series with the classification network so as to use its accuracy as a
measure of performance in order to determine the smallest size of the encoded features required for
load localization. The encoded feature size was initially set to be 400 and then was increased with
increments of 200 until satisfactory load localization performance was obtained. As described in
Section 3.1, two different loading scenarios were considered in this work. In the concentrated loading
scenario, the output locations were labeled positions 1 to 8 and, in the distributed loading scenario,
they were labeled positions 9 to 21. Moreover, 0 label was chosen to represent the no load condition.
Therefore, the total number of distinct positions in the output layer amounts to 22. By making use of
one hot encoding technique, the aforementioned 22 distinct positions were encoded using only nine
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classifiers in the output of the localization network by setting K to 9 and P to 22. Labels 1 to 21 were
one hot encoded using the first eight classifiers, and the no load case was encoded using the ninth
classifier.

The proposed autoencoder and classification network was trained by varying the encoded data
size. The activation function of the autoencoder was chosen to be a sigmoid and the number of neurons
in the first and second hidden layers of the classification network were set to 60% and 30% of the
encoded data size, respectively. The mean and standard deviation of the encoded data to be used in
Equation (3) were chosen as 0.5 and 0.2, respectively. The β coefficient for regularization was chosen
to be 0.1, and the dropout ratio of 0.8 was chosen in order to increase the network’s generalization
capabilities. Moreover, the starting learning rate was chosen to be 0.0005 and the network was trained
using Adam optimizer. The training of the network was performed for 8000 iterations for each encoded
data size, and the results are tabulated in Table 3. From these results, it is observed that, as the size of
encoded data increases, the difference between the training and test accuracies decrease. This suggests
that more distinctive data is being extracted as encoded data size increases. Moreover, an encoded data
size of only 1200 was enough for obtaining very high accuracies of 96.4% and 94.3% when evaluated
on the training and test datasets, respectively.

Table 3. Accuracy of the proposed localization ANN with varying encoded data size.

Encoded Data Size CFAE Layer 1 Neurons Layer 2 Neurons Training AccuracyCL (%) Test AccuracyCL (%)

400 31.76 240 120 66.1 60.3
600 31.58 360 180 93.9 88.8
800 31.05 480 240 95.1 91.3
1000 29.98 600 300 96.2 93.6
1200 29.44 720 360 96.4 94.3

As for load localization that is based on the modified Castigliano’s theorem, its performance was
also evaluated on the constructed test dataset. The proposed localization ANN was trained with the
load locations shown in Figure 14. Outputs of the proposed localization network with an encoded data
size of 1200 and the one based on Castigliano’s theorem are plotted against the ground truth positions
in Figure 15. In this figure, the label denoted as zero represents the no load case, labels 1 to 8 represent
the concentrated load positions, labels 9 to 21 represent the distributed load positions, and label 22
represents misclassified outputs that do not belong to any of the aforementioned load positions. From
these results, one can see that both frameworks are able to discern the locations of the loads causing
different kinds of bending and twisting deflections on the wing rather successfully. However, the
accuracy of the proposed ANN based framework is superior to the one that is based on Castigliano’s
theorem, as visible from the results obtained in Figure 15 and the obtained accuracies given in Table 4.
More importantly, the proposed neural network based method exhibits invariance to the type of the
applied load and is able to successfully localize both concentrated and distributed loads causing wing
deflections, which the framework based on modified Castigliano’s theorem fails to do so properly.

Table 4. Localization performance of the proposed ANN and modified Castigliano’s theorem, evaluated
on test dataset.

Localization Method Accuracy (%)

Localization ANN 94.3
Modified Castigliano’s Theorem 57.7
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Figure 14. Load positions used for training the proposed localization ANN.

Figure 15. Position predictions based on the proposed localization ANN and modified Castigliano’s
theorem, evaluated on the test dataset.

The relationship between the ground truth and the estimations of both frameworks is illustrated
as a confusion matrix in order to get more insight into the localization performance of both methods.
Figure 16 shows the confusion matrix for the proposed localization ANN, and Figure 17 is for the
modified Castigliano’s theorem. From these plots, it can be seen that the correct estimations are on
the diagonal and any points not located on this line represent misclassified outputs. For the ANN
framework, all of the position estimations have accuracies of higher than 90%, except for Positions 8
and 14. Nonetheless, their accuracies are still high, being 76.7% and 86.1%, respectively. As observed
from Figure 16, Position 8, which is a concentrated load, is misclassified 16.1% of the time as Position
19, which is a distributed load. This observation is due to the wing deflection profiles under these
loading conditions having similar patterns. However, these observations seem to be worse for the
results obtained through the modified Castigliano’s theorem, especially in the case of distributed loads,
as seen in Figure 17. This is due to the fact that measured deflections exhibit very similar patterns at
different points and, therefore, can not be accurately captured unless a more robust model such as the
proposed ANN one is used to classify them in an appropriate manner.
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Figure 16. Confusion matrix for localization based on the proposed ANN, evaluated on test dataset.

Figure 17. Confusion matrix for localization based on modified Castigliano’s theorem, evaluated on
test dataset.
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4.2.2. Load Estimation from Depth Images Using ANN

In this subsection, the proposed autoencoder and regression ANN’s performance for load
estimation is evaluated on the same dataset as the localization one. Unlike the localization networks’
output, the output of this network is a single continuous variable that represents the magnitude of
applied load under both concentrated and distributed loading conditions. Similar to the localization
part, the proposed load estimation network was trained with varying encoded data size and the same
parameters of the autoencoder network. As for the regularization coefficient β and dropout rates,
they were fine tuned to be 0.1 and 0.35, respectively. This time the training was performed for 30,000
iterations for each encoded data size, and the obtained results are shown in Table 5. Based on the
obtained results, it is seen that, again, an encoded data size of 1200 neurons was enough for obtaining
very high accuracies of 97.3% and 92.7% when evaluated on the training and test datasets, respectively.
Besides, it is observed that training such a network with good performance requires significantly more
iterations when compared with the classification one, since the output in regression problems is a
continuous variable.

Table 5. Accuracy of the proposed load estimation ANN with varying encoded data size.

Encoded Data Size CFAE Layer 1 Neurons Layer 2 Neurons Training AccuracyE (%) Test AccuracyE (%)

400 31.76 240 120 93.9 83.1
600 31.58 360 180 96.0 88.3
800 31.05 480 240 96.7 90.8
1000 29.98 600 300 96.4 91.5
1200 29.44 720 360 97.3 92.7

Moreover, the performance of load estimation that is based on modified Castigliano’s theorem
was also evaluated on the constructed test dataset. The proposed estimation ANN was trained with
the loads that are shown in Figure 18. The outputs of the proposed load estimation ANN with 1200
encoded data size and the modified Castigliano’s theorem are plotted against the ground truth loads
presented in Figure 19. These results show that magnitudes of loads causing bending and twisting
deflections can be estimated with very high confidence, regardless of where the load is acting on the
wing. However, the accuracy of the proposed ANN based framework is far more superior when
compared with the one that is based on the modified Castigliano’s theorem, as visible from the results
obtained in Figure 19 and the obtained accuracies tabulated in Table 6.

Figure 18. Load magnitudes used for training the proposed estimation ANN.
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Figure 19. Load estimation based on the proposed ANN and modified Castigliano’s theorem, evaluated
on test dataset.

Table 6. Load estimation performance of the proposed ANN and modified Castigliano’s theorem,
evaluated on the test dataset.

Load Estimation Method Accuracy (%)

Estimation ANN 92.7
Modified Castigliano’s Theorem 64.1

These results show that the proposed method can localize and estimate the loads acting on an
aircraft wing with very high accuracies under both concentrated and distributed loading conditions. It
should be noted that, since the proposed method was trained with elastic loading cases, it will only
work with elastic loads. If the wing is damaged, then the relationship between the deflections and the
load will change; therefore, the proposed method will not work unless it is trained for the damaged
cases as well. Even though the training of the proposed networks is performed offline, the proposed
method requires only 0.02 s for data reduction from a full frame image with 640 × 480 = 307,200
pixel features using an autencoder with an encoded data size of 1200. As for data reduction from the
cropped images used in this work that had 247 × 166 = 41,002 pixel features, an autoencoder with an
encoded data size of 1200 requires only 0.008 s. Another 0.001 second is required for localization or
estimation of loads from the encoded data. Therefore, the proposed method can operate at 0.021 s or
around 47 Hz for a single full frame image, thus realizing real time performance.

5. Conclusions

In this work, a robust structural health monitoring system based on depth imaging and artificial
neural networks for localization and estimation of bending and twisting loads acting on an aircraft
wing in real time is proposed. The proposed framework is based on the usage of depth images obtained
from a depth camera as input features to an autoencoder and load location or magnitude as output
labels of supervisory neural networks placed in series with the autoencoder. Initially, the Microsoft
Kinect V1 depth sensor’s accuracy and precision were evaluated for monitoring of aircraft wings by
making use of ArUco markers and a Leica DISTO X310 laser meter having an accuracy of ±1 mm.
The Kinect V1 proved to be reliable for SHM purposes, since it provided full field measurements with
accuracy and standard deviation of 2.25 mm and 0.28 mm, respectively, when compared with the
single point measurements provided by the laser meter.
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As for the proposed method, first, an ANN consisting of an autoencoder and two hidden layer
classification network with ReLU activation functions was proposed for estimating the location of
loads. Second, an autoencoder and logistic regression network of two hidden layers with tanh and
sigmoid activation functions was proposed for estimating the magnitude of these loads. Both of the
proposed networks were trained and validated on an experimental setup, in which the application of
concentrated and distributed loads were applied on a composite UAV wing.

In addition, a comparison with an approach based on Castigliano’s theorem was performed, and
the proposed method proved to have superior performance in terms of the localization and estimation
of loads. The proposed localization and estimation ANNs achieved accuracies of 94.3% and 92.7%,
while the framework based on Castigliano’s theorem achieved average accuracies of 57.7% and 64.1%,
respectively, when both of the methods were evaluated on a dataset containing randomly applied
concentrated and distributed loads. As demonstrated, the proposed ANN based framework can
localize and estimate the magnitudes of loads acting on aircraft wings with very high accuracies from
a single depth sensor in realtime.

In the near future, it is planned to extend the current study for the localization and estimation of
highly dynamic loads on larger aircraft wings.
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Appendix A. Localization and Estimation of Loads Based on Castigliano’s Theorem

Based on Castigliano’s second theorem [40,41], for a linearly elastic structure under loads
P1, P2, P3, . . . , Pm at points 1, 2, 3, . . . , n, the deflection Wj of point j can be calculated as follows:

Wj = ∑
m

an×mPm (A1)

where an×m is the deflection at point n due to a unit load applied at point m, normalized by
the magnitude of the load. Based on this theorem, given loads at m points, one can calculate
deflections at n points, as given in matrix form in Equation (A2). In order to construct A matrix,
the concentrated loads mentioned in Section 2.1 were placed at eight different positions of the wing
and the corresponding deflections D were recorded. Afterward, these measured deflections were
normalized by the magnitude of the loads (L) acting on them to calculate the A matrix as given in
Equation (A3). Moreover, this was performed for all load magnitudes i.e, [2.45, 4.9, 7.35, 9.81, 12.26,
14.71] N. Afterward, the average of all these magnitudes was calculated to be used as the final A matrix
due to the nonlinear nature of the wing material as shown in Figure A1 and the inevitable sensor noise.

W = AP (A2)

A =
DT

L
(A3)

where W ∈ �n, A ∈ �nm, P ∈ �m, D ∈ �mn, and L ∈ �.
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Figure A1. Deflection measurements for loads acting at point 2 of the wing.

However, the objective of this work is the inverse of the above mentioned problem i.e., given
deflections at n points, we want to calculate loads at m points. To do that, one can calculate the pseudo
inverse of A to obtain K. The calculated K is shown in Table A1. This is valid since Castigliano’s first
theorem is basically the inverse of its second theorem. Therefore, loads can be estimated by using the
following equation:

P = KW (A4)⎡
⎢⎣

P1
...

P8

⎤
⎥⎦ =

⎡
⎢⎣

4244.729867 · · · − 1615.667686
...
. . .

...
−2459.317023 . . . 1233.037717

⎤
⎥⎦
⎡
⎢⎣

W1
...

W8

⎤
⎥⎦ (A5)

where K = A−1 is the unit load at point m due to the deflection measured at point n, normalized by
the magnitude of the deflection.

Table A1. Calculated K matrix.

Deflection Measurement Points
Load Position

1 2 3 4 5 6 7 8

1 4244.72987 −698.685 553.1295 1970.979 −2260.34 −4685.71 −167.085 −1615.67
2 −6541.85525 1100.622 −640.224 −3025.09 3043.874 6964.995 49.58206 2560.928
3 −2694.30173 545.9633 −648.338 −1104.24 804.3221 2842.263 388.2263 979.052
4 6206.63609 −1303.48 833.578 2568.318 −2257.68 −6721.99 −652.854 −2450.1
5 3874.76045 −314.587 580.265 1808.919 −1436.91 −3625.9 344.6381 −1384.48
6 13,631.5189 −2141.29 2321.193 6042.803 −5624.8 −13,741 −375.178 −4919.03
7 −12,850.7951 3280.897 −1219.55 −5191.01 4515.127 14,360.46 1428.491 4495.81
8 −2459.31702 −152.446 −956.594 −1151.77 1369.812 2172.997 −43.5148 1233.038

After calculation of K matrix, one can now estimate loads at different points of the wing by
providing the deflections measured at various points of the wing. Below are the results for the cases
when the load is acting at point 2 of the wing with varying magnitudes of [2.45, 4.9, 7.35, 9.81, 12.26,
14.71] N, and the loads at all of the 8 points were calculated using Equations (A4) and (A5), for which
the results are plotted in Figure A2.
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Figure A2. Load estimations for concentrated loads acting at point 2 of the wing.

Appendix A.1. Load Localization Based on Castigliano’s Theorem

From the above results, it is seen that the load estimation fails as it is since it is estimating that
loads with different magnitudes at different points of the wing are responsible for the measured
deflections. In order to overcome this shortcoming, this work proposes the loads to be first localized,
and then their magnitudes can be calculated. In order to localize the loads, the measured deflections at
any time are compared with the constructed deflection D matrix and then the Pearson correlation[42]
is used for finding the maximum correlation between them as follows:

• Given a new measurement as the one in Table A2.

Table A2. New deflection measurements (mm) at 8 points of the UAV wing.

Load Position
Deflection Measurements (mm) at 8 Points

1 2 3 4 5 6 7 8

2 3.65 4.58 5.84 7.71 2.28 4.01 5.32 7.40

• Compare the new measurements with the constructed deflection D matrix given in Table A3.

Table A3. Constructed deflection (D) matrix.

Load Position
Deflection Measurements (mm) at 8 Points

1 2 3 4 5 6 7 8

1 2.12 2.21 2.23 3.26 1.06 1.67 2.21 3.01
2 2.54 3.09 3.67 5.19 1.30 2.50 3.70 5.19
3 3.42 4.47 5.88 8.24 1.98 3.75 5.88 7.74
4 4.19 5.75 7.87 10.98 2.84 5.13 8.12 10.50
5 2.38 2.26 2.66 3.51 1.74 1.96 2.95 3.56
6 3.13 3.03 3.91 4.79 2.32 3.07 4.49 5.14
7 3.43 4.15 5.82 7.68 2.95 4.29 6.72 8.08
8 4.61 5.52 7.99 10.76 3.79 5.68 8.76 11.01

• Find the maximum Pearson correlation coefficient between the current measurement given in
Table A2 and the constructed deflection matrix D given in Table A3, which in turn will correspond
to the actual load position as shown in Table A4.
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Table A4. Calculated Pearson correlation coefficients.

Load Position

1 2 3 4 5 6 7 8

Pearson Correlation Coefficient 0.9498 0.9920 0.9914 0.9859 0.9324 0.9354 0.9461 0.9611

From these results, it is seen that the load can be successfully localized using this method. Besides
its obvious usage for load localization, this information is vital for the correct estimation of load
magnitudes based on the proposed methodology for load estimation based on Castigliano’s theorem
as formulated in the following subsection.

Appendix A.2. Correction of Load Estimation Based on Castigliano’s Theorem via Localization and Optimization

Now that the loads are localized, one can correct the estimated loads by using the localization
information. This can be done by first eliminating all the loads other than the localized one. Second,
since the theory estimates that the measured deflections are due to a combination of loads acting at
different points, one can conclude that the actual load applied at a single point is the cumulative sum
of all the loads acting on the wing. Therefore, once the load is localized, its magnitude will be equal
to the sum of all the estimated loads. The effectiveness of this can be seen in the results obtained in
Figure A3 for loads acting again at point 2 of the wing.

Figure A3. Corrected load estimations for concentrated loads acting at point 2 of the wing.

However, as seen from the obtained results in Figure A3, the estimated loads’ accuracy is low
in general. This is due to the calculated K matrix. Since the K matrix was calculated through pseudo
inverse, it may not provide the optimal relationship between the measured deflections and the applied
loads. Sensor noise also affects this, since the A matrix was constructed using measurements acquired
at different loading cases. Therefore, this work proposes to optimize the calculated K matrix using a
backpropagation algorithm such as Adam [20] optimizer. The initial solution to the optimizer was
provided by the calculated pseudo inverse, and the optimization was defined as follows:

F̂ = K̂V (A6)

CF = ||(F − F̂)||2 (A7)

where K̂ ∈ �mn is the matrix to be optimized, V ∈ �nN is the deflection matrix with N samples
measured by the depth sensor, F̂ ∈ �mN is the estimated load matrix for N samples, F ∈ �mN is the
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ground truth load matrix obtained from the applied loads’ magnitudes and CF is the cost function
defined to be the Frobenius norm of the matrix.

The optimized K̂ is shown in Table A5. Using this optimized matrix, the loads can now be
estimated quite accurately, as shown in Figure A4. The same procedure can be applied to distributed
loads by considering them as new load locations and constructing a 21 × 21 deflection matrix. A
sample result obtained for distributed loads is shown in Figure A5, in which the deflection matrix was
extended to include the new 13 distributed points.

Table A5. Optimized K̂ matrix.

Deflection Measurement Points
Load Position

1 2 3 4 5 6 7 8

1 24.7421 −11.9939 −17.0887 30.0612 −93.1855 −65.4709 −12.1050 −17.1733
2 38.5250 −9.2518 9.0438 −6.6004 27.5545 −3.4873 −13.5474 31.7971
3 14.5861 79.1131 60.0194 23.6086 −31.8746 −5.7411 24.9256 4.4628
4 −10.9021 36.3568 −3.8216 −22.3221 24.4179 −6.5668 −4.5749 −25.8135
5 15.0917 42.9939 47.0306 35.2446 67.4271 104.4526 96.2090 18.4261
6 31.7370 −31.4353 23.4873 −21.0367 18.1937 59.4679 69.4669 21.4363
7 11.7676 135.0571 89.8542 37.6748 −9.2130 29.2120 37.8665 2.0163
8 −15.6636 −23.5698 −59.6106 −5.5923 −25.2610 70.9806 27.5923 56.5209

Figure A4. Optimized and corrected load estimations for concentrated loads acting at point 2 of
the wing.

Figure A5. Optimized and corrected load estimations for distributed loads acting at point 9 of the wing.
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Abstract: Optical fiber strain sensing cables are widely used in structural health monitoring; however,
the impact of a harsh environment on them is not assessed despite the huge importance of the
stable performances of the monitoring systems. This paper analyzes (i) the impact of the different
constituent layers on the behavior of a strain sensing cable whose constitutive materials are metal
and polyamide, (ii) the radiation influence on the optical fiber strain sensing cable response (500 kGy
of γ-rays), and (iii) the behavior of the cable under high axial strain (up to 1%, 10,000 με). Radiation
impact on strain sensitivity is negligible for practical application, i.e., the coefficient changes by 4% at
the max. The influence of the composition of the cable is also assessed: the sensitivity differences
remain under 15%, a standard variation range when different cable compositions and structures are
considered. The elasto-plastic behavior is at the end evaluated, highlighting the residual strain (about
1600 με after imposing 10,000 με) of the cable (especially for metallic parts).

Keywords: distributed optical fiber strain sensing cable; Brillouin scattering; Rayleigh scattering;
strain sensing cable characterization; elasto-plastic behavior; strain sensitivity coefficients

1. Introduction

Structural health monitoring (SHM) is an important topic in society currently, as buildings’
maintenance must be the most cost and time effective as possible. Distributed optical fiber sensing, to
monitor strain and other parameters, is found to be a useful tool thanks to optical fiber’s desirable
features (versatility, dimensions, measurement range, insensitivity to electromagnetic fields, etc.) [1,2].
Distributed optical fiber sensors are sensitive to strain and temperature thanks to the backscattering
mechanisms occurring inside the fiber, namely Brillouin and Rayleigh scatterings. These mechanisms
allow us to use optical fibers as distributed sensors, reaching many sensing points in the distance
with only one sensor. The light that propagates inside the core of the fiber is partially backscattered
to its origin, carrying back information on the thermal and mechanical state of the fiber. Once the
backscattered light frequency is recollected, it is possible to obtain the frequency shift Δν at every point
along the fiber between the injected and backscattered light, which depends on the fiber conditions as:

Δν = CTΔT + CεΔε, (1)
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where CT and Cε are the thermal and strain sensitivity coefficients of the considered sensor.
Optical fibers’ sensitivity coefficients are in the order of CB

T = 1 MHz/◦C for temperature and
CB

ε = 0.05 MHz/με for strain sensitivity for Brillouin scattering [3], while for Rayleigh scattering, the
coefficients are respectively in the order of CR

T = −1.5 GHz/◦C and CR
ε = −0.15 GHz/με [4].

In SHM applications, optical fibers are often inserted into cables to improve the sensitivity
performances, enhance their mechanical robustness, and protect the fiber from the harsh environment
in which it is employed. The structure of the cable may however have an influence in both the short
and the long term sensing characteristics of the fiber. A harsh environment, in fact, can affect not
only measurement results, but also the mechanical behavior of the sensor itself and its durability.
In the majority of the applications, however, the maintenance over the monitoring period is possible
only on the interrogation instrument, while the sensor is definitively embedded in its environment
and cannot be accessed to be repaired nor replaced. It is therefore important to select not only the
best interrogation method, to reduce at maximum the measurement errors, but the sensing cable as
well, able to resist the application’s load level and harsh environment over the needed monitoring
period. In nuclear structures’ monitoring, such as nuclear power plants’ operation and dismantlement
phases, physics reactors (CERN, etc.), or the space industry, sensing systems face radiation while the
monitoring period must exceed 50 years. For the French project of the deep geological disposal facility
for high level and intermediate level long lived radioactive waste (known as Cigéo), the application
includes the presence of radiation, high temperatures (up to 90 ◦C), and chemicals (H2). Investigations
on the impact of these harsh conditions on optical fibers in their primary coating have been and are still
being carried out, in order to select the best optical fiber composition and interrogation method [5,6].
Nevertheless, as distributed optical fiber sensors (DOFS) are often put into a cable when employed
on-field, their composition and the structure of the cable must be carefully selected to be sufficiently
resistant and, at the same time, keep as much as possible the elasticity of the sensor. The external sheath
should also be chosen in order to maintain or even enhance its sensitivity to the measured variable. For
this reason, tests should be carried out in order to analyze the physical and sensitivity characteristics
of pre-existent or brand new optical fibers and optical fiber cables. Much work has already been
devoted to optical fibers (in primary coating): for example, in [7], the mechanical properties and strain
transferring mechanism of optical fiber sensors were analyzed, on the different layers of a fiber Bragg
grating (FBG) , while in [8], the role of the coating was studied for strain transfer. In [9], the concept of
thermal stability in optical fibers was clarified, and in [10], the coating thermal stability and mechanical
strength at elevated temperatures of optical fibers were evaluated on different samples. The physical
properties of the coating were also evaluated in [11], where the elasto-plastic bond mechanics of the
fiber coating were evaluated, while in [12], a fatigue test was carried out assessing the performance
stability of DOFS over two million load cycles.

Regarding cables, however, the bibliography is not so wide. As strain sensing cables are
deployed to measure the strain of the structure, many papers are focused on the analysis of the
strain transfer function, i.e., to know how much of the structure’s strain is transferred to the fiber:
εFO(s) = εstruct(s)⊗ MTF(s). The mechanical transfer function MTF(s), which translates the strain of
the structure εstruct(s) in the sensor strain εFO(s), represents the behavior of the sensor without the need
to specify its physical and mechanical characteristics. The strain transfer function of different kinds of
cables is already assessed (for example, [13,14]); however, the physical and sensitivity characteristics
of strain sensing cables, as the elasto-plastic behavior and the impact of the protection layers on the
optical fiber measurements, are not well considered in the literature. One exception is [15], where
the strain sensitivity of different strain sensing cables was analyzed, with attention to the initial
residual hysteresis.

The French national agency for radioactive waste management (Andra), for its monitoring needs,
has selected some strain sensing cables, of which one has been already used for convergence monitoring
tests [16]. This cable was then analyzed in order to understand its physical behavior under traction,
as well as its mechanical characteristics and sensitivity. Another important aspect is the durability
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of the sensors in a harsh environment. The impact of radiation, alone or in combination with other
environmental conditions (as high temperature), is well assessed for optical fibers [5,6,17,18]; however,
it is not known for commercial strain sensing cables. For this reason, part of the tested strain sensing
cable samples has also been irradiated, in order to check the radiation impact on the cable’s different
layers and mechanical behavior.

In this paper, the mechanical properties and in particular elasticity characteristics of the same
optical fiber strain sensing cable are analyzed under diverse conditions. The sensor was tested in its
whole, with part of the protection removed and without other protection than the primary coating
(i.e., bare fiber). Moreover, the cable’s characteristics are also evaluated under irradiation in order
to determine the radiation impact on the behavior of the sensor. Lastly, a distinguishing aspect of
this study is testing the response of an optical cable subjected to large strain. As any other sensor, an
optical fiber cable is designed to operate in the elastic domain, i.e., for strain levels often less than
0.2% (2000 με). However, in the long run or due to unforeseen loads, this threshold may be exceeded.
It is important then to understand if the acquired measures are reliable; to provide an answer, the
optical fiber cables are tested up to 1% in strain (10,000 με), which is beyond what a sensor is expected
to undergo on-site. After reporting the specimen’s characteristics (comprised of a summary of the
sensors’ sensitivities) and the test procedure, the elasto-plastic behavior of the selected optical fiber
strain sensing cable is shown.

2. Cable Mechanical Characterization: Motivation

In Cigéo, two kinds of long lived radioactive wastes, intermediate level (IL-LL) and high level
(HL), will be hosted inside cylindrical repository cells with concrete and steel liners, respectively. These
cells are located 500 m deep, inside a 120 m thick Callovo-Oxfordian claystone layer. For the French
law, the repository must be reversible for the first one hundred years at least; therefore, a monitoring
program will be implemented from the construction phase and throughout its operating life, to keep
track of repository safety related parameters. What is more, it will also contribute to ensure the safety of
the waste and the surroundings. The particular application however reduces the choice of the possible
sensing systems, mostly due to the environmental conditions: the sensor must endure radiation up to
1 MGy (total dose received at the external surface of the metallic liner of “HL0” repository cells after a
century of monitoring), maximum temperature around 90 ◦C, hydrogen presence, cells’ convergence
(i.e., reduction of the cell’s vertical diameter) of 10 mm, and an orthoradial strain level (compression
and traction) of about ±0.3% around the cell’s circumference (∼2700 με). Moreover, it has to be
embedded in or fixed on the liner in order to avoid (i) most of the harsh environment’s impact and
(ii) limiting space dedicated to the waste and handling spaces.

Following (1), temperature impacts optical fiber by simply shifting the frequency. Radiation effects
on light propagation (frequency shift and attenuation) are attenuated if the fiber is fluorine doped [18],
while it is known that a carbon coating helps the fiber to be hermetic to hydrogen absorption, which
would otherwise lead to additional losses [19]. In order to limit the risk of the breaking of the sensor,
which could not be replaced, the fiber should be protected in a cable to better endure the compression of
the surrounding rock and last over time. For this reason, cables with a metallic structure are preferred
as it is more durable than plastic, while a rough surface might help the strain transfer of the cable in
concrete thanks to a higher level of bonding between the two materials. In the framework of the Cigéo
project, to reduce cost and save time, it is preferred to focus on commercial products, when possible.
If the market does not offer performances that fulfill the requirements, it is necessary to start specific
developments. For this reason, Andra investigated many suppliers and analyzed different cables
from over seven companies, and a good tradeoff between tensile strength and minimum curvature
radius was found to be given by the BRUsens V9 type from Solifos AG. The V9 type is a 3.2 mm mini
armored fiber optic strain sensing cable with an ∼0.9 mm central metal tube (FIMT, fiber in metal
tube), a structured polyamide (PA) outer sheath, and one optical single mode fiber (SMF) inside. The
design of the V9 type cable is depicted in Figure 1.
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PA outer sheath

Multi-layer buffer

Fiber in metal tube
(FIMT)

Figure 1. Schematic of the V9 type strain sensing cable, composed by a polyamide sheath of 3.2 mm
in diameter, a steel tube (FIMT) of ∼0.9 mm in diameter, a multi-layer buffer, which helps the strain
transfer, and a single mode fiber (SMF) (250 μm).

This cable was already tested by Andra in a surface test [16], revealing the suitability for
convergence and strain monitoring. The same cable, which normally has a standard single mode fiber
with higher curvature resistance inside, was used to develop a custom cable for Andra’s application.
The resulting cable was the outcome of the insertion of a custom SMF, carbon coated for hydrogen
hermeticity, fluorine doped for radiation hardening, in a commercial strain sensing cable (in this case,
the V9 type). This custom SMF had a 0.3 wt% F doped core and a 2.3 wt% F doped cladding, a numerical
aperture of 0.14, and a core diameter of 7.4 μm, with an attenuation at 1550 nm of 0.40 dB/km and an
effective refractive index of about 1.439. Before using this cable on site, however, it is necessary to know
its characteristics in sensitivity and durability. Once the fiber is protected in a cable, its characteristics
may change as the composition (materials, dimensions, etc.) of the sensor changes. For these reasons,
the tests presented in this paper were meant to assess (i) the sensitivity of the newly developed sensor,
(ii) the influence of the different protective layers on the behavior of the sensor, and (iii) the impact
of a harsh environment (radiation, in this case) on its performances. Radiation impacts both optical
fibers’ attenuation and frequency shift. The radiation induced attenuation (RIA) and SNR issues were
already thoroughly evaluated in [5] on optical fibers in their primary coating. As attenuation poorly
depends on the presence of the cable and the total absorbed dose here considered was lower, those
results could be seen as a worst case scenario and were therefore supposed to remain valid in this case.
For this reason, the radiation impact on optical fiber sensing cables was focused only on the induced
frequency shift.

3. Materials

In order to characterize the sensor, the tests were conducted not only on custom V9 type cable
samples (Figure 2a), but also on their constitutive parts: the FIMT (with the custom radiation hard fiber
inside; Figure 2b) and the naked fiber itself (only primary coating). Besides, the same analysis was
carried out on standard commercial samples of the same types (V9, FIMT and bare fiber), which had an
SMF G657 with acrylate coating. It is in fact interesting to assess whether the different fibers inside the
cable influence in different ways the performances of the sensors. Furthermore, as the goal was also
to assess the impact of radiation, part of the V9 and FIMT samples were previously irradiated up to
500 kGy, which is half of the absorbed total dose during the first 100 years of monitoring. The dose was
the result of an irradiation campaign where bare optical fibers were irradiated up to 1 MGy [5]. The
different distances of the cables from the irradiation source and their support in metal allowed them
absorb less dose, i.e., up to 500 kGy. The dose rate was about 1.5 kGy/h. For the sake of comprehension,
the different samples under tests are synthesized in Table 1 and will be so addressed from now on.
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(a) V9 (b) FIMT

Figure 2. Tested cables: V9 (a) and FIMT (b) types.

Table 1. Tested samples.

V9 FIMT Fiber

Standard
SMF G657 acrylate coating a d g

Custom (not irradiated)
SMF F doped carbon acrylate coating b e h

Custom (irradiated)
SMF F doped carbon acrylate coating c f -

4. Methods

The samples were tested under traction cycles: the frequency shifts of the samples were acquired,
using the Neubrescope NBX-7020 from Neubrex Co., Ltd., which is able to exploit Brillouin and
Rayleigh scatterings with the pulse pre-pump Brillouin optical time domain analysis (PPP-BOTDA)
and the tunable wavelength coherent optical time domain reflectometry (TW-COTDR), respectively,
with the highest spatial resolution of 2 cm.

Traction tests were performed by fixing the samples on a 10 m manual traction bench. The
samples were elongated using a winch, checking the new length with a ruler and a laser distance
meter (millimetric precision). Measurements were acquired every 500 με (nominal value, 5 mm of
elongation), while each 1000 με step, the sample was taken back to the initial position (no elongation)
in order to check whether there was (or not) residual strain (i.e., to analyze the plastic strain of the
sample). Another measurement was then acquired. This was performed up to 10,000 με, while for
the FIMT type samples, the measurements back to zero were performed up to 7000 με. Once the
maximum strain range was reached (1% of strain by the datasheet, i.e., 10,000 με), measurements were
acquired every 1000 με (10 mm in elongation), without taking the sample back to its original position
(no elongation), up to 30,000 με or up to the breaking point. The generalized traction cycle is depicted
in Figure 3.

This kind of measurement cycle was conceived of to reach various goals: (i) practically measure
the impact of elongation on the materials of the samples (i.e., the elasto-plastic behavior) and (ii) obtain
the most representative sensitivity coefficient of the sample after pre-straining it, avoiding hysteresis
(as explained in [15]). Moreover, the maximum strain expected in the Cigéo application is ±2700 με,
which would be progressively reached over a period of 100 years in a monotonous fashion, in the
reference scenario where radioactive waste packages are inserted right after the construction of the
cells. However, as the implementation scenario is not already settled, it could be possible that the
growth in strain and convergence is not fully monotonic. For example, the strain is non-monotonic
if waste packages are inserted long after the construction, especially for concrete liners (IL-LL waste
repository cells). The insertion of the packages would cause an immediate change in the strain of the
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structure, which would be already influenced by creep and shrinkage. Along with this, the concrete
would also be affected by seasonal thermal cycles, taking to an even more non-monotonous behavior.
Nevertheless, after the insertion of the waste packages, there would be a rise in temperature, causing a
dilatation of the structure (especially the steel liner of HL waste repository cells). For all these reasons
and in order to anticipate extraordinary situations, as well as to extend the study beyond the nominal
conditions, this research explored the effect on the sensors of both “non-monotonous” strain and of
very large strains, up to 10,000 με.

Figure 3. Traction cycle.

During elongation, the cabled samples, especially of the V9 type, slipped from the anchoring due
to difficulties in the fixation of samples with a diameter greater than a millimeter. This led to an error
(between the desired strain value and the one obtained in reality after the slippage) that remained
however under 7%–8%, and it grew in a distributed and homogeneous way from 0 με to the maximum
elongation reached by the sample. In this way, the correct analysis of the samples was guaranteed.

Measurements were taken with a resolution of 20 cm and a sampling of 10 cm, obtaining about
100 measurement points over the 10 m bench (excluding connection cables). It has also to be specified
that, as all tests were performed in the same period of time and in the same place, the temperature was
supposed to be stable (differences in the order of ±2◦C). Therefore, the measured frequency shift was
attributed solely to the imposed traction. The results presented in the following are the outcome of the
analysis of one sample of each specimen summarized in Table 1. In this case, only measurements up to
10,000 με were considered.

5. Strain Sensitivity Coefficients

The strain sensitivities of the tested samples were obtained by averaging the frequency shifts Δν,
obtained by interrogating the samples with Brillouin and Rayleigh scatterings, over the central 9 m of
the samples (to avoid measurements on the fixations) and dividing them by the imposed strain range.
The curves Δν over strain so obtained for Brillouin and Rayleigh scatterings are plotted in Figure 4.
The strain sensitivities of both types of bare fibers were the ones that were closer to the standard values,
CB
ε = 0.050 MHz/με for Brillouin and CR

ε = −0.15 GHz/με for Rayleigh, while for the cables, the
coefficients stayed respectively around CB

ε = 0.045 MHz/με and CR
ε = −0.13 GHz/με.
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(a) Brillouin (b) Rayleigh

Figure 4. Frequency shift over strain curves for all the tested samples, for Brillouin and Rayleigh
scatterings.

Observing the results, especially the cabled samples (V9 and FIMT types), it is noticeable how
the strain sensitivities do not differ very much from one sample to another. The strain sensitivity
differences between the final sensor (V9 type) and the original bare fiber went from 9% (standard
type) to 12% (custom radiation hard), revealing the possibility to insert the desired fiber into the cable,
keeping the information on its strain sensitivity as much as possible. The sensitivity differences remains
thus under 15%, a standard variation range when different cable compositions and structures are
considered. When it comes to analyzing the impact of radiation on the sensor, the sensitivity difference
between irradiated and not irradiated samples was as low as 1% (FIMT type) and 4% (V9 type), which
means that the sensitivity remained stable. This is a very promising result: if we suppose radiation
influence as linear, the 4% in error over 500 kGy would mean an error in strain of 8% in 100 years
(1 MGy), i.e., only about 220 με over 2700 με. Moreover, for the F doped fiber, the radiation influence
is not linear; it tends to saturate in a parabolic way [5], which means that the error in reality would be
even less. In every case, sensitivity coefficient values for irradiated samples were lower than for those
not irradiated. Most of the radiation impact was exerted on the physical elasticity of the cable: the PA
outer sheath became more rigid and less elastic due to radiation [20], leading to more cracks during
handling and elongation and, therefore, to break sooner than non-irradiated samples (Figure 5).

Figure 5. Impact of the radiation on the cable: radiation reduces the elasticity of the plastic, causing
cracks when curved.

With the exception of the fibers, the standard samples, and the not irradiated V9 type, some cables
broke during the test. The custom irradiated V9 type broke, reaching the nominal value of 12,000 με,
while custom FIMT type cables broke at 21,000 με and 29,000 με, respectively, for the pristine and the
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irradiated one. In practice, the only cable that suffered from radiation influence was the V9 type due to
the impact on the polyamide, while the FIMT type cables broke mainly due to their structure. In all
cases, if breaks occurred during traction, it was always after the 10,000 με; therefore, the datasheet
guaranteed strain range was maintained. These results are very promising for the use of such a cable
in an application where radiation is present.

6. Elasto-Plastic Behavior

As the cable is partially composed of steel, which is the most rigid component of the cable and
tends to show a plastic behavior after a certain strain (typically, 0.2% [21], 2000 με), it was interesting
to look for the possible plastic behavior of the tested cabled samples (FIMT and V9 types). Let us
take as an example the standard FIMT (sample d in Table 1), in order to directly observe the behavior
of the steel protecting the fiber. In Figure 6a,b, the frequency shift over the strain curve is plotted,
respectively for Brillouin and Rayleigh scatterings.

(a) Brillouin (b) Rayleigh

Figure 6. Detail of the mechanical behavior of the FIMT standard type sample (Sample d). The curve
presents two zones with different slopes (highlighted in red and green): this represents the plasticity of
the steel of which the FIMT is made.

The uncertainty of the measurements is reported as error bars, while the slope of the curve is
calculated separating the strain behavior into two zones: before and after 2000 με. It is visible how the
linear regressions of these two zones are different: before 2000 με (red line), the strain coefficient (i.e.,
the slope) is smaller than afterwards (green line), showing a possible plastic behavior of the sample
due to traction. This is valid also for the other samples, the strain coefficient values of which are
reported in Table 2.

Table 2. Strain sensitivity coefficients of the different tested samples.

B: MHz/με
R: GHz/με

Custom
Standard

Not irradiated Irradiated

<0.2% >0.2% <0.2% >0.2% <0.2% >0.2%

V9
B: 0.045
R: −0.13

B: 0.046
R: −0.14

B: 0.040
R: −0.12

B: 0.045
R: −0.13

B: 0.042
R: −0.14

B: 0.045
R: −0.14

FIMT
B: 0.041
R: −0.12

B: 0.047
R: −0.14

B: 0.040
R: −0.12

B: 0.047
R: −0.14

B: 0.037
R: −0.11

B: 0.045
R: −0.14

Fiber
B: 0.050
R: −0.15

B: 0.052
R: −0.15

B: -
R: −

B: -
R: −

B: 0.046
R: −0.15

B: 0.049
R: −0.15

To make it more immediate to evaluate, the strain sensitivities are plotted in Figure 7.
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(a) Brillouin (b) Rayleigh

Figure 7. Strain sensitivity coefficients for different linear fittings: “<0.2%” and “>0.2%” represent the
fit done considering only the values before or after 2000 με. The different contours of the bars define
the type of sample: the black and straight line are the standard samples, the green and dashed the
custom not irradiated, and the red and dotted the custom irradiated.

The biggest difference between the sensitivities of the two identified zones (and therefore, the
biggest plastic effect) appears to be exerted on the FIMT, as the V9 type is composed also of the external
PA layer, which limited the plastic behavior of the steel.

This behavior should be then confirmed looking at the measurements performed when the
samples were at their original position, i.e., when they were not elongated. The frequency shifts of the
samples, obtained by interrogating the samples via Brillouin and Rayleigh scatterings at their original
position, are plotted in Figure 8a and Figure 8b respectively.

(a) Brillouin (b) Rayleigh

Figure 8. Residual frequency shift of the samples after elongation (represented in the x axis) of the
cabled samples (V9 and FIMT) for the three tested types of condition (standard fiber, custom radiation
hard fiber, and custom radiation hard fiber irradiated).

It is remarkable how the cabled samples (V9 and FIMT type) show a permanent frequency shift,
i.e., residual strain, after being elongated. This does not happen for the fiber, which undergoes only a
slight relaxation (Figure 9). This is related to the multilayered nature of the cable: parts of it underwent
permanent strain, and there may have also been slippage at the interface between the layers. The
steel layer of the two cable types samples has in fact an elasto-plastic behavior and a higher Young’s
modulus compared to the polyamide layer, whose behavior is visco-elastic. For this reason, steel

49



Sensors 2020, 20, 696

led the mechanical behavior of the whole cable, limiting the relaxation effect of the PA, especially
when it reached its plastic zone (imposed strain >2000 με). Moreover, looking at raw measurements
(Figure 10), we do not observe any relaxation caused by the imposed strain; otherwise, a significant
and negative slope while increasing strain should have been observed. Furthermore, as each strain
level was maintained for about five minutes, a consistent noise would be visible.

(a) Brillouin (b) Rayleigh

Figure 9. Residual frequency shift of the samples after elongation (represented in the x axis) of the fiber
samples for the two tested types of conditions (standard fiber, custom radiation hard fiber).

Figure 10. Frequency shift traces during traction (higher frequency shift for higher traction), Sample a,
showing no relaxation of the sample.

This underlines the importance of characterizing the whole sensing cable and not only the fiber in
primary coating for the sensitivity.

This is similar whatever the fiber (custom radiation hard or standard), as the main actors in this
behavior are the protective layers of the fiber (polyamide, steel tube) and whether the samples were
irradiated or not. From about 2000 με, the samples were increasingly and permanently deformed,
reaching about 60 MHz for Brillouin and −170 GHz for Rayleigh scatterings, which correspond to
about 1400 με, a non-negligible value (if the strain range reaches 10,000 με, plasticity is an important
phenomenon to consider in the design phase). For the Cigéo reference scenario (the mechanical
monitoring of radioactive waste repository cells), as the foreseen maximum strain would be around
±3000 με, the error due to this permanent strain is practically none (around 100 με in compression).

Using the strain sensitivity coefficients previously calculated, it was possible to check whether
the sensors, interrogated with two different scatterings, measured the same strain values. Using the
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values in Table 2, it is possible to transform the frequency shift into strain following (1). The results are
plotted in Figure 11.

(a) Brillouin (b) Rayleigh

Figure 11. Residual strain of the samples after elongation (represented in the x axis) of all tested samples.

The two strain profiles, deriving from Brillouin and Rayleigh scatterings, are çery close to each
other. The results are in general in agreement with the conclusions drawn from Figure 7: FIMT type
samples (d, e, and f ) are the most plasticized, with a higher residual strain with respect to samples b
and c (the custom V9, not irradiated, and irradiated). However, sample a is the one that shows the
highest permanent strain between all, even if it is of the V9 type. This behavior, which has yet to be
explained, could be due to the different adhesion between the fiber and the internal surface of the
FIMT. In any case, as for the sensitivity, there is practically no difference between not irradiated and
irradiated samples (b and c, e and f ), considering as negligible the impact of the absorbed dose. This is
very important for an environment where radiation is present, as this means that the behavior of the
sensor is practically not impacted by it, then being suitable to work in such applications.

Even if Cigéo repository cells are not concerned with the plasticity of the cable during the
monitoring phase, it is very important to keep in mind that its conditions may change with an
unexpected rise in the strain. Nevertheless, this is a general useful reminder for all kinds of applications
where the strain is over 4000 με.

The difference between the residual strains obtained with Rayleigh and Brillouin scattering is
lower than the uncertainty on the Brillouin measurements (of the order of 20 με) up to 6000 με of
imposed strain and remains smaller than 10% in relative value for higher imposed strains. This is very
positive, as it shows that the results are the same despite the use of two interrogation methods based on
two different scatterings, underlining the interoperability of the two. Moreover, since the measurement
principles were different, it proves that the residual strain is related only to the modification of the
cable’s structure (i.e., not on the backscattering properties).

At this point, (i) strain results acquired from the tested cables, i.e., the strain sensitivities obtained
fitting the results in the imposed strain zones <2000 με and >2000 με, (ii) the independence of the cable’s
behavior from radiations influence, as well as (iii) the results regarding the residual strain showed
that the considered cable and its components could be operable for long term measurement. In fact,
if the history of the stresses suffered by the cable were known, it would be possible to discriminate
the residual strains of the cable from the elastic strains underwent at a given moment. In addition,
the work done on the calibration of the strain sensitivity coefficients allowed to choose the most
appropriate frequency-strain conversion coefficient for the actual state of the optical cable at the time
of measurement. Thus, it would still be possible to perform strain measurements on structures, even at
large strain levels, with however a slightly degraded accuracy related to the loss of linearity of the
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sensor. This opens up the perspective of using the instrumentation deployed, for example in Cigéo,
well beyond the conditions for which the system was originally designed.

7. Conclusions

This paper assessed the mechanical characteristics of an optical fiber strain sensing cable,
composed of layers of steel and polyamide external sheath. The considered samples, i.e., the cable at
its whole, the steel tube alone, and the optical fiber in primary coating, were tested in order to analyze
their strain sensitivity and the elasto-plastic behavior. These two topics were examined under two
aspects: (i) the influence of the different layers of the cable and (ii) the impact of radiation on the
mechanical behavior on the samples. In fact, the protective layers that composed the cable influenced
both the strain sensitivity and the elasto-plastic behavior. The strain sensitivity changed at most 12%
going from the one of the bare fiber (external primary coating only) to the complete cable (fiber, steel
tube, and PA external sheath), while the cable itself was more plasticized than the fiber due to the
presence of the steel tube, which was more ductile than glass. Radiation impact was not significant,
at least for the tested total dose of 500 kGy: at most, the change in strain sensitivity coefficient was
4% (between irradiated and not irradiated samples), which is a very promising result for monitoring
nuclear structure. The same was observed for the elasto-plastic behavior, which was practically
unchanged in accelerated aging conditions whether the sample absorbed a radiation dose or not. The
presence of other materials than the glass allowed the sensor to show a plastic behavior after 0.2% of
strain (2000 με), which is the elasto-plastic limit for steel. After reaching 10,000 με of imposed strain,
the cabled samples underwent from 1300 to 2000 με of residual strain even if the sample was relaxed
and not elongated, which is not negligible for some applications. For our case, as the maximum strain
to be reached is around ±3000 με, this paper confirmed the feasibility to use this kind of optical fiber
strain sensing cable. In the future, a similar analysis is to be done for the thermal sensitivity of strain
sensing cables, while a deeper investigation on the origins of the residual strain of the samples and on
other mechanical behaviors (as under curvature) might be planned.
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Abstract: This article investigates the possibility of applying weldable optic fiber sensors to the
corrugated rebar in reinforced concrete structures to detect cracks and measure the deformation
of the steel. Arrays have initially been designed comprised of two weldable optic fiber sensors,
and one temperature sensor to compensate its effect in measuring deformations. A series of tests were
performed on the structures to evaluate functioning of the sensors, and the results obtained from the
deformation measures shown by the sensors have been stored using specific software. Two reinforced
concrete beams simply resting on the support have been designed to perform the tests, and they
have been monitored in the zones with maximum flexion moment. Different loading steps have been
applied to the beams at the center of the span, using a loading cylinder, and the measurement of the
load applied has been determined using a loading cell. The analysis of the deformation measurements
of the corrugated rebar obtained by the optic fiber sensors has allowed us to determine the moment
at which the concrete has cracked due to the effect of the loads applied and the deformation it has
suffered by the effect of the different loading steps applied to the beams. This means that this method
of measuring deformations in the corrugated rebar by weldable optic fiber sensors provides very
precise results. Future lines of research will concentrate on determining an expression that indicates
the real cracking moment of the concrete.

Keywords: Fiber Bragg grating; fiber optic sensors embedded in concrete; strain measurement;
monitoring; cracking; weldable fiber optic sensors

1. Introduction

It is fundamental to know the steel deformation in order to correctly calculate concrete structures.
Although it deforms slightly before the concrete has not yet cracked, as shall be seen below, it acquires
its greatest deformation when the concrete cracks, as it is not able to absorb traction. This article
examines the appearance of the first cracks in reinforced concrete, embedding optic fiber sensors
welded to the corrugated rebar steel, and it evaluates their deformation, comparing them with the
values obtained from traditional material resistance calculation.

Although there is a lot of literature regarding crack detection in structural elements of reinforced
concrete, the novelty of this article lies in the use of optic fiber sensors based on Bragg gratings (FBGs)
welded to the corrugated steel rebars, which allows, on the one hand, determination of the precise
moment when the crack appears, as the deformation of the steel shows a highly significant leap at
the moment when it takes place, due to the concrete ceasing to collaborate in traction and the steel
beginning to do so and, on the other hand, the deformation the steel suffers during the successive
loading steps.
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Diverse procedures have been used since methods have existed to detect cracks in reinforced
concrete elements: infrared thermography [1–3], acoustic emission [4,5], fiber Bragg grating (FBG) [6–12],
and digital image correlation [13,14]. One must emphasize the study of propagation and determination
of the width of cracks in concrete, applying novel microwave sensors for crack detection in four
reinforced concrete beam specimens [15]. By use of diffusing ultrasonic sensors, it has been possible to
locate micro-cracks within the beam [16]. The stress wave technique with embedded smart aggregates
in three samples of FRP reinforced concrete beams have provided satisfactory results in crack detection
in the samples [17]. The use of plastic optical fibers to detect hairline cracks and ultimate failure
crack in civil engineering structures has also obtained good results, even detecting the moment at
which the structural element begins to crack and its evolution until the ultimate failure [18]. Carbon
nanotube sensors embedded into concrete beams have also been used and were able to detect the
initiation of cracks at an early stage of loads [19]. A novel sensing skin for monitoring cracks in
concrete structures is capable of detecting, localizing and quantifying cracks in post-tensioned concrete
specimens [20]. On the other hand, there are methods to determine cracks by images, such as the
deep fully convolutional network (FCN). Images extracted from a video of a cyclic loading test on
a concrete specimen is a reasonably method for crack detection [21], or use of a fully convolutional
neural network [22]. A crack monitoring technique based on oblique fiber optic sensing network can
accurately measure concrete cracks with a precision of 0.05 mm [23].

Fiber optic sensors based on Bragg gratings (FBGs) have been chosen for this study as they are
more durable than conventional electric gages. They also provide long term signal stability and system
stability, even under very unfavorable conditions, such as the vibration caused by roads. The cable
length has no impact on the precision of the measurement. Multiplexing use allows different sensors
to be placed on the same fiber optic cable, a much lighter cable than the conventional one of electric
extensometric gages. The optic sensors are immune to electromagnetic and radiofrequency (EMI/RFI)
interference, and resist hostile environments in the presence of water, salt, extreme temperatures,
pressure (up to 400 bar), potentially explosive atmospheres and high voltage zones. Definitively, fiber
optic sensors based on Bragg grating offer greater economic advantages, performance and precision
than traditional electric gages [24].

FBG have been used both to detect cracks on the surface as well as by embedding them in the
concrete. They have also been used to measure temperature and strain [25], biaxial-bending structural
deformations [26], stress on the post-tensioned rod, detect moisture ingress in concrete based building
structures [27].

In this study, we investigate the use of optic fiber sensors welded to the corrugated rebar to detect
the moment at which the first crack takes place and the deformation the steel suffers from that moment
onward during the whole process of loading the structural element. Section 2 analyses the materials
used to perform the tests, the shape and dimensions of the beams studied. A tour is made through the
characteristics of the equipment used and the software used. In Section 3, the test results are displayed
and evaluated to determine the cracks and deformation of the steel in the two reinforced concrete
beams, and conclusions are discussed in Section 4.

2. Materials and Methods

There are different devices on the market to measure deformations. The sensors chosen, within the
group of Bragg grating (FBG) sensors, are weldable sensors, as these are to be integrated with the
structural steel of the reinforced concrete structural elements to be tested.

The fiber optic sensors are highly temperature sensitive, so in order to compensate these effects,
a temperature sensor will be included within the array. An array is a chain of sensors linked by a fiber
optic cable; custom made for the structural element that is to be tested. The array to be installed on
our beams shall contain two weldable deformation sensors and a temperature sensor. Each one of the
deformation sensors shall be welded to the two bars that reinforce the beam under flexion and are to
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be stressed. As the temperature sensor only measures this, it will not be welded to the steel bars and
will be located near to the deformation sensors.

Two beams of reinforced concrete are to be tested, with sections of 200 × 300 mm and 300 × 500 mm,
and a length of 3000 mm. These sections have been chosen so they are sensitive to the loads to be applied.

2.1. Fiber Optic Sensors

The fiber optic deformation sensors used are weldable (Figure 1). These are welded to the
corrugated steel bars that constitute the reinforcement of the beam. Their position is that of the
maximum effort that it will receive according to the different loading steps applied. Measurement of
the deformation is reliably obtained in micrometers per meter.

Figure 1. Weldable deformation sensor.

The sensor chain was custom manufactured for each beam. Each chain has a temperature sensor
(Figure 2) to compensate the temperature effect on the deformation sensors. The sensor chains have
two terminals to which the interrogator may be connected. That redundancy effect is important as if a
part of the chain were to be damaged, the terminal could always be measured in the undamaged area
of the array.

Figure 2. Temperature sensor.

2.2. Reinforced Concrete Beams

The first structural element we are going to test is a reinforced concrete beam with a section
of 200 × 300 mm. Its reinforcement is of four rebars with a diameter of 12 mm, with stirrups with a
diameter of 8 mm every 200 mm. The steel quality is B500S. The beam length between resting points is
3000 mm. The reinforcement scheme and placement of the fiber optic sensors is illustrated in Figures 3
and 4.

Figure 3. Reinforcement scheme of the 200 × 300 mm beam and application point of the loading steps.
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Figure 4. Beam section 200 × 300 mm.

The choice of this beam with this section and reinforcement is due to the loads that are to be applied
to it, so it is deformed significantly, and one may measure the deformations the steel suffers, as well as
observe the cracks in the structural element, something that will be decisive in the section study.

The sensors are placed in the center of the beam, which is where the different loading steps are to
be applied and where, as it is a beam that is simply resting on the support, there will be the maximum
deformations in the structural element.

The temperature sensor has been placed attached to one of the corrugated steel bars, near the
center zone, so it may compensate the effects the temperature has on the deformation sensors.

The second structural element we are going to test is a reinforced concrete beam with a section
of 300 × 500 mm. It is reinforced by two rebars with a diameter of 25 mm on the lower face and
2 rebars with a diameter of 12 mm on the upper face. The frames are rebar with a diameter of 8 mm,
every 20 mm. As with the 200× 300 mm beam, the length between support points is 3000 mm. Figures 5
and 6 show schemes of the structural elements.

Figure 5. Reinforcement scheme of the 300 × 500 mm beam and application point of the loading steps.

58



Sensors 2020, 20, 937

Figure 6. Beam section 300 × 500 mm.

In this case, the sensors have only been placed on the lower bars, with a diameter of 25 mm,
as the maximum deformation will take place on these and in the center of the span. As with the
200 × 300 mm beam, the temperature sensor has been placed near to the deformation sensors.

2.3. Design of the Experiment

In order to perform the experiment, the beams will be placed under different loading steps.
The successive loads will be applied by a hydraulic press that will press on an RTN type loading cell
of 10 Tn, with a ring torsion for the 200 × 300 mm beam. The device specifications are as follows:
Nominal load: 10 t; Precision class: 0.05; Body measured: stainless steel; Protection class: IP68 to EN
60529; Cable type: shielded round cable, four wires in the case of the 200 × 300 mm beam, and for the
300 × 500 mm beam under RTN 100 Tn maximum ring torsion loading, Nominal load: 100 t; Precision
class: 0.05; Body measured: stainless steel; Protection class: IP68 to EN 60529; Cable type: round
shielded cable, four wires

Both loading cells are HBM brand (Hottinger Brüel & Kjaer Ibérica, S.L.U. San Sebastián de los
Reyes, Madrid, Spain) with European Union Declaration of Conformity No. 238/2017-07 connected to
an HBM QuantumX MX1615 data acquisition system with 16 channels, compatible with the following
transducer technologies in all the channels:

- Extensometric gages on a circuit of 1⁄4, 1⁄2 with full bridge, variable bridge power (DC or bearing
frequency of 1200 Hz), internal terminal resistance on 1/4 bridge (120 or 350 ohm); - Voltage
(± 10 V);

- Pt100, resistance
- Potentiometer
- Sampling speed: max. 20 kS/s
- Automatic transducer identification: TEDS
- European Union Declaration of Conformity No. 263/2017-07.

In the process of successively loading the beam, the sag acquired by the structural elements will be
measured by a linear potentiometer displacement transducer of 20 mm, 0.1% precision, compatible with
MX1615B amplifier. The displacement transducer will also be connected to the QuantumX MX1615
data acquisition system.
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The QuantumX MX1615 data acquisition system is connected to a computer in which software
is installed to collect all the information, both from the loading cells as well as the displacement
transducer. The software is Catman Easy, by the commercial brand HBM.

Figure 7 shows the loading cell device and displacement transducer installed to perform the test,
as well as the loading bridge with the beam located in the position to commence testing.

 
(a) 200 × 300 beam (b) Loading cell and displacement transducer 

Figure 7. Loading cell and displacement transducer on the 200 × 300 mm beam.

Data acquisition from the elements to measure applied force and deformation have been
connected to the aforementioned QuantumX data acquisition system. Both the deformation as
well as temperature sensors are connected to another device called interrogator. An optic interrogator
is an optoelectrical instrument able to read fiber sensors with Bragg grating (FBG) in static and dynamic
monitoring applications.

The same interrogator may obtain readings from an ample network of sensors of various types
(deformation, temperature, displacement, acceleration, slope, etc.) connected through different fiber
lines. All the data may be acquired simultaneously and with different sampling frequencies.

During the data acquisition, the interrogator measures the bandwidth associated with the light
reflected by the optic sensors and converts it to technical units.

The interrogator model we are going to use is the FS22 (HBM), a device designed to interrogate
Bragg grating based sensors. Its technology is continuous laser scan. This includes a reference to
scannable bandwidth that provides continuous calibration and guarantees the long-term precision
of the system. These interrogators are executed in an operating system in real time to acquire high
quality data from a large number of sensors provided by the combination of broadband tuning range
and simultaneous and parallel acquisition.

The interrogator is connected to the computer, which uses specific Catman Easy software,
providing us the data on the deformations suffered by the beams in real time. The data acquisition
system installed is shown in Figure 8.

60



Sensors 2020, 20, 937

 

Figure 8. Data acquisition system installed. QuantumX, Interrogator and computer with Catman
Easy software.

3. Experimental Results and Discussion

The deformations we are going to measure are those of the steel, as that is the material the optic
fiber is measuring. The cracking moment is a fundamental datum, as we know the moment at which
the concrete ceases to absorb traction, in order for the steel to begin to work.

We must take into account, quoting Calavera [28] that “Between the crack lips, the steel takes on the
full traction strain on its own, but between the cracks, there is the anchorage of the reinforcement in the concrete
and part of the traction force on the steel is transferred to it. If the traction on the concrete equals its resistance to
traction, a new crack is formed”.

This means that there is, between cracks, part of the concrete that absorbs deformations. At the
exact point where there is a crack, the concrete does not collaborate and the whole deformation is
absorbed by the steel. That fact is fundamental to understand how the structural element works
(Figure 9).

Figure 9. Variation in the tensions in concrete (σct) and steel (σs) between cracks. In CALAVERA, J.
(2008), Proyecto y cálculo de estructuras de hormigón. Tomo II, p. 372. (Designing and calculating
concrete Structures, Volume II, p. 372). Give as [28].

In the process of loading the structural elements, a visual inspection of the cracks that appear is
carried out, to subsequently compare them with the theoretical calculations (Figure 10).
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(a) Cracks detail (b) General view of the cracked beam 

Figure 10. Visual inspection of cracks in 200 × 300 mm and 300 × 500 mm beams.

Laboratory test were carried out on the two beams studied, obtaining the following figures: For the
200 × 300 mm beam, the laboratory data is: Resistance to flexion-traction of concrete (fct): 5.4 MPa;
Resistance to compression of the concrete (fck): 54.6 MPa; Concrete elasticity module (E): 33.400 MPa;
and for the 300 × 500 mm beam: Resistance to flexion-traction of the concrete (fct): 8.9 MPa; Resistance
to compression of the concrete (fck): 58.8 MPa; Elasticity module of the concrete (E): 33.053 MPa.

We used the values obtained in the laboratory for resistance of flexion-traction of the concrete (fct)
to calculate the cracking moment. The cracking moments are calculated by applying the Equation (1),
obtaining the following results:

Mfis = fct * (b * h2)/6 (1)

For the 200 × 300 mm beam this gave Mfis = 16.2 mkN, and for the 300 × 500 mm beam:
Mfis = 111.25 mkN. Once these values were known, the beams underwent different loading steps,
applied in the center of the span, linking the loads applied to the deformations caused in the corrugated
steel according to the tables included in the relevant sections. Visual inspections were performed to
control the moment when the first cracks appear in these.

If we analyze the cracks in the section, and when they take place, we observe that these have
taken place much before the cracking moment obtained by calculation. For the 200 × 300 mm beam,
it is observed that the cracks nearest to the center of the span take place with a load of 10.4 kN,
and a moment of 7.80 mkN, which is much further from the theoretical value obtained. The value of
10.4 kN has been obtained by visual inspection (Figure 11), but as we shall see, the real load for the
beam to begin to crack is 8.5 kN.

 

Figure 11. Visual inspection of cracks on the 200 × 300 mm beam.
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In the case of the beam of 300 × 500 mm, although the cracking moment obtained by calculation is
111.25 mkN, the real cracking moment is 40.5 mkN, that corresponds to a load of 58 kN, as we may see
below (Figure 12).

 

Figure 12. Visual inspection of cracks on the 300 × 500 mm beam.

3.1. 200 × 300 mm Beam

The section studied is shown in Figure 13. The corrugated steel bars correspond to those located
in the lower part of the beam, which will be subject to traction.

Figure 13. Position of the rebars studied in the 200 × 300 mm beam.

3.1.1. Determining the Moment When the Crack Takes Place

The loads began to be applied in the center of the beam span, within an interval ranging from
0.56 kN to 42.24 kN. Using Catman software, we obtained the deformation that takes place in corrugated
steel bars according to the loads applied in Table 1.

63



Sensors 2020, 20, 937

Table 1. Relation between loads applied and deformation of the rebars 3 and 4.

Load (kN) Moment (mkN) Rebar Deformation 3 (μm/m) Rebar Deformation 4 (μm/m)

0.56 0.42 −0.18 −0.17
2.49 1.87 2.71 3.02
3.85 2.89 2.54 3.28
5.08 3.81 7.79 7.61
6.88 5.16 13.4 12.70
8.07 6.05 20.05 21.61
9.05 6.79 39.05 38.03

13.59 10.19 106.46 134.48
14.15 10.61 119.68 149.43
15.34 11.51 147.52 179.24
17.69 13.27 156.19 189.27
19.09 14.32 177.99 213.38
20.01 15.01 198.74 234.04
22.71 17.03 277.62 301.36
25.42 19.06 453.07 447.94
26.64 19.98 526.35 513.97
29.11 21.83 740.68 725.88
30.45 22.84 800.39 802.02
33.80 25.35 988.09 1027.15
35.57 26.67 1060.50 1130.08
37.75 28.31 1121.17 1205.10

As shown in Figure 14, the steel deformation is about five or six μm/m for increases in load
between one and two kN, while it is 20 μm/m when the load is from 8.07 to 9.05 kN.

 

Figure 14. Deformation of rebars according to the loads applied.

These results imply the need to reconsider the moment of the concrete cracking and the steel
deformation, as the moment of real cracking is less than that obtained by calculation as well as by
visual inspection. It is evident that micro-cracks that are invisible to the human eye are formed, but that
the optic fiber is able to detect. One may thus determine that a load of 8.5 kN is what makes the
concrete crack.

3.1.2. Steel Deformation with Laboratory Data on the Concrete Compared with Steel Deformation
Obtained by Optic Fiber Sensors

A comparison shall be made between the theoretical deformation obtained by calculation and
the real deformation process indicated by the sensors. To that end, a concrete with the characteristics
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obtained in the laboratory has been created, with a resistance to traction of 5.4 MPa, which provides a
cracking moment of 16.2 mkN. Although all the moments acting have been checked in FAGUS, Table 2
shows the deformation of the steel for the moment of 31.68 mkN.

Table 2. Deformation of the rebars 3 and 4 for a moment of 31.68 mkN by FAGUS.

Formula/Result Name Max. Min Value

ε Rebar 3 Rebar 3 0.3414 0.3414 ‰

ε Rebar 3 Value in crack Rebar 3 0.4878 0.4878 ‰

ε Rebar 4 Rebar 4 0.3414 0.3414 ‰

ε Rebar 4 Value in crack Rebar 4 0.4878 0.4878 ‰

The rest of the deformation values are shown in Table 3 and Figure 15.

Table 3. Theoretical deformation of the rebars 3 and 4 for Mfis = 16.2 mkN and fct = 5.4 MPa with FAGUS.

Load
(kN)

Moment
(mkN)

Theoretical
Deformation (μm/m)

Deformation Rebar 3
(μm/m)

Deformation Rebar 4
(μm/m)

0.56 0.42 2.60 −0.18 −0.17
2.49 1.87 12.50 2.71 3.02
3.85 2.89 19.10 2.54 3.28
5.08 3.81 25.00 7.79 7.61
6.88 5.16 34.20 13.4 12.70
8.07 6.05 39.40 20.05 21.61
9.05 6.79 44.70 39.05 38.03
13.59 10.19 66.90 106.46 134.48
14.15 10.61 69.50 119.68 149.43
15.34 11.51 75.40 147.52 179.24
17.69 13.27 87.20 156.19 189.27
19.09 14.32 93.70 177.99 213.38
20.01 15.01 98.30 198.74 234.04
22.71 17.03 158.80 277.62 301.36
25.42 19.06 179.80 453.07 447.94
26.64 19.98 190.40 526.35 513.97
29.11 21.83 215.10 740.68 725.88
30.45 22.84 231.10 800.39 802.02
33.80 25.35 282.10 988.09 1027.15
35.57 26.67 313.60 1060.50 1130.08
37.75 28.31 359.10 1121.17 1205.10
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Figure 15. Theoretical deformation of the rebars compared with real deformation obtained with the
optic fiber sensors.

It is evident that the deformation of the steel is in fact greater than what is stated in the theoretical
calculations. This is caused by cracking of the beam that, as aforementioned, happened before it
was expected.

3.1.3. Deformation of the Steel with the Real Cracking Moment of the Concrete Compared with the
Deformation Obtained Using Optic Fiber Sensors

We shall now see how the steel in the beam is deformed at theoretical level with the real data
for traction resistance of the concrete and the real cracking moment. We have already noted that the
beam cracks under a load of 8.5 kN, which corresponds to a cracking moment of 6.38 mkN. With that
moment, and applying Equation (1) given above.

We obtain the real resistance to traction of the concrete, that shall be 2.13 MPa. With that data,
we input the value in the characteristics of our concrete in the FAGUS program. The program provides
a value of the steel deformation in the crack, and another in the uncracked concrete. The section
studied is between two cracks, so that figure must be averaged. Table 4 provides the values with and
without cracking, for a moment of 28.31 mkN. The rest of the values have been obtained the same way.

Table 4. Deformation of rebars 3 and 4 for a moment of 28.31 mkN by FAGUS.

Formula/Result Name Max. Min Value

ε Rebar 3 Rebar 3 1.3895 1.3895 ‰

ε Rebar 3 Value in crack Rebar 3 1.9850 1.9850 ‰

ε Rebar 4 Rebar 4 1.3895 1.3895 ‰

ε Rebar 4 Value in crack Rebar 4 1.9850 1.9850 ‰

In Figure 16 one observes, on the one hand, the position of the optic fiber, the distance between
cracks, which is 300 mm, and the position related to the crack on the left side of the optic fiber, which is
180 mm. That means that the concrete between fissures contributes to traction of the beam, and to the
steel becoming deformed, but not if it is in the crack.
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Figure 16. Determining deformation of the steel between cracks on 200 × 300 mm beam.

Table 5 includes the steel deformation without cracking and the steel deformation with cracking.
The deformation adopted shall be an interpolation between both figures.

Table 5. Deformation of the rebars 3 and 4 for Mfis = 8.5 mkN and fct = 2.13 MPa with FAGUS.

Load
(kN)

Moment
(mkN)

Deformation
without Crack

(μm/m)

Cracking
Deformation

(μm/m)

Interpolation
Value

(μm/m)

Deformation
Rebar 3
(μm/m)

Deformation
Rebar 4
(μm/m)

0.56 0.42 2.60 2.60 −0.18 −0.17
2.49 1.87 12.50 12.50 2.71 3.02
3.85 2.89 19.10 19.10 2.54 3.28
5.08 3.81 25.00 25.00 7.79 7.61
6.88 5.16 34.20 34.20 13.4 12.70
8.07 6.05 39.40 39.40 20.05 21.61
9.05 6.79 44.70 63.70 46.60 39.05 38.03
13.59 10.19 79.50 113.60 82.91 106.46 134.48
14.15 10.61 85.90 122.80 89.59 119.68 149.43
15.34 11.51 102.80 146.90 107.21 147.52 179.24
17.69 13.27 147.80 211.10 154.13 156.19 189.27
19.09 14.32 179.70 256.80 187.41 177.99 213.38
20.01 15.01 205.20 293.10 213.99 198.74 234.04
22.71 17.03 291.70 416.70 304.20 277.62 301.36
25.42 19.06 404.30 577.50 421.62 453.07 447.94
26.64 19.98 459.50 656.40 479.19 526.35 513.97
29.11 21.83 583.80 834.00 608.82 740.68 725.88
30.45 22.84 662.10 945.80 690.47 800.39 802.02
33.80 25.35 910.10 1300.10 949.10 988.09 1027.15
35.57 26.67 1075.10 1535.80 1121.17 1060.50 1130.08
37.75 28.31 1389.50 1985.00 1449.05 1121.17 1205.10

Considering these results, Figure 17 shows that the theoretical deformation of the steel is in
keeping with that obtained by the optic fiber sensors. The contribution by the concrete between cracks
plays an important role in determining the steel deformation.
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Figure 17. Theoretical deformation of the rebars with its real resistance to traction of 2.13 MPa compared
with the real deformation obtained with the optic fiber sensors.

We observe that the theoretical deformation value interpolated grows over a soft curve. This is
due to the sensor being approximately in the center between cracks, which makes the concrete between
cracks contribute to less deformation of the steel than if the sensor were to be very near to a crack or in
the actual crack. That is precisely what happens in the following beam studied, where we observe that
the interpolation curve suffers a major leap at the moment of the cracks taking place.

In order to be able to determine the precise moment when the crack takes place and how this
grows by application of the successive loads, we shall transform Figure 17 into a graphic, Figure 18
that shows, in an equivalent manner to Figure 17, the deformation slope curves according to the loads.
The greater the slope, the greater the deformation.

 

Figure 18. Slope curves of the theoretical deformation of the corrugated steel (interpolated values) and
of rebars 3 and 4.

In Figure 18 we observe how the first significant leap in loading takes place, which is in the
interval [8.07;9.05], that is, that the first crack begins to form at a load of 8.07 kN, and it cracks until
reaching 9.05 kN. The slope values of these curves are shown in Table 6.
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Table 6. Slope values of the theoretical deformation curves and of rebars 3 and 4.

Load
(kN)

Interpolation
Value (μm/m)

Deformation
Rebar 3 (μm/m)

Deformation
Rebar 4 (μm/m)

Slope Interpolation
Value

Slope
Rebar 3

Slope
Rebar 4

0.56 2.60 −0.18 −0.17 0.00 0.00 0.00
2.49 12.50 2.71 3.02 5.13 1.50 1.66
3.85 19.10 2.54 3.28 4.85 -0.13 0.19
5.08 25.00 7.79 7.61 4.80 4.27 3.52
6.88 34.20 13.4 12.70 5.11 3.12 2.83
8.07 39.40 20.05 21.61 4.37 5.59 7.49
9.05 46.60 39.05 38.03 7.35 19.39 16.76
13.59 82.91 106.46 134.48 8.00 14.85 21.24
14.15 89.59 119.68 149.43 11.95 23.64 26.74
15.34 107.21 147.52 179.24 14.77 23.34 25.00
17.69 154.13 156.19 189.27 19.99 3.69 4.27
19.09 187.41 177.99 213.38 23.77 15.57 17.22
20.01 213.99 198.74 234.04 28.85 22.52 22.42
22.71 304.20 277.62 301.36 33.43 29.23 24.95
25.42 421.62 453.07 447.94 43.40 64.85 54.18
26.64 479.19 526.35 513.97 47.01 59.84 53.92
29.11 608.82 740.68 725.88 52.48 86.77 85.79
30.45 690.47 800.39 802.02 60.75 44.43 56.65
33.80 949.10 988.09 1027.15 77.29 56.10 67.28
35.57 1121.17 1060.50 1130.08 97.43 41.00 58.28
37.75 1449.05 1121.17 1205.10 150.14 27.78 34.35

It is evident that concrete is a material regarding which we cannot do more than approach its
behavior by experience, although with embedded sensors we are able to know the moment at which
the material cracks, and with that result, know its behavior much better. Figure 19 shows the interval
in which the crack arises in greater detail.

 

Figure 19. Detail of the first crack forming in the 200 × 300 mm beam.

One may see that, while the beam has not cracked, the steel is gradually deformed, on the contrary
to what traditional structure calculation theory says as, in this, the traction is absorbed by the concrete,
a fact that is proven not to be the case in these graphs. Once the cracks start, when we go from 8.07 to
9.05 kN applied load, the deformation of the steel is much more significant, as the concrete contributes
to a lesser extent to absorb the traction. The greater or lesser contribution by the concrete depends on
the position of the sensor between the cracks.
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3.2. 300 × 500 mm Beam

The section of the beam that will be analyzed below is shown in Figure 20. The corrugated steel
bars studied correspond to the lower part of the beam and are those that will be placed under traction.

 

Figure 20. Position of bars studied in 300 × 500 mm beam.

3.2.1. Determination of the Moment the Crack Takes Place

Loading begins in the center of the beam span, at an interval ranging from 5.20 kN to 275 kN.
After applying these loads, and using Catman software, we obtain the deformation that takes place in
the corrugated steel bars according to the loads applied (Table 7).

Table 7. Relation between loads applied and deformation of the rebars 1 and 2.

Load (kN) Moment (mkN) Deformation Rebar 2 (μm/m) Deformation Rebar 1 (μm/m)

5.20 3.90 12.45 9.84
10.41 7.81 14.14 9.94
15.24 11.43 17.10 12.40
20.26 15.20 24.48 17.21
25.11 18.83 28.39 20.20
30.02 22.52 33.77 24.26
35.01 26.26 37.04 26.19
40.32 30.24 45.91 33.03
43.42 32.57 45.27 32.71
54.00 40.50 70.28 50.66
60.54 45.41 252.00 138.00
70.00 52.50 269.20 150.90
80.37 60.28 454.20 306.10
90.00 67.50 612.70 490.10

101.20 75.90 749.70 630.70
110.30 82.73 814.30 700.40
120.80 90.60 900.30 786.80
131.30 98.48 1042.00 925.70
142.10 106.58 1167.00 1055.00
150.00 112.50 1166.00 1056.00
170.50 127.88 1338.00 1233.00
182.10 136.58 1514.00 1401.00
201.20 150.90 1688.00 1559.00
210.00 157.50 1927.00 1783.00
252.20 189.15 2212.00 2066.00
275.20 206.40 2397.00 2255.00

Once more, the beam has cracked before reaching the calculated cracking moment. The cracking
process of the beam was observed, as with the 200 × 300 mm beam, obtaining perceptible cracking
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on visual inspection with a load of 58 kN. Figure 21 shows the visual control of cracking of the beam
throughout the whole process.

 

Figure 21. Visual control of cracking in the 300 × 500 mm beam.

In Figure 22, we may observe the moment at which the beam cracks, as the steel deformation grows
in an obvious manner. The loading at which the cracking takes place, according to the deformation
measure obtained by the optic fiber is 54 kN, compared with the 58 observed in the visual inspection.
Thus, it would be those 54 kN that would be taken as the loading value to calculate the cracking moment.

 

Figure 22. Deformation of the rebars 1 and 2 according to the loads applied.

3.2.2. Steel Deformation Using the Concrete Laboratory Data Compared with Steel Deformation
Obtained From the Optic Fiber Sensors

The steel deformation shall first be analyzed using the data obtained in the laboratory, compared
with that provided by the optic fiber. To do so, a concrete has been created with the characteristics
described above, with fct = 8.9 MPa, and Mfis = 111.25 mkN.

The steel deformation is obtained using the program FAGUS. We shall show the result provided
by FAGUS for a moment of 127.88 mkN, the rest of the results having been obtained in the same way
(Table 8).
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Table 8. Deformation of the rebars 1 and 2 for a moment of 127.88 mkN by FAGUS.

Formula/Result Name Max. Min Value

ε Rebar 1 Rebar 1 0.2058 0.2058 ‰

ε Rebar 1 Value in crack Rebar 1 0.2940 0.2940 ‰

ε Rebar 2 Rebar 2 0.2058 0.2058 ‰

ε Rebar 2 Value in crack Rebar 2 0.2940 0.2940 ‰

The same method shall be applied as for the 200× 300 mm beam, considering the steel deformation
for resistance to traction of the concrete obtained by the laboratory tests, and subsequently that obtained
with the optic fiber (Table 9 and Figure 23).

Table 9. Theoretical deformation of the rebars 1 and 2 for Mfis = 111.25 mkN and fct = 8.90 MPa
with FAGUS.

Load (kN)
Moment
(mkN)

Theoretical Deformation
(μm/m)

Deformation Rebar 2
(μm/m)

Deformation Rebar 1
(μm/m)

5.20 3.90 6.30 12.45 9.84
10.41 7.81 12.70 14.14 9.94
15.24 11.43 18.50 17.10 12.40
20.26 15.20 24.70 24.48 17.21
25.11 18.83 30.50 28.39 20.20
30.02 22.52 36.50 33.77 24.26
35.01 26.26 42.70 37.04 26.19
40.32 30.24 49.00 45.91 33.03
43.42 32.57 52.90 45.27 32.71
54.00 40.50 65.70 70.28 50.66
60.54 45.41 73.60 252.00 138.00
70.00 52.50 85.10 269.20 150.90
80.37 60.28 97.70 454.20 306.10
90.00 67.50 109.30 612.70 490.10
101.20 75.90 122.90 749.70 630.70
110.30 82.73 133.90 814.30 700.40
120.80 90.60 146.60 900.30 786.80
131.30 98.48 159.40 1042.00 925.70
142.10 106.58 172.30 1167.00 1055.00
150.00 112.50 259.30 1166.00 1056.00
170.50 127.88 294.00 1338.00 1233.00
182.10 136.58 315.90 1514.00 1401.00
201.20 150.90 358.30 1688.00 1559.00
210.00 157.50 380.90 1927.00 1783.00
252.20 189.15 523.10 2212.00 2066.00
275.20 206.40 630.20 2397.00 2255.00
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Figure 23. Theoretical deformation of the rebars compared with the real deformation obtained using
the optic fiber sensors.

3.2.3. Deformation of the Steel at the Real Cracking Moment of the Concrete Compared with
Deformation of the Steel Obtained Using Optic Fiber Sensors

For a load of 54 kN, the moment corresponds to 40.5 mkN, and applying Equation (1) we obtain a
resistance to traction of the concrete of 3.24 MPa, compared with the 8.9 MPa obtained in the laboratory.
In this case, the crack has opened at a point very near to the optic fiber, so the concrete can barely
contribute to avoid deformation of the steel (Figure 24).

Figure 24. Determining deformation of the steel between cracks on 300 × 500 mm beam.

We see what happens when the resistance to traction of the concrete with which we perform the
calculations using the FAGUS program corresponds to the 3.24 MPa. Table 10 shows the deformation
of the corrugated steel for a moment of 127.88 mkN.

73



Sensors 2020, 20, 937

Table 10. Deformation of the rebars 1 and 2 for a moment of 127.88 mkN by FAGUS.

Formula/Result Name Max. Min Value

ε Rebar 1 Rebar 1 1.0294 1.0294 ‰

ε Rebar 1 Value in crack Rebar 1 1.4706 1.4706 ‰

ε Rebar 2 Rebar 2 1.0294 1.0294 ‰

ε Rebar 2 Value in crack Rebar 2 1.4706 1.4706 ‰

Table 11 includes the deformation of the steel without cracking, and the deformation of the steel
with cracking. The deformation adopted shall be an interpolation of both values.

Table 11. Deformation of the rebars 1 and 2 for Mfis = 40.5 mkN and fct = 3.24 MPa with FAGUS.

Load
(kN)

Moment
(mkN)

Deformation
without Crack

(μm/m)

Cracking
Deformation

(μm/m)

Interpolation
Value

(μm/m)

Deformation
Rebar 2
(μm/m)

Deformation
Rebar 1
(μm/m)

5.20 3.90 6.30 6.30 12.45 9.84
10.41 7.81 12.70 12.70 14.14 9.94
15.24 11.43 18.50 18.50 17.10 12.40
20.26 15.20 24.70 24.70 24.48 17.21
25.11 18.83 30.50 30.50 28.39 20.20
30.02 22.52 36.50 36.50 33.77 24.26
35.01 26.26 42.70 42.70 37.04 26.19
40.32 30.24 49.00 49.00 45.91 33.03
43.42 32.57 52.90 52.90 45.27 32.71
54.00 40.50 64.00 91.50 88.75 70.28 50.66
60.54 45.41 71.80 102.50 99.43 252.00 138.00
70.00 52.50 389.70 556.70 540.00 269.20 150.90
80.37 60.28 460.70 658.10 638.36 454.20 306.10
90.00 67.50 523.90 748.40 725.95 612.70 490.10
101.20 75.90 596.10 851.50 825.96 749.70 630.70
110.30 82.73 653.70 933.90 905.88 814.30 700.40
120.80 90.60 720.10 1028.70 997.84 900.30 786.80
131.30 98.48 786.10 1123.00 1089.31 1042.00 925.70
142.10 106.58 853.40 1219.10 1182.53 1167.00 1055.00
150.00 112.50 902.20 1288.90 1250.23 1166.00 1056.00
170.50 127.88 1029.40 1470.60 1426.48 1338.00 1233.00
182.10 136.58 1101.00 1572.90 1525.71 1514.00 1401.00
201.20 150.90 1218.60 1740.80 1688.58 1688.00 1559.00
210.00 157.50 1272.80 1818.20 1763.66 1927.00 1783.00
252.20 189.15 1532.80 2189.70 2124.01 2212.00 2066.00
275.20 206.40 1870.40 2672.00 2591.84 2397.00 2255.00

Figure 25 is the graphic representation of figures in Table 11.
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Figure 25. Deformation of the rebars with its Resistance to real traction of 2.13 MPa compared with
real deformation obtained using optic fiber sensors.

We observe that by inputting the behavior real values of the concrete, the beam deformation curve
corresponds to the data provided by the optic fiber sensors. In this case, as the optic fiber is very near
to a crack, there is a sharp leap at the moment it takes place. As we shall see in the slope figures, these
are much steeper than in the previous case, in which the optic fiber was approximately in the center
between the cracks, which caused these slopes to be less steep. The slope values of these curves are
recorded in Table 12.

Table 12. Slope values of theoretical deformation curves and of rebars 1 and 2.

Load (kN)
Interpolation

Value
(μm/m)

Deformation
rebar 2
(μm/m)

Deformation
rebar 1
(μm/m)

Slope
Interpolation

Value

Slope Rebar
2

Slope Rebar
1

5.20 6.30 12.45 9.84 1.23 2.36 1.86
10.41 12.70 14.14 9.94 1.23 0.32 0.02
15.24 18.50 17.10 12.40 1.20 0.61 0.51
20.26 24.70 24.48 17.21 1.24 1.47 0.96
25.11 30.50 28.39 20.20 1.20 0.81 0.62
30.02 36.50 33.77 24.26 1.22 1.10 0.83
35.01 42.70 37.04 26.19 1.24 0.66 0.39
40.32 49.00 45.91 33.03 1.19 1.67 1.29
43.42 52.90 45.27 32.71 1.26 -0.21 -0.10
54.00 88.75 70.28 50.66 3.39 2.36 1.70
60.54 99.43 252.00 138.00 1.63 27.79 13.35
70.00 540.00 269.20 150.90 46.57 1.82 1.36
80.37 638.36 454.20 306.10 9.49 17.84 14.97
90.00 725.95 612.70 490.10 9.10 16.46 19.11
101.20 825.96 749.70 630.70 8.93 12.23 12.55
110.30 905.88 814.30 700.40 8.78 7.10 7.66
120.80 997.84 900.30 786.80 8.76 8.19 8.23
131.30 1089.31 1042.00 925.70 8.71 13.50 13.23
142.10 1182.53 1167.00 1055.00 8.63 11.57 11.97
150.00 1250.23 1166.00 1056.00 8.57 -0.13 0.13
170.50 1426.48 1338.00 1233.00 8.60 8.39 8.63
182.10 1525.71 1514.00 1401.00 8.55 15.17 14.48
201.20 1688.58 1688.00 1559.00 8.53 9.11 8.27
210.00 1763.66 1927.00 1783.00 8.53 27.16 25.45
252.20 2124.01 2212.00 2066.00 8.54 6.75 6.71
275.20 2591.84 2397.00 2255.00 20.34 8.04 8.22
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In Figure 26, we observe how there is a significant first leap at a load that is in the interval
[54.00;60.54], that is, that the first crack begins to form with a load of 54 kN, and it cracks until reaching
60.54 kN.

 

Figure 26. Slope theoretical deformation curves of the rebars (interpolated values) and of rebars 1
and 2.

Figure 27 shows the interval within which the crack takes place in greater detail

 

Figure 27. Detail of the first crack forming in the 300 × 500 mm beam.

The moment at which the crack in the beam takes place is evident, as the deformation of the steel
grows evidently. The load at which the crack takes place is 54 kN, compared with the 58 kN observed
during the visual inspection.
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As happened with the 200 × 300 mm beam, the theoretical deformation of the beam reinforcement
is far from appearing like its real behavior. In this case, the crack has opened up at a point very near to
the optic fiber, so the concrete shall not collaborate when its traction tension is reached.

In this case, we must observe what happens at the loading point of 54 kN, where the slope of the
curve is much steeper, something that did not happen in the graph of beam 200 × 300 mm. This is
due to the crack having opened very near to the location of the optic fiber, so that, in analysis of the
section, the concrete barely collaborates in traction of the beam, and practically all the traction is borne
by the steel.

It is noted that the optic fiber shows us the precise moment at which the beam cracks, that the
cracks open much earlier than what the laboratory tests say, and that taking the data provided by the
optic fiber, we may determine the behavior of the structural element in a much more precise way.

It is evident that when calculating a structural element, we do not know what will happen to it,
when the piece will really crack. Considering an expression that draws that value closer to reality shall
be a matter to be studied in future lines of investigation.

4. Conclusions

Two beams with a rectangular section in which fiber optic sensors were embedded have been
tested to analyze the real deformation of the steel when they are submitted to different loading stages.

Appearance of the first cracks has been observed in both cases. These appear much earlier than
the calculation predicts. The appearance of the first cracks is a fundamental matter to understand
the real behavior of the structures. Fiber optic sensors were used to observe how a sudden change in
deformation of the steel takes place. Moreover, with the advantage of the measurements being in real
time, a fact that provides greater value to evaluation of the structural health of the elements tested. It is
evident that this sudden change leads to it being deformed to greater extent as a consequence of the
concrete cracking.

Thus, considering the results obtained, we may know the precise moment at which the beam
cracks through embedded fiber optic sensors. On studying the deformations, it has been noted that
even when test pieces extracted at the moment of concrete pouring were tested, and they were tested
on the day when the tests were to be carried out, these values do not match the behavior of the concrete
under traction. In both cases, the beam cracked much before the laboratory tests indicated.

Thus, placement of sensors welded on corrugated steel bars within reinforced concrete structural
elements, at their maximum effort points, is a precise, reliable method to determine the moment at
which the first cracks take place, as it has been possible to prove according to the results obtained.

After ascertaining the real cracking moment of the concrete, we precisely obtained its resistance to
traction and, thus, the real deformation of the corrugated steel during application of the loads.

As stated in the introduction, the existing studies on concrete cracking use diverse methods to
detect cracks. As is known, concrete is a material that resists compression well, but that is not the case
with traction efforts. The reinforcement of the structural elements is placed, among other reasons, to
bear the traction the concrete is not able to bear. The method proposed herein provides, as a novelty,
detection of cracks that is observed thanks to the optic fiber sensors welded to the corrugated steel
bars, at the precise moment when the steel begins to deform significantly. This causes a leap in its
deformation, which is detected for the relevant load applied. Moreover, once the steel begins to
deform, it is possible to know the deformation it will suffer during the whole period of application of
the different loading steps to which the structural element is submitted. It has been proven that the
deformation of the steel measured with optic fiber sensors corresponds to the theoretical values of the
traditional materials resistance calculation, as long as the real cracking moment of the concrete is taken
as the starting point.

We may conclude, considering these graphs obtained from the experiment carried out, on the one
hand that laboratory tests to determine flexion-traction resistance of concrete provide very conservative
results, that have nothing to do with what really happens in the structural element. And on the other,
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that deformation of the steel, obtained with these tests, are quite far from its real behavior. This method
of evaluating the structural health of a simple element of reinforced concrete may be transferred to
more complex structural elements of buildings in construction to know the behavior of the structure
when the formwork removal takes place and their actual weight begins to bear down on the structures,
and subsequently the application of deadweight and overburdens in use, when the building is put
into operation.

A monitored building may provide us information on what overburdens it is able to bear, a highly
important factor when one wishes to change the use of a building and the overburdens it is to be subject
to are higher than those initially designed. In this case, and according to the data obtained, one might
even be able to avoid possible structural reinforcement, as we would know what the building may
really bear, with the financial savings that would involve.
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Abstract: Rotating stall limits the operating range and stability of the centrifugal compressor and has
a significant impact on the lifetime of the impeller blade. This paper investigates the relationship
between stall pressure wave and its induced non-synchronous blade vibration, which will be
meaningful for stall resonance avoidance at the early design phase. A rotating disc under a time-space
varying load condition is first modeled to understand the physics behind stall-induced vibration.
Then, experimental work is conducted to verify the model and reveal the mechanism of stall cells
evolution process within flow passage and how blade vibrates when suffering such aerodynamic load.
The casing mounted pressure sensors are used to capture the low-frequency pressure wave. Strain
gauges and tip timing sensors are utilized to monitor the blade vibration. Based on circumferentially
distributed pressure sensors and stall parameters identification method, a five stall cells mode is
found in this compressor test rig and successfully correlates with the blade non-synchronous vibration.
Furthermore, with the help of tip timing measurement, all blades vibration is also evaluated under
different operating mass flow rate. Analysis results verify that the proposed model can show the
blade forced vibration under stall flow condition. The overall approach presented in this paper is also
important for stall vibration and resonance free design with effective experimental verification.

Keywords: rotating stall; non-synchronous blade vibration; blade tip timing; centrifugal compressor

1. Introduction

Centrifugal compressors have the advantages of high single-stage pressure ratio, wide working
range, and compact structure. They are highly valued and broadly applied, such as turbochargers
in automotive engines, the processing of natural gas, aerospace, gas turbine engines and so on [1].
With the improvement of industrial requirements and aerodynamic design, the structural integrity of
rotating impeller meets great challenges. During the operation of the compressor, the blade vibrates due
to mechanical parts and unsteady aerodynamic loads. The unsteady aerodynamic load is inherently
and can cause large blade vibration and even high cycle fatigue (HCF) failure. The most common
flow-induced vibration is due to rotor-stator interaction. The variable inlet guide vanes (VIGVs)
and diffuser vanes (DVs) are two main typical excitation sources in centrifugal compressor stage.
However, the impeller resonance caused by these exciting sources can mostly be avoided by utilizing
Campbell diagram during the design phase [2]. Currently, the most challenging problems occur at
off-design conditions. Blade failures can also occur and are caused by rotating stall effects as Haupt
et al. experimentally found [3]. The rotating stall cells are also the possible blade excitation source.
It is a localized phenomenon and the compressor can still give acceptable aerodynamic performance.
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However, it will result in circumferential non-uniform and periodic pressure pulsation (stall mode)
in blade rows and form a transient rotating stall dominated exciting force applying on the entire
impeller. In some specific cases, the impeller modes may be excited and resonance occurs, which is
undesirable for blade structure. The unstable operating behavior of rotating stall and induced blade
forced response mechanism are not yet fully understood [4]. The impact of the rotating cells on blade
vibration amplitude and stress level is also unknown. It is still a key aspect in the academic and
industrial fields of turbomachinery.

A great number of numerical and experimental studies have been conducted to reveal the
mechanism of rotating stall [4]. However, compared to the axial compressor [5–8], researches
about rotating stall happened in centrifugal compressors start later [9,10]. Abdelhamid et al. [11,12]
investigated the effects of vaneless diffusers with different geometries on rotating stall. Frequency
components were analyzed in detail and they found that the stall frequency was dependent on the
diffuser radius ratio and the complex coupling between the impeller and the diffuser. In addition
to Abdelhamid’s work, many experimental tests investigating the influence of different geometrical
configurations were also conducted by Ferrara [13]. These results are plentiful and give a more
detailed benchmark for a large number of geometry configurations. Fujisawa et al. [14,15] combined
experimental and numerical methods to study the unsteady flow phenomenon of rotating stall in
diffuser passage. Numerical results showed a vortex generated at the diffuser leading-edge is the
main cause of the stall. Stall occurrence in centrifugal compressor with vaned and vaneless diffusers
has different features. In addition, both the impeller and the diffuser, even the return channel [16],
will have rotating stall and origin differs. All of these raise the uncertainty and randomness of the
rotating stall happened in the centrifugal compressor.

The literature mentioned above contributes to the causes and evolution of the rotating stall from
an aerodynamic perspective. Rotating stall induced non-synchronous vibration (NSV) and resonance
should be paid more attention. Currently, only a small part of the research work focuses on the stall
induced vibration mechanisms and quantitative assessment of real applied industrial compressors.
J. Chen [17] used dynamic pressure transducers and strain gauges to record the unsteady pressure
fields and blade vibration. Two different stall modes were reported in this work. Although the flow
mechanism of the rotating stall was explained, the blade vibration was still not analyzed in detail.
Seidel et al. [18,19] observed large amplitudes of vibration occurred in centrifugal compressor impeller.
Identified seven stall cells which induce dangerous blade vibration was also reported in recent work
by Jenny [20] using the IGV sweep method. Higher harmonics of rotating stall disturbance in Ref. [21]
was also found to be the cause of blade vibration. Vahdati et al. [22] conducted numerical simulation
to investigate the axial compressor stall process observed in the experiments. The predicted stall
cells number was quite close to the identified results. The numerical method they used provided
a promising approach to study the stall and blade vibration. Others are concerned about rotor vibration
caused by rotating stall, such as Reference [23], which gave a discussion centered on forced vibration
of rotors depending on the vibration characteristics. Moreover, Ferrari et al. [24,25] put great efforts to
experimentally quantify the force coming from rotating stall. Identified amplitude and frequency of
the external force acting on the impeller is further included in the rotodynamic model of the test rig to
get more accurate results.

Currently, the stall imposed aerodynamic forcing function is not theoretically built up. The general
resonance condition of impeller blade under rotating stall excitation is also not modeled and deduced,
which will be highly meaningful to understand the physics. In addition, the impact of the stall
cells on all blade vibration is not quantitatively accessed, which is the basis for aeroelastic design of
impeller blade. Related results are still far from providing a complete explanation of this phenomenon.
Mechanisms behind this complex fluid-structure coupling phenomenon should also be interpreted
more in detail. Based on the above aims, the remainder of the paper is organized as follows to achieve
this goal. In Section 2, the rotating stall forcing function traveling around the impeller is built up. Then,
the asynchronous traveling excitation of the impeller structure is modeled. The resonance condition
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is deduced using steady part of the blade forced response function. Based on the theoretical model,
Section 3 introduces the test rig and experimental method in order to acquire the substantial data
which is needed to verify the model and understand the rotating stall phenomenon. In Section 4,
experimental results are analyzed in detail. The identified rotating stall pattern is further parameterized
and correlated with the blade non-synchronous vibration. Finally, all blade vibration is monitored and
quantified with a large amount of tip timing data for structure assessment purpose. These vibration data
will also be useful for aeroelastic design of impeller blade under stall condition. At last, the conclusions
are given in Section 5.

2. Rotating Stall Identification and Resonance Condition for Impeller

2.1. Parameter Characterization of Rotating Stall

According to its real behavior recorded by the pressure sensor, the rotating stall can be assumed to
have a nearly uniform distribution after the stall cells stably formed in the flow passage. Figure 1 gives
a brief picture of typical rotating stall happened in a centrifugal compressor. Considering rotating
stall will also occur in the vaned diffuser, these stall cells are only drawn for illustration and used to
describe the stall region presented circumferentially. The rotating stall state can be uniquely defined
by the number of stall cells NBC, their rotation speed fcell and propagate direction relative to the
impeller. These parameters can be identified by proper interpretation of the pressure fields within the
compressor during rotating stall.

Cells propogate 

New passage stalling 

Recovering passage 

Unsteady pressure monitoring 

P1 
P2 

#1 

#2 

#3 

P2 

P1 

#1 #2 #3 
t 

Imp_Rot 
propogate 

#1 

 
 

cell1 f   

PC1 f   
shaftf   

cellf   

Figure 1. Dynamic characteristics of rotating stall in a centrifugal compressor impeller.

Since these stall cells are self-similar and cannot be directly identified by the FFT spectrum.
Several pressure transducers should be used to monitor circumferential pressure fluctuating and
combined time-frequency analysis method is needed. Assume that there are 2 monitoring points in
the circumferential direction, namely P1 and P2. For the stall cell #1, it will pass through P1 and P2
successively, causing the time-delay characteristics of the signals collected in the two sensors. The time
delay and cell propagation are also shown in the right picture of Figure 1. The frequency fPC detected
by the unsteady pressure sensor mounted on the casing corresponds to the product of the number of
stall cells NBC and the rotating frequency fcell of the individual stall cell in stationary coordinate

fPC = NBC · fcell (1)

2.2. Identification of Stall Induced Impeller Vibration and Resonance

Since the rotating stall is related to flow separation, the pressure loading is distorted
circumferentially and can be described as a rotating wave arising and decaying intermittently.
The induced non-uniform force is approximated as a sinusoidal signal here and other forms can refer
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to Ref. [26]. Corresponding aerodynamic force (thick black line in Figure 2) is then built up in rotating
coordinate system (RCS). In RCS, the impeller is static while the aerodynamic force is traveling around
it. The relative moving speed between impeller and stall cells corresponds to the frequency difference
between shaft frequency fshaft and individual cell rotating frequency fcell. If the stall cells rotate in
the same direction as the impeller, the exciting frequency will be fshaft − fcell, otherwise, the value is
fshaft + fcell. It can be found through simple analysis. If the stall cells rotate in the same direction,
the impeller must rotate more in order to form a periodic load (Stall cells also move a certain distance
in the same direction during the impeller rotation), thus making this period longer than shaft rotating
period 1/ fshaft. Relationship between pressure pulsation frequency of rotating stall and blade vibration
can be calculated by the following expression

fe = ne ·NBC( fshaft ± fcell) = ne · (NBC · fshaft ± fPC), ne ∈ Z+ (2)

where ne is the harmonic index, fshaft is the rotating speed of impeller, and fe is the frequency of the
exciting force.

Equation (2) gives the relationship between rotating stall parameters and non-integer engine
order excitation. However, it is still independent of the impeller vibration mode and cannot explain
when the impeller will resonate and which mode is excited. Thus, forced response modal should be
further built up so that the resonance conditions for impeller under rotating stall condition can be
derived. The pressure pulsation produced by the rotating stall is a periodic time-varying function.
In stationary coordinate system (SCS), the aerodynamic force Fs

stall(φ) along the circumference of the
rotating impeller can be described as

⎧⎪⎪⎪⎨⎪⎪⎪⎩
Fs

stall(φ, t) = Fv(φ) cos(2πNBc · fcellt), φ ∈ [0, 2π]

Fv(φ) =
∑
k
(ak cos[k ·NBc ·φ] + bk sin[k ·NBc ·φ]) (3)

where Fv(φ) corresponds to the distribution of force, ak and bk are the corresponding Fourier coefficients.
NBc and fcell are rotating stall parameters mentioned above. Then, the distributed force can be further
transformed into rotating coordinate

⎧⎪⎪⎪⎨⎪⎪⎪⎩
FR

stall(θ, t) = Fv(φ) cos
[
ne ·NBc ·Ωstall(t + tφ)

]
δ[θ−Ωstallt−φ]

tφ = φ/Ωstall, Ωstall = 2π( fshaft ± fcell)
(4)

where δ[·] is the Dirac delta function, θ is the angle measured in impeller rotating coordinate, tφ is
a time delay due to the phase shift between FR

stall(θ, t)
∣∣∣
t=0

and Fv(φ). Relationship between Fv(φ) and
FR

stall(θ, t) at two different times is drawn in Figure 2a,b. The thick black line in Figure 2 corresponds to
the aerodynamic force of the rotating stall. The circular disc corresponds to the impeller. The dynamical
behavior of the distributed force described by Equation (4) has been well presented. It shows the
relative rotation of the stall cells on the impeller. Furthermore, with such circumferential moving,
the phase between the impeller and aerodynamic load changes accordingly.
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disc disc

Figure 2. Rotating stall induced impeller forced vibration model based on simplified disc vibration
behavior at the time t = 0 (a) and t = t1 (b) in RCS.

The impeller eigenmodes with ND-th nodal diameters of blade vibration can be defined as sine
mode with the phase θ in RCS

Φ(θ) = sin NDθ (ND = 0, 1, 2 . . . , N − 1/2 or N/2) (5)

which is the modeling and analysis treatment method for vibration of mechanical structures with cyclic
symmetry property. And, the mistuning of the real impeller is ignored here.

So far, the traveling excitation force corresponding to typical rotating stall condition has been
derived. And, the impeller mode is also characterized into different waves. Qualitative analysis of the
forced response of a rotating disc can be derived step by step according to Ref. [27]. The generalized
force Q(t) for the ND nodal diameter mode can be first acquired by

Q(t) =
∫ 2π

0 FR
stall(θ, t)Φ(θ) dθ

=
∫ 2π

0 Fv(φ) cos
[
ne ·NBc ·Ωstall(t + tφ)

]
δ[θ−Ωstallt−φ] sin NDθ dθ

= Fv(φ) cos
[
ne ·NBc ·Ωstall(t + tφ)

]
sin ND(Ωstallt + φ)

(6)

Based on Equation (6), convolution integral is then used to acquire normal response on the disc
for this lightly-damped system, that is

xφ(φ,θ, t) =
1

mNDωND

∫ t

0
Q(τ) sinωND(t− τ)dτ (7)

where mND and ωND are the corresponding modal mass and damped natural frequency. Substituting
the generalized force in Equation (6) into the above formula, we can get the disc normal response

xφ(φ,θ, t) = 1
mNDωND

∫ t
0 Fv(φ) cos

[
ne ·NBc ·Ωstall(τ+ tφ)

]
sin ND(Ωstallτ+ φ) sinωND(t− τ)dτ

=
Fv(φ)

4mNDωND

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

− sin(−φNBCne−ωNDt+NDφ)
Ωstall(ND−NBCne)+ωND

− sin(−φNBCne+ωNDt+NDφ)
Ωstall(NBCne−ND)+ωND

− sin(φNBCne−ωNDt+NDφ)
Ωstall(NBCne+ND)+ωND

+
sin(NBCne(Ωstallt+φ)+ND(Ωstallt+φ))

Ωstall(NBCne+ND)+ωND

+ 2ωND

ω2
ND−Ω2

stall(ND−NBCne)
2 sin[ND(Ωstallt + φ) −NBCne(Ωstallt + φ)]

+
sin(NBCne(Ωstallt+φ)+ND(Ωstallt+φ))

ωND−Ωstall(NBCne+ND)
− sin(φNBCne+ωNDt+NDφ)
ωND−Ωstall(NBCne+ND)

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

(8)
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In the preceding equation, terms with ωNDt correspond to the transient response of the disc and
are assumed to decay over time since damping is considered. Only terms withΩstallt are of interest.
Finally, the steady-state response of the disc under rotating stall disturbance has the following form

xφ(φ,θ, t) =
Fv(φ)

2mND

⎛⎜⎜⎜⎜⎜⎝sin[(ND− neNBc)(φ+Ωstallt)]

ω2
ND − (ND− neNBc)

2Ω2
stall

+
sin[(ND + neNBc)(φ+Ωstallt)]

ω2
ND − (ND + neNBc)

2Ω2
stall

⎞⎟⎟⎟⎟⎟⎠ (9)

The response over the entire pressure distribution should be further integrated by

x(θ, t) =
∫ 2π

0
xφ(φ,θ, t) dφ (10)

Combined with Fv(φ) and the integral properties of trigonometric functions, two cases can be
identified in order to have x(θ, t) � 0. First, for the case of kNBc = |ND− neNBc|, it follows from
Equation (10) that

xC1(θ, t) =
π

2mNDA1
(ak sin[(ND− neNBc)Ωstallt] + bk cos[(ND− neNBc)Ωstallt]) (11)

Second, for the case of kNBc = ND + neNBc,

xC2(θ, t) =
π

2mNDA2
(ak sin[(ND + neNBc)Ωstallt] + bk cos[(ND + neNBc)Ωstallt]) (12)

A1 and A2 in Equations (11) and (12) have the following form

⎧⎪⎪⎪⎨⎪⎪⎪⎩
A1 = ω2

ND − (ND− neNBc)
2Ω2

stall

A2 = ω2
ND − (ND + neNBc)

2Ω2
stall

(13)

The discussion of these two cases is due to the different directions of rotation of the stall cells.
Due to the different propagation nature, Equations (11)–(13) is treated separately. These equations can
be combined to describe the steady response of the impeller structure under different stall conditions.
It is obvious that the resonance will occur if A1 and A2 in Equations (11) and (12) become zero. Thus,
two different frequency relationship between impeller mode and dynamic stall mode can be built up
based on the cell propagation direction

ωND =

⎧⎪⎪⎨⎪⎪⎩
|neNBc −ND|Ωstall, kNBc = |neNBc −ND|
(neNBc + ND)Ωstall, kNBc = neNBc + ND

(14)

kNBc = |neNBc −ND| and kNBc = neNBc + ND, which should not be dropped, are two prerequisites
of A1 and A2, respectively. Further, Equation (14) can be simplified as

⎧⎪⎪⎨⎪⎪⎩
ND = mNBc, m ∈ Z+

fND = mNBc( fshaft ± fcell)
(15)

where fND is the natural frequency of impeller in Hz. Equation (15) points out that for ND = NBc

nodal diameter mode, the impeller resonance will occur if the natural frequency coincides with
NBc( fshaft ± fcell). This is the most common situation happened during a lot of authors’ experimental
research [18–21]. The number of stall cells is very limited, which means excitation frequency will not be
very high for industrial centrifugal compressors. In these cases, the first-order vibration mode will be
quite close to the excitation frequency and needs to be considered. In addition to the basic disturbance
coming from rotating stall, the higher harmonic component will also induce the impeller resonance
with higher nodal diameter modes mNBc. However, the actual number of nodal diameters needs to be
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further calculated based on the specific number of blades. Although this situation is not common and
very rare, it has also been found to exist by Mischo [21]. Since the circumferential non-uniform load
caused by rotating stall with different origins (diffuser stall or impeller stall) is consistent, the derived
equation is a general relationship and will be useful for impeller resonance check considering the
rotating stall effects.

3. Test Facilities and Measurement Procedure

The experiments with full-size single-stage centrifugal compressor (SSCC) facility are performed at
the Shenyang Blower Works Group Corporation. Numerous experimental studies have been conducted
to acquire the knowledge of the compressor blade vibration under rotating stall condition. Since the
stall and surge condition will do great harm to the compressor test rig, these operating points are
carried out carefully during the experiments. Both transient and quasi-steady operating conditions
are tested in detail. Figure 3 presents the operation line of the compressor test rig and shows detailed
experimental measurement scheme. The behavior of the compressor test rig near the stall and surge
boundary is mostly concerned. The compressor stage is first throttled at 100%Ωnorm speed to study
the stall behavior from aerodynamic point of view. In order to find the rotating stall induced vibration
phenomena, speed ramp (continuous varying speed) testing of the compressor at a low mass flow rate
is measured. Two operating speeds (100%Ωnorm and 87%Ωnorm) are further tested with five selected
mass flow rates (OP1-OP10 denoted in Figure 3). These quasi-steady operating conditions are combined
to reveal the rotating stall mechanism and quantify the blade vibration. Detailed experimental results
and discussion will be given in Section 4. Investigated compressor test rig and different measurement
techniques will be elaborated in the following part of Section 3.

Figure 3. Operation line and experimental measurement scheme of the compressor facility.

3.1. Centrifugal Compressor Test Rig

The structure of the test compressor is shown in Figure 4. It consists of variable inlet guide vanes
(VIGVs), an unshrouded backswept centrifugal impeller, a vaned diffuser, and the return channel.
The number of blades and the main dimensions of these components are listed in Table 1. IGV blades
are fixed in the axial inlet duct and used to deflect the flow in the tangential direction. The designed
variable angle range is 40◦ to 120◦ (Here, 90◦ corresponds to the full open of IGV blades). Upstream
and downstream of the compressor stage are the horizontal inlet duct and outlet pipe. A 2100 kW
Electric motor is installed to drive the compressor with required rotating speeds. The test rig running
speed ranges from 500 RPM to 9,000 RPM. A driven gear (drive ratio is 126/43 = 2.93) and a fluid
coupling are further used to connect the motor and compressor shaft.
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Figure 4. Schematic representation of the experimental test rig.

Table 1. Specifications of the investigated compression stage.

Parameters Value

Number of inlet guide vanes 11
Number of impeller blades 19
Number of diffuser vanes 20

Number of return channel vanes 18
Impeller outlet diameter D2 (mm) 810

Impeller outlet width b2 (mm) 57.5
Diffuser inlet diameter D3 (mm) 900

Diffuser outlet diameter D4 (mm) 1242

3.2. Data Acquisition

3.2.1. Unsteady Static Pressure Measurement

The unsteady static pressure is measured at several locations within flow passage from compressor
inlet to diffuser outlet. Figure 5 presents the meridional and axial view of these transducer positions.
In order to determine the flow instability in the streamwise direction, the pressure pulsation at the
compressor inlet (M1–C1) and in the diffuser passage (A1–A4) are monitored during the experiment.
At the same time, the circumferential pressure pulsation at impeller-diffuser interface (M2) is also
monitored for extra 4 points (B2–B5). Monitoring points A1 and B1 are in the same position. Holes used
to install the pressure transducer at all these positions are opened at impeller and diffuser shroud
casing component. The dynamic probe used here is the Model 106B52 produced by PCB Piezotronics.
In order to avoid the disturbance caused by the transducer itself, each sensor is treated carefully
and flush-mounted with the casing inner surface. The black dots at measurement plane M2 denotes
the same location of A1/B1 at each passage inlet and only two diffuser passages are drawn here for
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simplicity. The angles in the circumferential direction between B1–B2, B2–B3, and B3–B4 are 72◦.
Considering non-uniform distribution of the sensors can depict the propagate of rotating stall cells
more properly, sensor at location B5 is positioned at the adjacent diffuser passage of B4, such that the
angle between B4–B5 is 36 degrees. Upon finishing the installation of these sensors, all signals are
transmitted to a signal acquisition card, which is used for multi-channel high-precision measurement.
Transient static pressure signals are acquired and recorded in DASP software, provided by Beijing
Oriental Vibration and Noise Technology Institute. The sampling rate for the pressure transducers
depends on the frequencies of interest. It is set to 20.48 kHz which is enough to resolve the blade
passing frequency (BPF) and the rotating stall frequency (RSF).

 
Figure 5. Casing-mounted pressure transducer positions in meridional and axial view.

3.2.2. Strain Gauge and Tip Timing Measurement

In this experiment, the non-synchronous vibration of the blade is monitored by 4 strain gauges in
total. The installation position of these strain gauges (G1–G4) is shown in Figure 6b. The strain gauge
G3 is positioned at half-span height and near the leading edge of the blade. It is used to capture the
blade first bending mode since it is most sensitive to rotating stall disturbance. G1 and G2 are located
at the tip of the blade to acquire the response of higher modes considering rotor-stator interactions.
G1 is parallel to the blade tip and G2 is perpendicular to G1. At the root of the blade, strain gauge G4
is used to test the strength of the blade. Compact dynamic data acquisition instrument is installed
in the nose cone (shown in Figure 6b) of the impeller to continually acquire the signal. A rounded
bulb structure is further used to cover the hole. Only the strain gauge is exposed in the airflow
environment. Considering the additional mass of the strain acquisition equipment, the balance of the
rotor is conducted so that the shaft unbalance vibration is small. Since only one blade vibration is
measured in detail by strain gauges, blade tip timing measurement is used to supplement the strain
test for detailed vibration quantification. The tip deflection of all blades is measured simultaneously.
Figure 6a gives the distribution of the tip timing sensors. The distribution angle between each BTT
sensor is 120◦. The light source (Red path) of each probe is provided by the laser box. The reflected
laser (Blue path) will be transmitted back as each blade passes through the sensor. After receiving
the blade triggered pulse, a high-speed counting acquisition card NI6602 is used here to obtain the
blade arrival time sequence using 80 MHz internal counter. These data are further combined with the
rotating speed and the tip radius to obtain the instantaneous vibration displacement. All pre- and
post-processing work of the BTT signal can be finished in the in-house developed measurement system.
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Figure 6. Installation and arrangement of tip timing probes (a) on the casing and strain gauges (b) on
one impeller blade.

4. Results and Discussion

4.1. Stall Induced Flow Instability Behavior during Throttling Process

The raw pressure measurements and corresponding low pass filtered signal with the blade passing
frequency fBPF when entering surge are presented in Figure 7. This pressure signal is measured at
the inlet of the diffuser passage. Before flow instability starts, the pressure fluctuating frequency is
dominated by the jet-wake flow feature at the outlet of the impeller. During the throttling process,
the pressure will become unstable and low-frequency variation with large amplitude starts to appear.
This change in signal structure means that after these stall cells formed in the flow passage, the
jet-wake flow pattern in stable operating condition will be superimposed by the stall dominated
fluctuation. And, these stall cells will become stable and propagate in circumference after a short time.
The static pressure measured during the throttling process is further analyzed by the wavelet transform.
The scalogram values are scaled by the maximum absolute value at each level and frequencies are
displayed on a linear scale. The flow behavior described above can also be viewed in time-frequency
space. When the instability is further enhanced after 750 revolutions, a stable low-frequency mode
occurs, which is consistent with the signal structure evolution in the time domain. If the flow rate is
further reduced, the compression system will enter surge and large fluctuation of static pressure occurs.
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(a) 

 

(b) 

Figure 7. Rotating stall evolution and surge happened during throttling process at 100%Ωnorm:
(a) pressure traces from 0 to 1370 revolutions; (b) time-frequency spectrum based on wavelet transform.

4.2. Rotating Stall Induced Vibration Identification during Speed Ramp

Different rotating stall induced vibration phenomenon is first found by speed ramp testing method.
The centrifugal compressor is first set to run at 100%Ωnorm speed and the mass flow is also adjusted to
low flow rate to make the impeller disturbed by the rotating stall. Then, the shaft speed is continuously
reduced to about 50%Ωnorm speed after all the signal acquisition equipment is get prepared. Figure 8a
gives the time signal of gauge G3. The envelope of the signal is calculated to show the interaction
between impeller mode with engine order excitation. The rotating passing frequency (RPF) of the shaft
is also plotted on the right axis. Figure 8b gives the entire short time Fourier transform (STFT) spectrum
of the result. It should be mentioned that the frequency value is normalized by the shaft frequency
at the beginning. The engine order number is displayed as the left y-axis. These integers are used
to show different engine order lines when the speed is continuously reduced. The non-synchronous
blade response information is mainly found around the mode 1 of the impeller. It is consistent with
the rotating stall induced vibration frequency determined by Equation (2) since the stall cell number
is limited. Four different non-integer exciting regions are found and denoted by the dashed line.
However, compared to mode 1 response of the impeller, the rotating stall induced vibration is still not
so apparent. It is mainly due to the transient and instability nature of rotating stall under variable
speed operation condition. The stalled state will change according to impeller speed and mass flow
rate. But the stall cell formed rotating aerodynamic force gives us a dangerous warning because it has
the same or even larger energy level compared to synchronous exciting. Large amplitude vibrations
will appear if the exciting frequency coincides with the impeller modes.
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Figure 8. Blade vibration measured by Strain Gauge G3 during Speed Ramp: (a) time domain signal;
(b) time-frequency spectrum based on STFT.

Although the variable speed testing method gives us a quick way to view the rotating stall
induced vibration information. Due to the operation is transient and unstable, it is not suitable for stall
parameters identification. In addition, in order to evaluate the blade vibration, quasi-steady operation
under the rotating stall condition is also needed.

4.3. Stall Parameters Identification Based on Circumferential Pressure Pulsation Signals

In order to characterize the stall cell pattern during different quasi-steady operating conditions,
the FFT spectrum combined with circumferential pressure distribution is first used for manual
identification of the stall parameters since it is the most used and reliable method for industrial
application [28]. Pressure pulsation signal spectrum is first analyzed to identify stall occurrences.
Figure 9a gives the frequency spectrum measured at diffuser inlet when the compressor operates at OP1
depicted in Figure 3. A significant low frequency of fPC = 21.9 Hz below the shaft frequency occurs,
and there exists apparent signal modulation phenomenon on both sides of the BPF, which means
the original rotational perturbation of the impeller is modulated by stall cell-induced fluctuation.
In Figure 9b, a graphical matter based on bandpass filtered pressure traces is further used to acquire
the stall parameters, including the number of stall cells NBC, rotating speed fcell and propagation
direction [26]. Within the graph, pressure signals are plotted from bottom to top according to their
circumferential positions in direction of impeller rotation. In order to form one revolution, the pressure
signal of the first sensor is plotted once more. As it can be viewed from the graph, the low-frequency
disturbance is arising and decaying in different stable periods. However, it will also become weak and
disappear for a short time but reformed immediately. The propagation direction is first analyzed based
on the dynamic behavior of the pressure signals from closely distributed two sensors, B5 and B4. It can
be clearly judged that the stall propagation direction is the same as the impeller rotation. During stall
formed period, it can be found that the circumferential 5-channel band-pass filtered pressure signal is
almost the same phase at any time, but the fourth channel is in the inverted state. According to the
sensor distribution angles, this phenomenon indicates that 36◦ corresponds to half of the distance
between two adjacent stall cells in a cylindrical coordinate system along the direction of propagation.
The identified stall mode is a stall group consisting of five cells. If we connect a peak of B1-0◦ with the
corresponds one of B5-108◦, which is delayed one and a half cycle, and extend to P1-360◦, the stall
propagation trajectory which crosses all signal peak positions are extracted.
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(a)  

 

(b) 

Figure 9. Rotating stall identification and parameter characterization. (a) FFT spectrum of diffuser inlet
pressure signal; (b) spatial pressure distribution at stalled condition.

However, the pressure trace diagram method is a manual approach and can lead to some
misunderstandings in some cases. The cross-correlation is further used to confirm the identified stall
mode and further automate the identification process.

Rij[n] =
1
N

N∑
k=1

Pi(k)Pj(k + n) (16)

Equation (16) is the discrete form of the cross-correlation between signal Pi and Pj. Figure 10a
shows the cross-correlation results of the 5-channel pressure signals. Before cross-correlation, bandpass
filtering is needed to extract the stall wave. The delay time can be calculated by the number of
delayed sampling points corresponding to the local maximum of the cross-correlation. As can be seen,
the delayed sampling points is around 450–500 which means the delay time is about 0.022–0.024 s based
on the sampling frequency. In order to access the long-term behavior of the stall propagation, the delay
time between stall cells is further calculated based on 30s’ pressure pulsation signal. Figure 10b gives
the box plot of the result. This result means upon the stall cell is formed around the impeller it will not
change and keep stable. Since the aerodynamic force is not changed, the induced vibration should also
be stable which can be further proven in the following content.
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(a) cross-correlation of Pressure signals. 

 
(b) identified delay time for 30 s Pressure signal 

Figure 10. Stall mode identification and parameter characterization using cross-correlation analysis.

First, the five stall cells induced pressure traces can be plotted in polar coordinate based on the
identified stall parameters, as shown in Figure 11a. These circumferential distributions of the pressure
wave give a much better description of the footprint of the rotating stall cells at different monitoring
positions. Figure 11b gives the corresponding time-frequency spectrum of blade vibration. During
the rotating stall period, the five stall cells mode induced blade vibration is first found. The engine
order of the vibration is 4.77. It is not an integer of the shaft rotating passing frequency which means
non-synchronous vibration happened during rotating stall operating condition. Based on the identified
parameters and Equation (2), the relationship can be verified:

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

f Strain
e = 4.773 · fshaft = 446.3 Hz

f 5cell
e = NBC · fshaft −NBC · fcell = 445.625 Hz

fshaft = 93.5 Hz, NBC = 5

(17)

So, it has f Strain
e ≈ f 5cell

e , where f Strain
e is the vibration frequency existing in the blade response

signal, f 5cell
e is the predicted blade vibration frequency calculated by rotating stall parameters and

Equation (2). fcell is the rotating frequency of one individual stall cell and has fcell = fPC/NBC. As can
be seen, these two frequencies agree quite well. There is only a small difference (less than 1 Hz) between
f Strain
e and f 5cell

e due to numerical error or spectral resolution. And the propagation direction is the
same as the impeller rotation since ”−” is used in Equation (17) instead of ”+”. The method of judging
the direction of propagation through the low-frequency component fluctuation curve is still not very
robust. Under some circumstances, the direction information may lead to being misinterpreted or
cannot be decided only based on the signal dynamic behaviors. For example, if B1-B3 signals are used,
the direction is hard to be decided. As well, it will also cause the cell number be misidentified when
the spatial resolution of sensors is very limited. Since the relationship between pressure pulsation and
blade vibration provided by Equation (2) is proven by analytical models and experimental analysis.
Considering the relationship between the vibration and pressure fluctuating not only contains the cell
number information but also includes the propagation direction, the vibration information can be
combined to give a more reliable result.
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(a) 

 

(b) 

Figure 11. Rotating stall induced impeller blade vibration: (a) 5 stall cells dominated aerodynamic
exciting force in polar coordinate and (b) time-frequency analysis of Strain Gauge G3.

4.4. Vibration Quantification Based on Tip Timing Measurement

The tip displacement signal is measured close to the leading edge of the impeller blade. Detailed
monitoring position can be referred to Figure 6a. Based on the blade tip timing system, the tangential
vibration of all blades under different operating points can be recorded for further displacement
evaluation. Figure 12 gives the calculated blade tip displacement signal. The vibration behavior
under low mass flow rate is concerned. For the operating point A, surge happens in this compression
system and leads to an extremely large vibration amplitude. When the mass flow rate is adjusted
during the experiment to make the compressor return to rotating stall condition (operating point B),
the vibration is reduced significantly. Root mean square (RMS) level of the vibration signal is further
calculated to show the influence of different mass flow rate. Results are plotted at the right top of
Figure 12. From the perspective of the RMS value, the blade vibration is similar for operating point B to
E. However, these small differences still show blade vibration trend and give a reasonable result of the
vibration monitoring. The vibration is slightly reduced from operating point B to D, which corresponds
to the mass flow change varying from stall to design point. However, when it comes to the choke
boundary at operating point E, the vibration amplitude increases inversely.

It should also be mentioned that due to the arrangement of the BTT probes and the limited number
of sensors, the frequency of the BTT signal cannot be accurately recovered. Non-intrusive detection of
stall-vibration can be performed based on the tip timing signal in the future. The layout of the BTT
probes and the experimental operating points of the compressor should be carefully designed and
selected to capture this phenomenon from the perspective of aerodynamics and signal processing.
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Figure 12. Blade tip timing results under five operating points with different mass flow rate varying
from surge to choke.

5. Conclusions

This paper focuses on the non-synchronous blade vibration at stall and near surge operating of
the centrifugal compressor. A theoretical model was first built up to describe the impeller vibration.
Under the traveling wave excitation, the forced response function of the simplified disc was deduced.
The impeller resonance condition was further acquired based on the steady part of the response function.
The relationship between stall wave and impeller vibration was also correlated using the parameters
which describe the stall mode. The derived relationship is consistent with previous understanding.
The stall excitation law of the rotating stall can be viewed from a novel aspect, and at the same time,
it can be found that both the rotating stall and its higher harmonics can induce the blade vibration and
resonance with corresponding nodal diameter modes.

Experimental work was further conducted based on the industrial compressor test rig using
an unshrouded centrifugal impeller equipped with vaned diffuser. During experiments, multiple signals
from casing-mounted pressure transducers, strain gauges, and tip timing sensors were simultaneously
acquired to provide a detailed insight into this physical phenomenon. Both transient and quasi-steady
operating of compressor were designed and tested in detail to reveal the underlying mechanism and
verify the relationship between pressure pulsation and blade vibration. The experimental investigation
included: (1) detection and parameter characterization of rotating stall cells. (2) clearly interpretation
and relationship verification of non-synchronous blade vibration. (3) quantify the impact of stall
cells on all blade response amplitude. The throttling test of the compressor shown the dynamical
behavior of airflow and a stable low-frequency mode appeared as it approached the stall boundary.
The rotating stall was first understood from aerodynamic perspective. Then, the fluid-structure
interaction measurements were further conducted using varying speed operating of the compressor.
With time-frequency analysis method, the blade non-synchronous vibration regions were quickly
found. Further, the quasi-steady operating of compressor was selected and measured for a long time in
order to stabilize the stall and identify the specific cells mode. Both circumferential pressure tracking
and cross-correlation methods were used to give an appropriate result. The frequency spectrum and
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spatial distribution characteristics of the pressure signal were also correlated with the blade vibration,
which also shown the correctness of the theoretical model. The quantified blade response provides
realistic compressor representative vibration data, which is the basis for the aeroelastic design of the
impeller blades considering rotating stall. The overall test method in this paper is also important for
stall vibration and resonance-free design using experimental verification methods.

Stall cells are extra excitation sources and can cause blade forced vibration at a specific frequency,
which should be considered for more reliable operating of the compressor. In addition, the stall cell
number is the core parameter which mostly affects the vibration frequency and occurrence of blade
resonance. The first-order impeller mode is quite close to the stall excitation frequency and requires
more attention in the future design phase of the impeller structure. The theoretical and experimental
work of this paper contributes to the basic understanding and quantification of compressor stall and
vibration. Further investigations are required to non-intrusive detect and control the rotating cells.
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Abstract: Improving the accuracy and efficiency of bridge structure damage detection is one of the
main challenges in engineering practice. This paper aims to address this issue by monitoring the
continuous bridge deflection based on the fiber optic gyroscope and applying the deep-learning
algorithm to perform structural damage detection. With a scale-down bridge model, three types of
damage scenarios and an intact benchmark were simulated. A supervised learning model based on
the deep convolutional neural networks was proposed. After the training process under ten-fold
cross-validation, the model accuracy can reach 96.9% and significantly outperform that of other four
traditional machine learning methods (random forest, support vector machine, k-nearest neighbor,
and decision tree) used for comparison. Further, the proposed model illustrated its decent ability in
distinguishing damage from structurally symmetrical locations.

Keywords: bridge damage detection; fiber optic gyroscope; deep learning; convolutional
neural network

1. Introduction

Dynamic modal analysis has been the most commonly used approach for structural damage
detection in civil engineering [1–3]. The use of wavelet, Hilbert–Huang transform, and other
signal processing methods are also the conventional choices for structural damage detection that
directly analyze the perturbation of vibration signals [4]. Various structural non-destructive testing
approaches [5–7] are also significant means for detecting structural damage. Over the last decade,
machine-learning algorithms have been used to address a wide range of vibration-based damage
detection problems [8,9]. Although most of these techniques are based on vibration responses and such
approaches still dominate the diagnosis and prognosis of structural health monitoring [10], feature
extraction processes heavily relying on handcrafted intervention prior to damage classification [11]
have often become major challenges that limit the effectiveness of various methods.

With the ability of automatic feature extraction and classification, deep convolutional neural
networks (CNN) have been explored to address the range of difficulties in such following areas as
computer vision [12,13], speech recognition [14], natural language processing [15], medical image
processing [16], pathological signal classification [17,18], mechanical fault diagnosis [19–21], impact
evaluation of natural disasters on infrastructure systems [22], and structural damage detection [23–25].

Most of the research efforts on deep CNN-based structural damage detection are essentially
associated with the supervised learning processes. In this emerging area, Cha et al. [23] pioneered the
deep CNN study of damage detection for cracks in concrete structures, and subsequently, Cha et al. [26]
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further expanded the detection objectives of structural damage based on the faster Region-CNN
(R-CNN). The recent study based on R-CNN to quantify the identified concrete spalling damage in
terms of volume was reported in [27]. Xue and Li [28] established a fully convolutional neural networks
model to classify the concrete tunnel lining defects. Other image-based researches on structural
damage detection using deep learning were reported in [29–31]. In addition to two-dimensional
convolution operations on structural images, one-dimensional convolution operations which usually
spend a considerably cheaper computational cost than that of recurrent neural networks [32], are
employed by researchers to perform the signal-based structural damage detection. The structural
vibration signal as a typical type of one-dimensional time series [33] data is used to perform deep
CNN-based structural damage detection. For instance, Abdeljaber et al. [18] proposed a method for
detecting structural damage using one-dimensional CNN for multi-nodal vibration testing of steel
frames. Lin et al. [25] simulated the vibration response of simply supported beams under various
damage scenarios and proposed a procedure for detecting the categories of structural damage using the
one-dimensional CNN. Huang et al. [34] analyzed the mechanical operation process through vibration
signal by constructing a one-dimensional CNN.

Although deep CNN technology to some extent relieves the heavy pre-processing on the raw
data or feature crafting for the damage detection when using vibration signals, the analysis of bridge
damage detection is more complex comparing to that of simple structures, which needs more support
of structural responses. In other words, compared with the amount of the degree of structural
freedom, the scale of available vibration sensors used for bridge structural damage detection are
often finite or even insufficient. To obtain as much structural dynamic information as possible in
the case of limited measurement points, sensor optimization layout [35] is generally considered,
which results in a decrease in damage detectability of complex structures. Therefore, a novel type of
structural response which can easily cover the whole and local test requirement and provide enough
structural information for the analysis of damage detection by using deep CNN should be attempted
and explored. In this paper, we aimed at the multi-dimensional type of signal and chose a test
technique for continuous curve mode of deformation based on fiber optic gyroscope (FOG) to produce
continuous deflection of bridge. Detailed fundamental principles of the FOG-based testing technique
were reported in [36–38]. A corresponding sample set based on supervised learning techniques was
established, and a specific one-dimensional CNN model was proposed to automate feature extraction
and classification. Specifically, the scheme procedure for the production of structural damage scenarios
based on deformation responses was elaborated. The deformation responses and corresponding output
labels were established through data augmentation and pre-processing. Furthermore, architectures
and algorithms of the proposed one-dimensional CNN, and the partition rules of the dataset used for
method verification were discussed. Finally, the performance of the proposed approach was compared
with the results of other pattern recognition methods, all of which were conducted under the ten-fold
cross-validation [39].

2. Design and Implementation of Structural Damage Scenarios

2.1. Experimental Platform and Instrumentation

A scale-down model of cable-stayed bridge was used as the experimental platform to represent
the responses due to the simulation damage. The model shown in Figure 1 with the main span
of 9.7 m, tower height of 3.46 m, deck width of 0.55 m, and 56 stay cables, was manufactured at a
scale of 1:40. Figure 2 further illustrated a structure diagram and a physical structure of the device
dedicated to measuring continuous deflection of the bridge model, which was triggered by a remote
controller to perform mobile measurement. When the test device [36] moved along the surface of
the bridge model, data of continuous deflection can be collected at sampling rate 150 Hz. Since the
measurement period based on the motion carrier was relatively short, the continuous deflection
obtained chronologically at each time was regarded as a multi-dimensional variable acquired at the
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same moment, and the deflection of main span was chosen as the structural deformation response
used for subsequent analysis.

 
Figure 1. Experimental platform for testing continuous deflection.

Figure 2. Measuring device integrated in a motion carrier.

2.2. Experimental Design and Procedures

The change in structural geometry can reflect a certain degree of transformation of interior
mechanical properties. Further, structural damage is one reason for the change of interior mechanical
properties of structure. Therefore, the different damage scenarios of the structure theoretically have
corresponding structural deformation states. Continuous deflection can provide the dense deformation
information, which can present more abundant structural response information than other finite
point-based geometry measurement methods [40–42]. In the context of an experiment based on
supervised learning, it was assumed that the change in the continuous deflection of bridge was only
due to the result of structural damage. A metal pad (42.8L × 12.8W × 0.2H cm) with slope at both
ends was used to simulate structural deformation caused by damage rather than physically destroying
the structure [43]. The pad as an obstacle was placed on the movement path of the measuring device
to simulate the deformation caused by structural damage. Compared with the situation without the
pad, the measuring device can capture responses of the continuous deflection of bridge under the
disturbance of the pad. This localized continuous deflection caused by the influence of the pad was
clearly the most important of the continuous deflection of the entire bridge. Using such local responses
instead of the global deflections can undoubtedly simplify the training process of the following
supervised learning algorithm.

By this way, as shown in Figure 3, when the pad was not placed, the corresponding continuous
deflection of the bridge was defined as U0. For each of the three damage scenarios, one pad was placed
at a position each time, and therefore, U1, U2, and U3 can be obtained. Here, U0, U1, U2, and U3 as
raw data of continuous deflection represented four types of simulated structure states, respectively.
To improve the training efficiency and save the computational overhead of the supervised learning,
U1, U2, and U3 were truncated to u1, u2, and u3. Such truncated selection in the areas affected by the
pad can be estimated through both the original testing curves and the dimension of pad in the context
of experiment based on supervised learning. In the intact and three damage scenarios, the actual
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benchmarks of u1, u2, and u3 were u01, u02, and u03, respectively. A common baseline for the three
damage scenarios was defined to facilitate analysis. The weights of u01, u02, and u03 were regarded as
equal and their average u0 was designated as the nominal benchmark of u1, u2 and u3. The following
work utilized u0, u1, u2, and u3 to conduct the damage detection based on deep CNN algorithm.

 

Figure 3. Locations of the metal pad used to assist in simulated damage scenarios.

2.3. Raw Samples of Continuous Deflection of Bridge

The spatial resolution in motion direction refers to the adjacent sampling interval of the device
in Figure 2. This parameter is determined by the wheel diameter and the reticle of the rotational
speed code wheel, and is approximately 1.48 mm. For the continuous deflection of the main span,
taking intact scenario for an example shown in Figure 4, the deformation response of U0 consisted of
sequence data of 6554 dimensions which depicted the length of main span of 9.7 m. Due to the high
spatial resolution, the continuous curve clearly reflected a certain degree of pre-camber applied at the
main span. Moreover, the continuous curve revealed that the experiment platform did not exhibit
completely symmetrical structural deformation owing to the handcrafted control for the cable force.

 
Figure 4. Deformation of main span depicted by continuous deflection.

The local continuous deflection curves of u0, u1, u2 and u3 were shown in Figure 5. Each type of
the local continuous deflection curve contained 390 dimensions of sequence data. The coverage length
of the area affected by the pad was considered to be the primary basis for determining the length of the
local continuous deflection. Moreover, through preliminary data observation, the length of the region
having the largest influence range among the three disturbance positions of the pad was selected,
rounded, and defined as the final truncated length, which guaranteed the consistency of multiple sets
of sample dimensions. The continuous curve mode test technique was used to separately collect the
structural response of the scale-down bridge model under intact and simulated structural damage,
and five groups of U0, U1, U2, and U3, were collected, respectively. Therefore, five groups of u0, u1,
u2, and u3 corresponded to four types of structural conditions, namely intact, damage1/4, damage1/2,
and damage3/4, and these were used as raw samples to conduct the following study.
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Figure 5. Truncated deformations depicted by continuous deflections.

3. Detection Methodology Based on Deep CNN

3.1. Data Augmentation and Pre-processing

Data augmentation and pre-processing are two essential tasks before carrying out deep learning.
The former is always the first choice to boost the performance of a deep network. For image recognition
based on deep CNN, there are a wide range of ways to perform data augmentation [12,44,45]. However,
the above approaches are not suitable for signal-based pattern classification when using deep CNN
algorithm. As shown in Figure 6a, dividing the raw acquisition signals into the same sub-fragment
directly is common means of data augmentation [24,25]. It can be seen from Figure 6b that, for
fragments of the same length as that in Figure 6a, the overlapping zone set in the adjacent fragments
causes the amount of the fragment m to be larger than n shown in Figure 6a, which effectively increases
the amount of data size.

 
(a) 

 
(b) 

Figure 6. Data augmentation of (a) common means and (b) adopted operation.

Since the original experimental samples were small, the overlapping zone was taken as g = 1.
It was obvious that the larger the value of k in Figure 6, the smaller the number of fragments after data
augmentation and vice versa, which also indicated the greater number of fragments needed more
computational overhead of model training. With the consideration of a tradeoff result between the
training objective of model and the computational overhead, the length of fragment was set as k = 50,
followed by the 390-dimensional original sequence becoming 341 50-dimensional sequence samples.
For the five raw groups of u0, u1, u2, and u3, after data augmentation, the sample set of u′0, u′1, u′2,
and u′3, each including 1705 samples, corresponding to Figure 7a–d, were shown by mesh graphics.
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 7. Sample set represented by mesh graphics through data augmentation for (a) intact,
(b) damage1/4, (c) damage1/2, and (d) damage3/4.

To eliminate the difference in the deflection amplitudes of four types of samples in Figure 7 and
boost a better classification effect [46,47], a type of min-max normalization [48] expressed in Equation (1)
is used to normalize all the amplitudes to the range of 0~1.

u
′′
i =

u′i −min(u′i )
max(u′i ) −min(u′i )

, (i = 0, 1, 2, 3 . . .) (1)

As shown in Table 1, raw and truncated represented the continuous deflections of the test area
and analysis area shown in Figure 3, respectively. After data augmentation and normalization based
on the truncated stage, each category of the four-dataset including intact and three types of simulated
damage contained 1705 samples. The four types of state, namely, u

′′
0 , u

′′
1 , u

′′
2 , and u

′′
3 were used as

input data, in which u
′′
0 represented the intact baseline and the rest three represented different damage

scenarios. One-hot form was used to describe the output labels corresponding to the four categories,
meaning that the label vector was generated by the rule that the vector had all zero elements except the
position j, where j was the type number of structural state.

Table 1. The dataset details of training and test.

Processing Stage Variable Dimension of Each Variable Total Samples

Raw U0 U1 U2 U3 6554
4 × 5 = 20Truncated u0 u1 u2 u3 390

Augmentation u′0 u′1 u′2 u′3 50 4 × 1705 = 6820Normalization u
′′
0 u

′′
1 u

′′
2 u

′′
3

The entire measurement process was performed under stable temperature field, and the data of
this study came from actual measurements, which already contained noise disturbances existing in the
indoor environment. Therefore, extra interferences of simulated noise and temperature effect were not
further considered here.
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3.2. Descriptions of the Proposed CNN Architecture

Table 2 gave the details of the proposed CNN structure through the trial-and-error under the
current computing resource configuration. The model structure was inspired by Cifar-10 [49], in
which operations of convolution and pooling were not pairwise used. Figure 8 showed the graphical
representation of CNN structure with 50 input sample lengths where the green, blue, and yellow
referred to the kernel size, max-pooling, and fully connected layer, respectively.

Table 2. The details of CNN structure.

Layers Type
No. of Neurons
(Output Layers)

Kernel Size Stride Padding Activation

0-1 Convolution 25 × 20 2 2 Same PReLU
1-2 Convolution 25 × 20 2 1 Same PReLU
2-3 Max-pooling 24 × 20 2 1 Valid ——
3-4 Convolution 12 × 32 2 2 Same PReLU
4-5 Convolution 12 × 32 2 1 Same PReLU
5-6 Max-pooling 11 × 32 2 1 Valid ——
6-7 Convolution 11 × 20 2 1 Same PReLU
7-8 Convolution 11 × 20 2 1 Same PReLU
8-9 Max-pooling 10 × 20 2 1 Valid ——

9-10 Flatten 200 —— —— —— ——
10-11 Dense 128 —— —— —— PReLU
11-12 Dense with dropout 64 —— —— —— PReLU
12-13 Dense 4 —— —— —— Softmax

Note: PReLU—parametric rectified linear unit.

 

Figure 8. The proposed deep CNN architecture.

Layer 0 as the input layer in Figure 8 was convolved with a kernel of size 2 to produce Layer 1.
The convolution and cross-correlation were used interchangeably in deep learning [50], which can be
described as:

f(i) =
N∑

n=1

s(i + n)k(n) (2)

where s is input signal, k is filter, and N is the number of elements in s. The output vector f is the
cross-correlation of s and k. Next, Layer 1 was convolved with a same kernel size to produce Layer 2.
After two times of convolution, a max-pooling of size 2 was applied to every feature map (Layer 3).
By repeating the above operations two times, other four convolutional layers and two max-pooling
layers were created. In Layer 9, the neurons were then fully connected to 200 neurons in Layer 10 by
flatten. Eventually, Layer 10 was fully connected to 128 neurons in Layer 11 and Layer 11 was fully
connected to 64 neurons in Layer 12. Finally, Layer 12 was connected to the last layer (Layer 13) with
4 output neurons which represented intact, damage1/4, damage1/2 and damage3/4.
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Because the gradient of the left side of rectified linear unit (ReLU) [51] as shown in (3) is always
zero, the activation operation may become invalid during training process if the weights updated by a
large gradient become zero after being activated.

f(x) =
{

x, x ≥ 0
0, x < 0

(3)

The Leaky ReLU method [52] is a good alternative to address such problem by considering a
parameter α in (4),

f(x) =
{

x, x ≥ 0
αx, x < 0

(4)

where α is usually set to a small number, and once α is set, its value will keep constant. This allows a
small, non-zero gradient when the unit is not active. The parametric rectified linear unit (PReLU) [53]
which has the same mathematical expression to Leaky ReLU, takes this idea further by making the
coefficient α into a parameter that is learnt along with the other neural network parameters. Since it
was not necessary to consider how to specify α, PReLU was used to take the place of Leaky ReLU
in this work as an activation function for the convolutional layers (1, 2, 4, 5, 7 and 8) and two fully
connected layers (11 and 12).

Further, the Softmax function was used to compute the probability distribution of the four output
classes, which can be expressed as follows:

pk =
exk

n∑
i=1

exi

(5)

where xk is the input of last layer, n is the number of output nodes and output values of pk are between
0 and 1 and their sum equals to one. Equation (5) was used for Layer 13 in Figure 8 to predict which
category the input signals (intact, damage1/4, damage1/2, or damage3/4) belonged to.

Compared with shallow neural networks, deep CNN as a more complicated model contains
more hidden layers and more weights, and is particularly prone to overfitting. In the proposed deep
CNN, a dropout rate of 0.35 was used before the classification layer (Layer13) as shown in Table 2,
which together with early stopping [54] mentioned in the following, effectively suppressed incidence
of overfitting during all training processes.

3.3. Training Setting

Ten percent of the total dataset was used for test, while the rest 90% was divided into two parts,
namely, training (80%) and validation (20%). The reason for validation was to evaluate the performance
of the model for each epoch and prevent overfitting.

Because the cross entropy function is much more sensitive to the error, the learning rules derived
from the cross entropy function generally yield better performance. Here, categorical cross entropy
was used as the objective function to estimate the difference between original and predicted damage
types, expressed as follows:

J =
k∑

i=1

[−diln(yi) − (1− di)ln(1− yi)] (6)

where J is the cross entropy, yi is the output of prediction class, di is the original class in the training
data, and k is the number of output nodes.

To minimize the above objective function, adaptive moment estimation (Adam) was selected as
the optimization algorithm. It calculated an adaptive learning rate for each parameter and stored both
an exponentially decaying average of past squared gradients and an exponentially decaying average
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of past gradients [55]. Details about the training parameters in this work are given in Table 3, in which
the early stopping technique was used to control training epochs and further avoid overfitting, and the
parameters set in Adam were based on the suggestion in [56].

Table 3. The training parameters of CNN structure in this work.

Batch Size Epoch Patience in Earlystopping
Adam

Initial Learning Rate β1 β2 ε

128 5000 500 0.001 0.9 0.009 1.0 × 10−8

Moreover, a ten-fold cross-validation approach was used in this study, the purpose of which was
to reduce the sensitivity of algorithm performance to data partitioning and to obtain as much valid
information as possible from the enhanced data. First, all the prepared dataset was randomly divided
into ten equal parts. Nine out of ten parts of the total were used to train the proposed deep CNN while
the remaining one-tenth dataset were used to test the performance of the model. This strategy was
repeated ten times by shifting the training and test dataset. The accuracies reported in the paper were
the average values obtained from ten evaluations.

4. Results and Discussion

The proposed CNN model was implemented by Python package Tensorflow and Keras [57].
The average training runtime of each fold for the proposed model was approximately 15 minutes,
which was run on a GPU core (GTX 1080 Ti) with twelve 2.20 GHz processors (Intel Xeon E5-2650 v4).
According to the setting in Table 3, the training processes showed that in the initial 500 epochs,
the convergence speed was rather quickly for all of the dataset from the ten-fold cross-validation, but it
still needed approximately 3000 to 4500 epochs to reach the best performance based on the patience
rule set in early stopping. The typical training process regarding accuracy and loss represented by
fold 2 is shown in Figure 9, which stopped at the epochs of 3036.

 
(a)     (b) 

Figure 9. Typical training processes about (a) accuracy and (b) loss.

The confusion matrix cross all ten-fold was presented in Figure 10a. It was observed that 98.3%
of u

′′
0 signals were correctly classified as intact. Moreover, 1.7% of u

′′
0 were erroneously classified as

other damage categories. Further, a high percentage of 98.4% of u
′′
1 signals were correctly classified as

damage1/4 with 1.3% of u
′′
1 wrongly classified as damage3/4. For u

′′
2 the accuracy rate for damage1/2

reached 96.8% with 2.9% of u
′′
2 wrongly predicted as damage3/4. Similarly, 94.2% of u

′′
3 signals were

correctly classified as damage3/4 with 5.8% wrongly classified as intact (1.1%), damage1/4 (1.9%),
and damage1/2 (2.8%).
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

Figure 10. The confusion matrices of (a) CNN, (b) random forest, (c) support vector machine,
(d) k-nearest neighbor, and (e) decision trees.

Furthermore, to evaluate the capability in each fold of cross-validation, average accuracy results
shown in Figure 11 for different classes were compared between the proposed model and other
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four pattern recognition methods. When the samples were directly used to classify without heavy
consideration regarding features extraction, the accuracy of automatic detection for proposed CNN
model (96.9%) was obviously better than that of random forest (RF) (81.6%), support vector machine
(SVM) (79.9%), k-nearest neighbor (KNN) (77.7%), and decision trees (DT) (74.8%). Here, the allocation
of dataset of the four comparison methods was consistent with the proposed deep CNN algorithm.
To fully compete with the proposed model, the most decent key hyperparameters set in sklearn [58] for
RF, SVM, KNN and DT were derived through trial-and-error. To further quantify the effect of classifiers,
Figure 10b–e show confusion matrices of the other four methods, respectively. It was observed that the
best accuracy in various comparison methods can reach to 90.3% as shown in Figure 10b, which was
still inferior to the lowest accuracy 94.2% as shown in Figure 10a.

 

Figure 11. Comparisons of average accuracy in each fold of cross-validation.

Next, as shown in Figure 12a, for all five methods, the classification effects on damage1/4 obviously
outperformed the results of the other three categories. Moreover, the detection results of damage3/4

were the worst in all methods, having a direct influence on the average accuracy of various ways.
Further, as shown in Figure 12b, the classification imbalance presented in the confusion matrix was
most severe when KNN was used as the classifier. This phenomenon may be related to the relatively
lower algorithm complexity of KNN [59,60] compared with other methods mentioned in this work.
Only the proposed approach based on deep CNN effectively mitigated this imbalance, although the
accuracy of damage3/4 in Figure 10a was still slightly less than the other three classes. The limited
data samples should be a major aspect for such imbalance. In addition, current tests were all from the
one-way results and lack of the data from the opposite direction. This may introduce a cumulative
system error to the results of the structural response. Further, only slight pre-processing was carried
out for the original dataset, which reduced the learning ability of each method mentioned in this paper.
Actually, as shown in Table 4, the other four machine learning methods for comparison had fewer
key parameters to consider in the process of balancing training accuracy and training error than the
proposed method. This weak complexity, determined by the principles of the algorithm, resulted in a
poor predictive effect on training and validation. Therefore, under the same circumstance, the proposed
approach clearly demonstrated better overall performance in automatic feature extraction than other
comparison means.
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(a) (b) 

Figure 12. Accuracy distribution based on (a) damage category and (b) detection method.

Table 4. Key parameters set in the comparison methods.

RF SVM KNN DT

FS criteria = gini
Number of DT = 150

Kernel = rbf
gamma = 10

C = 10

K = 6
DM = euclidean FS criteria = entropy

Note: FS—Feature selection, gamma—The influence of kernel radius, C—The penalty parameter, K—k value defined
in KNN, DM—Distance metric.

5. Conclusions

A deep learning CNN model with 11 trainable hidden layers was proposed to automatically extract
and classify the bridge damage represented by the continuous deflection of bridge. Although current
research on the use of FOG-based test technique to detect the damage of a scale-down bridge model
through deep learning is just a pilot study, the following conclusions can be drawn:

(1) In the case where it is easy to measure the FOG-based continuous deflection of the target structure,
it is convenient to build structural deformation database that can provide sufficient training
samples for deep learning-based damage detection.

(2) Based on the data preparation strategies adopted in this work, one-dimensional convolution
operation can effectively extract the detailed features of bridge deflection after a slight
data pre-processing.

(3) The deep CNN-based method as a classifier has at least 15.3% accuracy advantage over
other traditional methods mentioned in this paper in distinguishing different types of bridge
deformation modes.

(4) Even if the same level structural damage occurs at a symmetrical position, the proposed method
can still achieve satisfactory results with a deviation of only 4.2% for the recognition accuracy of
damage at the symmetrical position.

(5) For an actual bridge with a complete deformation monitoring database, the advantage of deep
learning on automatic extracting of features of large-scale database can be exploited to search
the damage or provide the preliminary diagnostic findings. Moreover, since the FOG-based
measurement system has higher test accuracy for larger distributed deflections [61], the proposed
method should be more suitable for long-span bridges.
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Abstract: Quantifying structural status and locating structural anomalies are critical to tracking and
safeguarding the safety of long-distance underground structures. Given the dynamic and distributed
monitoring capabilities of an ultra-weak fiber Bragg grating (FBG) array, this paper proposes a
method combining the stacked denoising autoencoder (SDAE) network and the improved dynamic
time wrapping (DTW) algorithm to quantify the similarity of vibration responses. To obtain the
dimensionality reduction features that were conducive to distance measurement, the silhouette
coefficient was adopted to evaluate the training efficacy of the SDAE network under different
hyperparameter settings. To measure the distance based on the improved DTW algorithm, the one
nearest neighbor (1-NN) classifier was utilized to search the best constraint bandwidth. Moreover,
the study proposed that the performance of different distance metrics used to quantify similarity
can be evaluated through the 1-NN classifier. Based on two one-dimensional time-series datasets
from the University of California, Riverside (UCR) archives, the detailed implementation process
for similarity measure was illustrated. In terms of feature extraction and distance measure of UCR
datasets, the proposed integrated approach of similarity measure showed improved performance
over other existing algorithms. Finally, the field-vibration responses of the track bed in the subway
detected by the ultra-weak FBG array were collected to determine the similarity characteristics of
structural vibration among different monitoring zones. The quantitative results indicated that the
proposed method can effectively quantify and distinguish the vibration similarity related to the
physical location of structures.

Keywords: similarity measure; subway tunnel; distributed vibration; feature extraction; autoencoder;
ultra-weak FBG

1. Introduction

Over the past decades, with the rapid development of rail transit infrastructure in China,
the operation safety and security of subway systems have attracted much attention. According to
the recent research progress of distributed optical fiber-sensing technology [1–7], the requirement for
time- and space-continuous monitoring for the geotechnical underground structures [8] has gradually
become feasible. Comparisons between various commonly used sensors for underground structure
monitoring were reported in [9,10], which revealed that the ultra-weak fiber optic Bragg grating (FBG)
array [11] can be used for both static and dynamic measurements [12–14]. In the field of dynamic
measurement, it was reported that the distributed vibration detected by the ultra-weak FBG array
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can be applied to track train and identify incursion [10,15]. Moreover, the change of the structural
vibration responses usually reflects the evolution of the structure state to a certain extent. A wide
range of research reports concerning the vibration-based structural condition assessment can be found
in [16–19]. Compared with ground transportation, the daily operation of underground trains is of
obvious regularity. For example, the speed of trains in each travel zone always follows the operation
schedule, and the number of passengers does not change suddenly within a certain period due to
commuting habits. Moreover, the temperature and humidity fields of underground infrastructure are
relatively stable due to the management measures of tunnel ventilation. Therefore, it can be assumed
that the structural vibration responses corresponding to the excitation of multiple passing trains
in a certain structural state should be stable and similar. With the support of distributed vibration
monitoring adapted to the long-distance underground structures, it is possible to quantify the structural
status by measuring the similarity of structural vibration responses for a specified monitoring area
under different stages and this is the research motivation of the paper.

The vibration responses of subway tunnel structures can be regarded as a collection of typical
one-dimensional time-series signals. The similarity measure between time series can often be converted
to measure the distance between vectors. The Euclidean distance (ED) [20] and its variants based
on common Lp-norm [21] are the most straightforward methods for similarity measures of such
one-dimensional time-series. However, there is a slight difference in the length of duration in the
vibration responses excited by each train passing through the monitoring area, making the ED and
its variants unable to directly perform the similarity measure for unequal-length sequences. Even
when dealing with equal-length vibration signals, these methods are susceptible to noise and time
misalignment and are unable to deal with local time-shifting. Dynamic time warping (DTW) [22] is
an option to overcome time-shifting, which allows a time series to be either stretched or compressed
to provide a better match with another time series. Therefore, it can be used to handle similarity
measures between inconsistent length sequences. Another group of similarity measures suitable
for processing unequal-length time series is developed based on the concept of the edit distance for
strings [23]. Compared with DTW which only considers the constrain bandwidth, the similarity
measure based on the edit distance requires tuning more parameters [24–26] to find the most similar set
of matching patterns. It is reported [15] that the data amount is huge for vibration responses detected
by ultra-weak FBG of each monitoring area under the excitation of passing trains. This often results in
high time complexity and is expensive in terms of processing and storage costs to directly use the above
methods to perform a similarity measure on the raw format of high-dimensional vibration responses
of underground structures. Furthermore, it is difficult to completely avoid random outlier interference
during data collection and transmission. Therefore, the results of the similarity measure based on any
algorithm may significantly deviate from expectations if the raw signals are not carefully wrangled.

Feature extraction should be the most intuitive idea to solve the above problems. It can
improve the effectiveness and efficiency of the similarity measure by maintaining the characteristics
of the original signal in a smaller dimensionality. Compared with principal component analysis
(PCA) [27], linear discriminant analysis (LDA) [28] and other linear feature extraction methods,
manifold learning [29], restricted Boltzmann machine (RBM) [30], autoencoder (AE) [31], as typical
representatives of non-linear feature extraction methods, can retain much richer sample features of
high-dimensional vibration signals. High computational complexity is the bottleneck of manifold
learning based on local domain classification and its feature extraction process is sensitive to noise [32].
Therefore, this method is not suitable for extracting the characteristics of the vibration responses of
underground structures that cannot avoid noise interference. RBM and its derivative deep belief
network [33] use the probability distribution rather than the real-valued sequence to express the
characteristics of the hidden layer. These two methods for dimensionality reduction are not suitable
for the similarity measure of real-valued sequences. The training of AE resembles that of the RBM.
However, models of AE can be easier to train than that of RBM with contrastive divergence and are
thus preferred in contexts where RBM training is less effective [34]. Adding a denoising process makes
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AE models substantially more robust to input variations or distortion, causing the deep network
formed by a stacked denoising autoencoder (SDAE) with higher accuracy than that of the stacked
autoencoder (SAE) [35,36]. Thus, the SDAE network is used to achieve feature extraction before the
similarity measure in this paper. In the following second section, the implementation process of the
proposed similarity measure is introduced in combination with typical one-dimensional datasets in the
public UCR (University of California, Riverside) time-series data archives [37]. This part also illustrates
the metrics used to evaluate the effectiveness of feature extraction and similarity measure. After that,
based on the ultra-weak FBG vibration response of the actual underground structure, the feasibility
and significance of the proposed similarity measure method in engineering are discussed.

2. Methodology and Implementation of Signal Similarity Measure

2.1. Overview of the Procedure for Signal Similarity Measure

As shown in Figure 1, the proposed method and performance test constituted the processing flow
for the similarity measurement of one-dimensional time-series signals. The method in the left part of
Figure 1 contained dimensionality reduction of the original sequence through feature extraction based
on the SDAE network and distance measurement for the extracted feature sequences of equal length
through the improved DTW algorithm. The silhouette coefficients and one nearest neighbor (1-NN)
classifier in the right part of Figure 1 were used to evaluate the performances of feature extraction and
distance measure, respectively.

Figure 1. Similarity measurement and evaluation process.

For the general time series involving the similarity measure, the need for dataset partitioning
and the purpose of each divided dataset are shown in Figure 2, which primarily included two parts,
namely, the unsupervised learning through the SDAE network and the supervised learning through the
1-NN classifier. Since the cost of collecting and processing the distributed high-dimensional vibration
responses is often expensive or even prohibitive, two datasets with data labels (CinCECGTorso and
SemgHandMovementCh2 [38]) were selected from the UCR time series archives to help explain the
implementation process. The two selected datasets have moderate sample sizes and relatively long
sequence lengths, ensuring the operation feasibility of dimensionality reduction based on the SDAE
network under acceptable computing overhead. Moreover, both the selected datasets and the vibration
of interest face some negatives in common, such as redundant information and outliers, which should
be overcome when measuring the similarity of sequences, although their appearance and type are
varied. The default training set and test set ratio of each dataset in UCR databases are different.
For each of the selected raw datasets used for the subsequent research, we first merged the training and
test sets, then shuffled the samples, and finally set a uniform split ratio to form datasets A and B. Table 1
shows the final processing results, in which the ratio of datasets A to B was three. Note that other
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partitioning ratios were also acceptable as long as the dataset to be partitioned had a sufficient sample
size to ensure corresponding algorithm training. The Python packages Tensorflow and Keras, as well
as their libraries [39], were utilized to establish the SDAE network and calculate different distance
metrics, in which the operation of the 1-NN classifier that can choose different distance measurement
methods referred to in the work by Regan [40].

 

Figure 2. Functions of the dataset used for similarity measurement during implementation.

Table 1. Experimental datasets for validation method.

Name of Datasets Sequence Length Size of the Dataset A Size of the Dataset B Number of Labels

CinCECGTorso 1639 1050 350 4
SemgHandMovementCh2 1500 675 225 6

2.2. Feature Extraction Based on Stacked Denoising Autoencoder (SDAE) Network

As shown in the left part of Figure 2, feature extraction was primarily based on unsupervised
training to shorten the sequence length in the second column of Table 1. Here, labels were just a
supplement to fine-tune in the second training stage of the SDAE network, which was generally
stacked by multiple three-layer DAE models. Figure 3 shows the structure of a typical SDAE network,
which was formed by stacking three sub-DAE networks. Because the noise was actively added to the
input data, hidden layers in such networks can retain more robust sample features during the learning
process [41]. Here, greedy layer-wise training [42] that can boost the network learning efficiency
was a preferred solution to conduct the pre-training process. In the first stage of feature extraction,
the initial features of the input sample can be forcibly extracted through the unsupervised learning
network. To obtain a better feature extraction effect, labels of the input sample were used to establish a
classification output layer to perform a supervised training. Thereafter, a feature extraction model
based on the SDAE network can be obtained through training the dataset A in Table 1. When a new
sample dataset B was fed into the trained model, the feature representation of the last hidden layer can
be regarded as reduced-dimensional features of the original input.
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Figure 3. Schematic diagram of the stacked denoising autoencoder (SDAE) network stacking process.

2.3. Dimensionality Reduction Evaluation with Silhouette Coefficients

Through the above processing, a sequence having a length shorter than that of the original
sequence listed in the second column in Table 1 can be obtained. It was straightforward that the effect
and rationality of dimensionality reduction needed to be evaluated, indicating that the hyperparameter
settings of the SDAE network should be assessed. Ideally, the feature vector generated due to
dimensionality reduction should be able to represent the category information of the original sample to
the greatest extent, namely, good feature extraction results should make the dimensionality reduction
sequences belong to the same category closer, and the distance between the dimensionality reduction
sequences belong to different categories farther. Silhouette coefficients [43] described as Equation (1)
provide a single value measuring both the above two traits.

si =
bi − ai

max(ai, bi)
(1)

where si is the silhouette coefficient for observation i, ai is the mean distance between i and all
observations of the same class, and bi is the mean distance between i and all observations from the
different classes. Silhouette coefficients range between−1 and 1, with 1 indicating dense, well-separated
different categories. Therefore, the mean silhouette coefficient for all observations can be used to
evaluate the impact of the selection of various key hyperparameters on the performance of feature
extraction based on the SDAE network for the two UCR datasets in Table 1. The operation based
on grid search [44] combined with cross-validation [45] can guarantee to find the most accurate set
of hyperparameter settings within a specified range, but it required iterating through all possible
parameter combinations, which was very time-consuming in the face of large datasets and multiple
parameters of interest. Another feasible option was to optimize the hyperparameter set step by
step. Considering the characteristics of the SDAE network, the key hyperparameters that are usually
concerned are the number of network layers, the number of hidden layer nodes, and the noise level [41].
As shown in Figure 4, the number of hidden layers of the SDAE network can be firstly determined
by the mean silhouette coefficient. Here, in the training process, the adaptive moment estimation
optimizer [46] was used to search the right learning rate automatically, and the maximum number of
training epochs can be controlled based on the early stopping [47] technique. Other hyperparameters
under the different number of hidden layers were derived through trial-and-error under the control
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of maximum number of training epochs and minimum reconstruction errors. As shown in Figure 4,
when the number of hidden layers of the datasets CinCECGTorso and SemgHandMovementCh2
were set to two and three, respectively, the node number of the last hidden layer that reflected the
dimensionality reduction effect can be further analyzed. Here, the hyperparameter configurations
determined through trial and error in the previous step were used as the initial settings for the next
tuning step and the key hyperparameter determined in the previous step remained constant in the
subsequent tuning step. As shown in Figure 5, the number of nodes in the last hidden layer was
expressed as a percentage of the original sequence length. After the number of hidden layers and
the number of nodes in the last hidden layer were determined in turn, the reasonable value of the
denoising coefficient [48] in the input layer of the SDAE network can be discussed. Figure 6 gave the
relationship between different denoising coefficient and corresponding silhouette coefficient based
on the tuning strategy of hyperparameters mentioned above. Hence, based on the hyperparameters
determined by the maximum mean silhouette coefficients, the network structures of the SDAE for the
two selected datasets used to obtain the dimensionality reduction sequences can be established.

Figure 4. Mean silhouette coefficients at different number of hidden layers.

Figure 5. Mean silhouette coefficients at different reduction dimensionality.

Figure 6. Mean silhouette coefficients at different denoising coefficients.
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After the above step-by-step tuning of hyperparameters, the optimal mean silhouette coefficients
of the datasets CinCECGTorso and SemgHandMovementCh2 with the feature extraction dimensions
reduced to 20% of the original sequence length were 0.455 and 0.432, respectively. Figure 7 further
shows that the capability of SDAE-based feature extraction was significantly better than that of other
methods, although all the silhouette coefficient results did not exceed 0.5. Here, various comparison
methods maintained a unified feature dimension reduction scale. Therefore, the SDAE network
training process used for feature extraction for dataset B listed in Table 1 in this section was the premise
for the subsequent similarity measure of reducing dimensionality sequences.

 
Figure 7. Comparison of different dimensionality reduction methods.

2.4. Distance Measure Based on Improved Dynamic Time-Warping (DTW) Algorithm

Since the features were extracted as dimensionality reduction sequences of equal length, the impact
of high time complexity and low calculation efficiency can be effectively avoided when measuring
distance based on the DTW algorithm. Although the reported window-based constraint methods have
some positive effects on avoiding the DTW’s matching path from falling into the suboptimum under
certain circumstances, improvements against the influences of undesired warping [49] still deserve
attention. Based on the DTW with a constraint of Sakoe–Chubaband [50] (hereinafter abbreviated as
SDTW), warping offset distance (dWOD) was defined in the proposed improved DTW algorithm to
further mitigate the effects of undesired warping. The defined dWOD was the area between the optimal
matching path and the diagonal path under the SDTW algorithm. As shown in Figure 8, these two paths
were derived from the distance matrix D of two equal-length sequences after feature extraction, and the
dWOD described in Equation (2) can be shown as the cumulative sum of the differences between each
point on the optimal matching path and each corresponding point to the unbiased state. By aligning
the feature points of two sequences processed by the SDAE network, this method not only ensured that
the matching path can recognize the slight warping of the time axis but also realized the constraint on
the length of the matching path. Detailed definition of the distance matrix of DTW and the searching
method of the optimal matching sequence based on dynamic programming can be found in [51]:

dWOD =
m∑

i=1

∣∣∣wi − dia(i)
∣∣∣ (2)

where wi and dia(i) represent the i-th point in the optimal matching path and the i-th point in the
diagonal of the distance matrix D, respectively. The sum of dWOD and the distance based on the SDTW
(dSDTW) was used as the distance metric of the improved DTW algorithm in Equation (3) and therefore
dsimilarity was regarded as the result of the similarity measure:

dsimilarity = dSDTW + dWOD (3)
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Figure 8. Warping offset distance expressed by the diagram of the DTW distance matrix.

2.5. Similarity Measure Evaluation with One Nearest Neighbor (1-NN) Classifier

The bandwidth r defines the constraint range of the matching path in the distance matrix and
suppresses the influence of undesired convergence in the matching path [52]. Because there was
a correlation between the defined warping offset distance and the SDTW algorithm, as well as the
SDTW-based distance and the constraint bandwidth r, different r not only affected the optimal matching
path of the SDTW but also led to the change of dsimilarity. The r determined the efficacy of the proposed
similarity measurement method. It was reported that the 1-NN classifier on labeled data was a feasible
way to evaluate the efficacy of the selected distance metric and its classification accuracy directly
reflected the effectiveness of the similarity measure [53]. Moreover, the 1-NN classifier can be used to
search for a proper r and the idea was to train a labeled dataset with different bandwidth constraints
based on two distance metrics dSDTW, dWOD, respectively. Then, two sets of classification error rates
ESDTW(r) and EWOD(r) at different r through the 1-NN classifier model can be derived. We defined
ESUM as the sum of ESDTW(r) and EWOD(r) and the constraint bandwidth r that minimized ESUM was
considered to be the appropriate choice for calculating dsimilarity.

Figure 9 depicted the possibly typical variation of ESUM at different r. For cases I and IV, it was
easy to determine the appropriate r based on the minimum ESUM. For case II, it can be considered
that the constraint bandwidth did not affect the distance measured by the SDTW algorithm, and the
first r corresponding to the minimum can be seen as the candidate. For the situation in case III that
multiple candidate values within the convergence region corresponded to the same minimum value
ESUM, the median of these candidate values was selected as r. Here, the general rules for determining
and adjusting the preset range for r can refer to [52].

According to the data-processing procedure in the right part of Figure 2, the dataset B listed in
Table 1 was further divided into sub-training and sub-test sets after the dimension reduction through
the SDAE network. The dataset information used for the supervised learning of the 1-NN classifier
was given in Table 2. Here, the sample size of the test set was made significantly larger than that of
the training set according to the ratio commonly adopted in the dataset sheet of UCR archives [38].
First, the best r was searched based on the training results of the 1-NN classifier under two distance
metrics. Figure 10 showed the variation of the classification error rate ESUM of two datasets with
respect to r after the dimensionality reduction in Table 2, and r for datasets of CinCECGTorso and
SemgHandMovementCh2 should choose 2 and 3, respectively. Next, the defined dsimilarity under the
specified r was used as the distance metric of the 1-NN classifier to perform supervised training on
the sub-training set. Also, other distance metrics can be applied in the 1-NN classifier to train the
sub-training set. Furthermore, the performance evaluation of the similarity measure can be transformed
into a comparison of the classification error rate of the 1-NN classifier under different distance measures.
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The generalization capacities of the 1-NN classifier with different distance metrics were compared in
Figure 11 for the sub-test set by the classification error rate. The bar distribution reflected that the
distance based on the improved DTW had lower classification error rates for the two sub-test datasets
than that of the other distance measure functions, which also meant that the proposed distance metric
was more suitable for similarity evaluation.

 
Figure 9. Typical variation of the sum of classification error rates at different constrains.

Table 2. Datasets for searching the constraint bandwidth and evaluating the distance metrics.

Name of Datasets Sequence Length Size of the Sub-Training Set Size of the Sub-Test Set Number of Labels

CinCECGTorso 164 50 300 4
SemgHandMovementCh2 150 25 200 6

Figure 10. Variation of the defined error of two datasets with different constraint bandwidths.

 
Figure 11. Performance comparison of 1-NN classifier under different distance metrics.
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3. Similarity Measurement for On-Site Vibration Monitoring

3.1. Vibration Sequences Acquisition and Preparation

As shown in Figure 12, the regular moving loads caused by subway trains can be regarded as a
vibration source. Owing to such excitation, the surface waves propagate omni-directionally on the
ground. Because the surface wave couples to the track bed and subway rail, a distributed sensing optic
fiber mounted beside the rail along the on-site monitoring area can detect the vibration and can be
used to establish the vibration database for each monitoring zone. Figure 13 showed part of the actual
engineering scenario in the subway tunnel. The monitoring area of interest covered three underground
stations with a total length of nearly three kilometers. According to the spatial resolution of the sensing
optic fiber and the on-spot layout of the tunnel structure, more than 500 vibration regions along the
track bed can be distinguished based on the interrogated address of the light interference [54]. Here, the
repeatability of the demodulator was revealed in [55] and the layout of the monitoring system can refer
to [15]. When a train passed, the real-time vibration response triggered in each monitoring zone was
fully transmitted back to the platform monitoring center at a sampling rate of 1 kHz and processed by
the demodulator and servers. Therefore, the database of vibration response caused by passing train
can be established for each monitoring zone and the location code of the monitoring area can be used
as a unique label of each vibration sequence database.

Figure 12. The processing sketch from ultra-weak fiber Bragg grating (FBG) array to
distributed vibration.

 

Figure 13. Field layout of ultra-weak FBG sensing cable used for detecting distributed vibration.

Figure 14 demonstrates the typical vibration responses of a track bed area due to a passing subway
train. The triggered vibration responses of each monitoring area automatically recorded due to the
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passing of the train were basically within 12 s [15]. The characteristics of the vibration response were
mainly composed of pulses with a duration of about 9 s caused by the axle weight. To meet the
requirement that the node number of the input samples in the SDAE network must be consistent,
the main vibration characteristics caused by the action of the train axle in each sample were retained.
The sampling points at both ends of the vibration response were then truncated to match the minimum
sequence length of the vibration response. Finally, min-max normalization [56] was used to normalize
all the vibration amplitudes to the range of 0~1, which can boost a better learning efficiency for the
SDAE network.

Figure 14. Typical vibration response of a monitoring zone caused by a passing train.

3.2. Result Analysis and Discussion

Considering the processing power of current experimental hardware that was composed of a
graphics processing unit (GPU) core (GTX 1080 Ti) with twelve 2.20 GHz processors (Intel Xeon
E5-2650 v4), we collected the distributed vibration responses caused by 100 passing trains within 2 h in
the subway, aiming at three randomly selected monitoring zones labeled #130, #135 and #145 to perform
similarity measurement through training the SDAE network and searching the optimal constraint
bandwidth. The three selected zones belong to the common track bed in the same traveling area
and the ultra-weak FBG sensors used to detect vibration were installed with the consistent craft [15].
First of all, all samples were truncated into the sequence with 10,000 dimensionalities and processed
by the min-max normalization. Based on the step-by-step parameter tuning, the most appropriate
SDAE network structure assessed by the silhouette coefficient is shown in Figure 15, which set the
denoising coefficient to 0.2, contained 5 hidden layers and reduced the input length from 10,000 to
600. The constraint bandwidth was then set to 13 by the 1-NN classifier training. For each set of
candidate hyperparameters, it took approximately 2–2.5 h to perform the task on feature extraction
and bandwidth search of the 100 groups of datasets of the three monitoring zones.

Figure 15. Hidden layers schematic of the SDAE network used for processing vibration responses.
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After completing the two-step training of feature extraction of the SDAE network and distance
measurement of the improved DTW algorithm, the established model can be applied to calculate the
similarity of new samples. In another subway operation period, three groups of vibration responses of
the #130, #135, and #145 monitoring zones caused by passing trains were collected and used to verify
the proposed method of measurement similarity.

Figure 16 shows similarity measures between two vibration sequences related to the monitoring
zone and the passing train. The left side of the dotted boundary in the bar graph displays the similarities
between each pair of vibration responses of the same monitoring zone under different passing trains,
while the right side of the boundary shows the similarities of different monitoring areas passed by
the same train. Here, the subscripts A, B, and C of the monitoring area numbers in each bar column
indicate the different passing trains, and two related monitoring area labels for measuring distance are
connected by the symbol ‘&’. Obviously, the threshold of the two comparison types represented by
the distance derived from the improved DTW algorithm can be identified, and it was about 800 με.
The distance unit here depended on the vibration signal denoted by the strain-induced phase variation
between two ultra-weak FBGs [10]. Because the results in the left part of Figure 16 are all below the
threshold, it is quantitatively revealed that the similarity of the vibration response at the same physical
location in the underground structure is significantly higher than the measurement results between
different locations. Moreover, by using the mean distance based on the improved DTW algorithm,
the similarities for monitoring zones #130, #135 and #145 can be determined as 700 με, 656 με and
756 με, respectively. The quantitative outcomes based on distance measure not only indicated that
the similarity of the structural vibration changed with the location of the underground structure
but also revealed that the proposed method can effectively quantify and distinguish such similarity
difference. Hence, the condition change of the surrounding structure and environment can be tracked
by similarities of structural vibration detected by distributed ultra-weak FBG array.

Figure 16. Similarity comparison based on the improved DTW distance.

4. Conclusions

This study proposed a similarity measure method to quantify the distributed vibration responses
of underground structures, which involved feature extraction by the SDAE network and distance
measurement by the improved DTW algorithm. Combining two datasets of one-dimensional time
series from UCR archives, the detailed implementation processes for the similarity measure were
introduced, and the advantages of feature extraction and distance measure in the proposed method
were revealed according to algorithm comparisons. Considering the current processing capabilities of
the experimental hardware, the size of the field dataset used to train the SDAE network was limited,
but the subsequent experimental outcomes on distance measure still agreed well with the expected
cognition. The prediction results of similarity based on the modeling of 100 groups of vibration
sequences in three monitoring zones on the subway site demonstrated that the vibration similarity
of the same monitoring zone was significantly higher than that from different ones. Moreover, the
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similarities of distributed vibration closely related to the physical location of the underground structure
can be distinguished effectively by the improved DTW distance, demonstrating that the proposed
method assisted with the distributed vibration detected by the ultra-weak FBG array is promising for
quantifying structural status and locating structural anomalies.
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Abstract: Scour is a hydraulic risk threatening the stability of bridges in fluvial and coastal areas.
Therefore, developing permanent and real-time monitoring techniques is crucial. Recent advances in
strain measurements using fiber optic sensors allow new opportunities for scour monitoring. In this study,
the innovative optical frequency domain reflectometry (OFDR) was used to evaluate the effect of scour by
performing distributed strain measurements along a rod under static lateral loads. An analytical analysis
based on the Winkler model of the soil was carefully established and used to evaluate the accuracy of the
fiber optic sensors and helped interpret the measurements results. Dynamic tests were also performed
and results from static and dynamic tests were compared using an equivalent cantilever model.

Keywords: distributed measurements; fiber optic sensors; scour; soil-structure interaction; winkler
model; equivalent length

1. Introduction

Bridge scour occurs when flowing water erodes sediments around bridge supports, more precisely
piers and abutments. When scour depth reaches a critical value, the stability of the bridge is threatened
which may lead to its collapse. Therefore, it is crucial to develop monitoring techniques capable of assessing
scour depth in order to anticipate this hydraulic risk. Over the last twenty years, scour monitoring
technologies have evolved significantly. Beginning with the use of traditional geophysical instruments
such as radar [1] and sonar [2] to developing new sensors [3] and the use of more sophisticated tools such
as fiber Bragg grating sensors [4], scour monitoring is an ongoing topic of research.

Over the past few years, the effect of scour on the static response of single piles has gained interest
and has been reported by several studies: Lin et al. [5] studied the effect of scour on the response of
laterally loaded piles considering the change of stress of the remaining sand. Qi et al. [6] investigated the
effect of local and global scour on the p-y curves of piles in sand using various centrifuge model tests.
These studies showed that scour induces changes in the response of laterally loaded piles. However, the
use of those changes to determine scour depth is still limited. An example of those uses is provided in [7]:
A scour sensor was equipped with fiber Bragg grating (FBG) sensors. The monitoring system consists of a
cantilever beam equipped with FBG sensors having different wavelengths and placed at various heights.
The sensor operates on the principle that as long as a FBG sensor is embedded in the soil, the registered
value of strain at the sensor location is negligible. Once scour occurs, the FBG sensor emerges and is
subjected to water flow. Consequently, the measured value of strain increases. Thus, knowing the height
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of the sensors having registered the variation of strain, scour depth can be determined. A major limitation
of this scour sensor is that FBG sensors can only perform quasi-distributed monitoring and their number
along the fiber is limited [8].

The dynamic monitoring of scour has also become increasingly important in recent years. Many
authors suggest monitoring the modal parameters of the structure itself (i.e., spans or piers) [9–11]. Other
authors suggest monitoring the vibration frequency of sensors rods embedded in the riverbed [4,12].
A numerical model, based on the Winkler theory of the soil, is then usually used to establish a relationship
between the measured frequency and scour depth. One of the main challenges of the dynamic monitoring
technique is the difficulty in evaluating the modulus of subgrade reaction Ks through a rational and
methodical approach. The value of Ks depends not only on the Young modulus of the soil Es, but also on
various geometric and mechanical parameters of the structure itself.

In this study, the effect of scour on both the static and dynamic responses of a rod/sensor is studied.
The optical frequency domain reflectometry (OFDR) technique is used to measure strain to overcome the
limitations of FBG sensors. OFDR technology enables measuring strain along structures with millimeter
level spacial resolution. A rectangular rod was instrumented along its length with a distributed fiber optic
strain sensors (OFDR). The rod-sensor was then tested under static lateral loads for different scour depths.
These tests were conducted under tension and compression to make sure that the results are independent
of the testing configuration. An analytical model, based on the Winkler soil model was then developed to
help in static results interpretations. The key parameter of the proposed model is the modulus of subgrade
reaction Ks. In this study, its value was determined from Ménard tests and was further confirmed with the
fiber optic measurements. Dynamic tests were also conducted in the same testing conditions. Finally, an
equivalent cantilever model is proposed in order to compare the static and dynamic approaches used in
this study.

The paper starts with a description of the experimental protocols for static and dynamic tests. A second
part highlights the main results of this study and presents the analytical model for the static experiments.
A third part introduces introduces a simplified cantilever based model which allows modeling the
soil–structure interaction for static and dynamic experiments.

2. Theoretical Formulation

The Winkler approach [13–15] was used to model the static experimental tests. According to this
approach, it is assumed that the beam is supported by a series of infinitely closed independent and elastic
springs. The governing equation of a laterally loaded beam, partially embedded in the soil, is expressed
by Equation (1): ⎧⎪⎨

⎪⎩
Eb Ib

d4w(z)
d4z

= 0 for z ∈ [−a, 0],

Eb Ib
d4w(z)

d4z
+ Ksw(z) = 0 for z ∈ [0, D],

(1)

where Eb and Ib are the Young modulus and the cross section moment of inertia of the beam respectively,
w(z) the lateral deflection of the beam, Ks the modulus of subgrade reaction of the soil, a the eccentricity
of the load F and D the embedded length of the beam (see Figure 1).

If Ks is constant along the depth, the general solution of this set of equations is given by:⎧⎪⎨
⎪⎩

w1(z) = a1z3 + a2z2 + a3z + a4 for z ∈ [−a, 0],
w2(z) = e(−z/l0) (a5cos(z/l0) + a6sin(z/l0)) for z ∈ [0, D]

+e(z/l0) (a7cos(z/l0) + a8sin(z/l0)) ,
(2)
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where the characteristic length of the beam is l0 =
(

4Eb Ib
Ks

) 1
4 . It is worth noting that l0 combines mechanical

properties of both the soil and the pile.
For the case of flexible or long piles, as the rod used in this study, positive exponential terms in

Equation (2) are negligible. Consequently a7 = a8 = 0 and only six parameters remain to be determined.
The following notations are used to refer to the bending moment Mi = Eb Ibw′′

i , the shear force Ti = Eb Ibw′′′
i

and the slope θi = w′
i .

By assuming that the displacements are small and that the applied force is strictly perpendicaular
to the beam, boundary conditions on moment and shear force for z = −a can be written:
M(−a) = Eb Ibw1

′′(−a) = 0 and T(−a) = Eb Ibw1
′′′(−a) = F which gives simple relation of a1 and

a2: a1 =
F

6Eb Ib
and a2 =

−Fa
2Eb Ib

. Finally, adding four equations expressing the continuity of displacement

w, slope θ, bending moment M and shear force T at the ground surface z = 0 gives enough constraints:
⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

w1(0) = w2(0)

θ1(0) = θ2(0)

M1(0) = M2(0)

T1(0) = T2(0).

(3)

These conditions can be written as [M]{X} = {A} where:

A =

⎛
⎜⎜⎜⎝

0
0
Fa

Eb Ib
F

Eb Ib

⎞
⎟⎟⎟⎠, X =

⎛
⎜⎜⎜⎝

a3

a4

a5

a6

⎞
⎟⎟⎟⎠

M =

⎛
⎜⎜⎜⎜⎝

0 −1 1 0
−1 0 − 1

l0
1
l0

0 0 0 − 2
l02

0 0 2
l03

2
l03

⎞
⎟⎟⎟⎟⎠.

The solution of the system is:

a6 = − Fl02

2Eb Ib
a, a3 =

F(2a + l0)
2Eb Ib

l0, a4 = a5 =
Fl02

2Eb Ib
(a + l0). (4)

The value of the bending moment along the rod is therefore given by Equation (5):
⎧⎨
⎩M1(z) = Eb Ibw1

′′(z) = Eb Ib(6a1z + 2a2) = F(z + a) z ∈ [−a, 0],

M2(z) = Eb Ibw2
′′(z) = Fexp

(
−z
l0

) (
l0 sin( z

l0
) + a(cos( z

l0
) + sin( z

l0
)
)

z ∈ [0, D] .
(5)

The normal stress induced by the bending moment in the rod at the outermost fibers is given by the
known formulation:

σ = ±M
Ib

× h
2

, (6)
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where
h
2

is the distance from the neutral axis to the outermost fibers. The linear elastic strain along the rod
is then deduced using the Hooke’s law:

ε = ± M
Eb Ib

× h
2

. (7)

Moreover, the expression of the strain along the beam is given by the following equation:

ε =
M

Eb Ib
z,

=
Eb Ib(6a1z + 2a2)

Eb Ib
z = 6a1z + 2a2, for z ∈ [−a, 0]

=
Fexp

(
−z
l0

) (
l0 sin( z

l0
) + a(cos( z

l0
) + sin( z

l0
)
)

Eb Ib
z, for z ∈ [0, D] .

(8)

The positions of extreme strain values verify M′(z) = 0. Therefore, the position of the maximum
strain in the embedded part of the rod zmax is given with Equation (9) and varies with the eccentricity of
the load a and the characteristic length l0:

zmax = l0 arctan
(

l0
l0 + 2a

)
. (9)

3. Fiber Optic Sensing Technology

The sensing technology used to measure strains along the rod is optical frequency domain
reflectometry. OFDR enables measurement along a fiber up to 2 km long, with millimetre level spacial
resolution [16]. The light emitted from a highly tunable laser source undergoes a coupler and is then
divided between two branches: the reference branch and the fiber under test branch. Backscattered lights
from both branches are then combined to create an interference signal. This signal is detected by an optical
detector. The Rayleigh backscattering induced by the random fluctuations in the refractive index along the
fiber length can be modelled as a Bragg grating with random period [17]. As long as the fiber is in a stable
state, the Rayleigh backscattering spectrum remains constant. When the surrounding environment of the
fiber changes due to external stimulus (as strain and temperature), a spectrum shift occurs. This spectrum
shift is expressed using Equation (10):

Δν = Cε × ε + CT × ΔT, (10)

where Δν is the Rayleigh spectral shift, ε the fiber strain, ΔT the temperature variation of the fiber, Cε and
CT are calibration constants. The typical values of the latter parameters for a standard single-mode fiber,
at 1550 nm, are respectively: −0.15 GHz/με and −1.25 GHz/C◦. This strain/temperature dependent
spectrum shift can be determined by means of cross correlation between reference scan (meaning the scan
performed at ambient temperature and null strain state) and measurement scan (when a temperature
perturbation or a strain is applied). Fundamental principles of Rayleigh systems are fully detailed in [18].

In the experimental testing, a fiber optic sensor was glued along the length of the rod (Figure 1).
A two-component Methyl Methacrylate paste was used as an adhesive. The commercially available
optoelectronic optical backscatter reflectometer (OBR) from Luna Technology [19] was used. Th spatial
resolution used during the experiment is 5 mm leading to detailed strain profiles along the rod.
The acquisition time of the fiber optic sensing signal is 5 s, which limits its use to static testing.

134



Sensors 2020, 20, 321

3.1. Experimental Setup

The experimental setup used to perform the static and dynamic tests on the rod is shown in Figure 1.
A rigid tank of dimensions 1 m × 1 m × 1 m was progressively filled with dry sand reaching a final height
of 0.7 m. The static lateral loads were applied by a set of dead weights connected to the rod described in
Section 4.1.1 with a thread passing through a pulley. The static lateral loads were applied with various
eccentricities a. To control the direction, and therefore the value of the lateral loads, the height of the pulley
was adjustable in order to keep the part of the thread connected to the rod always in horizontal position.

Figure 1. Experimental setup of the static and dynamic tests and close up look to fiber optic installation. L
is the length of the beam, with D the embedded length and H the exposed length. a is the exccentricity of
the load to the soil level. The scissors show where the thread has been cut to apply the lateral force.

4. Materials and Methods

4.1. Materials Used

4.1.1. Rod Characteristics

An aluminum rectangular rod having width b = 25 mm, thickness h = 5 mm and length L = 1170 mm
was used. Its bulk density and Young modulus were respectively ρb = 2700 kg/m 3 and Eb = 62.2 GPa.
The rod was instrumented using a fiber optic along its length to measure the strain. Following [20], an
accelerometer was placed at the head of the rod, to record its transient response.
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4.1.2. Soil Characteristics

The static and dynamic tests were conducted using a dry sand of Seine. The mean size of sand
grains was D50 = 0.70 mm and the dry density was ρs = 1700 kg/m3. For soil characterization,
mini-pressuremeter tests were performed. The average Ménard modulus measured in these tests was
Em = 0.5 MPa. The subgrade modulus Ks of the tested soil could then be calculated using the empirical
Equation (11) [21]: ⎧⎪⎪⎪⎨

⎪⎪⎪⎩
Ks =

3Em
2
3 (

B
B0
)( α

2 )(2.65 B
B0
)α

B > B0,

Ks =
18Em

4(2.65)α + 3α
B < B0,

(11)

where Ks is the modulus of subgrade reaction, Em is the Ménard modulus, B is the diameter of the tested
pier or rod, B0 = 0.6 m is the reference diameter and α is a rheological parameter depending on the tested
soil with α = 1

3 for sand. Under these assumptions of parameter values, and given the geometry of the
rod, the measured modulus of subgrade reaction of the tested soil is given by Equation (12):

Es = 1.3 MPa. (12)

4.2. Test Procedures

4.2.1. Static Tests

The rod was tested under static lateral loads. The following section provides a description of the
testing protocol.

Before applying the lateral loads, a reference scan of the fiber optic was performed. A lateral load F
was then applied by adding a set of dead weights. A second scan was performed to measure the resulting
strain along the rod. Scour was generated by the excavation of a 100 mm thick layer of soil. The various
tested configurations are summarized in Table 1. Two loads F1 = 2 N and F2 = 4 N were applied. It is
worthy to mention that even if the applied loads were low, the range of generated strains is similar to the
usual values of strains along piles.

Table 1. List of static tests.

Test Name Embedment Length D (cm) Load Distance from the Tip of the Rod c (cm) Load

D40 − c5 − F1 40 5 F1
D40 − c5 − F2 40 5 F2
D30 − c5 − F1 30 5 F1
D30 − c5 − F2 30 5 F2

D40 − c25 − F1 40 25 F1
D40 − c25 − F2 40 25 F2
D30 − c25 − F1 30 25 F1
D30 − c25 − F2 30 25 F2

The tests presented in Table 1 were first performed with the fiber optic under tension, as it was
glued on the side of the rod undergoing experiencing a positive bending moment. But the performance
of strain sensors may vary due to the testing configuration, e.g., when tested under tension or under
compression [22]. The rod was therefore flipped and similar tests were carried out with the fiber optic
under compression to evaluate its performance in both configurations.
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4.2.2. Dynamic Tests

Free vibration tests were conducted to measure the frequency of the rod for various scour depth.
The following section provides a description of the testing protocol.

The rod was partially embedded in sand. Scour was generated by the progressive excavation of
50 mm thick layers of soil. The embedded length D of the rod varied from 400 mm to 150 mm. For each
scour depth, the thread connecting the rod head to the weight was cut inducing the vibration of the rod in
the X direction (horizontal). The signal recorded by the accelerometer was then post-processed using a fast
Fourier transform (FFT) to measure the first frequency for each scour depth.

5. Results

5.1. Static Testing

5.1.1. Fiber Optic Sensor Performance

The results of the lateral loading tests, for the various configurations presented in Table 1, are shown
in Figures 2 and 3. The strains obtained under tension are referred to with ‘T’ and the ones obtained under
compression are referred to with ‘C’. Figure 2a,b shows the results of tests conducted with the force F
applied at a distance c = 5 cm from the tip of the rod. Figure 3a,b shows the tests for a distance c = 25 cm
from the tip of the rod.
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Figure 2. Strain profiles along the rod under tension ‘T’ and compression ‘C’ provided by the fiber optic for
the load F [(a) F = F1 (b) F = F2] applied at c = 5 cm from the tip of the rod for an embedded length of
D = 40 cm and D = 30 cm.
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Figure 3. Strain profiles along the rod under tension ‘T’ and compression ‘C’ provided by the fiber optic for
the load F [(a) F = F1 (b) F = F2] applied at c = 25 cm from the tip of the rod for an embedded length of
D = 40 cm and D = 30 cm.

It is found that the strain curves obtained with the fiber under compression and tension are similar,
proving that the fiber optic performance is not affected by its configuration here.

The strain profile along the exposed part of the rod (i.e., for z ∈ [−a, 0]) was proven to be independent
of the soil properties. Therefore, the theoretical strain profile is used to evaluate the accuracy of the fiber
optic measurement. Theoretical strain profiles for z ∈ [−a, 0] are computed using Equations (5) and (7),
and compared to the strain measurements with the fiber optic.

As observed in Figures 2 and 3, the experimental and theoretical results are in good agreement. It can
be noted that the measurement error does not exceed 7% which highlights the accuracy of the fiber optic
sensing technology.

5.1.2. Effect of Scour

As shown in Figures 2 and 3, the strain profiles have a turning point near the ground level plotted
with a dashed line. A similar observation was made by [23] who suggested monitoring the maximum
bending moment to estimate scour depth.

The static test results also indicate that as scour increases, the bending moment and strain values
increase as a consequence of a greater eccentricity of the applied force F (due to the higher exposed length
of the beam). However, it can be noted that the effect of scour on the strain profiles is only noticeable near
the ground level. As the depth increases, no variation of strain values with scour is noticed.
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5.1.3. Experimental Strain Profile Versus Theoretical Prediction

The soil layer used during the experiments was modeled using the Winkler model presented
previously. The strain along the rod was then computed using Equations (5) and (7). The value of
the modulus of subgrade reaction Ks was determined from mini pressuremeter tests and its value was
previously established in Equation (12).

Figures 2 and 3 show the comparison between the measured and the theoretical strains along the
rod. The results show a very good agreement between the theoretical strain profile and the experimental
results. These results confirm, on the one hand that its is legitimate to model the soil used in this study as
a single layer having a constant subgrade modulus Ks with depth, and on the other hand the measured
value of the subgrade modulus was also validated as a good agreement was found between the theoretical
and experimental strains.

The theoretical positions of the maximum strain are computed using Equation (9) and summarized in
Table 2. As it can be seen, the theoretical results confirm that the maximum bending moment is near the
ground level for all testing configurations and gives an insight of the parameters that influence its location
which are: the eccentricity of the lateral load a and the characteristic length of the rod l0.

Table 2. Theoretical position of the maximum strain.

Test Configuration zmax (cm)

D40 − c5 0.46
D30 − c5 0.40

D40 − c25 0.62
D30 − c25 0.53

For a given eccentricity a of the lateral load, the variation of zmax position with the characteristic
length l0 can be evaluated by deriving Equation (9):

∂zmax

∂l0
=

2al0
(l0 + 2a)2 + l02 + arctan

(
l0

l0 + 2a

)
≥ 0. (13)

Therefore, as shown by Equation (13), the value of zmax increases with the increase of the characteristic
length l0. For this reason, monitoring scour depth using the position of the maximum bending
moment/strain can not be generalized for all types of soil and rods. To successfully implement this
monitoring technique, it is therefore crucial to carefully design the sensor. The material and geometry in
particular should be chosen according to the soil stiffness in order to decrease the characteristic length l0
and therefore the value of zmax.

6. Discussion

In this section, the equivalent cantilever model is introduced using a static approach.

6.1. Static Equivalent Length

This cantilever has a length Les and a similar deflection to that of the rod partially embedded in sand.
The equivalent length Les therefore corresponds to the free length of the rod in sand H, increased with
a “adjustment static length” d corresponding to the distance between the soil level and the equivalent
cantilever base as shown in Figure 4.
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Figure 4. Definition sketch of the static equivalent length. The subfigure (a) shows the physical problem,
whose static behavior is equivalent to the one of the cantilevered beam of the subfigure (b). L is the length
of the beam, with D the embedded length and H the exposed length. a is the excentricity of the load to the
soil level. z0 is the soil level, and ze the level of the fixed of the cantilevered, equivalent beam.

The methodology of identifying the “adjustment static length” d is detailed hereafter.
First, for each tested configuration, the theoretical model is used to determine the deflection along

the rod in the sand. To this end, Equation (2) is used to compute the deflection w(z = −a) at the point of
force application.

Second, L′ is calculated using Equation (14) derived from the Euler-Bernoulli beam theory.

L′ = 3

√
3Eb Ib

F
× w(−a). (14)

Finally, the position of the base ze of the equivalent cantilever (Figure 4) corresponding to the
“adjustment static length” can then be determined using the following equation:

ze = d = L′ − a. (15)

The previous methodology was applied to the tested configurations and the results are summarized
in Table 3. The results show that for all tested configurations, the “adjustment static length” is
ze = d = 8.4 cm. Therefore, the rod in the sand is equivalent to a cantilever beam having a total length
Les = H + d (d = 8.4 cm), where H the exposed length of the rod and the d the “adjustment static length”.
This result means that for a given range a embedded length, the partially embedded beam can be considered
statically as a cantilevered beam of a higher length, to take into account the embedded length that is
needed to support the beam.

It is worthy to highlight that in the case of a fixed cantilever, the point z = ze = d will also have the
maximum bending moment which is not the case for the rod partially embedded in sand. Previous results
showed that the maximum bending moment is at the ground level.
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Table 3. Position Z of the base of equivalent cantilever.

Test Configuration
Deflection w L′ d

at z = −a (cm) (cm) (cm)

D40 − c5 − (F1&F2) 4.2 80.4 8.4
D30 − c5 − (F1&F2) 6.0 90.4 8.4
D40 − c25 − (F1&F2) 1.8 60.4 8.4
D30 − c25 − (F1&F2) 2.8 70.4 8.4

6.2. Dynamic Testing of the Effect of Scour

The variation of the first frequency with the embedded length D of the rod is shown is Figure 5.
As scour increases, the embedded length D of the rod decreases leading to a decrease of the first frequency
of the rod. A 10 cm scour from D = 40 cm to D = 30 cm caused a 20% variation of the frequency.
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Figure 5. Variation of the first frequency with the embedded length D of the rod.

6.3. Dynamic Equivalent Length

The variation of the first frequency with the exposed length H of the rod was compared to the
the frequencies computed using Equation (16) of a cantilever carrying a tip mass m modelling the
accelerometer [24,25].

f =
1

2π
×

√
3Eb Ib

Led
3(0.24M + m)

, (16)

where m the mass of the accelerometer and M the total mass on the cantilever.
Figure 6 shows that the experimental frequencies are translated against the analytical frequencies of

an equivalent cantilever with a free length Led = H + d′ where Led is the length of the equivalent cantilever,
H the exposed length of the rod and d′ the “adjustment dynamic length” [26]. The latter, Hc, is determined
graphically by shifting the experimental frequency curve to fit the theoretical one (the dotted curve in
Figure 6). A good agreement with the theoretical frequencies is obtained for Hc = 8.4 cm.
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Figure 6. Variation of the first frequency with the exposed length H of the rod.

The comparison between the two adjustment lengths d and d′, determined with the static and dynamic
approaches, shows that its value is the same for both methods. Therefore, in our testing conditions,
the soil-structure interaction can be simplified by the proposed cantilever model.

7. Conclusions

The present study focused on the effect of scour on the static and dynamic responses of a rod partially
embedded in sand. Distributed strain measurement using OFDR technique provided a detailed strain
profile along the rod. A theoretical formulation was developed using the Winkler model of the soil and
compared to the measured experimental values. The errors did not exceed 7% highlighting the accuracy
of the OFDR. The static tests results also showed that the fiber optic sensor performed identically under
tension and compression which is crucial when the rod will be deformed by the flow.

In order to monitor scour, the turning point of the strain profile was used to identify the ground level.
The theoretical model provides insight of the parameters influencing the maximum stain position along
the rod, which are: the lateral stiffness of the soil, the Young modulus and the inertia of the tested rod.

The results also showed that the effect of scour on the strain level is only noticeable near the ground.
As scour increases, the value of the strain increases along the first layer of the soil. However, no significant
variation was detected for greater depth.

Regarding the dynamic tests, the results showed that the first frequency of the rod decreases
significantly with scour depth. Finally, an equivalent cantilever model was proposed for both static
and dynamic tests. This model correlates both the natural frequency and the deflection of the rod to its
exposed length.
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Abbreviations

The following abbreviations are used in this manuscript:

a Load eccentricity from the soil (m);
b Width of the rod (m);
c Distance of the lateral force from the tip of the rod (m);
d Adjustment static length (m);
d′ Adjustment dynamic length (m);
D Embedded length of the rod (m);
D50 Average grain diameter (mm);
Eb Young modulus of the rod (MPa);
Em Ménard modulus of the soil (MPa);
Ks Modulus of subgrade reaction (MPa);
f First frequency (Hz);
h Thickness of the rod (m);
H Exposed length of the rod (m);
Ib Inertia of the rod in the vibration direction (m4);
L Total length of the rod (m);
Les Equivalent static length (m);
Led Equivalent dynamic length (m);
M Mass of the rod (kg);
m Mass of the accelerometer (kg);
S Section of the rod (m2);
α Rheological parameter of the soil (-);
ρs Bulk density of the soil (kg.m−3);
ρb Bulk density of the rod (kg.m−3);
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Abstract: Following the significant improvement in their properties during the last decade, Distributed
Fiber Optics sensing (DFOs) techniques are nowadays implemented for industrial use in the context
of Structural Health Monitoring (SHM). While these techniques have formed an undeniable asset
for the health monitoring of concrete structures, their performance should be validated for novel
structural materials including Ultra High Performance Fiber Reinforced Cementitious composites
(UHPFRC). In this study, a full scale UHPFRC beam was instrumented with DFOs, Digital Image
Correlation (DIC) and extensometers. The performances of these three measurement techniques in
terms of strain measurement as well as crack detection and localization are compared. A method for
the measurement of opening and closing of localized fictitious cracks in UHPFRC using the Optical
Backscattering Reflectometry (OBR) technique is verified. Moreover, the use of correct combination
of DFO sensors allows precise detection of microcracks as well as monitoring of fictitious cracks’
opening. The recommendations regarding use of various SHM methods for UHPFRC structures
are given.

Keywords: crack detection; crack opening; distributed fiber optic sensors; DIC; UHPFRC; testing;
SHM; microcracking

1. Introduction

To tackle the challenges that are in front of civil engineering—such as reduction in carbon
footprint with optimized design, proper allocation of scarce resources through the use of engineered
structural materials or extension of service duration thanks to deeper understanding of performance of
structures—up-to-date methods should be used.

From the construction material point of view, such a developing technology is the Ultra High
Performance Fiber Reinforced Cementitious composite (UHPFRC). It allows for design of refined
and more slender structures as well as reinforcing and upgrading existing ones. To fully master its
performance on both micro- and macroscopic levels, new measurement techniques are needed.

Such a possibility is given through the development of Distributed Fiber Optics (DFO) sensing
techniques. The DFOs, used mostly in the automotive and mechanical industry, have recently
found place in the civil engineering field. During the last decade, Fiber Optics (FO) sensors became
increasingly popular in Structural Health Monitoring (SHM), and now, they are the second most used
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sensing technology in this field [1]. These sensors are small-sized, lightweight and resistant to both
chemical degradation and electromagnetic interference. In the past few years, it was demonstrated
by numerous researchers that DFOs can be used for measurements of strain and crack opening in
ordinary reinforced concrete [2–5] and fiber reinforced concrete [6]. Still, the verification of usefulness
of this SHM for UHPFRC is missing, especially considering the unique behavior of this material under
tensile action.

For UHPFRC structures, the photogrammetry with digital image correlation (DIC) is now a
well-established technique to track and measure cracks [7–9]. However, there were not any attempts to
monitor crack propagation and measure crack opening using the DFO sensing techniques in UHPFRC
structural elements. Schramm and Fischer [10] tested a slab element and a prestressed beam. For the
slab without rebars, the externally glued DFOs were able to detect the apparent strain peaks due to
microcracking. However, no estimation of crack opening was done. In cases of beam elements under
shear action, the pattern of fictitious cracks was observed using DIC. The DFOs were glued on the steel
rebars and used to detect the stress peaks in the reinforcement (stirrups) near these fictitious cracks.
Similar instrumentation, with DFOs on the rebars and DIC on the surface, was used for investigation
of the stress transfer between UHPFRC and reinforcement by others [11]. The DFOs sensors were
employed for SHM of a UHPFRC bridge [12] but without attempt to detect discontinuities.

This paper presents results of an experimental validation of the use of DFOs to detect and measure
discontinuities in UHPFRC structures. The full-scale beam is instrumented with DFOs, DIC and
extensometers in order to compare their crack monitoring features. The results are discussed from
structural and material points of view, with an outlook for the possible use of DFOs for Structural
Health Monitoring of UHPFRC structures.

2. Materials and Methods

2.1. Distributed Fiber Optics Sensing for Discontinuity Monitoring

Recently, DFO sensors were especially used where an urgent need of high number of sensing points
appeared. The difference between these systems and traditional long gauge or point sensors is their
ability to provide distributed measurements, and thus, simultaneously local and global information [13].
Measurement systems are composed of an interrogator and an optical fiber playing the role of a sensor.
These sensors are either embedded into new concrete structures or bonded to the surface of existing
ones. Different interrogation units available nowadays are based on the analysis of the Brillouin and
Rayleigh backscattered light over the silica optical fiber. The Rayleigh-based systems can perform
distributed strain measurements with higher spatial resolutions (<1 cm) than Brillouin-based systems
which, on the other hand, can interrogate larger distances (>100 km).

The DFOs techniques can be used not only to measure strains but also to detect, localize and measure
cracks of small openings. DFO sensors allow achieving of an accurate, reliable and quasi real-time crack
detection and characterization in concrete structures. They contributed to the detection and localization of
cracks in the massive structures, showing supremacy over the short and long gauge sensors (Figure 1a).
Actually, any type of discontinuity in the host material, like a crack, can cause a strain localization
propagating through the optical fiber layers up to the core of the optical fiber (Figure 1b).

There are numerous studies on the use of DOFs for detection of crack formation. The sensors,
based on measuring losses with Optical Time Domain Reflectometry technique [3–5,14–16], were very
limited in practical applications. Similarly, those based on Brillouin backscattering [6,17–20] were
limited due to their low spatial resolution, affecting their strain sensing accuracy around a crack in the
concrete material [21,22]. In fact, the complicated strain distribution and its rapid variation within the
spatial resolution decreases the strain measurement accuracy [23]. Later on, Optical Backscattering
Reflectometry (OBR), based on the Optical Frequency Domain Reflectometry (OFDR) technique,
emerged. This technique, characterized by high spatial resolution, is proven to be capable of detecting
and localizing tiny microcracks in reinforced concrete structures [24]. Different methods were also
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proposed to quantify crack openings from the strain profiles, either based on a combination with finite
element models of the structure [25,26] or on the calculation of the optical fiber elongation by summing
distributed strain gradients [27,28].

Figure 1. Crack detection in concrete using Distributed Fiber Optics sensing techniques; (a) comparison
to traditional sensors, (b) strain transferring between layers.

2.2. Analytical Models Based on Strain Transfer Theories

A distributed optical fiber sensor is an optical fiber surrounded by various protective and adhesive
layers, forming a multilayered strain transfer system. The existence of these intermediate layers leads
to differences in the strain of host material and the strain measured by an optical fiber due to the shear
lag effect in intermediate layers. The problem of strain transfer through an optical fiber sensor has been
studied in the field of short dimensional sensors like Bragg grating or interferometric sensors [29–35].
Indeed, many research works focused on designing discrete sensors with improved strain transfer
efficiency [36] and performing parametric studies of different mechanical and geometrical properties
of multilayered sensors [37].

Since 2012, different analytical and numerical models were proposed [38] to describe the strain
transfer from a discontinuous (cracked) host material. Imai et al. [6] introduced the effect of crack
discontinuity in host material as a Gaussian distribution at the interface with protective coating. Later,
it was assumed that the strain at the discontinuity location is equal to the crack opening over the spatial
resolution of the measurement instrument [39]. Finally, the Crack Opening Displacement (COD) was
introduced as an additional term provoked by the local discontinuity in the host material deformation
field. Feng et al. [18] deduced a mechanical transfer equation, showing that the strain measured by the
optical fiber εf(z) consists of a crack-induced strain εcrack(z) part added to the strain in host material
εm(z). Recently, Bassil et al. [40,41] deduced a similar strain transfer equation for a multilayer system
with imperfect bonding between layers:

ε f (z) = εcrack(z) + εm(z) = λ
COD
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where λ is the strain lag parameter that includes mechanical (G and E, shear and Young’s moduli,
respectively) and geometrical properties (r) of the different i layers and z is the position of discontinuity
along the optical cable. It also includes coefficients k depicting the level of interfacial adhesion between
two consecutive layers.

The strain lag parameter λ is crucial for the sensing of cracks. As this value increases,
the crack-induced strains εcrack(z) figure higher peaks at the crack location, and thus, the exponential
part covers a narrower zone over the optical fiber length, as shown in Figure 2. Thanks to this,
the capacity of detecting and localizing discontinuities increases.
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Figure 2. The spatial distribution form of the crack-induced strains εcrack(z) for different strain lag
parameter λ values.

The authors also demonstrated the validity of the model for different types of optical cables
through an experimental testing campaign on concrete specimens. The estimated CODs proved to
be accurate, reaching relative errors of 1–10% for a dynamic range [CODmin, CODmax], with a strain
repeatability of ±20 μm/m for the interrogator unit. In this range, the layers behave in an elastic manner
and sufficient, stable bonding between them exists. CODmax varied widely from 80 to 1500 μm for
different types of optical cable assemblies. On the other hand, the authors fixed the CODmin to 50 μm,
below which other parameters prevail, i.e., the nature of cracking of concrete material (in the fracture
process zone) or the strain accuracy and repeatability of interrogator.

In terms of crack detection, Bassil et al. [42] demonstrated that an OBR system with a strain
repeatability of ± 2 μm/m and an optical cable with λ = 20 m−1 can detect concrete discontinuities of
less than 1 μm.

2.3. Ultra High Performance Fiber Reinforced Cementitious Composite

UHPFRC is a composite fiber reinforced cementitious building material with a high content (>3%
vol.) of short (lf < 20 mm) and slender steel fibers. Its behavior under tensile stress comprises three
stages, as shown in Figure 3.

The first stage is an elastic stage. The cementitious matrix is continuous and the behavior of
UHPFRC is simply linear. The strain of the material can be directly measured.

After the elasticity limit (fe, εe) is reached, discontinuities in the matrix start to appear and
the material enters the strain-hardening phase. The openings of these fine, distributed microcracks
(hairline cracks) are smaller than 50 μm and their spacing can vary from 2 to 30 mm [43–45]. They are
not detrimental from a durability point of view [46,47] and are impossible to see with the naked
eye. These microcracks can be, however, measured using appropriate instrumentation. From the
macroscopic point of view, the material can be considered as continuous, with strain-hardening
quasi-linear behavior and reduced stiffness [48]. However, after unloading, the residual strain remains
in the material.

When the maximum tensile resistance fu is reached, the material enters the softening phase.
One or more neighboring microcracks start rapidly growing, eventually reaching openings above
50 μm. This localized discontinuity is bridged by multiple fibers carrying the tensile stress. It is called a
fictitious crack, contrary to the real crack which cannot transfer the stress [49]. Since the stress transfer
capability in this critical zone is reduced, the overall stress in the area decreases. The localized fictitious
crack is growing, while the strain and stress around it decrease. The location of the fictitious crack
depends on the distribution of fibers [44,45,50,51]. Since this fictitious crack leads eventually to the
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failure of structural elements, it is called the critical crack as well. With the gradual opening of the
fictitious crack, the measured deformation increases, leading to fast growth of the apparent strain.
Importantly, it is not the real strain of the material anymore due to the fictitious crack localized between
the reference measurement points.

 
Figure 3. UHPFRC behavior under tension.

The fictitious crack grows until opening of half of the steel fiber length, in the present case
lf/2 = 6.5 mm [44] and the resistance of the material decreases. After the fibers are pulled out, no more
stress transfer is possible and the real crack is formed.

In the case of a structural R-UHPFRC (Reinforced UHPFRC) element under bending action,
the tensile behavior of UHPFRC has important influence on the overall response. Each of the three
stages are present under the maximum bending moment in the critical section, where the fictitious
crack forms. Under the assumption that the cross-sections remain plain, the distribution of stress along
the height of the beam is nonlinear due to nonlinearity of the constitutive law of UHPFRC, as presented
schematically in Figure 4. The proportion between parts in elastic, strain-hardening and softening
regimes depends on geometry of the element [44].

Figure 4. Schematic distribution of stresses and strains in UHPFRC at the critical section of R-UHPFRC
beam under the ultimate bending moment.
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3. Test Set-Up and Specimen

The tested beam has a T-shaped cross-section and dimensions according to Figure 5. This kind of
design refers to the use of UHPFRC for waffle deck or unidirectional ribbed slab designs. An example
of such a structure is the railway bridge in Switzerland described in reference [52].

Figure 5. Scheme of test setup and instrumentation: (a) beam dimensions and reinforcement,
(b) instrumentation on the front side and (c) instrumentation on the back side; dimensions in mm;
the critical fictitious cracks 1 and 2 are marked.

Commercially available UHPFRC premix Holcim710® was used, with 3.8% vol. of 13 mm long
straight steel fibers with an aspect ratio of 65. Its mechanical properties as obtained by material testing
were compressive strength fc = 149 MPa; elastic limit stress fe = 6.3 MPa; tensile strength fu = 12.0 MPa;
strain at fu − εu = 3.5‰; modulus of elasticity E = 41.9 GPa. Steel reinforcement bars B500B (with fsk =

500 MPa) were used for both stirrups and longitudinal rebars.
To observe the behavior of UHPFRC at the three stages of its performance, the beam was designed

with a reinforcement bar of 34 mm diameter at a height of 187 mm from the bottom, thus, the distance
between the bottom face of the beam and bottom of the reinforcement was 170 mm at midspan
(Figure 5), allowing for observation of unreinforced UHPFRC. To impose bending failure rather than
shear failure under four-point bending, Ω shaped stirrups, Ø 6 mm, were placed outside the constant
bending moment zone. Additionally, L-shaped Ø 34 mm reinforcement bars were used on the bottom of
the beam, outside of the constant bending zone, to increase the lever arm of longitudinal reinforcement
in shear.

The beam of 2 m span was tested in displacement-controlled four point bending. The displacement
of the servo-hydraulic actuator was transmitted with the use of hinges and a steel beam. The application
points were symmetrically positioned at±0.25 m from the midspan of the R-UHPFRC beam. The course
of the actuator was done with velocity of 0.01 mm/s during the first loading, and 0.02 mm/s in unloading
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and re-loading phases. Several unloadings were performed to obtain the residual deflection of beams
at each loading stage.

The beam was instrumented with extensometers; photogrammetry DIC by means of two 20 MP
cameras; DFO sensors (Figure 5). The fiber optics sensors for distributed strain sensing were installed
in three lines at each face of the beam—40, 90 and 190 mm from the bottom of the beam. As shown
in Figure 6, the DFO sensors were glued in a 2 × 2 mm groove on the UHPFRC surface using a
bicomponent epoxy adhesive (Araldite 2014-2). On the front side of the beam, the SMF-28 Thorlabs®

fiber was glued, with an external diameter of Ø 900 μm and elastomer tubing. On the back side of the
beam, the Luna® High-Definition Polyimide fiber was used, with an external diameter of Ø 155 μm.
The DIC measurement zone spanned 35 cm from the midspan symmetrically, and over the whole
height of the beam on the front side. The extensometers of 100 mm measurement base were glued on
the back side of the beam, at the level of each DFO measurement line. Additionally, three LVDTs with
the common measurement base were vertically installed on the back side of the beam, at midspan and
over the supports. The mean vertical displacement over the supports is subtracted from the vertical
displacement at midspan to obtain the deflection of the beam. The resistance force was measured by
the load cell of the actuator.

Figure 6. Scheme of installation method of DFO sensors in UHPFRC; dimensions in mm.

4. Test Results

4.1. Global Response of the Beam

The force–midspan deflection curve is presented in Figure 7. Several loading–unloading cycles
were executed at different stages of the test. The goal was to visualize the influence of residual strain
of the UHPFRC in the strain-hardening domain after unloading on the global response of the beam.
Thanks to this, a gradual degradation of material can easily be observed. The load steps (LS) were
chosen arbitrarily to discuss the state of material in detail.

The first linear part of the curve is very short. This is due to the material at the bottom of the
beam entering the strain-hardening regime relatively soon. As the zone where UHPFRC is in the
strain-hardening regime is growing, gradual reduction in material stiffness, and thus, beam rigidity
occurs, effecting nonlinearity of the force–deflection curve. The residual deflection in the unloading
cycle comes from the fact that this part of cross-section contains discontinuities (microcracks < 50 μm)
or, in the further stages, the fictitious crack (> 50 μm) is present. Both types of discontinuities transmit
the tensile stresses thanks to fibers, but do not close completely while unloaded. Finally, when the
beam resistance is maximum with the force of 313 kN, gradual degradation with a rise in deflection
continues as the localized fictitious cracks propagate and the longitudinal rebar is yielding.
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Figure 7. Load–deflection curve of the R-UHPFRC beam during quasi-static test, total jack force
presented with consecutive load steps (LS) marked.

4.2. Detailed Examination: DIC

The unloaded state of the beam is presented in Figure 8. The measurement noise for DIC is mostly
at the level of ±100 με, with local peaks of −300 με. The strain noise is not only due to the quality of the
cameras and nonuniformity of light, but mostly from the variation of size and distribution of speckles.

Figure 8. DIC measurement at unloaded state with virtual measurement lines noted; the constant
bending moment zone is marked with dashed lines.

Figure 9 presents the horizontal (εxx) strain distribution measured with DIC at different load steps
(LS), marked in Figure 7. The color scale is the same as presented in Figure 8. LS 1 is not shown since
mostly the noise is registered. At load step 2, the uniform elastic strains are registered. At LS 3, strain
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peaks are observed due to the distributed microcracking of UHPFRC in strain-hardening. They are
more pronounced in two weak spots at around −0.25 m and +0.25 m (Figure 9b). While the microcracks
keep growing and propagating, two of them grow faster than others, leading to localization of fictitious
cracks (Figure 9c). At LS 5, fictitious Crack 1 develops a second, left branch. This could be due to the first
branch reaching a stronger area with higher concentration of steel fibers (Figure 9d). Simultaneously,
fictitious Crack No. 2 keeps propagating on the right side. At LS 6, the fictitious cracks are clearly
visible to the naked eye (Figure 9e). As the fibers bridge these macrocracks, the overall response of the
beam remains in the hardening domain. When the beam reaches the peak resistance with a force load
of 313 kN, the fictitious cracks reach the level of the reinforcement bar (see Figure 9f). In their bottom
part, they transmit hardly any stress due to the large opening and advanced fiber pullout. This is why
the bottom part of the beam between the fictitious cracks is almost unloaded. The highest strains are
present at the level of the reinforcement bar. After this stage, due to transformation of the fictitious
cracks into real cracks with no stress transfer and reinforcement yielding, the resistance of the beam
started to decrease and the test was stopped.

Figure 9. Strain distribution obtained with DIC for different load steps: (a) LS2, (b) LS3, (c) LS4, (d) LS5,
(e) LS6, (f) Peak load; εxx with scale as in Figure 8; the constant bending moment zone is marked with
dashed lines.
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4.3. Detailed Examination: Strain Measurements

The strain is directly obtained from DFOs and extensometers. For DIC, the virtual measurement
lines (Figure 8), positioned at the same height as the DFOs and extensometers (Figure 5), were prepared
in the post-processing software VIC 3D®.

The measurements taken along each measurement Line 1, 2 and 3 are presented below from the
top to the bottom, respectively, in coherence with their position over the height of the beam (Figure 5).

At load step 1 (LS 1), all systems, except DIC, show good agreement (Figure 10). The strain spatial
distribution can be considered as uniform in the constant bending moment zone, between ±0.25 m
from the midspan. The material remains elastic and the structural response is linear. In the bottom line
(Line 3), local variations of modulus of elasticity can be visible with extensometers and Polyimide,
but not with Thorlabs fiber. Possibly, initial microcracks appear. Two strain peaks are visible at Line 2
position −0.25 m. Apparently, there is a local defect of the UHPFRC material there, possibly due to the
fabrication of the beam. It can be considered as a disturbance on the surface, since other measurement
techniques do not record it.

Figure 10. Strains measured with different techniques, load step 1, F = 20 kN; the constant bending
moment zone is marked with dashed lines.

At LS 2 (Figure 11), as UHPFRC enters into the hardening stage at Lines 2 and 3, clear peaks
from microcracks are visible over the Polyimide lines, while Thorlabs do not present any local strain
variations. The microcracked zones can be identified with extensometers as well, which show higher
strains than in the neighboring zones. It is important to mention that at this stage, propagating
microcracks are identifiable by the naked eye when the surface is wetted with alcohol. The difference
between the measurements of systems deployed on the back (Polyimide, extensometers) and the
front (Thorlabs, DIC) sides of the beam may come from non-horizontal loading of the beam, despite
the hinge between the actuator and redistribution beam, or to locally weaker material close to the
surface. In perfect conditions, the total elongation obtained with extensometers and DFOs, thus,
‘smeared’ strain, are equal [39]. These incoherencies are not observed for Line 1, which remains in the
elastic stage.
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Figure 11. Strains measured with different techniques, load step 2, F = 50 kN; the constant bending
moment zone is marked with dashed lines.

Under the force of 90 kN (LS 3, Figure 12), more microcracks are visible over Line 3. Most of these
cracks are localized around positions −0.2 m and +0.25 m. Line 2 presents more uniform microcracking
behavior. The origin of this nonuniformity in the bottom of the beam is discontinuity of the L-shaped
rebars (see Figure 5) causing disturbance of fiber orientation and concentration of stresses. Zones where
the fictitious crack will further develop are now clearly visible with DIC and Thorlabs fiber (Crack 1
and 2 line 3, Crack 1 line 2), as well as extensometers (both fictitious cracks, Lines 2 and 3). For zones
where the fictitious cracks are developed, the apparent strain measured with extensometers cannot be
considered as material strain anymore (see Figure 3). Clear microcracks start to appear at Line 1.

Figure 12. Strains measured with different techniques, load step 3, F = 90 kN; the constant bending
moment zone is marked with dashed lines.

At LS4 (Figure 13), dropout points start to appear at crack locations in Lines 2 and 3 in the
DFOs results. These points are dropped out by the spectral shift calculation algorithm due to low
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correlation with the reference spectrum. This phenomenon of miscalculated points increases due to
rapid variation of strain over the spatial resolution length. For fictitious Crack 1, Line 3, DIC shows
three fictitious crack fronts forming at positions: −0.25, −0.2 and −0.17 m. They all lay within the same
extensometer measurement base, and thus, cannot be distinguished with this technique. Additionally,
the Thorlabs fiber is arguably not sensitive enough to clearly separate these fronts due to low shear lag
parameter λ (Equation (1)). For fictitious Crack 2, Line 3, the apparent strain reaches εu, exponential
shape is being formed in Thorlabs, and UHPFRC enters softening stage. Two other fictitious crack
fronts can be noticed with DIC but hardly with Thorlabs. Extensometer of location [0.05; 0.15 m] does
not show fictitious crack formation, while it is visible in the same position with DIC and Thorlabs
fiber. This comes from the nonorthogonality of the crack regarding the beam axis and is confirmed
by Polyimide fiber recording only microcracks in the discussed location. On Line 2, localization of
fictitious Crack 2 starts being detectable by Thorlabs fiber and DIC.

Figure 13. Strains measured with different techniques, load step 4, F = 150 kN; the constant bending
moment zone is marked with dashed lines.

At LS 5 (Figure 14), both fictitious cracks are clearly formed in Line 3, and UHPFRC is in the
softening stage. The DFOs do not work properly in their vicinity anymore. The transversal skewness
of fictitious Crack No. 1 can be seen, since the peak of DIC is shifted with respect to the extensometers.
Interestingly, it is positioned some 7 cm towards the left regarding the previously observed strain
concentration. For both Lines 2 and 3, the clear exponential shapes can be noticed in Thorlabs fiber
measurements, but with multiple dropouts. While comparing the measurement Line 1 at the current
load step with Line 2 and Line 3 at LS 3, it can be concluded that microcracking is more uniformly
spaced for the lines positioned higher on the beam. The reasons might be the nonuniformity of fiber
dispersion and discontinuity of strains, both due to the rebar alignment. At this load step, the fictitious
cracks are clearly visible to the naked eye, and UHPFRC is in the softening stage (see Figure 9d).
The stress transferred by bridging fibers is lower than fu (see Figure 4), and stress in the neighboring
material decreases. Thus, the strain measured at midspan is similar for all the measurement lines.
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Figure 14. Strains measured with different techniques, load step 5, F = 205 kN; the constant bending
moment zone is marked with dashed lines.

Due to multiple dropouts, DFOs are not useful anymore. The DIC measurements were presented
before and, as mentioned above, the results obtained with extensometers crossed by fictitious cracks
are not useful. Thus, the detailed analysis of strains ends here.

4.4. Monitoring of Fictitious Crack Opening

After examining the DFOs, discontinuity detection performance, it is interesting from both a
structural and material point of view to follow the material discontinuities that evolve to discrete
fictitious cracks in order to assess their implication on the safety of the UHPFRC structure. Thus,
in this section, the strain transfer model is applied to Thorlabs fiber measurements. The Polyimide
fiber was not examined because of its limited dynamic range that does not exceeded 80μm in ordinary
concrete [41], preventing fictitious COD monitoring.

The notation of COD is continued here in view of previously discussed state of the art for crack
measurement in concrete. As explained before, UHPFRC has more complex response under tensile
action. Conveniently, the term COD refers to opening of the matrix discontinuity, be it a microcrack in
strain-hardening stage, a fictitious crack bridged by fibers or a real crack with no stress transfer.

The mechanical strain transfer equation for the multiple cracks case is fitted to the strain profiles
using the robust least square method:

ε f (z) =
20∑

i=1

CODi
2
λe−λ|z−zi | + εm(z) (3)

where CODi is the opening displacement of each discontinuity i, and λ is the strain lag parameter.
Each CODi and λ are selected as variable parameters. Similar to [42], a trapezoidal approximation of
material strain ε_m (z) is adapted based on the measurements outside the constant bending moment
zone; zi corresponds to the position of the 20 most important strain peaks in the strain profiles.

Figures 15 and 16 present fitted strain profiles to those measured over Line 2 and Line 3 respectively,
together with the corresponding residuals for different load levels. A discontinuity propagates in the
UHPFRC material through searching the lowest energy path depending on the local fiber content and
orientation [51]. Despite the host material’s complex microcracking nature, the proposed mechanical
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model fits clearly the distributed strain profiles measured by the DFOs system at different levels.
Low residual levels are randomly scattered around zero all over the length of FO Line 2 and 3.

Figure 15. Comparison between the measured and fitted strain profiles and the corresponding residuals
over Line 3 of Thorlabs cable.

Figure 16. Comparison between the measured and fitted strain profiles and the corresponding residuals
over Line 2 of Thorlabs cable.

On the left beam part, two microcracks are developing to form fictitious cracks. Unlike in
concrete, there is no immediate unloading around these discontinuities. Thus, when the fictitious
crack localizes and the stress transferred by bridging fibers reaches the value fu, another fictitious
crack can appear nearby. This phenomenon is observed with fictitious Crack 1, where the propagation
of one branch stops (Crack 1-Right) and a second one develops (Crack 1-Left). On the other hand,
fictitious Crack 2 goes through a more localized propagation. When the force reaches 170 kN for Line 3
and 200 kN for Line 2, an increase in strain residuals is observed around Crack 2. As discussed in
reference [41], this could be attributed to the optical cable/host material mechanical system entering a
post-elastic phase.
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Figure 17 shows the estimated strain lag parameter λ as well as the discontinuity openings
CODi of fictitious Cracks 1 and 2, under loading and unloading cycles. For both Line 2 and 3, the
estimated strain lag parameter λ varies around 35 m−1 in a ± 10% interval (Figure 17a,c). Higher
λ values can be observed at early stages of the tests. Similar to previous findings on concrete
structures [42,53], this variation can be associated with the first stages of UHPFRC cracking behavior,
where discontinuities in the cementitious matrix are starting to develop in the so-called fracture process
zone, and end up leading to the creation of a microcrack. When most of the matrix discontinuities
exceed an estimated opening CODmin of 50 μm, the strain lag estimations become stable and consistent
around λ ≈ 35 m−1. This confirms the assumption of one global strain lag parameter characterizing the
Thorlabs fiber/epoxy glue/UHPFRC mechanical response in the presence of a fictitious crack. Lower λ
(compared to concrete’s surface-mounted fibers (50 m−1)) can be attributed to a lower stiffness level at
the Epoxy/UHPFRC interface, possibly due to much smaller porosity.

Figure 17. Variation of the estimated COD ((a,b)) and λ ((c,d)) during the test; fictitious crack initiation
marked with thin dashed lines; loss of precision marked with thick dashed lines.

The estimated CODs for discontinuities Cracks 1 and 2 are shown in Figure 17 c and d. At the
level of Line 3, the discontinuities Crack 1-right and Crack 2 are formed as microcracks (<50 μm) and
propagate steadily until a force of around 80kN, where they grow rapidly to form fictitious cracks.
At F = 120 kN, another microcrack grows rapidly to form the fictitious Crack 1-left. This growth leads
to a decrease in the growth rate of fictitious Crack 1-right.

Similar development of COD for the three discontinuities can be observed for Line 2, with a
delay regarding Line 3 due to its closer position to the neutral beam axis. Akin two-phased growth
of COD is observed: stable during microcracking and fast once the fictitious crack is formed in the
softening phase.

The growth of COD of fictitious Crack 2 is faster than Crack 1, where the damage development is
shared by the two branches. Once it reaches a CODmax of 400 μm, unstable growth in estimated COD
is observed in both measurement lines. This threshold marks the validity limit of the strain transfer
model, where all the layers behave in an elastic manner with no progressive debonding occurring at
successive layer interfaces. This phenomenon, equally observed in concrete [41], is pronounced by a
change in the exponential form of the strain profiles initiated near the strain peak, and thus, leading to
an increase in strain residuals (Figures 15 and 16). Consequently, this leads to a change in the tendency
of λ and COD variations due to increased estimation errors.
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Importantly, the COD and λ estimations show proper agreement for the loading–unloading cycles.
In other words, the UHPFRC as well as the optical fibers attached to it deform in the same manner,
even under multiple crack opening and closing over an important area of the beam. It also shows the
great potential of the DFOS techniques to monitor residual and periodical openings of discontinuities,
which is an important feature for long-term structural health monitoring and studying of the fatigue of
the structural elements.

In this experiment, the large noise level of DIC measurement prevented accurate microcrack
and early fictitious crack opening measurements. The COD values obtained using DIC were outside
of applicability of the DFOs measurement method. Thus, the results cannot be validated using
both methods.

5. Discussion

The detailed analysis of results revealing the differences in performance of discussed measurement
techniques is presented and summed up in Table 1.

Table 1. Comparison of used measurement methods regarding their application range.

Measurement Method Extensometers DIC
DFOs

Polyimide Thorlabs

Strain measurement
Elastic + +/− + +

Strain-hardening + +/− − +

Distributed
microcracks

Detection + +/− + −
Localization − +/− + −

Measurement − +/− + −

Localized cracks /
fictitious cracks

Detection +/− + + +

Localization − + − +

Measurement − + − +

Comments

Limited area
covered; simplest

in application
and analysis

Highly
dependent on
noise and area

of interest

Measurement
of microcracks
theoretically

possible

Crack measurement
range limited to

400 μm for UHPFRC

+ - yes / − - no

The extensometers allow for measurement of strains in the elastic and strain-hardening phases,
which is important from a practical ‘smeared’ approach point of view. They allow for early detection
of microcrack propagation with faster rise of strains in the given area in the strain-hardening phase of
the UHPFRC response. However, it is impossible to distinguish between accumulation of distributed
microcracks and the onset of the fictitious crack formation. Thus, the determination whether the
material is in the hardening or softening phase cannot be directly achieved. Additionally, the strain
resolution and the localization of discontinuities is limited to the measurement base length of the
extensometer. Furthermore, they do not allow for measurements of the fictitious crack opening. Still,
they remain the measurement technique that is the easiest in installation and provide results that can
be analyzed straightforwardly.

Due to the large measurement noise, the DIC technique did not allow in this experiment for
observation of strain variations during the elastic stage of the structural response. However, it allows
for tracking the localized fictitious cracks, particularly their length and their opening, at the macro-level.
The large measurement noise is due to the relatively large measurement field (0.7 × 0.4 m) and
nonuniformity of speckles. It was proven that this technique allows for tracking of microcracks
for smaller observation fields [45]. This method remains highly complex and sensitive in practical
application for Structural Health Monitoring.

The results obtained using the DFOs technique depend on the sensitivity of the used optical cable
or fiber, with regard to discontinuities in the host material. The fiber with Polyimide coating features
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high sensitivity, allowing early and accurate detection and localization of microcracks. Through
computation of the total elongation of segment of fiber, the strain of UHPFRC in the strain-hardening
domain can be obtained [28]. Therefore, both the practical ‘smeared’ as well as ‘discrete’ approach to
distributed microcracking can be used. This is relevant for Structural Health Monitoring, as structural
UHPFRC remains in the elastic or strain-hardening state during normal service life.

On the other hand, the Thorlabs fiber with Acrylate and Hytrel double coatings features lower crack
sensitivity than Polyimide fiber. This allows for strain measurement during elastic and strain-hardening
stages. The detection, localization and measurement of microcracks is limited due to its sensitivity. It is
however capable of detecting and localizing fictitious cracks, as well measuring their opening since
their formation and up to 400 μm. More importantly, in this range, the optical fiber sensors maintain
their elastic behavior allowing accurate estimation of cracks widths during closing–opening cycles.
From a practical point of view, formation of fictitious cracks can indicate problems in the UHPFRC
structure, for example, due to overloading. Thus, this kind of DFOs can play an important role in SHM
and verification of structural safety.

In order to take full advantage of the DFOs technique, both types of optical fibers with their different
crack sensitivity could be used to monitor the behavior of UHPFRC in the elastic, strain-hardening and
softening domains.

In recent years, rapid development in the field of DFOs interrogation units enabled accurate,
continuous, dynamic and simultaneous strain sensing along different types of optical fibers. With a
better understanding of the sensor properties (like crack and temperature sensitivity) and durability
(long-term fatigue and aging), DFOs technique can perform global and local strain measurements to
provide information on the overall UHPFRC behavior in a holistic manner. Thus, DFOs can form an
undeniable asset for long-term continuous health monitoring of this type of new structures.

6. Conclusions

In this work, the DFOs technique based on the Rayleigh backscattering phenomenon is used to
follow the behavior of the R-UHPFRC beam tested under four-point bending. The capacity to measure
strains and monitor matrix discontinuities with two types of optical fiber sensors was evaluated.
The comparison with DIC and extensometers revealed application ranges of each method.

The usefulness of extensometers is limited to the elastic and strain-hardening phases. They can
measure strains in the UHPFRC and detect microcrack accumulation. It is impossible to distinguish
between advanced microcracking and nucleation of fictitious cracks.

The DIC is highly dependent on size of the measurement field. In this research, it allowed for
detection and tracking of fictitious cracks. The complexity regarding the measurement area preparation
and data processing makes this technique too complex to be used in situ for now.

The DFOs technique is able to precisely monitor the elastic, strain-hardening and softening stages
of UHPFRC. While using a high spatial resolution OBR measurement technique, its performance
depends on the type of fiber used for sensing. While strain measurement in the elastic phase or
detection and localization of microcracks is of interest, Polyimide coated optical fiber should be used.
If the strain measurement in both elastic and strain-hardening phases or fictitious crack detection and
localization is to be observed, the Thorlabs fiber with thicker coating prevails.

It was confirmed that the COD of fictitious cracks can be successfully estimated using the proposed
analytical model with proper choice of sensing optical fiber. Importantly, the coherent estimation of
opening–closing fictitious crack width shows the potential of this method for SHM under repeated
loading and real-time SHM of UHPFRC structures. However, testing of the optical fiber sensors under
high numbers of crack closing/opening cycles should be considered.
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Abstract: This paper focuses on three main issues regarding Material Extrusion (MEX) Additive
Manufacturing (AM) of thermoplastic composites reinforced by pre-functionalized continuous
Nickel–Titanium (NiTi) wires: (i) Evaluation of the effect of the MEX process on the properties of
the pre-functionalized NiTi, (ii) evaluation of the mechanical and thermal behavior of the composite
material during usage, (iii) the inspection of the parts by Non-Destructive Testing (NDT). For this
purpose, an optical fiber sensing network, based on fiber Bragg grating and a cascaded optical
fiber sensor, was successfully embedded during the 3D printing of a polylactic acid (PLA) matrix
reinforced by NiTi wires. Thermal and mechanical perturbations were successfully registered as
a consequence of thermal and mechanical stimuli. During a heating/cooling cycle, a maximum
contraction of ≈100 μm was detected by the cascaded sensor in the PLA material at the end of the
heating step (induced by Joule effect) of NiTi wires and a thermal perturbation associated with the
structural transformation of austenite to R-phase was observed during the natural cooling step, near
33.0 ◦C. Regarding tensile cycling tests, higher increases in temperature arose when the applied
force ranged between 0.7 and 1.1 kN, reaching a maximum temperature variation of 9.5 ± 0.1 ◦C.
During the unload step, a slope change in the temperature behavior was detected, which is associated
with the material transformation of the NiTi wire (martensite to austenite). The embedded optical
sensing methodology presented here proved to be an effective and precise tool to identify structural
transformations regarding the specific application as a Non-Destructive Testing for AM.

Keywords: optical fiber sensors; material extrusion; hybrid processes; temperature and
strain monitoring

1. Introduction

Shape memory alloys (SMA) composites show their exceptional performance in adapting some
physical parameters, such as shape, vibration, and impact resistance through a centralized control
system [1,2]. However, a deformation of composite structures, resulting in the complex redistribution
of stress states between matrix and reinforcement, is considered to be an important research topic that
has been reported in the literature [2]. Thus, critical states reached by extreme deformation can be
detected by using embedded sensors, which provide reliable information to the system.

Sensors 2020, 20, 1122; doi:10.3390/s20041122 www.mdpi.com/journal/sensors165
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In the last years, important issues related with some constraints identified in SMA alloys, such
as nickel–titanium (NiTi), have been reported: (1) The importance of indirect identification of the
present phases and their transformations in a composite system incorporating SMA elements [3],
(2) the incorporation of SMA allows to monitor the deformation/stress state of structural components
but, if shape memory alloying elements are to be used to act as actuators, composite monitoring must
be done by third sensory elements added. It is, therefore, important that these sensors can identify
not only temperature variations and mechanical stress, but also, indirectly, the structural constituents
present and the structural changes they undergo, especially given the nonlinearities of response that
may exist in certain contexts [4].

The use of optical fiber sensors (OFS) for structural monitoring and detection of defects and
temperature fluctuations in different materials has been suggested by several researchers [5–7]. There
are many advantages associated with OFS technology, such as its reduced dimensions, immunity to
electromagnetic interference, passivity, chemical inertness, multiplexing capability, nearly punctual
sensing, and the capability to measure different parameters within one single optical fiber [8]. Regarding
the specific application of OFS as a Non-Destructive Testing (NDT) for Additive Manufacturing (AM),
different solutions can be applied as a complementary technique [9].

There are multiple OFS configurations, depending on the application, the required resolution,
and/or sensitivity [8,10]. From all these possible configurations, fiber Bragg gratings (FBGs) are the
most favorable solutions to NDT for AM based composite products. However, these sensors suffer
from large cross-sensitivity, mainly strain, and temperature. To overcome this, a method based on
using two different FBGs in two different fibers has shown to be the most reliable and easy technique to
simultaneously monitor and discriminate these parameters [11]. Nevertheless, when it is intended to
discriminate the parameters in embedded materials, such as polylactic acid (PLA) samples, this method
can be a challenge, due to the need of having strain-free FBGs introduced inside other protective
materials (for instance, a capillary tube), increasing the invasiveness on the sample [12].

To solve the need for internal discrimination of temperature and strain when monitoring their
simultaneous variations, hybrid sensors comprising FBG and interferometric FP sensors can be
fabricated, forming a cascaded optical sensor in which each element has different sensitivities. This
way, the invasiveness inside the host material decreases, once only a single optical fiber is used
to monitor the same point [13]. However, when this type of sensor is embedded in materials, an
internal calibration for temperature and strain is needed, due to the mechanical stresses induced by the
surrounding material [14,15]. Therefore, the use of OFS can be an important tool to assess and detect
characteristic parameters in different types of materials, such as polymeric and/or SMA, depending on
the sensing configuration used, behaving as an NDT.

This work is about the use of AM (MEX) technology for the production of polymer matrix
composite materials reinforced with previously functionalized NiTi wires. Three essential aspects of
the application of this technology for the production of these composite materials were addressed: (1)
The evaluation of the effect of the process (AM-MEX) on the properties of NiTi wires and their heat
treatment (by monitoring the time and temperature to which it is subjected during production), (2) the
evaluation of the mechanical and thermal behavior of the material in service (with the measurement of
the stresses during tensile tests, evaluation of the adhesion of the matrix wires), (3) non-destructive
inspection/material quality, using thermography and Joule effect on embedded NiTi wires to confirm
disposition and whether heat-treatment (functionally graded materials) has been maintained. For that,
an optical fiber sensing network based on FBGs and cascaded OFS was embedded in a 3D printed PLA
matrix reinforced by NiTi wires to real-time monitor, temperature and strain shifts, in the PLA matrix,
and temperature variations, which are associated to structural transformations in NiTi wires, during
Joule heating of the NiTi wires and tensile cyclic load/unload.
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2. Materials and Methods

2.1. Fiber Optic Sensors

Usually, an FBG sensor consists of a short segment of a single-mode optical fiber (SMF) with a
photoinduced periodic modulation of the fiber core refractive index. When this device is illuminated
by a broadband optical source, the reflected power spectrum shows a sharp peak, which is caused by
interference of light with the planes of the grating and can be defined through Equation (1) [10]:

λB = 2ne f f Λ, (1)

where λB is the so-called Bragg wavelength, neff is the effective refractive index of the core mode, and
Λ is the grating period. When the optical fiber is exposed to external parameters, such as temperature
and strain, both neff and Λ can be modified, resulting in a shift of the Bragg wavelength.

The sensor sensitivity towards a given parameter is obtained by monitoring the Bragg wavelength
behavior while exposing the sensor to pre-determined and controlled conditions. In the case of a linear
response, the sensitivity is provided by the slope of the obtained linear fit. The effects of temperature
are accounted for in the Bragg wavelength shift by differentiating Equation (1):

Δλ = λB

(
1

ne f f

∂ne f f

∂T
+

1
Λ
∂Λ
∂T

)
ΔT = λB(α+ ξ)ΔT = kTΔT, (2)

where α and ξ are the thermal expansion and thermo-optic coefficient of the optical fiber material,
respectively [15]. By inscribing FBGs with different Bragg wavelengths, by changing the grating period,
it is possible to get multiple temperature sensors within one single fiber. Thus, inspection and mapping
of the sample temperature can be done by simultaneously monitoring the spectral variations of all
sensors. This technique can be combined with other conventional methods, such as thermography
analysis to produce a complete thermal analysis of a given sample material [16].

The sensing configuration that was employed to monitor the internal temperature and strain
shifts on the PLA matrix consisted of cascaded optical fiber sensors, whose configuration scheme is
shown in Figure 1. The simultaneous strain and temperature discrimination inside the PLA sample
can be performed, combining the signals of the FBG sensor with the FP cavity interferometer, forming
a cascaded optical fiber sensor. The FP cavity was fabricated by producing an air microbubble between
a single-mode fiber (SMF 28e) and a multimode fiber (MMF, GIF625) [17]. To achieve point-of-care
monitoring, the FBG was inscribed as close as possible to the FP interferometer.

FBG FP cavity
LFP 

Figure 1. Diagram of the cascaded optical fiber sensor. LFP represents the cavity length.

Assuming a linear response of the FBG to strain and temperature, the strain and temperature
shifts (Δε and ΔT, respectively) are provided by:

ΔλFBG = kFBGεΔε+ kFBGT ΔT, (3)

where kFBGε, and kFBGT are the strain and temperature sensitivities of the FBG, respectively, which were
determined in the calibration procedure.
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The FP interferometer can also work as a strain and temperature sensor, where the wavelength
shift, ΔλFP, is given by:

ΔλFP = kFPεΔε+ kFPT ΔT, (4)

where kFPε and kFPT are the strain and temperature sensitivities, respectively. Thus, the temperature
and strain variations can be discriminated through the matrixial method, using Equations (3) and (4).
If the sensitivity values are known, a sensitivity matrix for simultaneous measurement of strain and
temperature can be obtained as:

[
Δε
ΔT

]
=

1
M

[
kFPT −kFBGT

−kFPε kFBGε

][
ΔλFBG
ΔλFP

]
, (5)

where M = kFPT × kFBGε − kFPε × kFBGT is the determinant of the coefficient matrix, which must be
non-zero for simultaneous measurement. Thus, internal discrimination of strain and temperature in
the PLA matrix can be improved by combining the reflection spectra of this cascaded optical sensor.

The main advantages of this process are different strain and temperature sensitivities between the
two sensing elements, together with the use of a single fiber to monitor the same point, decreasing
the invasiveness inside the PLA matrix composite. No extra-material integration is needed with this
method. Moreover, the strain values obtained can be converted to displacement variations (ΔL), by
multiplying the detected strain values by the sample length.

2.2. PLA Matrix and NiTi Wires

PLA is a thermoplastic material that has been widely used in components produced by AM,
especially in Material Extrusion (MEX), due to the low melting point, good tensile stiffness and final
surface quality. These properties potentiate the use of PLA as a matrix for the production of composite
by MEX.

NiTi ribbons (cross-section 3 × 1 mm2), were previously processed by localized heat-treatment at
400 ◦C during 10 min along a 20 mm segment, using Joule effect (21 A current). Previously, the NiTi
ribbon was coated with black ink in order to establish an emissivity of around 0.95. All temperature
measurements were performed with the infrared camera Fluke Ti400. After the local heat-treatment,
these ribbons and the sensors were impregnated in the PLA matrix during the AM process as described
in the next section.

2.3. Experimental Setup

In order to assess the temperature and strain variations in samples of PLA matrix and verify the
microstructural heterogeneity along NiTi wires, composed by heat-treated regions (marked in red) and
the transition zones to the non-heat-treated zone, the experimental setup illustrated in Figure 2 with
OFS was used.

PLA samples were produced with the commercial BQ Prusa i3 3D printer, having a design
comprising a cavity at the half-thickness in order to incorporate the NiTi wire and the optical fiber.
After the fabrication, the model was sliced in the open-source software CURA. The feedstock was PLA
and the print core had a nozzle with 1.2 mm of diameter. The layer height was set to have 0.5 mm,
infill to 100%, and the print speed was 7 mm/s. At the half-thickness, the print was paused and the
NiTi wire with the optical fiber 1 was incorporated in the PLA matrix. This process was repeated to
embed the fiber 2 in the sample.

Two sets of samples of PLA + NiTi ribbon + sensors were prepared: One for the experiments on
thermal cycling (no external mechanical load applied) and the other for the tensile tests (mechanical
loading/unloading without any external thermal excitation).
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Figure 2. Experimental setup, sample cross-section view. Fiber 1 was embedded in the sample together
with NiTi wire, while the 3D printing process was stopped for a few seconds. The same procedure was
adopted to embed in the PLA matrix the cascaded sensor, recorded on fiber 2.

The FBGs (length of ~3.0 mm each) were recorded in a photosensitive SMF (GF1, Thorlabs Inc.,
Newton, MA, USA), by the phase mask method. The inscribing system consists of focusing UV (266 nm)
laser pulses originated by a pulsed Q-switched Nd:YAG laser system (LOTIS TII LS-2137U Laser,
Minsk, Belarus) onto the SMF core by a plano-convex cylindrical lens (working length of 320 mm),
passing through a phase mask.

During the inscription of the FBGs, as well as throughout the experiments, the Bragg wavelengths
were monitored by a single channel optical interrogator (sm125-500, Micron Optics Inc., Atlanta, GA,
USA), operating at 1 Hz and wavelength accuracy of 1.0 pm. To read all the optical data at the same
time, a 3 × 1 coupler was used.

Fiber 1 with the two FBGs were maintained strain-free, so they could detect temperature shifts
of both heat-treated (FBG1) and non-heat-treated regions (FBG2). The cascaded sensor on fiber 2
simultaneously detected strain and temperature shifts on the PLA matrix. Externally, fiber 3, which
has 2 FBGs (FBG3 and FBG room), was also placed in direct contact with the PLA sample surface to
monitor external temperature shifts. The FBG room sensor was used out of the sample to monitor the
room temperature variations, eliminating any possible external fluctuations.

The tensile tests were performed in a Shimadzu NG50KN, using a 50 kN load cell, a crosshead
speed of 5 and 10 mm/min, and the maximum stroke of 6 % of the gauge length.

2.4. Optical Fiber Sensing Calibrations

FBG1, FBG2, and cascaded optical sensors integration on the NiTi wire and in the PLA matrix,
respectively, were done during the 3D manufacturing process. In this case, the fibers were fully
embedded in the sample, thus presenting a more accurate response towards strain and temperature,
when compared to external sensing devices. Before being embedded in the material, the fiber coatings
were removed to minimize the intrusiveness of the sensing structures, presenting a total thickness of
only 125 μm.

Previous calibration of each sensing head towards each parameter was performed. Figure 3a,b
shows the spectral response of the cascaded sensor and the FBGs after and before being embedded on
the polymeric sample, and under two different temperatures, respectively. It is possible to observe
the induced strain on the fiber sensors by the surrounding materials and a higher spectral change
in the cascaded sensors, comparatively with the FBGs. Similar to other FBGs, the cascaded sensor
(embedded in the PLA matrix) suffer higher induced strains.
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(a) (b) 

Figure 3. (a) Spectral response of the OFS after and before embedded in the polymeric sample. (b)
Response of the cascaded optical sensor and FBGs after embedded on the sample at two different
temperatures (25.0 ◦C and 50.0 ◦C).

Table 1 presents the strain and temperature sensitivities of the sensors before and after embedding
in the PLA matrix and NiTi wire. From the internal strain and temperature calibrations, and according
to the matrixial method (Equation (5)), a determinant value of 8.23 was obtained for the cascaded
optical sensor embedded in the PLA matrix.

Table 1. Temperature and strain sensitivities of the cascaded optical sensor and FBGs obtained before
and after embedding in the PLA matrix and NiTi wire, respectively.

Cascaded Optical Sensor in PLA Matrix

Type of sensor (kT ± 0.1) pm/◦C (kε ± 0.1) pm/με
Before embedding After embedding Before embedding After embedding

FP (L = 115.4 ± 0.1 μm) 0.1 154.1 2.1 0.1
FBG 9.0 71.8 1.2 0.1

FBGs in NiTi Wire
(kT ± 0.1) pm/◦C (kε ± 0.1) pm/με

Before embedding After embedding Before embedding After embedding
FBG1 9.5 9.5 1.1 -
FBG2 8.9 8.8 1.2 -

The thermal calibrations after and before the sensors’ integration in the sample were performed
in a thermal chamber (Model 340, Challenge Angelantoni Industrie, Massa Martana, Italy), between
15.0 ◦C and 60.0 ◦C, in steps of 5.0 ◦C. The strain characterization was performed using a micrometric
translation stage between 0 με and 1000 με, in steps of 50 με.

3. Results and Discussion

3.1. Joule Heating of the NiTi Wire Tests

After the additive fabrication of the samples, they were cooled down to room temperature and
then, a controlled intensity current was injected on the NiTi ribbon to heat it by Joule heating effect in
the temperature range of 40 to 55 ◦C.

The temperature variation on the heat-treated and non-heat-treated zones of the inserted NiTi
wire was measured on the external surface by thermography (as can be seen in Figure 4), and internally
by FBG1 and FBG2. The temperature and strain variations on the PLA matrix were monitored by the
cascaded sensor.
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Figure 4. (a) Experimental setup used to perform the cycling Joule heating of the NiTi wire tests.
(b) Inset of the external surface temperature measured by thermography in the sample.

In total, three cycling tests were performed in the sample. During the first cycle (test 1), currents
of 2.12, 2.81, and 3.1 A were applied, followed by natural cooling to stabilize the sample temperature.
For the tests 2 and 3, after applying the same three currents, a 4.0 A current was also used.

Figure 5 shows the results of the temperature variations detected by all the sensing elements used
(FBGs, cascaded sensor, and thermography) at all the locations (surface, PLA matrix, and NiTi wire),
where the cascaded sensor registers both strain and temperature variation in the PLA matrix.

 
Figure 5. Temperature detected by all the sensing elements (left), and displacement sensed by the
cascaded sensor in the PLA matrix (right), during the cyclic tests of heating by Joule effect, followed by
natural cooling.

The results show that a consistent deviation between the temperature of the external face of the
PLA matrix (measured by thermography) and the temperature at the face of the NiTi wire can be
observed. Moreover, a consistent deviation on the temperature measured at two different points of the
NiTi wire is observed, with a significantly lower value in the heat-treated zone (more notorious when
the higher current was applied), due the higher electrical conductivity of the heat-treated region. This
effect could be assigned to the local reduction of structural defects (mostly dislocations) induced by the
recrystallization associated to the localized heat-treatment.

A small temperature difference (~1.5 ◦C) can be observed between the surface (as measured by
thermography) and inside the PLA matrix, 2 mm below the surface (registered by the cascaded sensor).
However, maximum displacement shifts of ~350 μm were detected, during tests 2 and 3. It is also
observed that a successive contraction of the material after the heating/cooling cycles occurs. At the
end of test 3, the contraction is ~100 μm, which may be due to the accommodation of the PLA material,
indicating a good adhesion of the cascaded sensor to the surrounding material.

The temperature recorded by all the sensing elements is highlighted in Figure 6. A thermal
perturbation associated with a material phase transformation can be observed in the curves represented
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by the heat-treated and non-heat-treated zones (close to 33.0 ± 0.1 ◦C), during the natural cooling
process. This perturbation may be assigned to a structural transformation (R-phase to austenite) taking
place in the NiTi wire during cooling.

 
Figure 6. Temperature recorded by all the sensing elements during test 2 (left), and an inset during the
natural cooling step (right), highlighting the thermal perturbation near the 33.0 ◦C.

The temperature shift for the two different regions of the NiTi wire (mostly remarkable during
heating) may be assigned to different fractions of R-phase versus austenite (electrical resistivity of the
R-phase is higher than that of the austenite). It is apparent that the optical sensors (FBG1 and FBG2)
clearly identify the moment of phase transition in the two zones under study, for both cooling steps.

According to the sub-surface temperature variations detected by the surface FBG, there is a very
good relationship with thermography values, although, and as expected, the temperature variations
recorded internally by cascaded sensors in the PLA matrix are significantly higher (~2.0 ◦C difference).

3.2. Tensile Tests

Tensile cycling tests were performed on the NiTi wire with embedded sensors to study their
thermal behavior regarding longitudinal deformation of the heat-treated and non-heat-treated regions.
The sample was clamped on the extremities of the NiTi ribbon, by tensile test machine grips, typically
used in tensile tests. Figure 7 shows the temperature results monitored by the fiber sensors placed in the
heat-treated zone, non-heat-treated zone, and in the PLA matrix, while the tensile cycles were applied.

  
(a) (b) 

Figure 7. Cont.
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(c) (d) 

Figure 7. Temperature detected by the fiber sensors during the tensile cycling tests. (a) Tensile test at
5 mm/min. (b) Tensile test at 10 mm/min. (c) and (d) highlight the load and unload steps during the
first cycle, at 5 mm/min, respectively.

In total, six cycles were applied to the sample: Three of them at 5 mm/min rate (Figure 7a) and the
other three at 10 mm/min rate (Figure 7b). Basically, when the wire was submitted to the longitudinal
deformation, a consequent exothermic and endothermic process could be observed during loading
and unloading, respectively. At the end of each load/unload cycle, the temperature reached by the
sample is lower than the temperature at the beginning of the corresponding cycle.

Regarding the heat-treated and non-heat-treated zones on the NiTi wire, significative mean
differences of 6.1 ± 0.1 ◦C, were detected. Notice that, on the non-heat-treated zone (FBG2) and the PLA
matrix (hybrid sensor), the temperature peaks were reached by conduction, 4 and 10 s, respectively,
after the heat-treated zone.

As can be highlighted in Figure 7c, during loading, there are two load ranges where a steeper
increase of temperature is observed: First, from 0.1 to 0.3 kN related to the stress-induced austenite
R-phase transformation, and a second one, from 0.7 to 1.1 kN associated with the stress-induced
austenite to martensite (B19’) transformation, both transformations are exothermal. The final step of
the loading (above ~1.1 kN) corresponds to the elastic deformation of the stress-induced martensite,
which, for this deformation rate, does not produce a significant amount of heat.

Analyzing the three cycles applied for each deformation rate, a successive decrease of maximum
temperature is recorded by the optical sensors, being a consequence of the cooling associated to the
reverse transformation (martensite to austenite) that takes place during the last step (downloading).
The next cycle will then start from a lower temperature, so that the heating associated with the direct
transformation (austenite to martensite) will not cause such an accentuated temperature increase
as the one for the previous cycle. Additionally, due to this lower increase of temperature, the next
downloading step will then go to a slightly lower temperature. This effect (decrease of the maximum
temperature at the end of the loading step and of the minimum temperature at the end of the
downloading) will be attenuated from one cycle to the next one.

Figure 7d, shows a zoom-in of the unload step during the first cycle at 5 mm/min. Near 55 s,
a slope change may be observed in the temperature behavior. That is probably associated with the
reverse stress-induced transformation (martensite to austenite) which is endothermal. At the final step
of the unloading (below 0.3 kN, between 62 and 67 s), a new slope variation occurs, which is related to
the R-phase→austenite transition (also endothermal).

For this particular application, the embedded sensing network proves to be a very effective tool to
perform NDT, especially to identify and detect very localized temperature and strain variations, during
operating processes in composite services. Comparing to other techniques (for instance thermography),
this solution could detect a wide range of different parameters, such as structural transformations in
SMA, and has very good reliability.
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4. Conclusions

An OFS network was successfully developed and embedded during the 3D printing by AM of
a PLA matrix reinforced by NiTi wire. Real-time monitoring of characteristic parameters, such as
internal temperature and displacement shifts in the matrix and temperature variations in different
treated zones of the wire allowed to use the OFS network as an NDT.

Joule heating experiments of NiTi wires were performed to assess changes to the sample
temperature. The moments in which different currents were injected on the sample can be clearly
proved and measured by all integrated fiber sensors. During the natural cooling, a thermal perturbation
(structural transformation of R-phase to austenite) can be observed near 33.0 ◦C, and at the end of the
cycling tests, a sample contraction of ~100 μm was detected on the PLA sample.

Regarding the tensile tests, the higher increase of temperature (exothermic behavior) arises when
the applied force is between the 0.7 and 1.1 kN, on the heat-treated zone. During the unload step, a
slope variation in the temperature behavior associated with the thermal-induced transformation in the
heat-treated region (R-phase to austenite) was detected.

The embedded optical sensing methodology presented proved to be an effective, minimally
invasive, and precise tool to identify materials’ structural transformations, revealing to be a suitable
solution to be applied as an NDT for Additive Manufacturing.
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Abstract: Visual inspections of nuclear power plant (NPP) reactors are important for understanding
current NPP conditions. Unfortunately, the existing visual inspection methods only provide limited
two-dimensional (2D) information due to a loss of depth information, which can lead to errors
identifying defects. However, the high cost of developing new equipment can be avoided by using
advanced data processing technology with existing equipment. In this study, a three-dimensional (3D)
photometric stereo (PS) reconstruction technique is introduced to recover the lost depth information
in NPP images. The system uses conventional inspection equipment, equipped with a camera and
four light-emitting diodes (LEDs). The 3D data of the object surface are obtained by capturing images
under multiple light sources oriented in different directions. The proposed method estimates the light
directions and intensities for various image pixels in order to reduce the limitation of light calibration,
which results in improved performance. This novel technique is employed to test specimens with
various defects under laboratory conditions, revealing promising results. This study provides a new
visual inspection method for NPP reactors.

Keywords: nuclear power plant; visual inspection; photometric stereo; 3D reconstruction

1. Introduction

The reactor pressure vessel (RPV) of a nuclear power plant (NPP) requires periodic inspection to
ascertain current conditions. Any defects on the internal surfaces may undermine the safe operation of
the NPP. Moreover, exposure to irradiation and corrosive coolants, or damage caused by manufacturing
and outage activities, could accelerate the growth of these defects [1]. Thus, inspection systems and
implementation practices must be capable of detecting small flaws, to prevent them from growing to a
size that could compromise the leak tightness of the pressure boundary.

Visual inspection is the main method for detecting defects, structural integrity issues, or leakage
traces on the surface of key components in an NPP. Owing to its advantages, the demand for more
advanced visual inspection techniques is increasing. The U.S. Nuclear Regulatory Commission (NRC)
has approved the use of high-resolution cameras for inspecting specific areas of key NPP components
instead of ultrasonic examination [2]. In addition, machine vision technology has been applied to
measure fuel assembly deformation [3].

Visual inspection systems capture images of the surfaces of objects by using an image sensor,
a charge-coupled device (CCD), or a complementary metal-oxide semiconductor (CMOS), with
appropriate optical tools and lighting conditions. The visual module is typically composed of light
sources and image sensing units, and completes the inspection with the aid of automated tools.
Companies such as AREVA and CYBERIA in France, DEKRA in Germany, Ahlberg in Sweden,
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DIAKNOT in Russia, and Westinghouse in the United States have been actively developing such
devices. The majority of inspection systems are equipped with high-definition cameras, include a
choice of light sources, from halogen to light-emitting diode (LED) lights, and boast anti-irradiation and
waterproof properties. The types of automated tools are diverse. Some products have data processing
functions, which are becoming increasingly popular. For example, AREVA’s latest RPV device, SUSI
420 HD, is equipped with a high-definition camera and four adjustable high-power LEDs, but the
sizing of indications is limited to the length measurement [4].

Existing NPP visual inspection methods still use two-dimensional (2D) images to identify defects.
Occasionally, the lack of three-dimensional (3D) observations makes it difficult to evaluate certain
observations—specifically, the potential size of the defect. Some inspection tasks can only be performed
using 3D analysis methods, because surface defects may only appear with changes in the shape of
the surface [5]. Therefore, visual inspections can be improved by detecting changes in the 3D surface.
Three-dimensional shape reconstruction methods based on visible light include structured light and
stereo vision technology. For example, the laser 3D scanner of the Newton Laboratory can map NPP
fuels and check the size of defects [6]. Karl Storz laser technology, called MULTIPOINT, is a 3D
laser system with 49 laser points that enables cooperation between the camera and the software to
detect the surface structure of the subject [7]. However, few of these devices can operate individually
without additional overheads. Therefore, to save time and money, it is preferable to use conventional
devices to extract and analyze 3D data for defects. One such method achieves 3D reconstruction of the
inner surfaces of boreholes or cavities using conventional endoscopy equipment [5]. However, this
method does not provide system calibration results or evaluation criteria of the results; thus, further
improvement is required. Furthermore, the 3D visualization function obtained through the shape from
motion (SFM) method can be used to inspect the advanced, air-cooled core in an NPP, but a lack of
surface features limits the application of this method [8].

The photometric stereo (PS) technique recovers 3D shapes from multiple images of the same
object, taken under different illumination conditions. As a result of the pioneering work of Woodham,
it has been widely applied to 3D surface reconstruction [9]. This technique features two advantages:
low hardware costs and low computation costs. In the field of industrial inspection, PS has improved
the detection of very small surface defects [10,11]. The Lambertian model assumption is commonly
used where albedo is assumed to be constant. Although this does not necessarily correspond to the
actual conditions, there are approaches available to realize the normal calculations [12–14]. However,
for models with non-Lambertian reflection properties, highlight and shadow processing requires
additional images [13].

The assumption of the light source and the demand for extensive calibration procedures in
conventional PS limit its applicability [15]. Some previous studies have established illumination models
that conform to actual conditions, such as near-field light models [16–19]. Light calibration, which
aims to estimate the light direction and intensity, often requires a specific equipment or a dedicated
process [20]. However, equipment such as precise calibration spheres or positioning devices are
unlikely to be available in actual applications. Some studies have proposed fully uncalibrated or
semi-calibrated PS methods. A fully uncalibrated, near-light PS method achieves the calculation of
the light positions, light intensities, normal, depth, and albedo without making any assumptions
about the geometry, lights, or reflectance of the scene [21]. Regarding semi-calibrated PS, various
approaches achieve light intensity calibration [22]. However, additional information is required to solve
the high-dimensional ambiguity, and more importantly, at least 10 images are typically required [15].
To apply PS to an NPP environment, a fully automatic calibration method should be designed.

This study employs the PS method with a conventional NPP visual inspection device to
reconstruct the 3D shapes of defects from visual inspection images. Additional contributions include
the development of an auto-calibrated, near-field light calibration method that can easily and accurately
calibrate the light source to meet the demands of practical applications. Moreover, depth information
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can be extracted from the captured images, which enables better and more reliable visualization of
surface defects.

The structure of this paper is as follows: The PS formulation is briefly introduced in Section 2.
The algorithm details for extracting 3D information from captured images are described in Section 3,
as well as the method for estimating light direction and intensity. The experimental setup and results
are discussed in Section 4, and the conclusions are presented in Section 5.

2. Photometric Stereo Technique

PS techniques use multiple images taken from the same viewpoint, but under illumination from
different directions, in order to recover the surface orientation from a known combination of reflectance
and lighting values. The depth and shape of the surface can be obtained via the reconstruction
algorithms. The objects in the scene are Lambertian, and the illumination is a distant point light; the
measured image intensity at a point P(x, y, z) can be written as:

I = ρ〈l, n〉E (1)

where ρ is the albedo at P; l is the light direction; n is the surface normal; and E is the light irradiance.
The image intensity I can be measured per-pixel.

At least three independent light sources are required.
Suppose we have M ≥ 3 images under varying light directions, which we denote as direction

vectors l1, . . . .., lM ∈ R3. By assuming equal light irradiance; i.e., ρE = ρE1 = · · · · · · = ρEM, we can
estimate the normal vector n on a surface point P by solving the pseudo-inverse matrix of L:

n =

(
LTL

)−1
LTI∥∥∥∥(LTL)−1LTI

∥∥∥∥ (2)

where L =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
l1
...

lM

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦, I = [I1, · · · , IM]T.

The surface normal can be computed using Equations (1) and (2). Then, the recovery of the surface
from the computed normal can be achieved using algorithms, including optimization iterative methods
and pyramid reconstruction algorithms. The entire procedure of PS-based 3D shape reconstruction
includes: calibration, surface normal computation, and shape reconstruction from the normal.

3. Three-Dimensional Shape Reconstruction of Defects

3.1. Existing Two-Dimensional Image Capture and Data Analysis Method

The RPV generally consists of a cylindrical part, a spherical part, and nozzles. Although its size
varies, the diameter of the cylinder is always approximately 4000 mm. An examination of the entire
internal surface of the reactors is required to detect surface disorders, deformation, or other important
defects; i.e., (1) mechanical defects, such as scratches or impact damages caused by foreign bodies;
(2) metallurgical defects, such as cracks or arc strikes; and (3) corrosion pitting or deposits. Moreover,
the defects may need to be evaluated both qualitatively and quantitatively.

During the inspection process, tools are used to position the cameras close to the different areas
requiring inspection. Scanning is performed using tools to record videos of the internal surface, using
cameras facing the wall within a field limited to the zone under examination. Technicians observe the
video and images throughout the entire process to identify defects. If an abnormality or suspicious
observation is recorded, the movement of the tool can be paused to allow more detailed information to
be observed manually.
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Because of its beneficial features, a pan/tilt/zoom (PTZ) setup, which normally consists of a camera,
a number of surrounding light sources, lasers (optional), and a built-in pan/tilt unit, has been widely
used as the visual module. The pan and tilt functions allow adjustment of the camera position to
capture better images. Data analysis is performed by inspectors; therefore, suitable frames are required
for observation and evaluation, along with other information recorded during the inspection, to make
a qualified evaluation [23]. As the existing analysis method is based on 2D images, it is often difficult
to evaluate defects due to a lack of depth information; thus, some inspection tasks cannot be solved
using 2D analysis methods.

3.2. Photometric Stereo System

PTZ is one type of module used for NPP visual inspection. In our configuration, it is equipped
with four 30 W LED lights placed around a CMOS camera with 1920 × 1080 picture elements, attached
with an F1.6~F3.0 lens, as shown in Figure 1. The LEDs exhibit approximately the same performance
in terms of the radiant flux value and emitting angle. In the PTZ setup, all LED lamps are fixed to
make their optical axes parallel to the viewing angle of the camera. Each LED can be dimmed in
increments from 0% to 100%. In addition, two laser generators display reference points for length
measurement; the distance between them is calibrated prior to the experiment. Practical inspections
must be conducted at a viewing angle as perpendicular to the target surface as possible. As shown in
Figure 2, Xc, Yc, and Zc are the three axes of the camera coordinate system, which also represent the
global coordinate system in our method.

Figure 1. Pan/tilt/zoom (PTZ) image capture setup and light-emitting diode (LED) light layout
dimensions (mm).

Figure 2. Diagram of the photometric stereo system.

The first stage of the shape reconstruction algorithm—i.e., the calibration of camera
parameters—begins by calibrating the camera intrinsic parameters using Toolbox in Matlab. Then,
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images are captured using the camera with the laser points turned on. Given these images, the
following steps are taken:

(1) Estimate the distance between the PTZ (camera plane) and the target surface by using laser points
and prior knowledge;

(2) Estimate l and E for each pixel by determining the relationship between each image pixel and its
corresponding point on the target surface, using the near-field light model;

(3) Compute the normal by resolving the irradiance equations;
(4) Compute the final 3D surface shape from the normal field via an optimization algorithm.

The PS formulation for our configuration is briefly introduced in Section 2, and details of the
algorithm are provided in Sections 3.3 and 3.4.

3.3. Estimation of Light Direction and Intensity

Previous studies typically assume that the light sources are infinitely far from the surface, and
generally adopt the parallel ray model. However, our system uses LEDs, which are very close to the
target surface; thus, the lighting direction and intensity differ among various image areas. Moreover,
the camera and lights are not fixed during an actual inspection. As previous light calibration methods
are neither practical nor accessible for our application, it is necessary to design a fully automatic
calibration method to estimate the light direction and intensity at each point.

In our configuration, the viewing angle is as perpendicular to the target surface as possible.
In addition, the target surface is approximated as a planar surface that is assumed to be parallel to the
image plane. Furthermore, the LED chip center and camera lens lie on a single plane, which is also
parallel to the image plane. Accordingly, there are three parallel planes in the configuration, as shown
in Figure 2.

The lighting direction for each point is decided by the position of the light Lp and the point P on the
target surface. Supposing that the camera plane is the horizontal plane in the coordinate system, Lp can
be determined by the PTZ structure. To determine the coordinate of point, the mapping relationship
between image pixels and surface points must be determined, as well as the distance between the
camera plane and the target plane. Thus, a two-stage process is designed:

(1) The distance z between the camera plane and the target plane is determined via using lasers;
(2) The orthographic projection-based method is used to determine how a point on the target surface

is related to a pixel on the image plane.

Figure 2 shows that the viewing angle is aligned with the negative z-axis of the coordinate system,
which simplifies the geometry calculation. The laser generators are fixed on PTZ, and their relative
positions are known. Thus, P1(x1, y1, z) and P2(x2, y2, z), the intersections of the laser optical axis and
the target plane, are also fixed. Their corresponding image pixels are I1

(
x′1, y′1, z′

)
and I2

(
x′2, y′2, z′

)
,

respectively, as shown in Figure 2.
The assumption of orthographic projection has typically been used in the conventional PS,

although the perspective projection has been demonstrated to be more realistic [24]. However, when
the change in scene depth is small relative to the distance from the scene to the camera, an orthographic
projection can be used instead of a perspective projection [25]. In our method, the viewing angle is
kept as perpendicular to the target surface as possible, and the distance between the target surface and
the camera is considerably greater than the depth of the defects. Therefore, it is reasonable to apply an
orthographic projection model without resulting in a large deviation.

The image magnification can be expressed as follows:

m =
‖ P1 − P2 ‖
‖ I1 − I2 ‖ =

f
z

(3)
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where m is the imaging magnification, f is the camera focal length, ‖�‖ denotes the length of a vector,
and z is the distance between the target surface and the lens aperture, which is approximately equal to
the distance between the surface plane and the camera plane. We denote z0 as the calibrated distance
of reference I1

(
x1, y1, z

)
and I2

(
x2, y2, z

)
; z can then be calculated using

z =

[(
x2 − x1

)2
+

(
y2 − y1

)2
]1/2

[(
x′2 − x′1

)2
+

(
y′2 − y′1

)2
]1/2

z0. (4)

Laser points with different distances between the camera plane and the target plane are shown in
Figure 3. Thus, the next step is to define how a point on the target surface is related to a pixel on the
image plane.

Figure 3. Laser points with different distances between the camera plane and the target plane: (a) 200
mm and (b) 350 mm.

As illustrated in Figure 2, there is a clear relationship between image pixels and their corresponding
points. For any image pixel I

(
x′i , y′i , z′

)
, the position of its corresponding point in the target surface

can be defined as P
(
kx′i , ky′i , z

)
, where k = 1/m. Therefore, the coordinate of P is decided by k, which

can be determined by the laser points and z. The position of the LED,LP
(
xLED, yLED, 0

)
, can also

be estimated from prior knowledge. Therefore, the light direction l, or
→
LP, can be expressed as(

kx′i − xLED, ky′i − yLED, z
)
.

For LED lights, the irradiance (E) on the target surface can be expressed as follows:

E =
ILED(θ) cos(θ)

r2 (5)

where θ is the emitting angle of the LED, ILED denotes the radiant intensity of the LED, and r is the
distance from the light source to the target point [17]. By transforming the parameters, E can also be
calculated from Equation (5). Then, l and E can be determined for various image pixels I

(
x′i , y′i

)
.

The goal of this step is to determine the lighting direction and intensity for each image pixel,
which will improve the accuracy of the surface normal calculation, as well as the final 3D data quality.

3.4. Three-Dimensional Reconstruction using Photometric Stereo Technique

The PS procedure, assuming a Lambertian reflectance model, is applied for 3D shape reconstruction.
The normal n is determined by using at least three images with various lighting conditions. In this
study, they are calculated using the illustrated lighting direction and intensity estimation methods.
Then, the image intensity follows inverse squared law, as

I = ρ
(n× l)

r2 = ρ
n×

(
P− Lp

)
‖ P− Lp ‖3/2

(6)

where r is the distance between the light source and the surface point [17].
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The normal, n, can be calculated using at least three equations; once it is solved, the surface shape
can be reconstructed via the height estimation by a global iterative method [26,27].

Suppose each image has W rows that are indexed by j, and has H columns that are indexed by i.
The pixel is therefore denoted as ( j, i), assuming its depth is z( j, i), and the gradients in the x and y
directions can be expressed as

p = ∂z( j, i)/∂i, q = ∂z( j, i)/∂ j (7)

Then,
n/‖n‖ = (p, q, −1)T. (8)

The image size is W ×H, so that the discrimination function in the iterative method is

E =
1

W ×H

� (
∂z( j, i)
∂i

− p( j, i)
)2

+

(
∂z( j, i)
∂ j

− q( j, i)
)2

did j. (9)

4. Experimental Results and Discussion

Existing NPP visual inspection methods are not highly reliable for identifying small defects.
This could be improved by using a camera with a higher resolution, which would produce a higher
contrast between the defect and the metal surface [1]. However, it can also be difficult to discriminate
between true and false defects; therefore, we tested specimens exhibiting small, hard to discern defects.

For the experiments, we used PTZ, introduced in Section 3.2. The layout dimensions of the lens
and lights and the image capture setup is shown in Figure 1. With a beam fixing the PTZ, the camera
looks downward, and the sample images are captured from the bottom. The four light sources, lasers,
and lens are controlled via a controller. In our experiments, the defects were placed immediately below
the camera.

Firstly, to show the efficacy of the proposed method for estimating z, the estimated distances were
compared with the set values, as listed in Table 1, using a distance of 253 mm as the calibration point.
The method provides accurate results, ranging from 133–493 mm. The errors were predominantly
due to the orthographic image formation model, which does not always precisely reflect the actual
conditions. These deviations are also related to the accuracy of laser point extraction.

Table 1. Estimation results of the distance between the camera plane and the target plane (mm).

Real Distance Estimated Value Error

133 138 5
193 196 3
253 - -
313 318 5
375 376 1
433 441 8
493 510 17

The remaining experiments were conducted with two metal plates, as shown in Figure 4.
One contains two small dents, labelled as defect 1 and defect 2 respectively, and the other one contains
a pit, labelled as defect 3.

The 3D data generated for each defect are shown in Figures 5–7. The transformation from image
pixels to real-world coordinates was achieved as described in Section 3.4. The depth information was
then extracted five times along the Y direction for each defect, and the maximum depth contour was
provided. The 3D data were then combined with altimetric readings of the maximum depth contour
for further analysis.
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Figure 4. Images of test specimens: (a) 50 × 20 mm containing two dents (defects 1 and 2); (b) size
50 × 60 mm, containing one pit (defect 3).

Figure 5. (a) Three-dimensional (3D) reconstruction results and (b) altimetric readings for the maximum
depth in the 3D result for defect 1.
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Figure 6. (a) 3D reconstruction results and (b) altimetric readings for the maximum depth in the 3D
result for defect 2.

Figure 7. (a) 3D reconstruction results and (b) altimetric readings for the maximum depth in the 3D
result for defect 3.
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It is clear that the proposed method produces significantly more information than can be observed
in the original acquisition images, enabling an accurate characterization of the dimensions and depth
of defects. This facilitates image analysis for a range of inspection tasks that could not be solved by 2D
analysis of the original acquisition images.

The initial results of the 3D reconstruction show that the proposed method is very useful for
identifying defects, and can contribute to more reliable visual inspections with currently available
devices. Thus, exploiting available devices will contribute to significant improvements and time
savings for NPP visual inspections.

Table 2 shows the evaluation of defect depth. We compare our method with the baseline derived
from MarSurf LD 120, which can conduct measurements using the Mahr metrology products. Z is the
average maximum depth of the five contour lines extracted from the 3D results. The baseline is the
average maximum depth of the five contour lines obtained by LD 120, which uses the non-defect area
of the metal plate as the reference. LD 120 measures by contact and has a resolution of 0.001 mm in the
depth direction, whereas the capacity for our image sensor and lens is approximately 0.030 mm under
the proposed setup.

Table 2. Comparison of defect depth calculated from the 3D results and obtained by LD 120 [mm].

Defect Number Z Baseline

1 0.29 0.23
2 0.22 0.20
3 0.53 0.49

As shown in Table 2, the depth estimated by our method is close to the baseline. Errors in the
experimental setup come from the camera, light sources, object reflectance, etc. The PS technique
can deal with these errors to ensure more precise results; however, all PS techniques rely on radiance
measurements. The characteristics of the defects, including defect opening displacement and geometry,
will affect the validity of the results. In future research, we will determine the parameters and their
impacts on the efficacy of depth measurement, which will require further experiments and verification.

Additionally, there are a few limitations of this study. First, it is assumed that the surface reflectance
of the object follows the Lambertian model. Figure 6 reveals no highlights or shadows; therefore, there
is no distortion in the results. Conversely, Figures 5 and 7 reveal the distortion in specific areas because
of specular reflection. The processing of highlights and shadows requires more images, yet the small
number of PTZ lights limits highlight and shadow processing. A methodology to handle shadows
and highlights with four lights may be useful to improve the performance [28]. It is also important to
note that the experimental defects analyzed in this study are more easily processed than the defects
observed under actual inspection conditions. That is, the reflectance of the objects does not deviate
substantially from the Lambertian model, and the experiment does not include any underwater images.
Thus, the next step is to perform extensive experiments under a range of different conditions.

The limitations discussed here do not limit the use of this technique in NPP visual inspections.
Moreover, we suggest that this research provides an important basis for developing a method that can
readily identify and quantify defects through NPP visual inspection.

5. Conclusions

This study presents a 3D shape reconstruction method for the visual inspection of defects in NPP
reactors. The method is based on the photometric stereo techniques and does not necessitate new
inspection devices. The proposed approach, which involves estimating the light source directions
and intensities, has reduced the limitation of light calibration and exhibits good practical applicability.
The developed methodology can obtain the 3D shape and depth information of defects, thereby
improving NPP visual inspection.
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The demands for 3D image reconstruction will allow the visual inspection sector to perform more
complex and accurate tasks. However, this is only possible if both the software and hardware are
improved. The new market applications are expected to continue to emerge as the benefits of a 3D
generating function are revealed. This research may also be relevant for designing inspection devices
for future generations of NPP reactors.
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Abstract: In the last decades, the increase in global industrialization and the consequent technological
progress have damaged the quality of the environment. As a consequence, the high levels of hazardous
compounds such as metals and gases released in the atmosphere and water, have raised several
concerns about the health of living organisms. Today, many analytical techniques are available with the
aim to detect pollutant chemical species. However, a lot of them are not affordable due to the expensive
instrumentations, time-consuming processes and high reagents volumes. Last but not least, their use is
exclusive to trained operators. Contrarily, colorimetric sensing devices, including paper-based devices,
are easy to use, providing results in a short time, without particular specializations to interpret the
results. In addition, the colorimetric response is suitable for fast detection, especially in resource-limited
environments or underdeveloped countries. Among different chemical species, transition and heavy
metals such as iron Fe(II) and copper Cu(II) as well as volatile compounds, such as ammonia (NH3)
and acetaldehyde (C2H4O) are widespread mainly in industrialized geographical areas. In this work,
we developed a colorimetric paper-based analytical device (PAD) to detect different contaminants,
including Fe2+ and Cu2+ ions in water, and NH3 and C2H4O in air at low concentrations. This study
is a “proof of concept” of a new paper sensor in which the intensity of the colorimetric response
is proportional to the concentration of a detected pollutant species. The sensor model could be
further implemented in other technologies, such as drones, individual protection devices or wearable
apparatus to monitor the exposure to toxic species in both indoor and outdoor environments.

Keywords: PAD; environmental monitoring; colorimetric detection; water; atmosphere

1. Introduction

In the last decades, due to the increase of industrialization activities, the release of hazardous
materials in the atmosphere, water and soil has raised many concerns about their impact on living
organisms [1]. Metals and heavy metals together with gaseous organic compounds are the most
widespread toxic elements due to their ability to enter the living organism by different routes, such as
inhalation and ingestion [2,3]. Then, they can enter the food chain, integrating into enzymatic processes
with the consequence to boost various diseases and inflammation processes onset [4].

Cu(II) and Fe(II) are transition metals having a key role in several physiological pathways, such as
fetal growth, brain development, cholesterol metabolism and immune function [5–7]. Cu(II) represents
one of the main components of the PM 2.5 produced by the road dust emissions, allowing its easy
penetration into the organisms’ body [8].
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In addition, the ecological risk deriving from Cu(II) exposure is a problem in European saltwater
environments [9,10]. Cu(II) can be toxic to aquatic life at concentrations approximately 10 to 50 times
higher than the tolerated range [11]. In addition, humans can adsorb a great amount of Cu(II) from
drinking water, food, air and supplements, reaching a daily absorption of 1.85 mg [12]. In order to
understand the collateral effects of the Cu(II), the US National Toxicology Program (NTP) exposed
B6C3F1 mice to the five concentrations of Cu(II) (76, 254, 762, 2543, 7629 mg Cu/L) to [13] for 13 weeks
observing the organs weight loss and animals death, at the higher concentrations tested. These results
were consistent with another study in which the same toxicity was observed in female and male
mice using 762 mg/L of Cu(II). Additionally, Fe(II) triggered adverse effects in vivo by acute toxicity
induction [14]. In aquatic environments, Fe(II) boosted the growth default of aquatic organisms at a
concentration of 1 mg/L [15]. In addition, in some European countries such as Lithuania, people were
exposed to high levels of Fe(II) due to the contamination of groundwater that overcome the permissible
limit established by the European Union Directive 98/83/EC, related to the quality of drinking water [16].
Regarding the volatile compounds pollution, NH3 is one of the major manufactured industrialized
soluble alkaline gases on Earth [17]. NH3 originates from both natural and anthropogenic sources,
in particular from the agricultural industry, high-density intensive farming practices as well as fertilizer
applications [18]. According to the Agency for Toxic Substances and Disease Registry, the concentrations
of NH3 in the environment are very variable due to its continuous recycling and its internalization in
biosphere. Therefore, it is possible to find different natural NH3 levels in the soil (1–5 ppm), in air
(1–5 ppb) and in water (approximately 6 ppm) [19]. The NH3 smell can be identified by humans at
concentrations greater than 5 ppm; at 30 ppm and with an exposure time of up to 2 h, human volunteers
underwent slight irritation, whereas strong effects were recorded up to 500 ppm [20]. However,
NH3 lethality requires higher concentrations [21]. In addition to NH3, also some kinds of carbonyls
which constitute the motor vehicle exhaust, such as C2H4O are toxic air contaminants, particularly
dangerous for living organisms [22,23]. Woutersen et al. [24] used Wistar rats to study the toxic effect
of C2H4O administered in air (6 h/day) at three concentrations (750, 1.500, 3.000 ppm) for more than a
year. All the concentrations tested induced the increase of nasal tumors incidence with remarkable
impact especially at higher concentrations. Other evidences suggested that the C2H4O administration
(1.650–2.500 ppm) for more than two years (7 h/day) induced tracheal, but not nasal, tumors in Syrian
golden hamsters [25]. Then, the study of these compounds in polluted areas is a key factor to control
the exposure rate.

Today, several analytical techniques are available for the detection of toxic analytes. However,
many of them are not affordable due to the expensive instrumentations and high reagent volumes
required. On the contrary, point-of-care and easy-to-use analysis provide results in a short time,
preventing the production of an elevated amount of waste [26]. In addition, they can be employed in
resource-limited environments and developing countries where pollution is uncontrollable and not
regulated with specific rules.

In particular, paper is the best choice to develop sustainable devices [27]; it is considered a
valid alternative to traditional materials due to its ease of fabrication, satisfactory levels of sensitivity,
specificity, low cost, lightweight, versatility, being easily portable and low reagent consumption
requiring [28,29]. The paper-based analytical devices (PAD) can work following the principle of
color change in the presence of specific target analytes [30]. The sensitivity and specificity of
the assay are dependent on an interaction between the target analyte and the surface of the PAD
due to the functionalization of cellulose fibers [31]. The paper surface can be functionalized by
different molecules, such as chemoresponsive dyes, nanoparticles (NPs) and biomolecules (antibodies,
aptamers, nucleic acids) [32–35]. Xi et al. [36] prepared a paper device based on Pb(II) metal-organic
nanotubes characterized by a large {Pb14} metallamacrocycle, to detect H2S based on the fluorescence
“turn-off” response. However, the fabrication of nanotubes and the general technique required specific
scientific competences and elevated costs; moreover the toxicity of nanotubes, is not negligible [37].
Maity et al. [38] used perovskite halide (CH3NH3PbI3) to achieve a thin-film sensor fabricated on a
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paper by a growth process able to detect NH3 gas by a color change from black to yellow. Despite the
effectiveness of this device, the H3NH3PbI3 is chemically unstable and toxic for living organisms. [39].
Then, the disposal of the device could present a serious problem. In a recent work [40], a microporous
cellulose-based smart xerogel bromocresol purple was used into cross-linked carboxymethyl cellulose
to detect NH3 by a colorimetric response. The authors performed a freeze-drying process to obtain the
xerogel with a low limit of detection.

In these PADs, the colorimetric shift can be evaluated by colorimetric assay, as a result of the
interaction with the ligand. In general, the PADs sensing areas are fabricated by the printing method
using a wax printer [41]. The results obtained can be directly interpreted by the naked eye together
with the spectrophotometer analysis. In the last years, the use of smartphones to detect color change
has been developed [42–44]. Therefore, its use showed some limitations regarding the low lighting
conditions that prevent the smartphone camera exploitation [44].

In this work, we developed an effective PAD suitable to detect different contaminants, namely Fe(II)
and Cu(II) cations (Fe2+ and Cu2+) in water and NH3 and C2H4O vapor in air. The design and fabrication
of the sensor did not require specific instrumentations. In particular, for metals detection, only a
wax pen able to design the specific areas of chemical interaction was required, without the use of a
wax printer. We functionalized the paper (Whatman filter paper) using different analytes capable
of reacting with metallic ions and gaseous substances, allowing a specific response; the aim of this
process was to develop calibration curves to correlate the obtained color to the concentrations of
toxic compounds. The results were easily interpreted using a digital scanner and ImageJ. The tests
achieved using intermediate concentrations suggested the sensitivity and reproducibility of the PAD,
making it a powerful tool to detect hazardous materials in different mediums without the use of
sophisticated technologies.

2. Materials and Methods

2.1. Ammonia Detection

2.1.1. Reagents

Whatman filter paper n.1 (thickness 180 μm), ammonium hydroxide (NH4OH, 28%), hydrochloric
acid (HCl), Aniline (C6H5NH2) and ammonium persulfate (NH4)2S2O8 were purchased from Merck.

2.1.2. Functionalization of Whatman Paper for Reversible Ammonia Vapor Detection

The reversible colorimetric detection of gaseous NH3 was realized by coating Whatman filter
paper with polyaniline (PANI) film, achieved by C6H5NH2 polymerization (2.5 g/L) in the presence of
HCl (1 M) and (NH4)2S2O8 (0.125 g/L) at room temperature [45]. Briefly, (NH4)2S2O8 solution was
added dropwise into the C6H5NH2 solution under stirring (1000 rpm). The two compounds were in a
volume ratio of 1:1. After 3 min, half of the colorless reaction mixture was immediately added into a
silicon funnel, where a piece of round filter paper (c.a 2 cm) was placed and fixed. Then, the remaining
solution was slowly suction-filtered through the filter paper, and the unused volume was left in the
dark for approximately 1 h. During this time, the solution slowly turned light blue. After this step,
the solution was again filtered and then, the paper was carefully washed with Milli-Q water. Finally,
it was left to air dry until the emerald green filter paper was achieved. The functionalized paper
was exposed to different concentrations of NH3. The schematic representation of this procedure is
represented in Figure 1a.
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Figure 1. Schematic NH3 (a) and C2H4O (b) paper sensor fabrication procedure: (a) 1. Half of the
colorless reaction mixture was immediately suction-filtered into a silicon funnel where a filter paper
(white circle) was placed. 2. The remaining part of the solution was left to stand for 1 h. During this
time, the solution turned light blue. 3. The solution was filtered (II suction-filtration) through the
filter paper, in order to induce the polyaniline (PANI) deposition. After several washes and air flow
drying, the formation of emerald green filter paper (green circle) was completed. 4. The emeraldine
green filter paper turned into a blue emeraldine base (blue circle) as a result of NH3 vapor exposure.
(b) 1. The methyl red and methyl red sodium Salt were added to the mixture. The color solution turned
into red-orange and was stirred for 1 h. After this time, NaOH was added, resulting in a color change
to yellow. The solution was left to stand for 1 h. 2. The solution was transferred in a petri dish and
the filter paper was immersed in it for 1 h. The filter paper was dried overnight in the dark at room
temperature. The formation of methyl red filter paper (yellow circle) was completed. 3. The methyl red
filter paper turned into red (red circle) as a result of C2H4O vapor exposure.

2.1.3. Construction of Calibration Curve by Colorimetric Response to Ammonia Vapor

Glass vials were used to detect NH3 vapor exposure. In each vial, 10 mL of NH3 solution
was added at different concentrations (100, 300 500 and 1000 ppm) to achieve a standard curve.
Small PANI-deposited filter paper pieces were fixed on the necks of the vials in order to expose them
to the vapor generated from the corresponding NH3 aqueous solution for a few seconds. The control
was represented by pure NH3. After this time, the paper was immediately removed and analyzed by a
scanner (Samsung SCX-3400 series (USB002)) acquiring the color change after NH3 vapor interaction.
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2.2. Acetaldehyde Detection

2.2.1. Reagents

Whatman Filter paper n.1 (thickness 180 μm), methyl red (C15H15N3O2), methyl red sodium
salt (C15H14N3NaO2), methanol (CH3OH), Glycerol (C3H8O3) and sodium hydroxide (NaOH) were
purchased from Merck.

2.2.2. Functionalization of Whatman Paper for Acetaldehyde Vapor Detection

The colorimetric detection of gaseous C2H4O was obtained by coating a Whatman filter paper
with thin methyl red film. methyl red and methyl red sodium salt was dissolved in a solvent constituted
by CH3OH, water and C3H8O3 (1 mM). The red-orange solution was stirred for approximately 1 h.
NaOH (8 mM) was added to the solution and stirred at room temperature for 1 h. The yellow-colored
solution obtained was translocated in a petri dish where a piece of Whatman filter paper was immersed
for 1 h. After this time, the paper was dried at room temperature overnight. The filter paper sheet was
then cut into small round disks (diameter of approximately 2 cm) and successively exposed to different
concentrations of C2H4O. After 5 min, the color appeared on the paper. The schematic representation
of this procedure is represented in Figure 1b.

2.2.3. Construction of Calibration Curve by Colorimetric Response to Acetaldehyde Vapor

The C2H4O vapor detection was performed using different glass vials in which 10 mL of C2H4O
was added at different concentrations in CH3OH solvent: 100, 300, 500 and 1000 ppm, respectively,
on the vial’s neck. The deposited filter paper pieces were fixed in order to expose them to the vapor
evaporated from each C2H4O/CH3OH solution for 5 min. After this time, the paper was immediately
removed and analyzed by a scanner (Samsung SCX-3400 series (USB002)) in order to acquire the color
changes after C2H4O interaction.

2.3. Fabrication of Paper-Based Colorimetric Device for Fe2+ and Cu2+

2.3.1. Reagents

Iron chloride tetrahydrate (FeCl2·4H2O), HCl, copper sulfate pentahydrate (CuSO4·5H2O),
potassium ferricyanide (K3[Fe(CN)6]), and potassium iodide (KI) were purchased from Merck.

2.3.2. Iron and Copper Calibration Curve Standard Solutions Preparation

FeCl2·4H2O was dissolved in HCl (0.5 M) in order to achieve 1000 μg/mL of Fe2+ standard stock
solution whereas CuSO4·5H2O was used to prepare 1000 μg/mL Cu2+ standard stock solution in Milli-Q
water. The series of four standard solutions (25, 50, 100 and 200 μg/mL) of Fe2+ and Cu2+ were prepared
by diluting the standard stock solutions with different volumes of Milli-Q water. After these steps,
K3[Fe(CN)6] (5 mM) and KI (0.4 M) solutions were prepared for Fe2+ and Cu2+ detection, respectively.

2.3.3. Fabrication of the Paper Analytical Device (PAD)

The fabrication of PAD was developed as follows:

1. The waxy channels on a piece of Whatman filter paper were obtained by using a wax pen.
The shape of each channel was circular with a diameter of approximately 0.5 cm. Four spots were
drawn on the filter paper, one for each standard.

2. The PAD was heated on a hot plate at ~60 ◦C for 1 h to melt the wax. The liquid wax penetrated
into the cellulose pores to achieve hydrophobic barriers.

3. The PAD was dried at room temperature for approximately 30 min.
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2.3.4. Assay Procedure

A small volume (5 μL) of Fe2+ and Cu2+ assay reagents ((K3[Fe(CN)6]) and KI) was spotted by
drop-casting on paper circular dots using a micropipette and allowed to dry at the room temperature
for 3 h. Five microliters of each standard solution was added to the corresponding labeled spots of
the PAD. The Fe2+ of the standard solutions reacted with the K3[Fe(CN)6] generating blue colored
complex in the detection zones. Instead, the Cu2+, reacting with KI, produced a red-brown compound.
The intensity of the color was proportional to the standard solution concentration. A schematic
representation of the described process was represented in Figure 2.

Figure 2. Schematic Fe2+ and Cu2+ colorimetric assay procedure: (a) The four spots were achieved
by wax pen in order to create hydrophobic barriers after heating using a hot plate. (b,c) Five microliters
of each standard solution were added by drop-casting to the corresponding labeled spot. (d) On the
Fe(II) paper-based analytical device (PAD), a blue complex was formed after the reaction between
the Fe2+ and ((K3[Fe(CN)6]); the blue color intensity directly correlated with the Fe2+ concentration
(e) On the Cu(II) PAD a red-brown compound was developed, generating by Cu2+ and KI reaction,
whose color intensity was dependent on Cu2+ concentration.

2.4. Quantitative Image Processing by ImageJ 1.47 Software

Once the color changes were achieved due to the chemical interaction with the different hazardous
compounds, the corresponding PADs images were captured using scanner Samsung SCX-3400 with
a resolution of 300 dpi. Then, the images were stored in JPEG format and analyzed in RGB format
with the open-source software, ImageJ [46]. An adjustment of the color threshold was applied to each
image to filter out all colors that were not correlated to the colored complex to be detected during the
analysis. For instance, the Fe2+ color adjustment was applied to delete all colors which was not in the
blue range from the analysis spectrum. The color adjustment was set as follows:

1. The “Color Threshold” window was accessed through the ImageJ menu by selecting “Image”→
“Adjust”→“Color Threshold.”

2. At the bottom of this window HSB was selected, which allowed the adjustment of hue, saturation,
and brightness.
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3. The hue was adjusted by moving the sliders directly below the “Hue” spectrum until only the
color of interest was visible. The hue threshold ranges set for each metal were fixed as follows:
NH3 (244–255), C2H4O (38–240), Fe2+ (171–197), Cu2+ (37–255).

The images were then converted to an 8-bit grayscale (“Image” → “Type” → “8-bit”) and
inverted (“Edit” → “Invert”). The intensity measurements yielded a positive slope when plotted
versus metal amounts. Mean Gray Value (MGV) was measured for each RGB channel (red, blue and
green, “Image”→ “Color”→ “Merge Channel”) by first selecting “mean gray value” and “limit to
threshold” in the “Set measurements window,” found from the ImageJ menu by selecting “Analyze”
→ “Set measurements”. Each area was selected using the wand tool, which automatically found
the edge of an object and traced its shape. The gray intensity of the outlined area was measured by
selecting “Analyze”→ “Measure.” Then, the RGB channel was selected with the highest sensitivity for
the metal detection according to Yu et al. [47]. The blue channel was selected for both metal cations¸
the red channel for NH3 and green channel for C2H4O were selected. Data were then imported into
Microsoft Excel 2019 in order to obtain the different calibration curves for the NH3, C2H4O, Fe2+,
Cu2+ concentrations.

The colorimetric detection limits of NH3, C2H4O, Fe2+ and Cu2+ were estimated based on 3SB/S
according to IUPAC rules, where SB and S are standard deviation and slope, respectively [48,49].

2.5. Interference Studies

The selectivity of PAD to Cu2+ and Fe2+ was evaluated by interferences assessment exposing
the functionalized PAD to several metal ions solutions containing Na+, K+, Mg2+, Ca2+, Al3+, Mn2+,
Fe3+, Co2+, Ni2+, Zn2+, Cd2+ and Pb2+ at a concentration of 100 μg/mL. The same procedure was used
to assess the specificity of PAD to NH3 and C2H4O using methylamine, ethylamine, triethylamine,
benzene, toluene, ethyl benzene, formaldehyde and ethanol at a concentration of 500 ppm.

3. Results and Discussion

In recent years, the environmental pollution has been at the center of many debates, due to the
progressive and intense industrialization; the scientific community has thus focused its attention on the
potentially toxic effects of certain substances on the living organisms [50]. Several people are exposed
to different kinds of substances owing to the contamination of several environments in particular
water, atmosphere and soil [51]. Among these, the most widespread are certainly the transition
metals, heavy metals and gaseous substances, that are produced by intense processing activities
especially in the agrifood sector [52]. These chemicals are generally released into the atmosphere and
they can reach the groundwater as well as lakes and sea reaching living organisms with subsequent
collateral effects [3,53]. In this scenario, environmental monitoring is a fundamental objective to prevent
and to know at what doses an organism was exposed. The conventional analytical techniques (gas
chromatography–mass spectrometry, high-performance liquid chromatography–mass spectrometry,
atomic absorption spectroscopy) are sophisticated systems that require high energy consumption
and expensive laboratory systems. Paradoxically, in fact, the environment analysis by the use of
these instruments induces in turn pollution (energy, consumables, toxic reagents). Starting from these
assumptions, we have developed a PAD that can be used without the need for trained operators to
monitor some hazardous materials such as NH3, C2H4O, Fe2+ and Cu2+. For gaseous substances,
namely NH3 and C2H4O, we performed two different techniques to functionalize the filter paper.
In particular, for NH3 detection, we used a PANI film functionalization following the polymerization
of aniline directly on paper substrate. The PANI film obtained was in the form of green emeraldine salt
due to the protonation of the backbone induced by HCl. We selected four doses of NH3 on the basis of
toxicological results obtained in literature, as reported in the Introduction section (Section 1). When NH3

molecules reached the functionalized paper, the deprotonation of PANI chains and, consequently,
the transformation of them into a blue emeraldine base occurred. In addition, this dye shows peculiar
chemical properties consisting of the reversible doping/dedoping nature. The dye reacted with the
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NH3 determining the color change; when the analyte was removed, it can be reverted to its initial
chemical state. Due to the reversible nature of the process, the functionalized PAD can be reused many
times (ca. 30 times) before its discard. After the exposure to different concentrations of NH3 vapor
(100, 300, 500, 1000 ppm) the color appeared in a few minutes. Immediately, a digital scanner was
used to freeze the specific color. The scanner acquired the image in JPEG format, allowing the next
analysis by ImageJ software. As shown in Figure 3, the paper assumed a specific coloration that can be
visualized with the naked eye. The color switch from light green to blue at the higher concentration
tested. By The JPEG images were analyzed after setting the specific parameters (Hue adjustment
section of the Threshold Color window) described in detail in the Materials and Methods section
(Section 2). The assay reproducibility was evaluated for three identical test zones.

Figure 3. Hue adjustment section of the Threshold Color window in ImageJ analysis software of the
NH3 PAD.

The functionalization of PAD for the detection of C2H4O was achieved by the use of methyl red.
The latter is determined by the concentration of acidic (red) and basic (yellow) forms. The colorimetric
sensor was designed to show a selective response based on a chemical reaction, such as the nucleophile
addition. Using an excess of hydroxide ions, the C2H4O underwent the nucleophile addition reaction,
resulting in the sensor alkalinity changes and consequently in a color change, from yellow to red.
The color change was almost instantaneous and it was stable for several days after drying. After the
color response, the scanner was used to acquire the image and color intensity. The latter was analyzed
for the second step of the experimental session using ImageJ analysis by the Hue adjustment section of
the Threshold Color (Figure 4). The reproducibility was evaluated for three identical test zones.
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Figure 4. Hue adjustment section of the Threshold Color window in ImageJ of C2H4O PAD.

The test zones were used to create the calibration curve. Figure 5 shows the calibration curve
for NH3 detection using the color change after the exposure to the four concentrations. In detail,
in Figure 5a we reported the pieces of devices related to the functionalized and unexposed PAD (top
circle) and the PAD exposed to pure NH3 (28%, bottom circle) with the relative MGV values extracted
from the ImageJ analysis that were 10.3 ± 1.5 and 75 ± 4.5, respectively. In Figure 5b, the pieces of
PAD after exposure to 100, 300, 500 and 1000 ppm of NH3 were represented. Observing the pictures,
it was possible to visualize a color trend with the naked eye, from the lightest to the darkest as
the concentration increased. The successive ImageJ analysis performed on the scanner acquisitions
correlated with the concentration with a specific MGV obtaining a calibration curve with R2 = 0.99.
The limit of detection (LOD) value was 7.64 ppm. The values were obtained by repeating the experiment
three times. In order to understand if the device actually worked even with intermediate concentrations,
we exposed the PAD to average concentrations calculated between the first and second (200 ppm) and
third and fourth doses (750 ppm). Additionally, in this case, PANI film was able to efficiently induce
the color response; it was possible to find the concentration simply by interpolating the MGV data on
the straight line as shown in Figure 5c.

The same procedure was applied to the paper functionalized with methyl red, capable of detecting
the C2H4O vapor. (Figure 6). Figure 6a shows the as-prepared paper device (yellow) and after
exposure to pure C2H4O (≥99.5%, dark red) with the corresponding MGV values that were 20.3 ± 2.7
and 155 ± 7.5, respectively. In Figure 6b, the progression from yellow to red was observed when
the tested concentrations increased. We used 100, 300, 500 and 1000 ppm concentrations and we
built the calibration curve obtaining an R2 value of 0.98 (Figure 6c). The LOD value was 11.09 ppm.
The effectiveness of this colorimetric response was verified using two average concentrations: 200 and
750 ppm. Additionally, in this case, the MGV values were interpolated with the curve that exactly
corresponded to the tested concentrations.
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Figure 5. (a) Mean Gray Value (MGV) values of PAD as prepared and after the exposure to pure NH3

(28%). (b) color change after NH3 exposure. (c) Interpolation of NH3 intermediate values (200 and
750 ppm). Data reported were the average of three independent experiments ± SD. The difference
between the as-prepared paper and colored papers was considered statistically significant performing
a Student’s t-test with p < 0.05 (<0.05 *).

Figure 6. (a) MGV values of PAD as-prepared and after the exposure to pure C2H4O (>99%). (b) color
change after C2H4O exposure. (c) Interpolation of C2H4O intermediate values (200 and 750 ppm).
Data reported were the average of three independent experiments ± SD. The difference between the
as-prepared paper and colored papers was considered statistically significant performing a Student’s
t-test with p < 0.05 (<0.05 *).

198



Sensors 2020, 20, 5502

After the analysis of gaseous molecules, we used the PAD to detect Cu2+ and Fe2+, which are
the most common metals released in the environment [1]. Then, we moved to the detection of these
metals in water at low concentrations. Firstly, we designed four circle spots using a wax pen in order
to achieve hydrophobic barriers without the use of wax printing, inkjet printing and screen-printing
technologies. Once the heat produced by the hot plate allowed the penetration of the wax into the
cellulose porous, the specific chemical analytes, K3[Fe(CN)6] for Fe2+ and KI for Cu2+, were deposited
in the spot’s center by drop-casting. The wax channels prevented the typical diffusion phenomenon of
the liquid substances deposited on the paper. Five microliters of FeCl2.4H2O and CuSO4.5H2O (25, 50,
100, 200 μg/mL) were used. Chelation (1) and redox (2) chemical reactions produced a blue and brown
color, respectively. The two reactions were the following:

(1) Fe2+ + Fe(CN)3−
6 → Fe3[Fe(CN)6]2;

(2) Cu2+ + 2I− →CuI2 → 2CuI2 = 2CuI + I2.
After color formation, we acquired the images by a digital scanner to perform ImageJ analysis

using the adjustment of Threshold Color both for Fe2+ (Figure 7) and Cu2+ (Figure 8). The analysis
was repeated in three identical test zones.

Figure 7. Top: Image acquisition of PAD after FeCl2.4H2O deposition at different concentrations.
Down: threshold analysis, saturation and brightness adjustment by ImageJ software.

Figure 8. Top: Image acquisition of PAD after CuSO4.5H2O deposition at different concentrations.
Down: threshold analysis, saturation and brightness adjustment by ImageJ software.
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As shown in Figure 9a, the color changed from light blue to dark blue, proportionally to the
Fe2+ concentration increase. The corresponding calibration curve was obtained plotting the MGV
values analyzed by ImageJ analysis after standards solution deposition, showing an R2 value of 0.98
(Figure 9b).

Figure 9. (a) Color change of filter paper after exposure to Fe(II) at different concentrations. (b) The
yellow rhombuses represented the interpolation of Fe2+ intermediate concentrations (37 and 150 μg/mL).
Data reported were the average of three independent experiments ± SD. The difference between
as-prepared paper and colored papers was considered statistically significant performing a Student’s
t-test with p < 0.05 (<0.05 *).

A similar R2 value was reported for the Cu2+ calibration curve; in the latter case, the color
changed from light brown to dark brown (Figure 10a). As demonstrated for NH3 and C2H4O we
used two average concentrations between 25 and 50 μg/mL and between 100 and 200 μg/mL (37 and
150 μg/mL) to test the device reliability. The MGV values acquisitions revealed that the corresponding
concentrations were on the calibration curve thus confirming the effectiveness and stability of the PAD
(Figure 10b). The LOD for Fe2+ was 3.8 μg/mL and 3.2 μg/mL for Cu2+. For both metals, the values
were greatly below the maximum acceptable concentrations in drinking water stipulated by the World
Health Organization (WHO) [54].

The LOD values of each device are summarized in Table 1.

Table 1. LOD values of NH3, C2H4O, Fe2+ and Cu2+ PADs.

PADs Concentrations Range Limit of Detection (LOD)

NH3 100–1000 ppm 7.64 ppm

C2H4O 100–1000 ppm 11.08 ppm

Fe2+ 25–200 μg/mL 3.8 μg/mL

Cu2+ 25–200 μg/mL 3.2 μg/mL
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Figure 10. (a) Color change of filter paper after exposure to Cu(II) at different concentrations.
(b) The yellow rhombuses represented the interpolation of Cu2+ intermediate concentrations (37 and
150 μg/mL). Data reported were the average of three independent experiments ± SD. The difference
between as-prepared paper and colored papers was considered statistically significant performing a
Student’s t-test with p < 0.05 (<0.05 *).

In order to test the selectivity of the different PADs used in this study, several metal and gaseous
solutions at 100 μg/mL and 100 ppm, respectively, were used. No significant visual color change had
been observed in all the tested cases. For gaseous molecules, the PAD was exposed to methylamine,
ethylamine, triethylamine, benzene, toluene, ethyl benzene, formaldehyde and ethanol at 100 ppm for ca.
15 min. Any noticeable effects on filter paper were recorded. This suggested the high selectivity of PAD to
the NH3 and C2H4O only (Figure 11a,b). Similar results were obtained analyzing the interferences of
different metal ions after PAD exposure for 15 min. It was observed that 100 μg/mL of Na+, K+, Mg2+,
Ca2+, Al3+, Mn2+, Fe3+, Co2+, Ni2+, Zn2+, Cd2+, and Pb2+ highlighted negligible colorimetric effects on
the PAD due to the small affinity with the analytes deposited on filter paper (Figure 11c,d).

Figure 11. Interferences assay for NH3 and C2H4O (a,b) and Fe(II) and Cu (II) (c,d). The values were
expressed as MGV. Data reported were the average of three independent experiments ± SD.
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4. Conclusions

The use of paper as a platform for sensing devices offers considerable advantages in terms of
affordability and availability of functionalization processes; in fact, the hydrophilic nature of paper
makes it a suitable tool due to the fast adsorption of different chemical solutions through its porous
structure. Since only small volumes of reagents are needed to functionalize the paper device, it is very
inexpensive. In addition, this technology does not require qualified personnel to collect and analyze
the data. We developed an easy and versatile PAD that is able to measure different pollutant agents,
namely NH3, C2H4O, Fe2+ and Cu2+, in two different mediums, air and water. The device architecture
is a “proof of concept” of a new class of colorimetric sensors. In fact, it could be implemented in
several environmental detection technologies, such as drones or aquatic sensors as well as individual
protection devices or wearable technologies, by an electronic integration. In addition, the PAD can be
used by different citizens of particular geographic areas to map the possible contaminations, with the
aim to collect the global data and to build a database to monitor the pollution.
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Abstract: Fusarium head blight (FHB) is a major disease threatening worldwide wheat production.
FHB is a short cycle disease and is highly destructive under conducive environments. To provide
technical support for the rapid detection of the FHB disease, we proposed to develop a new Fusarium
disease index (FDI) based on the spectral data of 374–1050 nm. This study was conducted through
the analysis of reflectance spectral data of healthy and diseased wheat ears at the flowering and
filling stages by hyperspectral imaging technology and the random forest method. The characteristic
wavelengths selected were 570 nm and 678 nm for the late flowering stage, 565 nm and 661 nm for the
early filling stage, 560 nm and 663 nm for the combined stage (combining both flowering and filling
stages) by random forest. FDI at each stage was derived from the wavebands of each corresponding
stage. Compared with other 16 existing spectral indices, FDI demonstrated a stronger ability to
determine the severity of the FHB disease. Its determination coefficients (R2) values exceeded 0.90 and
the RMSEs were less than 0.08 in the models for each stage. Furthermore, the model for the combined
stage performed better when used at single growth stage, but its effect was weaker than that of the
models for the two individual growth stages. Therefore, using FDI can provide a new tool to detect
the FHB disease at different growth stages in wheat.

Keywords: hyperspectral imaging; spectral indices; random forest; growth stage; Fusarium
head blight

1. Introduction

The production of wheat plays important social and economic roles, and the quality and safety
issues related to these functions have been the focus of research at the national level and abroad.
Fusarium head blight (FHB) is a wheat disease caused by the fungus Gibberella zeae (Fusarium
graminearum) and often severely affects wheat yield and quality. Wheat infected with FHB accumulates
a large amount of toxins in its grains, thereby seriously threatening public health. These bacterial
toxins can contaminate flour and persist in the food chain for long periods, producing carcinogens.
Therefore, FHB has become one of the crop diseases of great concern worldwide [1,2].

Conventional crop disease detection methods range from the naked eye to random monitoring,
which have the disadvantages of strong subjectivity, high labor intensity, and time consumption.
With the rapid development of spectral technology, hyperspectral imaging has been gradually applied
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to non-destructive detection of plant diseases and insect pests [3]. Hyperspectral images can provide
hundreds of thousands of continuous narrow band data points and are very sensitive to changes in the
physical and chemical parameters of plants caused by disease infection. These changes have gradually
developed into effective features for expressing plant growth information and have proven to be
effective in identifying plant diseases and insect pests [4]. Zheng et al. [5] used wavelengths of 570 nm,
525 nm, 705 nm, 860 nm, 790 nm, and 750 nm to identify yellow rust successfully in the early and middle
stages of wheat growth. Huang [6] and others, based on the Relief-F algorithm, proposed that 515 nm,
698 nm, and 738 nm are key wavelengths for distinguishing wheat powdery mildew from other diseases.
Bauriegel [7] believe that 550–560 nm and 665–675 nm are the best bands for field identification of FHB.
However, with the increase in spectral and image spatial resolution, the simultaneous increase of data
dimensions, noise, and redundant spectra pose considerable challenges to data storage, processing,
and analysis [8].

The vegetation index is an effective method often used in the field of optical remote sensing to
reflect changes in plant physiological and biochemical parameters. This index is a simple and efficient
spectral data processing method that combines a few characteristic bands in a certain mathematical
form. This method greatly eliminates the redundancy of hyperspectral data, has a small amount of
calculation, and is widely used to estimate crop yields [9], pigment content [10], canopy structure [11],
and changes in water status [12]. In recent years, exclusive spectral indexes have been proposed and
demonstrated unique advantages in plant disease detection. Zhang et al. [8] developed a hyperspectral
index based on hyperspectral microscopic images to identify FHB ears with classification accuracy
of 0.898. Devadas et al. [13] observed that healthy and susceptible (yellow rust, leaf rust, stem rust)
wheat can be distinguished based on the anthocyanin reflectance index. Rumpf et al. [14] combined the
spectral index and support vector machine to identify beet leaf spot, leaf rust, and powdery mildew at
an early stage, and the classification accuracy was above 0.65. The results of these studies indicate that
a spectral index calculated by spectral reflectance at a special wavelength position has high potential for
applications in the fields of crop diseases and insect pests. However, these proposed spectral indexes
do not clearly indicate the applicable growth stage or only consider a certain growth period of the crop.

The pathological characteristics of wheat after being infected with FHB differ at separate stages,
which may cause inconsistent relationships between the spectral index and the status of FHB during
different growth periods. In many studies on spectral indexes, researchers have usually pooled
observation data at different stages of the entire growth stage to explore characteristic bands and
construct spectral indices, thereby weakening the inconsistencies of FHB status in different growth
stages [15]. FHB usually occurs during the flowering and filling stages of wheat. At maturity,
the damage caused by FHB to wheat yield and quality has been determined. Currently, conducting
research on FHB identification is of minimal importance. Therefore, this study focuses on the accuracy
and stability of the disease severity monitoring model for FHB at late flowering and early filling
stages, with the goal of providing assistance for the scientific control of the disease. The main research
objectives are as follows: (1) Based on the difference in spectral responses between healthy and infected
ears, the most suitable characteristic wavelengths for identifying FHB were selected and determined
by the random forest (RF) technique in the late flowering stage and early filling stage. (2) A Fusarium
disease index (FDI) was constructed in the form of the normalized wavelength difference and compared
with classical disease index to evaluate the accuracy and stability of FDI.

2. Materials and Methods

2.1. Wheat Material

This study was carried out at the experimental base of the Anhui Academy of Agricultural Sciences
(31◦89′ N, 117◦1′ E) in China from 2017 to 2018 (Figure 1). The tested wheat variety was Xinong 979,
which is moderately susceptible to FHB. A 10 × 10 m experimental plot was divided into an inoculation
area (50 m2) and a control area (50 m2). In the early flowering stage, a small sprayer was used to
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spray a freshly prepared spore suspension (F. graminearum) on the ears of wheat in the inoculation area.
The control area was sprayed with pesticide (Carbendazim, 750 g/hm2) once between the full heading
stage and the early flowering stage (18 April 2018) to prevent FHB and ensure a sufficient number of
healthy samples for comparative research. Other field management techniques such as fertilization
and irrigation were carried out in the two experimental plots according to local agronomic measures.
In this study, 149 and 229 wheat ears were collected at the late flowering (3 May 2018) and early filling
(9 May 2018) stages for a total of 378 samples.

 

Figure 1. Experimental field plots.

2.2. Inoculum Production

Under the bench with a sterile environment, the infected wheat grains were treated twice with
mercury dichloride–alcohol–sterilized water. The treated grains were added to potato dextrose agar
medium, and the culture was grown at 25 ◦C for three days. Five mycelium plugs were picked at the
edge of the colony and placed in 100 mL carboxymethyl cellulose medium for four days. The conidia
were filtered with two pieces of filter paper and centrifuged at 5000 rpm for 5 min. The concentration
of the spore suspension was adjusted to 1 × 105/mL with sterile water.

2.3. Data Acquisition and Processing

2.3.1. Spectral Measurements

The spectral reflectance of the ears was measured using an SOC710E spectrometer (Surface Optics
Corporation, San Diego, CA, USA). The spectral range of this instrument is 374–1050 nm, and the
spectral resolution is 2.3 nm. After picking wheat ears in the field, the samples were quickly sent to the
laboratory in a fresh-keeping box, and the spectral data were collected in a dark room. Wheat ears were
placed on a black platform, and the exposure time and the distance between the platform and the lens
were adjusted so that the wheat ears could be clearly imaged. Two 75-Watt halogen lamps were placed
on both sides of the dark room to illuminate the sample. The hyperspectral imaging system is shown in
Figure 2. Measurements on the whiteboard (with a reflectance of approximately one) and dark current
(with a reflectance of approximately zero) were performed for spectral correction. The reflectance
value of the dark current was recorded by covering the lens with a black cloth. The correction formula
is as follows:

R =
Roriginal −Rdark

Rwhite −Rdark
(1)
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where Roriginal represents the original spectral reflectance, Rdark is the reflectance value of the dark
current, Rwhite is the reflectance value of the reference whiteboard, and R is the corrected spectral
reflectance of the image.

 

Figure 2. Hyperspectral imaging system.

2.3.2. Calculation of Disease Severity

With respect to ear scale, the disease severity is mainly quantified by the ratio of the diseased area
on the ear to the whole ear area. Therefore, Fusarium head blight lesions were segmented from the
whole ear to measure relative lesion area on ears. First, the third channel image of the original red
green blue (RGB) image (Figure 3a) was processed with binarization and morphological corrosion and
expansion to remove the tip of wheat and stalks in the image (Figure 3b).

   
(a) (b) (c) 

Figure 3. Extraction of diseased spots from wheat ears, (a) original image; (b) image of wheat tip and
stalk removal; (c) image of diseased spots extraction.

Because the three components in the RGB image were represented by a three-dimensional
Cartesian coordinate system, they were highly correlated and relatively heterogeneous, resulting in a
small difference between the healthy area and the diseased area that was difficult to segment. The color
space of YDbDr was used to separate the brightness and color difference, which was more suitable for
distinguishing between green and red yellow susceptible areas. Therefore, the RGB image after the
wheat tip and stalk removal was transferred to the YDbDr color space, and a threshold segmentation
method was adopted to extract the ear disease spots (Figure 3c).
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The severity of the FHB is expressed by the ratio of the number of pixels in the disease spot region
to the pixel number in the whole wheat ear region, as shown in Equation (2):

SI =
Slesion

Sall
(2)

SI represents the severity of FHB, Slesion is the number of pixels in the disease spot area, and Sall is
the number of pixels in the whole wheat ear region.

2.3.3. Characteristic Band Selection

The RF algorithm was used to select the characteristic wavelengths that are sensitive to FHB.
This algorithm is an ensemble learning algorithm based on multiple classification and regression
trees (CARTs) proposed by Breiman [16] and is often used for characteristic wavelength selection in
hyperspectral data analysis [17,18]. In this algorithm, the bootstrap resampling method is used to
generate the training set; attributes are measured according to the minimum Gini index principle,
and CART is gradually established. Subsequently, the classification of samples is determined by
combining the voting of each decision tree. At the same time, the samples that do not appear in the
training set are designated as “bag data” and are used to predict the accuracy of the algorithm.

The Gini index is an attribute splitting method based on impurity. The smaller the impurity,
the worse the dispersion degree of the variables and the more information that is obtained [19].
The formula for calculating the impurity Gini index G is shown in Equation (3):

G(a) = 1−
c∑

i = 1

P2
i (3)

where c is the number of sample categories, and Pi is the probability that the sample corresponding to
an attribute a belongs to category ci (ci represents the i-th category).

Because the Gini impurity index is negatively related to the available information, this study used
the Gini purity index to convert the purity and available useful information into a positive correlation
to more intuitively reflect the impact of features on the classification effect. The calculation formula is
as follows:

Gpurity(a) =
c∑

i = 1

P2
i (4)

Through the converted formula, the Gini purity index of characteristic f can be obtained as follows:

G(f) =
k∑

i = 1

ni

N
Gpurity(ai) (5)

where N is the number of samples, k is the number of categories of a certain attribute a, ai is a certain
category of attributes, and ni is the number of samples corresponding to a certain category. The greater
the purity of a feature, the stronger the ability of the feature to recognize the sample. The calculation
formula for the importance measurement of the feature is as follows:

S(v) =
1
t

t∑
u = 1

G( fuv) (6)

where t is the number of training datasets in the RF, G(f uv) is the purity of the v-th dimension
eigenvector in the u-th training dataset (v = 1, 2, 3, ...., k), and k is the overall dimension of the sample.
Finally, the required characteristic wavelengths were obtained according to the positive maximum
value and the negative minimum value of the importance score.
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2.4. Construction of Proposed New Spectral Disease Index for Indentifing Wheat FHB

Previous studies [6,20] have shown that the disease spectral index in the form of the normalized
wavelength difference is very sensitive to spectral changes caused by powdery mildew, stripe rust,
and aphids. Therefore, this study used the normalized wavelength difference in combination with
characteristic wavelengths to construct the exclusive FDI for each period. The calculation is carried out
via Equation (7):

FDI =
Rλ1 −Rλ2

Rλ1 + Rλ2
(7)

where Rλ1 represents the reflectance at the λ1 wavelength and Rλ2 represents the reflectance at the
λ2 wavelength.

2.5. Traditional Spectral Indices for Wheat FHB Detection

Pigment content can provide information about the physiological state of leaves; consequently,
a spectral index that can characterize the plant pigment content is highly related to plants’ physiological
and biochemical changes and is often used for non-destructive detection of plant diseases and insect
pests. Sixteen commonly used spectral indexes (Table 1) were selected and compared with the FDI
proposed in this study to evaluate FDI’s ability to identify and distinguish infected ears.

Table 1. Traditional spectral indices tested in the study.

Full Name of Spectral Index
Spectral Index
Abbreviation

Calculation Formula

nitrogen reflectance index [21] NRI (R570 −R670)/(R570 + R670)
photochemical reflectance index [22] PRI (R531 −R570)/(R531 + R570)

transformed vegetation index [23] TVI 0.5× [120× (R750 −R550) − 200×
(R750 + R550)]

transformed chlorophyll absorption in the
reflectance index [24] TCARI 3× [(R700 −R670) − 0.2× (R700 −

R550) × (R700/R670)]
modified chlorophyll absorption in the

reflectance index [25] MCARI [(R700 −R670) − 0.2× (R700 −
R550)] ×R700/R670)

red-edge vegetation stress index [26] RVSI [(R712 + R752)/2] −R732
plant senescence reflectance index [27] PSRI (R678 −R500)/R750

green index [28] GI R554/R677
structural independent pigment index [29] SIPI (R800 −R445)/(R800 + R680)

normalized pigment chlorophyll ratio index [30] NPCI (R680 −R430)/(R680 + R430)
normalized difference vegetation index [31] NDVI (R840 −R675)/(R840 + R675)

optimized soil-adjusted vegetation index [32] OSAVI 1.16× [(R800 −R670)/(R800 +
R670 + 0.16)]

Lichtenthaler’s indices [33] Lic1 (R800 −R680)/(R800 + R680)
Lichtenthaler’s indices [34] Lic2 R400/R690

anthocyanin reflectance index [35] ARI (R550)
−1 − (R700)

−1

physiological reflectance index [22] PHRI (R550 −R531)/(R550 + R531)

2.6. Linear Regression Model and Validation

A linear regression model was used to model the relationship between spectral indices (FDI
and existing spectral indices) and the severity index (SI) at different growth stages. The evaluation
indexes of the model included the root mean square error (RMSE) and the coefficient of determination
(R2). RMSE represents the standard deviation of the difference between the predicted value and the
measured value. R2 used to measure the proportion of variation in the dependent variable that can be
explained by the independent variable. The closer R2 is to 1, the closer the regression line is to each
observation point, and the better the regression fit.

To make the distribution of samples more uniform, the SI values of the samples were arranged
in descending order and then divided into a training dataset and test dataset in a 3:1 proportion.
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Specifically, one sample was taken from a group of four samples as the test dataset, and the remaining
three were used as the training dataset. In the model, using FDI as the independent variable and SI as
the dependent variable, the relationship between FDI and SI in different periods was determined by
regression analysis. In a single growing period, the FDI of the sample in the training set was calculated,
and the linear regression equation between it and the corresponding SI was established to obtain the
R2 and RMSE in the training dataset. The SI of each sample in the test dataset was predicted by a linear
regression equation and FDI, and the R2 and RMSE of the prediction set were obtained by comparing
the actual SI with the predicted SI. In addition, the samples in the combined stage were modeled and
predicted, and the linear regression equation of the combined stage was used to predict the test dataset
samples of the late flowering and early filling stages.

3. Results and Analysis

3.1. Spectral Response Differences of Wheat FHB with Different Disease Severities

In the process of using hyperspectral data to accurately identify diseases, the study of spectral
signatures under different disease severities is the basis for screening and identifying sensitive bands
of diseases. Figure 4 shows the spectral signature of wheat ears with different infection levels.
Generally, in the range of the 550–720 nm band, the spectral reflectance of healthy ears is lower than
that of infected samples, with an obvious green peak and red valley; accordingly, these two spectral
features disappear in the severely infected ears. Conversely, in the range of the 721–1000 nm band,
the more severely infected the sample, the lower its reflectivity. The difference in the responses of
wheat ears with different severities in the 550–720 nm and 721–1000 nm bands may be related to the
difference in the pigment content and moisture content in mesophyll tissue [9]. Furthermore, with
the increase in the severity of wheat diseases, a clear red edge moved in the short-wave direction.
The above obvious spectral signature differences provide an important optical basis for analyzing and
constructing the relationship between the spectral index and FHB severity in this study.

Figure 4. Spectral reflectance curves of wheat ears with different disease severities.

3.2. Construction of Proposed New Spectral Disease Index for Identifying Wheat FHB

3.2.1. Characteristic Bands for Identifying FHB at Different Growth Stages

RF was used to select characteristic wavelengths in samples during the late flowering stage, early
filling stage, and combination of both. The weight coefficients of all wavelengths were calculated in
the spectral range of 374–1050 nm. Except for the extreme points, the weight coefficients of adjacent
wavelengths were similar, thus indicating that the information of adjacent wavelengths was highly
correlated. To reduce the redundant information and maximize the effective spectral information, this
study selected the wavelength corresponding to the positive highest weight coefficient and the negative
lowest weight coefficient as the characteristic wavelengths. As shown in Figure 5, the characteristic
wavelengths were 570 nm and 678 nm at the late flowering stage, 565 nm and 661 nm at the early filling
stage, and 560 nm and 663 nm at the combined stage.
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(a) (b) (c) 

Figure 5. Weight coefficients calculated by RF at the late flowering stage (a), early filling stage (b) and
combined stage (c).

Characteristic wavelengths selected from the different stages were all in the range of 565–680 nm.
Combined with Figure 5, this band range shows a significant difference between healthy and infected
wheat ears. Furthermore, the characteristic wavelengths selected in the two growth stages were
different, from 678 nm and 570 nm in the late flowering stage to 661 nm and 565 nm in the early
filling stage. With the development of FHB, the position of the characteristic wavelength moved
in the direction of the short wave, which was consistent with the spectral change of the previously
reported disease stress plants; specifically, the red edge shifted in the direction of the blue wave.
Notably, the characteristic wavelengths of the combined stage are closer to those of the early filling
period, which may be due to the sample size in the early filling stage (229) being larger than that in
the late flowering stage (149); moreover, the incidence characteristics of FHB were obvious in this
growth period.

3.2.2. Construction of New Fusarium Disease Index for Identifying Wheat FHB

In this study, with FDI as the independent variable and SI as the dependent variable, the relationship
between FDI and SI in different stages was evaluated by linear regression analysis (Figure 6). FDI made
an accurate prediction of the SI of wheat ears at the late flowering stage, early filling stage, and combined
stage (R2 was greater than 0.90, RMSE was less than 0.08). At each stage, the R2 and RMSE of the
training and test datasets were close, indicating that the model had a strong generalization ability.
From the results of the training and test datasets, the FDI prediction was the most accurate in the early
filling stage, followed by the late flowering period, and the lowest in the combined stage. (0.96, 0.94,
and 0.90, respectively).

In this study, the regression model obtained from the combined stage was applied to the test set
of the late flowering and early filling stages (Figure 7). The results obtained by applying the regression
model established through the combined stage to the test datasets of the late flowering and early
filling stages (R2 = 0.91 and 0.94, respectively) were slightly lower than those of the regression models
of the late flowering and early filling stages (R2 = 0.94 and 0.96, respectively), especially in the late
flowering stage.
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(a) (b) 

 

(c) (d) 

 
(e) (f) 

Figure 6. Evaluation of regression models in the training and test datasets at the late flowering stage
(a,b), the early filling stage (c,d) and the combined stage (e,f).

 
(a) (b) 

Figure 7. Evaluation of regression models at the combined stage used at the late flowering stage (a)
and early filling stage (b).

3.3. Comparison of FDI and Traditional Spectral Indices

To verify the application potential of the FDI for detection of FHB, the results were compared with
16 other published spectral indexes at different stages (Tables 2–4). In the late flowering stage and combined
stage, only the FDI proposed in this study had an R2 above 0.9 in the training and the test datasets.
In the early filling stage, only FDI and NRI had an R2 above 0.9 in both the training and test datasets.
The characteristic wavelengths of FDI (661 nm, 565 nm) and NRI (670 nm, 570 nm) were also close.
The prediction results of FDI were higher than those of other spectral indexes in different stages, especially
in the late flowering stage, which indicated that the FDI had excellent monitoring accuracy in the early
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stage of FHB infection. Furthermore, the detection capabilities of the selected spectral indices were different
at separate stages, but the R2 of FDI at every stage was greater than 0.9. Among these indices, nitrogen
reflectance index (NRI), transformed vegetation index (TVI), and green index (GI) performed relatively
well at different growth stages. What they all have in common is that they have better predictions during a
single growth period than during the combined growth period. The diversity of samples in the combined
stage may increase the difficulty of model prediction in this period because the characteristic wavelengths
are dynamically changing in different growth stages [5]. At the same time, the performance of some indices
in different growth stages will be very different. For example, modified chlorophyll absorption in the
reflectance index (MCARI) has much better predictive power in the early filling period (R2 = 0.67) than in
the late flowering period (R2 = 0.41); normalized pigment chlorophyll ratio index (NPCI) has much better
predictive power in the combined period (R2 = 0.77) than in the early filling period (R2 = 0.17). The same
index responds differently to diseases in different growth stages, which may be affected by the pathogenic
mechanism of vegetation [13].

Table 2. Comparison of proposed FDI and traditional spectral indices at the late flowering stage.

Spectral Indices

Late Flowering Stage

Regression Equation
Training Set Test Set

R2 RMSE R2 RMSE

NRI y = −2.77x + 0.68 0.87 0.08 0.86 0.09
PRI y = −5.68x + 0.02 0.08 0.22 −7.9 0.21
TVI y = −0.06x + 1.36 0.86 0.09 0.91 0.07

TCARI y = −4.01x + 1.13 0.75 0.11 0.78 0.11
MCARI y = −21.73x + 1.27 0.38 0.18 0.41 0.19

RVSI y = 6.97x + 0.48 0.13 0.21 −4.46 0.22
PSRI y = 4.96x + 0.01 0.73 0.12 0.79 0.12

GI y = −0.85x + 1.48 0.86 0.09 0.88 0.07
SIPI y = −3.39x + 2.40 0.74 0.12 0.68 0.12

NPCI y = 2.58x − 0.61 0.41 0.18 −0.1 0.18
NDVI y = −2.34x + 1.52 0.82 0.1 0.86 0.08
OSAVI y = −2.79x + 1.55 0.81 0.1 0.81 0.1

Lic1 y = −2.40x + 1.52 0.82 0.1 0.86 0.08
Lic2 y = −0.81x + 0.63 0.02 0.23 −34.83 0.24
ARI y = 0.36x − 0.12 0.2 0.21 −2.24 0.21

PHRI y = −17.22x + 1.04 0.4 0.18 −1.82 0.23
FDI y = 2.74x + 0.17 0.90 0.07 0.94 0.06

Table 3. Comparison of proposed FDI and traditional spectral indices at the early filling stage.

Spectral Indices

Early Filling Stage

Regression Equation
Training Set Test Set

R2 RMSE R2 RMSE

NRI y = −3.2x + 0.55 0.93 0.07 0.92 0.07
PRI y = −9.52x − 0.30 0.19 0.23 −2.14 0.23
TVI y = −0.05x + 1.02 0.89 0.08 0.89 0.08

TCARI y = −3.35x + 1.02 0.87 0.09 0.85 0.10
MCARI y = −16.72x + 1.14 0.76 0.13 0.67 0.14

RVSI y = 5.09x + 0.47 0.07 0.25 −14.73 0.26
PSRI y = 3.60x − 0.15 0.88 0.09 0.85 0.10

GI y = −1.25x + 1.79 0.89 0.09 0.85 0.09
SIPI y = −3.74x + 2.44 0.78 0.12 0.71 0.12

NPCI y = 3.48x − 1.16 0.52 0.18 0.17 0.19
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Table 3. Cont.

Spectral Indices

Early Filling Stage

Regression Equation
Training Set Test Set

R2 RMSE R2 RMSE

NDVI y = −2.45x + 1.32 0.87 0.09 0.85 0.10
OSAVI y = −2.74x + 1.32 0.89 0.09 0.87 0.09

Lic1 y = −2.45x + 1.32 0.87 0.09 0.85 0.10
Lic2 y = −2.44x + 1.28 0.09 0.25 −6.40 0.24
ARI y = 0.39x − 0.18 0.17 0.23 −4.87 0.25

PHRI y = −13.41x + 1.13 0.17 0.23 −4.19 0.25
FDI y = 3.78x + 0.56 0.97 0.04 0.96 0.05

Table 4. Comparison of FDI and traditional spectral indices at the combined stage.

Spectral Indices

Combined Stage

Regression Equation
Training Set Test Set

R2 RMSE R2 RMSE

NRI y = −2.69x + 0.56 0.82 0.11 0.78 0.11
PRI y = −7.56x − 0.16 0.46 0.19 0.03 0.18
TVI y = −0.05x + 1.05 0.73 0.13 0.64 0.13

TCARI y = −4.02x + 1.13 0.81 0.11 0.75 0.13
MCARI y = −20.80x + 1.29 0.63 0.16 0.48 0.18

RVSI y = 5.75x + 0.45 0.11 0.24 −8.03 0.26
PSRI y = 2.57x − 0.05 0.72 0.14 0.63 0.14

GI y = −0.97x + 1.53 0.79 0.12 0.73 0.12
SIPI y = −3.71x + 2.51 0.34 0.21 −1.03 0.22

NPCI y = 1.67x − 0.36 0.79 0.12 0.77 0.12
NDVI y = −2.24x + 1.31 0.66 0.15 0.51 0.15
OSAVI y = −2.54x + 1.32 0.66 0.15 0.56 0.14

Lic1 y = −2.24x + 1.32 0.66 0.15 0.51 0.15
Lic2 y = −2.45x + 1.27 0.73 0.13 0.70 0.13
ARI y = 0.56x − 0.43 0.69 0.14 0.49 0.16

PHRI y = −6.66x + 0.01 0.08 0.25 −9.57 0.24
FDI y = 2.97x + 0.54 0.90 0.08 0.90 0.08

4. Discussion

4.1. Analysis of Spectral Characteristics for Identifying Wheat FHB

Previous studies have demonstrated that changes in crop physiological and biochemical parameters
lead to changes in spectral reflectance, which is the basis for optical technology used to diagnose
the severity of FHB [5]. As the symptoms of FHB are different in separate growth stages of wheat,
characteristic wavelengths used to identify the severity of FHB are also different, so it is necessary to
extract these wavelengths for different stages. In addition, there are some differences in the spectra
of wheat ears with different degrees of infection in specific bands. Figure 4 shows the destruction
of chloroplasts in the ear tissue of FHB which causes the chlorophyll in the cells to continuously
degrade, and the reflectivity of the spectrum in the chlorophyll band (560–675 nm and 682–733 nm)
decreases rapidly. At the same time, the decrease of the chlorophyll content in these cells reduces the
possibility of photon reemission and reabsorption in this wavelength range, resulting in an increase
in spectral reflectivity and the blue shift of the “red edge”. These changes become more obvious
with the increase in the degree of infection. The characteristic wavelengths selected in this study are
in the range of 560–680 nm, including the green reflection peak and red absorption valley, and can
characterize the characteristics of wheat ears. According to the characteristic wavelengths of the
late flowering stage (570 nm and 678 nm) and early filling stage (565 nm and 661 nm), the 570 nm
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and 565 nm wavelengths are near the green peak, while 678 nm and 661 nm are near the red valley.
Therefore, the characteristic wavelengths selected in this study are key wavelengths for identifying
wheat ears with FHB. Bauriegel [7] also confirmed the importance of this band in the early detection of
wheat ear scabs.

4.2. Comparison of Application Effects between Proposed New FDI and Traditional Spectral Indices

The most common and serious symptom of wheat FHB, ear rot, often begins at the early
flowering stage. Therefore, the monitoring of wheat FHB at the flowering stage is highly valuable.
However, the FHB fungi in the flowering stage are in the stage of mass reproduction, and the
physiological and biochemical characteristics of the infected ears are not obvious, which makes it
more difficult for a conventional spectral index to detect the severity of FHB at the flowering stage.
The 16 published spectral indices selected in this study were constructed by collecting sample data
from different stages of multiple growth stages, so their accuracies in detecting the severity of FHB at
the late flowering stage were relatively poor. In this study, the sample models of the late flowering
stage and combined stage were applied to the test set of the late flowering stage. The results show that
the model obtained from the late flowering stage sample was more suitable for the detection of FHB at
the late flowering stage than the model obtained from the combined stage sample. The characteristic
wavelength selected from the samples at the late flowering stage (570 nm and 678 nm) was therefore
more suitable for FHB detection than the characteristic wavelength selected during the combined stage
(560 nm and 663 nm).

In the sample verification of the combined stage, the accuracies of the 16 published spectral
indexes were not satisfactory because none of them were able to achieve an R2 above 0.85 in both
the training and test datasets. These spectral indices are mainly based on the leaves or canopies of
crops rich in chlorophyll, and few diagnostic studies have used these indices to evaluate the severity of
FHB in wheat ears, which is a special part with a low chlorophyll content. In the early filling period,
in addition to the FDI, the NRI, plant senescence reflectance index (PSRI), GI, normalized difference
vegetation (NDVI), and optimized soil-adjusted vegetation index (OSAVI) also had accurate detection
results. This may be because the morphology and cell structure of wheat ears caused by FHB are more
obvious than those at the late flowering, so other spectral indices may be more accurate in this context.
Notably, among these spectral indexes, NRI and GI both performed strongly at the late flowering and
early filling stages but performed relatively poorly in the combined stage. This shows that the diversity
of samples has an important effect on predictions of FHB severity, which demonstrates the importance
of subdividing the growth period when exploring the forecasts of FHB severity.

4.3. Analysis of Other Influential Factors

Hyperspectral data contain hundreds of narrow-band data points, but the adjacent wavelength
information is often highly correlated, so the use of full-band information will only increase the
complexity of data acquisition and calculation [5]. Usually, the most effective information is only
contained in some specific bands, and the rest is redundant information [36]. In addition, the high price
of hyperspectral imaging systems will also limit the application potential of the technology. This study
explored the characteristic wavelengths at different stages to design a multispectral camera with a low
price, a fast processing speed, and wide applications for specific identifications of FHB in different
growth stages. In this study, the R2 of predicted SI and FDI exceeded 0.90 in the late flowering, early
filling, and combined stages. Considering the influence of man-made or natural environmental factors,
this prediction accuracy is acceptable.

In addition, the spatial distribution and severity of FHB diseases are greatly affected by the
genetic resistance of different varieties as well as environmental and agricultural management factors.
Therefore, the factors that affect the biophysical and biochemical parameters of plants will affect the
identification of FHB. This study was conducted under laboratory conditions, and its direct application
in the field requires further verification. In the future, the growth stage will be further subdivided,
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especially in the early stages of FHB occurrence, such as mid-flowering, late flowering, early filling,
and mid-filling, to achieve early detection, protection, and evaluation.

5. Conclusions

Monitoring wheat infection by FHB at different growth stages is important in making a decision
on the use of pesticides to protect wheat from FHB and to evaluate yield losses. In this study, RF was
used to select characteristic wavelengths for the late flowering stage, early filling stage, and combined
stage of both. These wavebands were 570 nm and 678 nm for the late flowering stage, 565 nm and
661nm for the early filling stage, 560 nm and 663 nm for the combined stage. In the light of above
wavelengths, FDI at each stage were constructed for establishing linear regression models with SI.
Every model showed a high predictive accuracy with the test datasets, with their R2 values exceeding
0.90. In addition, the R2 of the model established at the late flowering stage and early filling stage was
better than that of the combined stage, and the R2 of applying the model of the combined stage to the
test dataset at the late flowering stage and filling stage also decreased. Therefore, it is indicated that
FHB shows different spectral characteristics at each growth stage, which provides a favorable basis for
detecting the severity of the FHB disease at different growth stages in the future. However, additional
studies are needed to verify the universality of FDI on different wheat varieties and in different field
experiment settings.
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Abstract: Image analysis techniques have been applied to measure the displacements, strain field,
and crack distribution of structures in the laboratory environment, and present strong potential for
use in structural health monitoring applications. Compared with accelerometers, image analysis
is good at monitoring area-based responses, such as crack patterns at critical regions of reinforced
concrete (RC) structures. While the quantitative relationship between cracks and structural damage
depends on many factors, cracks need to be detected and quantified in an automatic manner for
further investigation into structural health monitoring. This work proposes a damage-indexing
method by integrating an image-based crack measurement method and a crack quantification
method. The image-based crack measurement method identifies cracks locations, opening widths,
and orientations. Fractal dimension analysis gives the flexural cracks and shear cracks an overall
damage index ranging between 0 and 1. According to the orientations of the cracks analyzed by
image analysis, the cracks can be classified as either shear or flexural, and the overall damage index
can be separated into shear and flexural damage indices. These damage indices not only quantify the
damage of an RC structure, but also the contents of shear and flexural failures. While the engineering
significance of the damage indices is structure dependent, when the damage indexing method is used
for structural health monitoring, the damage indices safety thresholds can further be defined based
on the structure type under consideration. Finally, this paper demonstrates this method by using the
results of two experiments on RC tubular containment vessel structures.

Keywords: image-based measurement; crack measurement; shear cracks; flexural cracks;
damage index

1. Introduction

Sensing and quantifying damage plays a critical role in the process of structural health monitoring,
which aims to detect structural damage and provide early warnings when a possible risk of failure is
detected. Many structural health monitoring systems employ accelerometers, displacement sensors,
or piezoelectric sensors located at selected locations to monitor changes in the structure’s deformation,
natural frequencies, and modal shapes [1,2]. These systems then evaluate possible failure modes,
damage levels, and locations. While accelerometers are typically employed for beam-column-based
structures such as buildings, these are not the optimal sensors for structures whose failure modes
are insensitive to the structure’s vibration characteristics. For some types of structures such as dams,
tunnels, and reinforced concrete vessels, or shear-critical components such as reinforced concrete (RC)
walls, the detection and evaluation of cracks is a relatively practical approach for safety assessment
and monitoring.
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Several structural damage indices have been proposed. Park et al. [3] proposed a damage index for
a structural system according to its largest system displacement, ultimate displacement, accumulated
strain energy, cyclic loading effect, and system yield force and displacement. Based on the calculated
damage index, the structural system can be classified into one of the following damage levels: slight,
minor, moderate, severely damaged, and collapsed. Roufaiel and Meyer [4] proposed a damage index
that uses the initial stiffness, current stiffness, and failure stiffness. Powell and Allahabadi [5] proposed
an index based on the current displacement, yield displacement, and ultimate displacement. These
damage indices consider a structure as a single-degree-of-freedom system to simplify damage level
estimations. However, in practical applications, these damage indices are difficult to use, as the stiffness
and the displacement of a structure is sometimes difficult to measure for real, multiple degrees of
freedom, and partially damaged structures. Detailed structural performance and safety may require
advanced structural analyses based on finite element analysis tools [6,7] or structural experiments [8,9]
which are specific to a certain type of structure. For the purpose of structural health monitoring, the
displacements of certain locations can be monitored by pre-installed displacement devices; however,
current stiffness and other structural properties are difficult to accurately measure or estimate.

Alternatively, for easy to implement and quick structural safety assessments of reinforced concrete
(RC) structures, several evaluation methods have been proposed that instead consider the surface
cracks of concrete structures. The Japan Building Disaster Prevention Association (JBDPA) provides a
guide based on the visible cracks in the concrete surface of beams, columns, or walls, and categorizes
damage into five classes according to the maximum opening width of the cracks [10]. According
to the JBDPA criterion, structures with a maximum crack width larger than 0.2 mm, 1 mm, and
2 mm are categorized as showing light damage, moderate damage, and heavy damage classes,
respectively. The International Atomic Energy Agency (IAEA) uses a more conservative standard
that categorizes cracks with an opening width larger than 0.2 mm and 1 mm as moderate and severe
damage, respectively [11]. The bridge inspector’s reference manual, published by US Department
of Transportation [12], categorizes cracks into structural cracks, flexural cracks on a tee beam, shear
cracks on a slab, temperature cracks, shrinkage cracks, longitudinal cracks, etc.

For surface damage detection and evaluation, image-based measurement is an automatic and
cost-efficient method in terms of hardware cost. As the aforementioned structural health monitoring
or damage detection methods have different features, advantages, and limits, no single method can be
used to replace another, nor can it be used as the sole means of structural health monitoring or damage
detection. Image-based measurements, and their potential for damage detection, are not intended
to replace any of the aforementioned methods. Instead, the image-based method aims to provide an
area-based measurement method to measure or monitor cracks [13], strain fields [14,15], multi-axial
displacement [16], or structural vibrations [17], where technology for conventional displacement
measurements is inadequate [18]. The hardware cost may be relatively low [19], and may even
employ existing surveillance cameras in the structure, thus eliminating the need to install additional
cameras [20]. With recent dramatic improvements in digital image processing techniques, image
analysis algorithms, accuracies, reliability, and computing speed have improved as well; thus, image
measurement has a strong potential for practical structural health monitoring applications [21].

This work develops an image analysis-based damage indexing method following a previously
developed image-based crack measurement method. This method is tested using two cyclic tests of
RC containment vessels [22]. The vessels are shear critical with a large number of shear cracks induced
by only a small displacement. A fractal dimension method [23] is modified and employed in this work
to quantify the number of cracks. Based on the number of cracks, as well as their opening widths
and orientations, a method for calculating damage indices is proposed. This method modifies the
previous image analysis method [24], such that concrete surface crack orientations can be determined
automatically. In addition, the fractal dimension crack analysis method [23] is modified so that the
damage index can be separated into a shear damage index and a flexural damage index to distinguish
between the different types of failure. The combination of these methods will make it possible to carry
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out structural health monitoring in an automatic manner in practical applications in the future. This
paper further demonstrates the image measurement and damage indices calculation procedure based
on the aforementioned RC containment vessel experiments.

2. Image Measurement of Cracks on Concrete Surfaces

Image-based monitoring and damage identification consists of two major procedures: image
measurements and damage quantification. Image measurements analyze the image(s) of the
measurement regions of interest and provide details, such as locations, lengths, opening widths,
sliding displacements, and the orientation of the cracks. The damage evaluation procedure estimates
the damage level or index of the measurement region according to the analyzed results from the
image measurement.

Many image measurement algorithms and methods have been proposed to detect cracks on
measurement regions, such as on concrete surfaces or pavements. These methods can be classified
into two groups: (1) edge detection-based methods, and (2) displacement field-based methods. Edge
detection-based methods are capable of finding cracks that appear as dark lines in an image. The cracks
need to be of sufficient width to appear as dark lines, which is theoretically the width of a pixel. Edge
detection methods [25–28] or machine learning methods [29–32] are typically employed to identify the
locations or widths of cracks. A review of crack detection methods can be found in [33].

Alternatively, the displacement field-based method identifies cracks according to the displacement
field of the measurement region, where the displacement field is analyzed by image analysis
techniques [24,34]. Due to the high precision of image-based displacement field measurements,
displacement field-based methods are capable of detecting thin cracks with widths of much less than
one pixel. Yang et al. [34] detected cracks as thin as 0.2 pixels in photos in an outdoor experiment
where images contained environmental light noise. The same image analysis technique detected thin
cracks whose width was equivalent to 0.03 pixels in photos in a structural laboratory [24]. This type of
method estimates the cracks’ opening widths, sliding displacements, and orientations, according to the
change in the displacement field between each set of photos taken before and after cracks occurred,
respectively. Thus, the first set of photos is used as a reference for the displacement field. Compared
with edge detection-based methods, displacement field-based crack detection methods are suitable for
thin crack detection, monitoring the early stages of crack development, or monitoring large regions
where pixels are relatively coarsened. However, it should be mentioned that most edge detection-based
methods used are tailored for inspection, rather than health monitoring. They are more suitable for
that purpose than displacement field methods. In addition, displacement field methods tend to be
more computationally expensive.

This work employs a displacement field-based method for crack measurement. However, this
does not mean that edge detection-based methods cannot be applied to the damage evaluation method
proposed in this work. The displacement field-based method is employed here because it is capable
of detecting thin cracks that occur in the early stages of structural damage. In addition, the image
measurement software, ImPro Stereo, is publicly available on the internet [35], and is further integrated
with the damage evaluation computer codes developed in this work.

The displacement field-based method for crack measurement includes five main steps: camera
calibration, measurement region positioning, metric rectification, displacement field analysis, and
crack analysis. A detailed procedure can be found in [34,36]. This work only focuses on the analysis
results as related to the follow-up damage evaluation procedure which is proposed herein.

Camera calibration is the process of finding the intrinsic and extrinsic parameters of the camera.
The intrinsic parameters are essentially its optical properties, such as the fields of view and optical
distortion coefficients. The extrinsic parameters describe the camera position and its orientation.
Typically, the camera calibration process is only carried out once, by taking more than 10 pairs of photos
of calibration objects (such as a chessboard of known size) during camera installation (see Figure 1).
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Figure 1. Stereo calibration of two cameras.

Measurement region positioning tracks the updated position of the measurement by precisely
tracking the 3D positions of the control points that are used to define the measurement surface.
Defining an ideal planer rectangle measurement requires at least three control points, while a
cylindrical measurement region requires at least four, as shown in Figure 2. The positions of control
points P1 to P4 describe the movement and deformation of the overall measurement region. Details of
the process can be found in [24].

Figure 2. Measurement region positioning by tracking control points.

The image rectification process generates a rectangular image that represents the image pattern on
the measurement region. The perspective and lens distortion effects are removed during this process.
The metric rectified image can be seen as an expanded planer surface of the measurement region so
that the ratio of a pixel to its physical length is constant over the entire measurement region; thus, it is
essentially an image that represents the unfolded plane from the measurement region. The constant
pixel-to-physical length ratio is an important property for the subsequent displacement field-based
crack analysis. The rectified image is generated pixel-by-pixel, while the image intensity of each pixel
is estimated by mathematically projecting a 3D point onto the surface to its image position in the
photo according to the intrinsic and extrinsic parameters of the camera. Its image intensity is acquired
through the numerical interpolation of neighboring pixels, as shown in Figure 3.
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Figure 3. Metric rectification of the region of interest on a cylindrical structural component.

The displacement fields of the measurement region can be estimated by comparing the initial and
current rectified images (see Figure 4a,b) using an object tracking method, such as template matching,
digital image correlation, an enhanced correlation coefficient, or the optical flow method. Details of the
process can be found in [24]. The example presented in Figure 4 was obtained from an experiment
that had a measurement region of approximate dimensions of 1.4 m × 0.9 m. Each rectified image
in Figure 4a is approximately 2400 × 1600 pixels. The displacement field in Figure 4b is a vector
field with 90 × 60 cells, that is, each cell is represented by a sub-image with a size of 27 × 27 pixels
(rounded from 2400 / 90 = 26.67). The crack opening in Figure 4c is a scalar field with the same
refinement. The refinement is assigned by users, and should be tuned according to the image quality
of photos when this method is being applied in practical applications. The displacement field of the
rectified images is obtained by optical flow analysis [37]. The resolution of the rectified images and the
refinement of the displacement and crack fields are adjusted by the user, and typically depend on the
resolution and quality of the experimental photos.

Figure 4. Estimating a displacement field by comparing initial and current rectified images. (a) Rectified
images; (b) Displacement fields u (ux and uy); (c) Crack opening (co).

Crack analysis converts a displacement field to a crack distribution. Crack analysis is suitable
for thin cracks that are too thin to display as a dark line in photos, thus requiring the use of the
displacement field to estimate the crack’s opening width. Each cell of the crack opening width co (see
Figure 4c) and crack sliding displacement cs of any arbitrary cell in the grid is estimated according
to the displacement of its four neighboring cells. Crack sliding is the relative displacement of part
A with respect to part B, i.e., parallel to the crack orientation. By using the formulation presented
in [24], as shown in Equations (1)–(3), the crack distribution can be estimated by a displacement field.
The crack analysis method is only suitable for brittle materials such as concrete, as it assumes that the
deformation in the displacement field is mainly caused by cracks, rather than strains [34]. In addition,
since the image is the appearance of the material surface, it does not represent the crack opening or
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sliding under beneath the surface; these are the limitations of this method. The crack distribution is
a field of crack opening widths, sliding displacements, and crack orientations. It is discretized to a
grid with the same grid density as the displacement. Each cell of the crack opening width co and crack
sliding displacement cs of any arbitrary cell in the grid can be calculated by Equations (1)–(3).

(
co

cs

)
=

(
cosθ sinθ
− sinθ cosθ

)
(uA − uB) (1)

where

uA =

⎧⎪⎪⎨⎪⎪⎩
uU·|cosθ|+uL·|sinθ|
|cosθ|+|sinθ| , if 0 ≤ θ < 0.5π

uD·|cosθ|+uL·|sinθ|
|cosθ|+|sinθ| , if 0.5π ≤ θ < π (2)

uB =

⎧⎪⎪⎨⎪⎪⎩
uD·|cosθ|+uR·|sinθ|
|cosθ|+|sinθ| , if 0 ≤ θ < 0.5π

uU·|cosθ|+uR·|sinθ|
|cosθ|+|sinθ| , if 0.5π ≤ θ < π (3)

uU, uD, uL, and uR are the displacement vectors of the upper, lower, left, and right neighboring cells of
any arbitrary cell in the displacement field, respectively (see Figure 5). The orientation of the crack
of the analyzed cell is determined by iteratively testing θ within 0 and 180 degrees with a step of
15 degrees (i.e., 0, 15, 30, 45, . . . , 165 degrees). To be conservative, the θ which leads to the largest
crack opening is selected in this method. If there is no crack on the cell, cs and co would be very small
compared with those with cracks. Small values of cs and co are caused by either noise, image analysis
errors, or relatively small strains, and are ignored in the crack analysis. Figure 4c demonstrates the
discretized grid of a crack pattern estimated from its displacement in Figure 4b. It should be noted that
the size scale in Figure 5 is only for demonstration. A crack is typically much thinner than the size of a
cell. The cracks shown in Figure 4c are actually as thin as 0.02–0.2 mm, i.e., much thinner than the
size of a cell in Figure 4b,c. In Figure 4c, the size of a cell is equivalent to a 27 × 27-pixel sub-image.
While a 0.02-mm crack can be recognized by the naked eye at a close distance when inspecting damage
in structural experiments, it cannot be recognized by most of the edge detection-based methods, as
the crack is typically too thin to appear as a dark line in photos. In addition, human inspection is not
practical for automatic structural health monitoring.

Figure 5. Crack opening calculation according to the analyzed displacement field.

3. Damage Indices based on Image Analysis of Cracks

The quantification of cracks in this work is based on a Fractal Analysis of Cracks (FAC) [23].
The quantification of the total length of cracks within a measurement region can be scale dependent;
the smaller the scale and the more refined the crack pattern, the more likely it is that a longer total
length of cracks would be measured. A typical scale-dependent example is the measurement of a
coastline, which depends on the measurement scale. This method aims to quantify the number of
cracks in a more objective and scale-invariant manner, rather than directly measuring the total lengths
of cracks. The FAC method adopts a fractal analysis as a benchmark method to quantify a crack by
estimating its fractal dimension. While mathematically, a line is one-dimensional and a filled rectangle
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is two-dimensional, the dimensions of a crack distribution over a measurement region are typically a
real number between 1 and 2, and do not need to be an integer. The FAC method quantifies a crack by
its fractal dimension. The details of FAC can be found in [23].

The crack analysis method proposed in this paper modifies the FAC method. The main
modifications made in this work include the following:

(1) The crack data for FAC is based on a hand-sketched crack pattern. The crack data for the modified
FAC is based on an image analyzed crack pattern.

(2) The modified FAC is capable of differentiating between the damage induced by shear cracks
and that of flexural cracks according to crack orientation. In this work, the crack orientation is
automatically determined by finding the orientation that results in the largest crack opening.

In this work, a framework for determining the damage indices by image analysis is proposed.
In this framework, the damage indices include a flexural damage index dF and a shear damage index
dS. The modified FAC method to determine these damage indices is composed of seven steps. All steps
have been implemented in a public software implementation developed by the authors [35].

a. Analyze the crack opening pattern (see Figure 6a) using the image analysis approach described
above, as shown in Figure 4. In this step, the crack opening field co is generated.

b. Define a threshold of crack opening width, such as 0.05 mm, and convert the crack opening
pattern to a binary crack pattern (see Figure 6b). The crack opening width threshold is subjective
and must be determined on the basis of the actual situation. While the image analysis method in
this work is capable of observing cracks as thin as 0.02 mm (see cracks shown in Figure 4c, while
some of the shown cracks are as thin as thin as 0.02 mm), a threshold of 0.05 mm was chosen in
this work as it is the minimum crack width in a typical crack width ruler.

c. Analyze the fractal dimension by the FAC method. The FAC method is a multi-level discretization
of the binary crack pattern. In each level, the crack pattern is discretized into a mesh composed of
many square cells, with the number of cells that contain cracks then being counted (N). The width
of each cell is ε. At each level, log(1/ε) and log(N) can be calculated, as shown in Figure 6c.
Further details of calculating the fractal dimension can be found in [26]. Note that, typically,
the actual meshes in FAC analyses are more refined, and the number of discretization levels is
greater (e.g., 4 levels or higher) than as shown in Figure 6.

d. By applying multi-level mesh refinements (i.e., different sizes of ε), log(N) versus log(1/ε) can be
plotted on a 2D plot. The fractal dimension f of the crack pattern is the slope of the line found
by linear regression. Since the dimension of surface crack f is between 1 (that is, an ideal line)
and 2 (a filled area), the damage index is estimated by f − 1 in the FAC method. A damage index
d, defined by Equation (4), is calculated, with a value between zero and one (see Figure 6d).

d = f − 1 (4)

e. According to the crack orientation of each crack field cell, separate the crack opening field into a
shear crack opening field and a flexural crack opening field, as shown in Figure 6e,f. The crack
orientation is the angle of the crack. A crack orientation of zero degree means a horizontal crack;
An orientation of 45 or 135 degrees means a diagonal crack. The range of the angle is from 0
to 180 degrees. The crack orientation of each crack field cell was calculated during the crack
image analysis, as shown in Figure 4. In this work, the horizontal cracks, whose orientation
is between 0 to 22.5 degrees or 157.5 to 180 degrees, are classified into flexural cracks and are
assigned to the flexural crack opening field, while the remaining cracks are assigned to the shear
crack opening field.

f. Separately calculate the total crack areas in the flexural crack opening field AF and the shear
crack opening field AS. Since the crack opening field represents the crack opening widths, AF is
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the summation of all values in the flexural crack opening field multiplied by the width of each
cell. AS is calculated in the same manner.

g. Calculate the flexural damage index dF and a shear damage index dS using Equations (5) and (6).

dF = d· AF

AS + AF
(5)

dS = d· AS
AS + AF

(6)

Figure 6. Demonstration of the proposed modified fractal analysis of cracks method. (a) crack opening;
(b) binary crack pattern; (c) FAC analysis of crack; (d) linear regression; (e) flexural cracks; (f) shear
cracks; (g) calculation of shear and flexural damage indices.

In most RC structures or components, crack orientation is a typical factor used to classify a
crack as either flexural or shear. For RC columns or components that are subjected to bending and
horizontal shear forces, horizontal cracks are typically classified as flexural, while the remaining
cracks are classified as shear. This classification method is followed here. Furthermore, since the
displacement field-based image analysis method provides not only the positions, opening widths, and
sliding displacements of cracks, but also their orientations, it is practical to classify cracks according to
their orientations. It should be noted that the classification of flexural and shear cracks by orientation
is one of several classification methods, and is not necessarily applicable to all structure types. More
details can be found in [10,12].

The proposed method not only integrates the previous crack image analysis [24] and FAC
methods [23], but also makes some modifications. While the previous crack image analysis method
requires analyzers to assign a crack orientation, the proposed method determines the crack orientation
of each analyzed cell by finding the orientation that leads to the largest opening crack. While this is a
conservative way to estimate crack orientation and opening width, it makes this method automatic,
and does not require the orientation to be input manually. In addition, while the FAC method was
originally designed for manually plotted cracks, this method uses automatically analyzed crack data
for the FAC method. In the proposed method, the analyzed damage index is further separated into
shear and flexural parts, providing more information on the failure mode for further safety evaluation.
The integration of these methods and modifications makes it possible to carry out structural health
monitoring based on crack information in practical applications.

4. Experiments

The proposed image-based shear and flexural damage indices were tested using two RC structural
experiments [22]. The specimens were reduced-scale RC containment vessels (RCCVs), i.e., relatively
short and wide tubular structures. They are denoted as RCCV #1 (Figure 7a) and RCCV #2 (Figure 7b),
respectively. The specimens were identical in terms of geometry. The specimens were subjected to
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a constant vertical force of 160 kN, and a cyclic horizontal displacement history imposed through
hydraulic controlled actuators, as shown in Figure 7c. The outer and inner diameters were 2500 mm
and 2200 mm, respectively. The height of the structures was 2250 mm. The concrete strengths of the
two specimens were 37.0 and 43.4 MPa, respectively. The yields and ultimate strength of steel rebars
were 379 MPa and 572 MPa, respectively. Four cameras were set up to take photos of the measurement
regions, as shown in Figure 7d. The photos from the two northern cameras were used in this work.

Figure 7. Experimental configuration and photos of both RCCV #1 and RCCV #2. (a) Photo of RCCV
#1; (b) Photo of RCCV #2; (c) Elevation; (d) Plan.

The two RCCVs had slightly different rebar designs. Four cylindrical layers of rebars were
constructed in the concrete tubular structures. Each layer contained up to 90 rebars. The steel ratio of
RCCV #1 was 0.02 with reinforcement extending into the top and bottom for strong interfaces between
the roof, the specimen, and the foundations. RCCV #2 had gradually increasing vertical steel ratios ρv

near the top and bottom, as shown in Figure 8. The increased vertical steel reinforcement in RCCV #2
was designed to prevent sliding shear failure at the boundaries between the tubular structures and the
top/bottom of the RC blocks, which occurred in the RCCV #1 test.
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Figure 8. Steel rebar ratios in RCCV # 1 and RCCV # 2.

Four cameras were set up in both experiments; two were positioned to the north side and two
to the south, as shown in Figure 7d. Two cameras were set up for each image measurement region,
because stereo image analysis was employed, as described in the previous section. The measurement
regions were painted with randomly striped patterns that provided image features for the displacement
fields. The lightening conditions at the top and button regions of the specimens were not as good
as those in the middle regions. In addition, the middle regions had better focal conditions in the
experiments. Figure 9 shows the initial photos taken by the north cameras in both experiments.

Figure 9. Initial photos of the two RC containment vessels (RCCV) taken from the north cameras.
(a) RCCV #1 left photo; (b) RCCV #1 right photo; (c) RCCV #2 left photo; (d) RCCV #2 right photo.

The experimental results show that the shear strength of the RCCV #2 was slightly higher than
that of the RCCV #1 (see Figure 10a,b). The shear strengths of RCCV #1 and RCCV #2 were 5805 kN
and 5580 kN, respectively. In addition, RCCV #1 and RCCV #2 had different ductilities. While both
vessels reached their shear strengths for a displacement cycle of 16.9 mm (i.e., a drift ratio of 0.75%
with respect to the specimen height of 2250 mm), RCCV #1 rapidly lost its shear strength after the
16.9 mm displacement cycle. In contract, RCCV #2 retained its shear capacity to 22.5 mm (i.e., a drift
ratio of 1%), which was significantly higher because of the increased reinforcement at the top and
bottom, as shown in Figure 10. The hysteresis loops of these specimens (see Figure 10c,d) show that
the tangential stiffness did not significantly change until the cyclic displacements reached +/−3 mm.
Details of the experimental results and explanations can be found in [22].
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Figure 10. Shear/drift histories and hysteresis of RC containment vessels (RCCV) RCCV#1 and RCCV
#2. (a) Shear and displacement history of RCCV #1; (b) Shear and displacement history of RCCV #2;
(c) Hysteresis of RCCV #1; (d) Hysteresis of RCCV #2.

There were 163 and 1399 pairs of photos taken by the north cameras in the RCCV #1 and RCCV
#2 experiments, respectively. Each pair of photos included a photo taken by the left camera and a
photo taken by the right camera. The cameras were Canon EOS 5D Mark III with photo resolution
of 3840 × 5760 pixels. Measurement regions were illuminated using a 100 W light-emitting-diode
(LED). Figure 11 shows several north left camera photos of RCCV #1 and RCCV #2. The u in Figure 11
is the horizontal displacement at the top of the specimen. The displacements are so minor that the
deformations are difficult to visually recognize in the figure. Since the RCCVs are shear-critical
structures, a small displacement can cause significant shear failure. In addition to the experimental
facilities and measurement devices, such as the load cells, the major way that we could observe the
damage and the failure of the structure was to inspect the cracks on the surface. Diagonal (45-degree)
shear cracks appeared on the north and south sides of the specimens, while the horizontal flexural
cracks appeared at the top and bottom on the east and west sides. These cracks could be observed by
human eyes only when we paused the testing, allowing people to get closer to the specimen to inspect
the cracks. Details of the comparison of the manually plotted cracks and image analyzed cracks can be
found in [24].

Figure 11. Selected experimental photos of RC containment vessels (RCCV) RCCV #1 and RCCV #2.
(a) RCCV #1; (b) RCCV #2.
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While both specimens underwent shear failures, different shear failure modes were observed for
each vessel. RCCV #1 had a sliding shear mode at the top of the specimen, as shown in Figure 12a.
A horizontal crack occurred at the top, where the shear stiffness dramatically changes, typically
inducing a stress concentration. The red lines in Figure 12 represent the locations of the cracks. Sliding
shear did not occur in RCCV #2 due to the gradual change in rebar density (the steel ratio was from 2%
to 4%). RCCV #2 had a web shear failure in which the major shear crack passed through the specimen
at a diagonal (45-degree) angle, as shown in Figure 12b.

Figure 12. Failure modes of RC containment vessel (RCCV) RCCV#1 and RCCV #2. (a) Sliding shear
failure of RCCV #1; (b) Web shear failure of RCCV #2.

The crack patterns of the experimental photos, as shown in Figure 11, can be obtained by
displacement field-based crack analysis. By using the displacement-based analysis, cracks as thin
as 0.03 mm (approximately 0.06 pixels wide in the photos) that appeared at the very beginning of
the failure could be detected. The crack patterns of the selected displacement peaks are shown in
Figure 13. The crack patterns were analyzed and presented in a field discretized with a grid containing
90 × 60 cells. The size of each cell is equivalent to a sub-image with 27 × 27 pixels. In both cases, from
the beginning of the tests, the cracks were distributed over almost the entire measurement region.
The widths of the cracks then gradually increased from 0.03 mm (for the 2.3-mm displacement cycle)
to up to 0.4 mm (for the 11.3-mm displacement cycle).

Figure 13. Displacement field-based crack analysis of RC containment vessel (RCCV) RCCV#1 and
RCCV #2. (a) RCCV #1; (b) RCCV #2.

The proposed crack-based damage indices are calculated on the basis of the crack pattern obtained
by the displacement field-based analysis (see Figure 14). In both experiments, the shear damage
increased from 0 to approximately 0.75 for the displacement cycle of 8.4 mm (i.e., drift ratio of 0.375%),
and did not significantly increase after that. The shear damage indices present a warning index that is
capable of capturing the early stages of shear failure. Since both RCCVs #1 and #2 are shear critical, the
cracks were mostly either at 45 degrees or 135 degrees, or typical shear cracks, with relatively fewer
horizontal cracks observed in the measurement regions.
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Figure 14. Image based damage index analysis of RC containment vessel (RCCV) RCCV#1 and RCCV
#2. (a) RCCV #1; (b) RCCV #2.

This work examined the linear regression plots of several selected actuator control steps when
analyzing the fractal dimension (as shown in Figure 6d). The plots showed that these points were
very close to the line, and that the residual values were small. A selected plot of the linear regression
of each specimen is shown in Figure 15. The crack pattern is a grid containing 90 × 60 cells, and is
converted to different refinement of meshes with ε of 1, 2, 4, 8, 16, 32, 64, and 128 (while the most
refined one is slightly more refined than the crack pattern), seven points were calculated in each of the
fractal analyses.

Figure 15. Selected fractal analysis plots of RC containment vessel (RCCV) RCCV#1 and RCCV #2.
(a) RCCV #1; (b) RCCV #2.

The computing speed of the proposed method is great enough for static structural health
monitoring, but still not sufficient for non-stop real-time dynamic analysis. For each step of the analysis,
including image rectification, displacement field analysis, crack opening and orientation analysis,
fractal analysis of cracks, and damage indices calculation, it takes about 40 seconds of computing
time using a laptop equipped with an Intel i5-7300HQ 2.5 GHz processor and 32GB main memory.
Sufficient computing speed may allow us to carry out automatic, non-stop crack detection and health
monitoring with a sampling rate of 0.025 Hz, that is, once or twice per minute. It is still insufficient
for detecting dynamic responses during a vibration event such as an earthquake, which typically
requires a sampling rate of 200 Hz to 1000 Hz. To achieve non-stop dynamic analysis for structural
health monitoring, this method requires not only a significant improvement in camera and computing
hardware, but also further optimization of the algorithms and programming code.

5. Conclusions

This work proposed a damage indexing method based on crack image analysis, with the aim of
indicating the early stage failure of shear critical RC structures. This method is based on a displacement
field-based crack image analysis method, which is capable of detecting early stage, thin cracks on
concrete surfaces. It is especially practical when displacement sensors and load cells are not applicable
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in real structures. Early stage, thin cracks can be detected when they are as thin as 0.03 mm, which is
considerably thinner than the width of a pixel in a digital photo, and cannot be visually seen as a dark
line. Based on the crack image analysis, a previously proposed fractal analysis of cracks was employed
to estimate the overall damage index. According to the crack orientations, this method separates the
fractal analysis damage index into a shear damage index and a flexural damage index to distinguish
between the different types of failure. The software implementation method is publicly available.

The results of two RCCV experiments were used to verify the proposed damage indexing method.
Since both RCCV specimens were shear critical structures, the analyzed damage indices showed that
the shear cracks dominated the major failure. The flexural crack indices were relatively low throughout
the experiments. In both experiments, the shear damage indices reached a relatively high value (i.e.,
0.7) at a displacement of only 8.4 mm on the top of the specimen (i.e., a drift ratio of 0.375%). Earlier
damage could be detected when the displacement was only 3.4 mm (i.e., a drift ratio of 0.15%) or even
earlier, while the stiffness was still unchanged. This indicates that the crack image analysis-based
damage indexing method is capable of indicating early stage failure in shear critical structures.

While this method estimates the damage indices of a structure, damage indices obtained from
different types of structures are not comparable. The safety of a structure depends on many factors,
including complicated design details such as the design of ties and stirrups, which are not visually
observable. A non-ductile structure having a lower damage index does not mean it is safer than a
ductile structure with a higher damage index. The practical health monitoring application of this
method to other structures still requires sufficient experiments and investigations based upon the
specific structure type.
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