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Sensing is a significant engineering science which quantify parameters from the
physical world and discover the physics running behind the measurement process.
Optical sensing makes use of electromagnetic waves from infrared to ultraviolet on the
light spectrum as a medium to measure variables, such as position, temperature and
strain. Image sensing and fiber sensing are two of the most widely applied optical
sensing methods in industries and daily life. They have been studied by the academia
for decades, due to their immunity to electromagnetic interference and ease of

installation. This dissertation introduced the research on the intelligent and flexible



metrology methodologies for real-time structure and process monitoring based on
optical sensing. The works focused on two major topics: 1) structural health monitoring
for compact heat exchanger (CHE), and 2) bimetallic additive manufacturing process
monitoring.

For the structural health test, a novel online sensing method capable of detecting
internal cracks for Compact Heat Exchanger (CHE) was designed and developed
through optical fiber sensor based strain measurement. A crack diagnosis model was
built to evaluate crack positions based on limited sampling data in mechanical structure.
The model established a physical basis to correlate crack position and distributed strain
variation that can be detected by the optical fiber sensors. A physical model quantifying
the strain transfer from the sensor embedded mechanical structure to the fiber sensor
was built to describe the performance of the sensors at different working conditions. A
good match has been observed in the comparison of the data from experimental tests
and analytical models, with an average relative error 2.4%. Finally, an experimental
platform was designed and setup to validate introduced nondestructive test method.
The experimental results showed that strain variations can be detected by optical fiber
sensors when crack presented in CHE during elastic deformation, plastic deformation
and crack growth process.

For bimetallic additive manufacturing process monitoring, an in-situ sensing
method for measuring material composition in the printed alloy was modeled and
developed based on infrared imaging. The method takes the size of temperature
contours surrounding the heated spots during additive manufacturing process as an

indicator of the material composition variation. The relationship between material



composition and dimensions of the temperature contour was analytically modeled
based on Fourier’s law of thermal conduction. The thermal images acquisition by IR
camera were processed through a series of designed algorithms to extract geometrical
features such as the length and width of the contours, which showed consistent trend
through the theoretical analysis. The extracted features and actual weight percentage of
copper in the alloy were further used to train an Artificial Neuron Network (ANN)
model. The results showed that the accuracy of 94% was achieved when using the
trained ANN model to estimate the composition of alloy from the thermal image data.

The analytical/numerical models, simulations, experiments, and data analysis
included in this thesis were expected to provide solid support for testing the research

hypotheses and developing new hardware/software in advanced manufacturing systems.
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Chapter 1. Introduction

With the development of modern electronics, optics, and control technologies,
sensing has been playing a gradually important role in manufacturing systems to
quantify the parameters from the machinery, produced parts, and human operators.
Amongst various sensing techniques, optical sensing is one of the major categories that
make use of light signals in infrared, visible, or ultraviolet as a medium to measure or
detect physical variables such as structure, temperature, and strain from the target of
interest. Compared to the conventional electrical based sensing, optical sensing is
advanced in its non-contact feature and the associated high flexibility, easy installation,
and immunity to electromagnetic interference. Figure 1.1 shows the categories of
optical sensors within the scope of this thesis. According to the characteristic of
detectors, optical sensing can be categorized as optical fiber based sensing and image
based sensing. Conventional infrared/light diodes, charge coupled devices (CCDs), and
photo detectors are also considered as optical sensors. As most of these sensors are also
used in the image sensors as “pixel” elements, they are not separately discussed in this

thesis.
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Figure 1.1. Optical sensing technologies

1.1. Optical fiber sensor
Optical fiber was developed as a medium component to transfer light signals with

high stability from early 20 century. Since 1960s, optical fiber has been studied to serve
as a sensing element to measure temperature and strain [1]. It is one of the most
promising sensing methods for structural health monitoring and geohazards prevention
due to its ability of acquiring parameters with high speed and sensitivity, small size,
immunity to electromagnetic interference and being robust to harsh environment
conditions. Optical fiber generally composed of a silicon core and a layer of protective
coating made of plastic or metal. When they are being used as physical sensors, a
common working principle shared by the optical fiber sensors is to make use of the
reflective elements in the fiber core to measure the core deformation induced by
temperature or strain variation. Generally, an external interrogator is required for the

optical fiber sensors to provide a reference laser source and identify the reflected or



back scattered light from the reflective elements. According to the type of reflective
elements being used, the optical fiber sensors can measure temperature and strain on 1)
single-point or specific locations (with Fiber Brag Grating sensors), or 2) multiple
points distributed along the whole fiber, as seen in Figure 1.1.

1) Fiber Brag Grating (FBG)

Fiber Brag Grating (FBG) sensor is the most widely used optical sensor for single-
point temperature and strain measurement. FBG sensors have gratings written in the
fiber core (as shown in Figure 1.2). The gratings can reflect particular wavelength of
incident light from the laser source and transmit all others. The wavelength of reflected
light through gratings can be calculated by [2]:

A=2nA (1.2)

where n is the refractive index, A is the grating pitch and / is the wavelength of
reflected light. When temperature or strain is applied to the section of fiber core where
the gratings are located, the fiber core will be deformed by the thermal expansion or
mechanical stress. Accordingly, both the refractive index (n) and grating pitch (A) will
be changed and lead to a variation in the wavelength (1) of the reflected light based on
Eq. (1.1). When the shift of wavelength A is read by the interrogator, it is translated
into the strain or temperature values according to the mechanical or thermal properties
of the fiber core material. As the gratings can be fabricated on multiple locations along
the optical fiber, it can be used for quasi-distributed sensing, to measure strain or
temperature at specific points where the grates are located. Although some research has

reported customized FBG sensor measuring up to 100 points on a single piece of fiber,



the general application only includes less than eight channels per piece, due to the

limitation on the number of channels and cost to fabricate gratings.

Optical fiber

Incident light

——tU] Feereore ()0I0) )

Reflected light \

Incident light
Reflected light

Figure 1.2 FBG sensor

2) Distributed optical fiber sensors

Being different from FBG where the reflective gratings are fabricated in the fiber
core, distributed optical fiber sensors make use of the natural microscopic defects in
the fiber core to reflect the light from laser source. As the microscopic defect commonly
exists in the crystal lattice, they are scattered throughout any of the optical fibers.
Consider each microscopic defect could provide a reading of temperature or strain at
one location, the distribution of temperature or strain can be read from the whole fiber
which high spatial resolution. Due to the inhomogeneous of density, composition and
orientation of molecular along fiber core, the light scattered along various directions.
Backscattering is the reflection of light wave back to the direction where they came.
As these inhomogeneous are evenly distributed through the whole fiber core,

theoretically, the temperature or strain can be measured from end to end along the fiber



core, if the deformed locations of all the inhomogeneous can be read through the
interrogator.

When a beam of light is shot into a piece of optical fiber, the light is scattered by
the microscopic defects through all three mechanisms: Rayleigh, Brillouin, and Raman
effects. Rayleigh effect refers to the backscattering by the defects smaller than the
incident light wavelength. The scattering wave caused by Rayleigh effect has the same
frequency/wavelength as the incident light. Brillouin effect considered the acoustic
phonons generated during scattering, which added a Doppler shift in the backscattering
frequency. As a result, Rayleigh backscattering is sensitive to the dynamic variations
in the fiber, such as vibration, while Brillouin backscattering is sensitive to the
stationary or “slow changing” variables such as temperature and strain. Raman effected
backscattering presented the interaction between incident light and molecular thermal
vibration. Thus, Raman backscattering is sensitive to the temperature variations. Figure
1.3 shows the fiber core of distributed optical fiber sensor and its signals when
temperature or strain changes. Backscattering presents in each element along fiber
length. When temperature or strain is applied on fiber core, the structure of the
backscattering element changed which leads to wavelength shift of backscattered light.
The interrogator can read the wavelength shift and transfer it as strain/temperature as
shown in Eq. (1-2).

A K.T+K ¢
A (1.2)

where A is the wavelength of light, AX is the wavelength shift induced by strain or

temperature, Kr and K are the temperature and strain calibration constant.
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Figure 1.3 Distributed optical fiber sensing

Detection of the optical backscattering signals can be done in time or frequency
domains, using optical time domain reflectometry (OTDR) and optical frequency
reflectometry (OFDR) methods, respectively. OTDR is capable of long-distance
distributed sensing with a sensitivity of 5 pe [3]. However, spatial resolution of OTDR
is limited to roughly 1 m. The optical backscattering sensor based on OTDR is suitable

to applied to test for large scale structures such as buildings or bridges. Conversely,

OFDR is capable of refine spatial resolution distributed sensing. The spatial resolution
of OFDR sensing can reach to millimeter level. However, the sensing range is limited
to roughly 70 m [3]. Table 1.1 shows the sensing performance comparison of different
types of optical fiber sensors. According to the specific applications, the suitable type

of sensors can be selected based on their sensing performance.



Table 1.1 Sensing performance of optical fiber sensors

Sensors Transducer Sensing range | Spatial Main measurements
type resolution
FBG Single-point | 100 channels | 2 mm [4] Temperature,  strain,

displacement

Brillouin | Distributed 20-50 km [3] | 1 m[3] Temperature, strain

OTDR

Rayleigh | Distributed 50-70 m[5] <1 mm[6] Temperature, strain

OFDR

Roman Distributed 1-37km [7], | 1-17cm [7], | Temperature

[8] [8]

1.2. Image-based sensing
Image-based sensing captures images from the objects and accordingly measure the

objects’ size, temperature, deformation from the features extracted from the images.
According to the wavelength being detected, image-based sensing includes visible light
imaging and infrared imaging. The imaging systems can also detect X-ray or ultraviolet
(UV) waves by combining with fluorescent components, which convert the invisible
high energy waves into visible light. Due to the fast response of the sensing elements
used in imaging devices and noncontact sensing method, imaging sensor and systems
has been widely used in dynamic system monitoring and remote monitoring.

Infrared camera is one type of imaging sensors which capture thermal images of

heat sources in IR region (760 nm — 10° nm) in the light spectrum, as shown in Figure



1.4. Each of the pixels in a thermal image can be used to measure temperature based
on the thermal radiation from the heat source. Based on Plank’s law, the radiated power
| per unit surface for a particular wavelength (Wm2 um-sr?), from an ideal blackbody
can be expressed as:

C1

| =
5 Gy
A [eXp(T,T) 1]

(1.3)

where A is the wavelength of radiation (um), T is the temperature in absolute scale
(K), c2 (W pm*m?) and c, (umK) are the first and second radiation constants,
respectively.

By integrating Eq. (1-3) over all wavelengths, the total power of radiation P in a
unit area can be obtained.

P=¢oT* (1.4)
where ¢ is the emissivity of the emitting surface, ¢ (W m?K™) is the Stefan-
Boltzmann’s constant.

When the radiated power is captured by a detector, such as a pyrometer (single
point), CCD (linear), or IR image sensor (2D), the temperature of the blackbody heat
source can be then retrieved. In practice, the radiation emitted from the heat source are
constrained in some specific wavelengths. For example, the characteristic wavelength
of radiated IR from aluminum is 3.1 um, and 1.6 um for melted iron [9]. For each IR
imaging sensor, the measurable wavelength is also limited to a certain range determined

by the type of sensing element. Selection of IR imaging sensors in applications requires



to match the coverage wavelength with the radiation from the specific heat sources

being measured.

Thermal
| ¢ radiation . |
¥ Rays —>| Visible

)-4— X Rays \5’1::};"[ Infrared Microwave
1 1 I

] I |
0 10° 10" 10" 10° 10" 10° 10" 10°

Figure 1.4. Electromagnetic spectrum at micrometer scale [10]

In addition to sensing wavelength range, spatial resolution and frame rate are also
the key characteristics of imaging sensors. Spatial resolution is determined by the
number of pixels within a constrained image frame. Increased spatial resolution will
provide detailed readings on the temperature variation and gradient across a certain
space, but at the same, the amount of generated data in each image will be increased.
Frame rate is important especially for capturing fast dynamics such as temperature
variation during additive manufacturing. Both high spatial resolution and frame rate
will result in high computation load in processing the image data and the cost of sensing
devices. Practically, a trade-off is needed in selecting these parameters to balance the

performance and expenses.

1.3. Organization
This dissertation introduces the research on optical sensing for structural and

process monitoring in real-time. The work focuses on two major topics: 1) structural
health test for compact heat exchanger, and 2) alloy additive manufacturing process

monitoring.
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In chapter 2, the crack detection method for PCHE by combining strain field
analysis and measuring strains was introduced. A crack diagnosis model was built to
predict crack positions based on limited sampling data in structure. A numerical model
was built to analyze strain distribution when crack presents in PCHE. The crack
position detection algorithm was developed based on Tikhonov regularization. The
detection accuracy of the proposed method was verified by simulations considering
variety of sensor installation scheme, crack positions and crack dimensions. The
relationship between crack position and strain variation field was correlated to provide
a theoretical basis for developing new structural health test method.

In chapter 3, strain transfer characteristic of optical fiber strain sensors was studied
to compensate measurements and improve measurement accuracy. An analytical model
was built based on mechanical equilibrium. Compared to the previous work, both
mechanical and thermal effects on strain transfer were considered. The built model can
be applied to improve measurement accuracy for system in high temperature and high
pressure environment. The analytical model was verified by experiments under

different mechanical and thermal loads.

In chapter 4, experimental platform was designed and setup to test sensor responses
when elastic, plastic deformation and crack growth presents in the structure. The
feasibility of embedding distributed optical fiber strain sensors to detect cracks for
PCHE was investigated. The experimental results were compared with finite element
analysis (FEA) results. As a component affecting the crack detection accuracy, the fiber

coating was discussed to quantify its correlation with the strain measurement results.
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In Chapter 5, an in-situ sensing method for material composition identification was
proposed based on temperature field analysis and intelligent algorithms. Comparing
with previous research that focused on single material printing, the proposed method
correlated the relationship between temperature field and material composition.
According to thermal conduction, the relationship between material composition and
temperature field was theoretically investigated. An infrared (IR) camera was installed
to capture temperature field with different material compositions during additive
manufacturing process. The features of temperature field were extracted through image
processing and collected as inputs to machine learning. An Artificial Neural Network
(ANN) model was built to correlate the relationship between material compositions and

features of temperature field based on experimental data
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Chapter 2. Strain sensing for compact heat exchanger defect detection

Abstract—The development of Compact Heat Exchangers (CHE) improves heat
transfer efficiency with surface-to-volume ratios approaching 2500 m?*m?>. In the
applications such nuclear plants, CHE need to work for years in a harsh environment
of high temperature up to 800 °C and high pressure up to 20 MPa. Any structural
failure, i.e. cracks due to material fatigue or residual stress concentration in the CHEs,
may result in safety problems and tremendous economy losses. Compared to the
conventional heat exchangers, the non-destructive testing for CHE is challenging
because the deformation of micrometer sized channels is hard to detect by the
conventional means such as strain gauges or ultrasonic sensors. This paper presents a
novel approach to detect the presence of cracks using fiber strain sensors embedded in
the compact heat exchangers. The fiber sensors are proposed to install the heat
exchanger with the microchannel plate stacks in the heat exchanger, measuring the
strain distribution in the structure during the operation. Numerical and analytical
models of CHE with and without cracks are built to learn crack size influence on strain
variation. Sensors’ sensitivity to crack positions was calculated through simulation. A
defect retrieval algorithm based on Tikhonov regularization is presented to achieve
crack detection according to sensors’ outputs. A sample CHE section with 5x5 channels

are simulated to quantitatively test the accuracy and validity of the proposed method.

Keywords: crack detection, Finite Element Analysis (FEA), compact heat

exchanger, strain sensor
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2.1. Introduction

Compact Heat Exchanger (CHE) can be applied in variations applications that
require exceptional compactness for effective heat exchanging. The process to
assemble CHE in manufacturing is generally stacking multiple plates with one side
etched semi-circular grooves with diameter of 1 millimeter, followed by diffusion
bonding. As shown in Fig. 1, the plates are arranged in the same direction so that the
flat surface on one plate is bonded to the etched surface on the other one to form
microchannels. In the nuclear application, compact heat exchangers are considered as
a potential candidate for intermediated heat transfer of advanced nuclear reactors with
gaseous working fluid, such as high temperature gas cooled reactors. Supercritical
carbon dioxide is commonly used in the CHE as the cold channel fluid [11], allowing
operating the CHE at a temperature up to 600 °C and pressure up to 20 MPa in the
microchannels. Such a high-temperature and high-pressure environment within
millimeter scale structures, make the structural cracks, generated either in the
manufacturing process or by fatigue during the operation, easy to propagate through
the CHE structure. Sometimes the cracks could penetrate through the isolation walls
between the cold and hot flows, and finally result in critical safety problems, especially

for the CHESs used in the nuclear plants.

The conventional way to estimate the health status of HEs is to set a fixed life time
based on the historical data. However, as the initial condition and operation states of
CHEs are not fully consistent with each other, the empirical life time estimation could
either miss the fast-developed cracks or underestimate the life time for individual parts.

For the nondestructive test of tubes, multiple technologies have been developed to
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monitor the health status of the structure. Lee et al. applied ultrasonic wave to visualize
damage of nuclear power plant pipeline [12]. Safizadeh et al. presented a gas pipeline
corrosion mapping method by using pulsed eddy current [13]. Besides the pipeline
detection on the surface or subsurface, Abdullah et al. studied neutron tomography
technique to image internal defect of pipeline [14]. Carvalho et al. studied magnetic
flux leakage technique to detect defects of pipe and applied artificial neural networks
to distinguish types of defect (external corrosion, internal corrosion and lack of
penetration) [15]. Most of methods to detect defects of pipeline are on the surface or
subsurface, like ultrasonic wave detection, eddy current testing and magnetic flux
testing. Neutron tomography is a method can achieve internal structure detection, but
protective measures must be taken against harmful neutron radiation leaks. These
methods are available for the single pipelines with normal size which defects exist
around tube wall. But it is hard to apply on the compact heat exchanger which defect
may exist inside the structure and the size of tubes are at millimeter scale. Meanwhile,
if the monitoring process need to be conducted in every channel every time, it would
cost much time and not economic. Strain field analysis combined with measurement
techniques is an available method to achieve internal defect detection with compact
structure. Turnbull et al. [16] studied strain and stress distribution around a single
corrosion pit in a cylindrical steel specimen from finite element analysis, the strain
distribution and evolution of stress corrosion can be observed. Lee et al. [17] presented

thermal stress distribution in the compact heat exchanger and found stress
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concentration is clear near the channel tip. These strain field analysis methods can

provide theoretical reference for indirectly measurement.

This paper presents a novel approach to detect the presence of cracks using fiber
strain sensors embedded in the compact heat exchangers. The fiber sensors are installed
on an instrumentation plate bonded together with the microchannel plate stacks in the
heat exchanger, measuring the strain distribution in the structure during the operation.
Where there is crack presence or crack propagation between the channels, the variation
of strain distribution on the instrumentation plate is detected by the fiber sensors to
retrieve the size and location of the crack. This paper focuses on the simulation test of
the approach, to quantitatively evaluate the performance of the approach and provide
guideline for the experimental validation. Mathematically, the crack retrieval is
realized by solving an ill-posed backward problem through two steps: 1) build a
forward equation from crack position to sensor measurements by numerically
simulating the sensor response to cracks at each possible locations; 2) inverse the
mathematical relationship to establish an algorithm estimating crack location from
sensor output. A two-dimensional thermal and structure coupling model is built by
ANSYS to simulate the strain distribution of heat exchanger with/ without cracks. As
the number of strain values sampled by the fiber strain sensors is far less than the
possible crack location within a given space, iterative Tikhonov Regularization method
is adopted to solve the ill-posed problem. The approach was tested with simulation
results from the numerical model. The estimated crack locations are compared with the
“true” crack location set in the simulation to quantify the estimation error. The detailed

methodology and simulation results are presented in the next sections.
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2.2. Modeling

The CHE is generally designed in a multi-layer structure. Each layer contributes
one row of channels. Figure 2.1 shows a sample section of the CHE with semi-circular
channels (Imm radius) with seven layers, in the cross-section view. When the CHE is
in operation, cold (blue) and hot (red) fluid flows pass through the channels with high
pressure to exchange the heat. The proposed method installs the fiber strain sensors
(the number of sensors could varies based on required accuracy) between the channels

in the sample section.
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Figure 2.1 Illustration of crack position sensing method
Depending on the presence of crack, there are two major states being investigated.

1) When there is no crack, the pressurized channels deform the CHE structure and
builds a certain strain distribution. The sensors measured the strains at each specific
location.

2) When a crack is present in one of the channels, the structural deformation leads to
variation in strain distribution. Consequently, the individual fiber strain sensor’s

output is changed after the presence of the crack.
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The variation in strain sensor output can be extracted by comparing the outputs of
state (1) and (2). Amplitude of the sensor’s output variation is determined by the
distance to crack as well as the surrounded CHE structure. In this paper, the process of
a crack-induced deformation being detected by the sensors is assumed as a forward
problem. Based on this assumption, the possible crack position, can be estimated by
combining the sensors outputs and their locations in the CHE through solving an ill-
posed backward problem. To simplify the simulation model, the interference between
the fiber sensors and local strain distribution was ignored, based on the fact that the
sensor diameter (0.1 mm) is much smaller than the channel radius (1 mm level)

The Finite Element (FE) model is established on ANSYS platform to simulate the
forward sensing process and quantify the effect of crack locations on the individual
sensor’s output. The sample section of CHE is built in the FE model, as shown in Figure
2.1 (b). The modeled structure composed of 7 layers in total, each containing 5
semicircular channels. The channels are arranged in 7 X 5 matrix in the cross-section
view as shown in Figure 2.1 (b). The thickness of each layer is 1.5 mm. The radius of
the semicircular channel is 1 mm. The distance between two channels on the horizontal
direction is 3 mm. The temperatures for the cold and hot fluid flowing through the
channels are set as 420 °C and 600 °C, respectively. The associated pressures for the
cold and hot flows are set as 20 MPa and 8 MPa, respectively. The same type of flow
is applied to the same layer as shown in Figure 2.1 (a). The modeling and simulation
of the forward problem is based on the assumption that all the strain sensors measure
the strain in horizontal direction. So the simulation results and analysis only consider

the horizontal strain/stress distribution in the structure. The crack is setas a 0.3 x 0.3
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mm rectangle vacant at the corner of a selected channel. Figure 2.1 (b) shows the case
where the crack presents in the channel at (4, 3) (the 4" row and 3™ column). The
material of the structure was chosen as Incoloy 800H which is considered as a candidate

material for the next generation of CHE. The detailed material properties are shown in

Table 2.1.
Table 2.1 Material properties of alloy 800h
Young's Poisson Special Thermal
Density CTE
Modulus Ratio Heat Conductivity

7.94 x 10° 460 17.1 x 10°©
157.7 GPa 0.373 21.1 W/m°C
kg/m?® Jlkg-°C /°C

In order to build the relationship between the crack position and the sensors’ output,
the 5 x 5 channels in the center of the modeled section (as cropped by the red frame in
Figure 2.1(b)) are selected as the candidate locations for the crack presents.
Mathematically, the crack location can be expressed by an array P (pz, p2, ...pn), Where
element pi represents the i channel (i = 1, 2,...n, n=25). The value of p; is set to either

zero or one depending on the presence of crack in the channel:

B 0, when thereis no crack
b= 1, when a crack is present

For the case as shown in Figure 2.1 (b), where the crack presents in channel #13,
the value of P array is (0, O, ..., li=13, 0, ...0). Similar to the representation of the crack
locations, the crack-induced variation in sensors output can be expressed by an array S

(S1, S2, ... Sm), where m is the total number of sensors. If the relationship between the
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crack presence and the sensors response can be approximated as linear relationship, the
sensors output P is expressed as the multiplication of a sensitivity matrix G and the
location array P, which can be expressed as:

S=G-P (2.1)

where G is an m X n matrix, expressed as:

91 9 - O

G= 9:21 9:22 g:2n (2.2)

Om 9wz " O
By substituting the expression of P, S into Eq. (2.1), the element gij (i=1,2, ..., n;
j=1,2,...m)in the sensitivity matrix can be calculated by simulating the j™ sensor
output when the crack is set to be present in the i channel (pi = 1), expresses as:

g; =S;, Wwhen p,=1and p, =0whenk =i (2.3)

Thus by setting the crack to each of the channels and simulating the associated
sensors output, the whole sensitivity matrix G can be calculated.

2.3. Simulation

To include temperature induced thermal stress into the model, a thermal analysis is
firstly applied to simulate the temperature distribution caused by the hot/cold flows.
Then the temperature distribution is imported to structural analysis as an input to
simulate the total strain distribution. In this work, the location of crack is assumed to
be present at the corner of the semi-circular channels, where the stress/strain
concentrates. Strain variation along horizontal direction is obtained by comparing

strain distribution of heat exchanger with crack and without crack. Figure 2 shows the
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case where a crack is set to channel #13. The simulation results from each of the steps

are shown in Figure 2.2 (a)-(e).
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Figure 2.2 Simulation results

Figure 2.2 (e) shows the distribution of strain variation induced by the crack

presence. Mathematically, it is calculated by subtracting the strain distribution in Figure

2.2 (b) (without crack) from the distribution in Figure 2.2 (d). The maximum strain
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variation (100 pe), as shown by the bright spot in Figure 2.2 (e), is present at the crack
location. If four fiber strain sensors are embedded in the structure close to the middle
point of the four edges, as shown in Figure 2.2 (e), the sensors’ output can be estimated
by the simulated strain values at the same locations. For the arrangement in Figure 2.2
(d), the associated output for sensors #1, #2, #3, and #4 are simulated as 3.5y, 1.5y,
15, and 3.1y, respectively. Such a level of strain is measurable with high resolution
(<1n) commercial fiber strain sensors [18]. By repeating this process to simulate all the
possible crack locations in the 5x5 candidate channels, the variation in each of the
sensors’ outputs can be arranged accordingly to the set location of crack, as shown in
Figure 2.3. Referring to Eqgs.(2.2-2.4), the four series of values shown in Figure 2.3 (a)-

(d) are equivalent to the four rows in the sensitivity matrix G.

. 10
w
=
7]
c
o
]
o
=
o
>
£
m©
o
=]
wn
0

1T 3 5 7 9 11 13 15 17 19 21 23 25
Channel Index

(a) Sensitivity of sensor 1



—_
(=]

Strain variations (jg)

50
40
30
20
10

Strain variations (Jeg)

50
40
30
20
10

Strain variations (pg)

o

1 3 5 7 9 11 13 15 17 19 21 23 25
Channel Index
(b) Sensitivity of sensor 2
1 3 5 7 9 11 13 15 17 19 21 23 25
Channel Index
(c) Sensitivity of sensor 3
1 3 5 7 9 11 13 15 17 19 21 23 25

Channel Index
(d) Sensitivity of sensor 4
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2.4. Mathematical Model for Position Detection

2.4.1. Crack Retrieval Algorithm
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To estimate the crack location P from the sensors output variation S, the
relationship as given in Eq. 2.2 needs to be inversed by considering P as a function of
S (inverse problem), based on the simulated sensitivity matrix G. Physically, the
number of sensors that can be embedded to the CHE structure is always constrained by
the limited space. Also, it is preferred to make used of each sensor to monitor multiple
channels to save the expense. Thus, the number of sensors is always less than the
number of channels in the realistic application. Such a fact result in that the matrix G
is rectangular, e.g. 4 x 25 as shown in Figure 2.1 and Figure 2.3, and the inverse form
of G is not available. Mathematically, the inverse problem to solve P from Sis ill-posed.
Another consideration for solving the backward problem is that some of the elements
in matrix G are small numbers approaching zeros, as seen in Figure 2.3, due to the
physics that a specific sensor could have weak response to a crack that is apart from

the sensor in long distance.

This work adopts iterative Tikhonov Regularization method, which has been
widely used to solve the ill-posed inverse problems. The general form of the

regularization for solving the crack location can be expressed as:
P=(G'G+41)'G'S (2.4)
where 1 is the regularization parameter. Generally, the value of 1 is a number < 1 to
guarantee the determinant of (G'G + Al) is not zero, given the presence of small
elements in the G matrix. Some research has studied the mathematical methods to

optimize the regularization parameter, including the discrepancy principle method [19],

the generalized cross-validation method [20] and L-curve method [21]. If A is too small,
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the determinant of (GTG + AI) will approach zero as the sparse nature of sensitivity
matrix G. As a result, the inverse form of (GG + A) will be sensitive to any fluctuation
in the data. On the contrary, if A is too large, the term (GTG+ Al) will have a large
deviation from GG, and thus, results in a large approximation error in the calculation.
In practice, the regularization parameters are usually chosen empirically [22] according
to the requirements in various applications. In this paper, the regularization parameters
of 103, 104, 10 have been tested. It is found that the value A=10"* achieves highest

accuracy among the candidates. Thus, A=10"* is applied for processing the data.

The estimated crack position p substitute back into Eq. (2.1) to estimate the

sensors output variation:
S=G-P (2.5)
The difference between the estimated and the simulated variation is calculated as:
A=S-§ (2.6)

The difference is substituted back into Eq. (2.4) to take the place of S to update the
crack position till A goes below a threshold (1/1000 pe in realistic calculation). The

iterative algorithm is shown in Figure 2.4.
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Figure 2.4 Iterative algorithm for crack position retrieval

2.4.2. Retrieval Algorithm Accuracy Analysis

The developed crack retrieval algorithm is tested using the simulated sensors output
when the crack is set to different channels in the numerical model. Figure 2.5 (a)-(d)
shows the cases when the crack is set to locations (2, 1), (2, 3), (5, 3), and (3, 5),
respectively. Each of the grids in the chart shows the location of a channel in the 5 x 5
matriX. The location of the set crack is highlighted by the blue frames. The calculation
results (possibility of crack presence) is put in each of the grids and highlighted by the
intensity of red color. It is seen that in cases shown in Figure 2.5 (a)(c) and (d), the
estimated results exactly match the actual crack locations. While for Figure 2.5 (b), the

locations are not perfectly matching but close (1 row and 1 column apart from each
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other). To quantify the estimation error, the distance from the estimated and actual

crack locations are expressed by the number of rows and columns in the matrix, e.g.

the error in Figure 2.5 (b) is calculated as v1 + 1 = 1.41.
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Figure 2.5 Estimation result by retrieval algorithm
With the four sensors setup, by exhaustively testing the crack locations in each of

the 25 candidate channels, the estimation errors are calculated as shown in Figure 2.6.
It can be observed that the maximum error (4.47) is associated with the cases where the
cracks are present in or close to the corners, due to the long distance from the crack

location to two or more sensors reduced their sensitivity to the structural deformation.
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Such a problem can be improved by increasing the number of embedded fiber strain

sensors in the CHE.
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Figure 2.6 Position error with 4 sensors

2.5. Discussion on developed method
2.5.1. Number of sensors

Figure 2.7 shows the case studies where five and nine sensors are applied. The

increased sensor density relatively reduced the distance from the sensors to the possible
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crack locations and thus improved the measurement accuracy. By calculating the mean
values of all the errors in the grids, the average error for the three cases (4, 5, and 9
sensors) are calculated as 1.4, 1.2, and 0.4. When 9 sensors are installed, the calculation
position errors in most channels are 0. Moreover, by comparing prediction errors when
different number of sensors installed inside the structure, it is shown the prediction
accuracy is low when the distance between a crack position and a sensor location is
larger than 2 channels. Therefore, it is speculated that each sensing point can cover 2 x

2 channels approximately to get reasonable prediction results.
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Figure 2.7 Prediction position error with different number of sensors

2.5.2. Crack positions

Simulation model in Section 2.3 showed strain distributions when crack presents at
the corner of channels. Since temperature and pressure are different between layers, the
strain gradient is large between layers. The strain concentration also presents at the top
of each channel which is shown in Figure 2.2. Therefore, the top of channels are
positions where cracks are easy to be generated. In this section, strain variations

induced by crack at the top of channels were learned. The detection accuracy by the
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proposed nondestructive method when crack presents at the top of channels was

calculated.

The simulation flow is the same as that in Section 2.3. Both mechanical load and
thermal load were applied on the model. The crack was set at the top of difference
channels. Figure 2.8 (a) shows strain distribution when crack presents at the top of one
channel. By comparing strain distribution when no crack in the structure at the same
loading condition, strain variations induced by crack was calculated as shown in Figure
2.8 (b). It is shown that strain variations radiated from crack position to other positions.
The maximum strain variation is at crack position and maximum strain is around 1000
M. Strain variations are around 1 g where are 3 channels away from crack position. In
the model, the modulus with 5 x 5 channels were extracted as a unit to learn as shown
in Figure 2.8 (b). The assumed sensor installation schemes are the same as in Section

2.3 which are shown in Figure 2.6 (a), Figure 2.7 (a) and Figure 2.7 (c).
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(a) simulation results with vertical crack
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Figure 2.8 Strain distributions when vertical crack presents in the channel

Figure 2.9 shows detection accuracy with 4, 5 and 9 installed sensors. Detection
accuracies when cracks present at the top layer and bottom layer of study unit are higher
than at middle layer since sensors are assumed to be installed at the edges of study unit.
The strain variations at sensor positions are not high when crack presents at the middle
layer. PCHE consists of many study units and the middle layer in this unit can become
the top layer or bottom layer for other units. By combining other units, the detection
accuracy would be improved. Moreover, Figure 2.9 also demonstrated that the
increasing of sensor density can improve accuracy of crack detection. The proposed

nondestructive method is also available when crack presents at the top of channels.
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Figure 2.9 Crack detection accuracy with different number of installation sensors

2.5.3. Crack dimensions

In Section 2.3, the sensitivity matrix was built when crack presents at the corner of
each channel. The crack length is set 0.3 mm in simulation to get the sensitivity matrix.
In the calculation of detection accuracy, the inputs in the crack retrieval algorithm were
from simulations with same crack dimensions. However, the dimensions of crack are
hard to know in practical test. In this section, difference dimensions of crack would be
regarded as inputs in the crack retrieval algorithm. The detection accuracy with
different crack dimensions would be calculated to check universality of the proposed

testing method.

Figure 2.10 shows the crack detection accuracy for different crack lengths when 4
sensors were embedded in the structure. The average detection errors when crack length
i 0.1 mm, 0.3 mm and 0.5 mm are 1.42, 1.24 and 1.46. When crack length is 0.1 mm,
the crack is small and the strain variations induced by crack is not high. The inputs in
the crack retrieval algorithm are not as large as simulations with 0.3 mm crack.
Therefore, the detection error is higher than that for 0.3 mm crack. When crack length
is 0.5 mm, crack is across two channels. The structural characteristic of simulation
model is changed. The strain variation distribution induced by crack is different from
the model with 0.3 mm length crack. That might be the reason lead to lower detection
accuracy than that for 0.3 mm crack. For all these three cases, the detection accuracies
are very close to each other. For each channel, the detection accuracies when crack

presents with different length are also close to each other.
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Figure 2.10. Crack detection accuracy for different crack lengths with 4 sensor
installation

Figure 2.11 shows the crack detection accuracy when 9 sensors are embedded in
the structure. The average detection errors when crack length is 0.1 mm, 0.3 mm and
0.5 mm are 0.38, 0.44 and 0.72. All detection errors are lower than that in Figure 2.10
since sensor density increases. When crack length is 0.1 mm, the crack detection
accuracy is as high as that for 0.3 mm crack. Although strain variations induced by
crack are not as high as that for 0.3 mm crack, the increment of sensor density makes
strain variations can be detected. When crack length is 0.5 mm, the detection accuracy
is lower than that for 0.3 mm which caused by structural characteristic changes. It is
known from Figure 2.10 and Figure 2.11 that crack retrieval algorithm which was built

with 0.3 mm crack is universal to difference crack dimensions.

1 0 0 0 0
1.41 1 0 0 0
1 0 0 0 0
3.16 1 0 0 0
1 0 0 0 0

(@) Crack length: 0.1 mm



40

1 0 0 0 0
1.41 1.41 0 0 0
1 0 0 0 0
3.16 1 0 0 1
1 0 0 0 0
(b) Crack length: 0.3 mm
0 0 0 0 0
1.41 3 0 0 3
1 0 0 0 0
3.16 1 1 141 1
1 0 0 1 0

(c) Crack length: 0.5 mm

Figure 2.11 Crack detection accuracy for different crack lengths with 9 sensor
installation

2.6. Conclusion

In this paper, a new nondestructive test method was proposed to monitor structure
health of compact heat exchanger. This paper focuses on the simulation test of the
approach, to quantitatively evaluate the performance of the approach and provide
guideline for the experimental validation. Mathematically, the crack retrieval is
realized by solving an ill-posed backward problem through two steps: 1) build a

forward equation from crack position to sensor measurements by numerically
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simulating the sensor response to cracks at each possible locations; 2) inverse the
mathematical relationship to establish an algorithm estimating crack location from
sensor output. A two-dimensional thermal and structure coupling model is built by
ANSYS to simulate the strain distribution of heat exchanger with/ without cracks. As
the number of strain values sampled by the fiber strain sensors is far less than the
possible crack location within a given space, iterative Tikhonov Regularization method
is adopted to solve the ill-posed problem. The approach was tested with simulation
results from the numerical model. The estimated crack locations are compared with the
“true” crack location set in the simulation to quantify the estimation error. Based on a
model with 5 x 5 channels, the location of crack can be accurately estimated with an
average error less than 0.4 channels. Crack detection accuracies for different crack size,
crack position in each channel, and layout of sensors were also discussed. The
calculation results show that crack retrieval algorithm also can be applied to detect
cracks with different positions and sizes. The increasing of installed sensor density can
improve crack detection accuracy. Through simulation test, it is proved that the
presence of crack in a multi-channel CHE structure can be detected by limited number
of sensors. This work provides an economy and efficient approach to achieve

nondestructive detection of compact heat exchanger on the site.
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Chapter 3. Strain Transfer Characteristics of Surface Bonded Fiber Optics Sensor
Under Thermal and Mechanical Loads

Abstract— Strain transfer ratio is one of the key characteristics to determine the
accuracy of sensors for strain measurement and structural health monitoring. This paper
presented a theoretical study on the strain transfer ratio of optical fiber sensors, which
is generally bonded on the surface of target structure by adhesives. Compared to the
prior study from the literatures, this paper first introduced both the temperature
variation and the mechanical load in the discussion of strain transfer ratio. The work
studied the characteristics of strain transfer ratio for surface bonded fiber optic sensor
in two consecutive approaches: 1) A simplified multi-layer analytical model was built
to derive the expression of strain transfer ratio as a function of the structural and
material properties; 2) Experiments was designed to obtain measured strains of surface-
bonded optical fiber sensor under both mechanical and thermal loads. The analytical
model was validated by experimental results. A good match has been observed in the
comparison of the experimental results and analytical results, with an average relative
error 2.4%. It was found in both of the models that the strain transfer ratio is dependent
on the thermal and mechanical loads. The derivation of effective sensing length to
satisfy the requirement of measurement accuracy, strain variation, and temperature
variation was done. Based on the validated analytical model, the discussion was further
extended to parametric analysis. The influence factors on strain transfer ratio were
analyzed to determine bonding schemes when measurement structure subjects to both
mechanical and thermal loads.

Nomenclature
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Half-length of adhesive layer
Width of adhesive layer
Young’s modulus of matrix

ye  Radius of coating L

ys  Radius of fiber core D

Ya  Thickness of adhesive from the central Em
axis of fiber cire to matrix

Ym  The distance between x axis and matrix Ea  Young’s modulus of

adhesive

of  Normal mechanical stress of fiber Ec  Young’s modulus of coating
oc  Normal mechanical stress of coating Ef  Young’s modulus of fiber
oa  Normal mechanical stress of adhesive ~ Gm  Shear modulus of matrix

otf Thermal stress in the fiber Ga  Shear modulus of adhesive
otc Thermal stress in the coating Gc  Shear modulus of coating
ota Thermal stress in the adhesive Gs  Shear modulus of fiber

otm Thermal stress in the matrix AT  Temperature variation

tc  Shear stress in the coating om  CTE of matrix

Ta  Shear stress in the adhesive @a  CTE of adhesive

™m  Shear stress in the matrix ¢c  CTE of coating

tef  Shear stress between coating and fiber  of CTE of fiber

ha  Adhesive above fiber coating
3.1. Introduction

Optical fiber strain sensor has been a widely adopted device for measuring strain
and structural deformation in the past decades, due to the light weight, small size, and
immunity to electromagnetic interference compared with other measurement systems
[23], [24]. According to the working principles, fiber strain sensors can be classified
into two categories:

1) Fiber Bragg Grating (FBG) sensors, generally measuring strain at fixed locations
on the fiber core where a series of gratings are fabricated. The grates reflect the incident
light at a given wavelength determined by the strain applied to the fiber;

2) Rayleigh, Brillouin, and Raman backscattering sensors, making use of the
inhomogeneity of the fiber as reflectors to measure the wavelength variation of the
reflected light and consequentially determine the strain with high spatial resolution.

The strain resolution of both two types of fiber sensors is capable of reaching sub-
micro strain level [25]. For the backscattering sensors, the spatial resolution can reach

up to 1~2 samples per millimeter [26], [27]. The maximum operation temperature is
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improved from 200C to above 800C. The improvement of sensing capability has
enabled the optical fiber sensors being used in detecting structure health in millimeter
scale within harsh environments [28], [29]. Literature has reported embedding the fiber
sensors in compact heat exchanger [30], pipelines [31], and superconductor magnets
[32] in multiple applications.

The performance of fiber optic sensor is determined by the material and its structure.
Generally, an optical fiber sensor is composed of a silicon core of 120 ~ 150 pum
diameter and a coating layer of about 150 um thick made of polyimide, acrylate, or
metals such as gold. In the application where the optical fiber sensors are used for
measuring strain or stress in a host matrix, the fiber is generally attached on the matrix
surface by adhesives. When the host matrix is being stretched, compressed, or bent, the
adhesive transfers the deformation via the coating layer to the fiber core, where the
strain was read through wavelength variation measurement. During the process of
strain transfer from the target structure surface to the fiber core, the strain values may
be different at each layer due to multiple factors such as adhesive layer thickness,
coating layer thickness, material properties, and temperature variation. To study the
accuracy of strain measurement, the concept of strain transfer ratio was introduced to
express the ratio between the strain measured by the fiber core and the actual value in
the target structure. In the priori research, significant efforts have been made to quantify
the relationships from the sensor installation parameters to the strain transfer ratio with
different sensor bonding schemes and loading types. There are two sensor bonding
schemes for measuring strain of matrix, one is bonding sensor on the surface of matrix

to measure surface strains, another is embedding sensors in the matrix to get strains
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inside matrix. For the surface bonding scheme, the theoretical model usually includes
fiber core, coating layer, adhesive and matrix. The analyzed models are not symmetry.
Some scholars studied the strain transfer mechanism by experimental method and
computer simulation. Betz applied finite element analysis to get strain distribution of
surface bonded fiber sensor and matrix and then verified the analysis by experiments.
He found only thin and stiff coatings can guarantee an optimum strain transfer into
fiber [33]. Lin et al. applied finite element analysis and experimental method to study
strain transmission efficiency of surface bonded FBG sensors [34]. They found the
recoating and steel-tube packaging markedly effect strain transfer efficiency. When the
thickness of adhesive is less than the diameter of fiber, the influence of thickness on
strain transfer is less. The theoretical method is also developed to study the strain
transfer mechanism of surface bonded fiber. Zhang et al. designed a theoretical strain
transfer model for distributed optical fiber sensors bonded on the surface of matrix. An
increased strain transfer ratio was observed when the shear modulus of fiber coating
and bonded length is increased [35]. Her et al. developed a theoretical model to evaluate
the strain transferred from host material to optical fiber [36]. It was found that the strain
transfer ration increases with the bonded length and the stiffness of the coating layer.
Wang et al. presented the traditional strain transfer model is not suitable in cases the
host material is anisotropic. They proposed a new strain transfer model for FBG sensors
bonded to the surface when the host material is composite laminates [37].

For the sensor embedded scheme, the analysis structure includes fiber core, coating,
adhesive and matrix which is same as surface bonded scheme. The analyzed models

are simplified as a cylinder under axial loading. Li et al. developed an analytical model
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for embedded FBG sensors in different host materials and found the shear modulus of
the host material influence the strain transmission [38]. Wang and Xiang considered
sensor bonding influence on the matrix strain and calculate the strain transfer in the
matrix by introducing Goodman’s hypothesis to build a strain transfer model [39]. Li
et al. studied the effects of the geometry and the relative stiffness of matrix on strain
transfer ratio for embedded FBG sensors.

Besides studying strain transfer mechanism considering bonding scheme, loading
type on the measurement system has significant effect. Wang et al. studied strain
transfer characteristic of FBG sensors attached on steel structure subjected to fatigue
loading. They found the train transfer ratio under fatigue response is much lower than
that in static state [40]. Feng et al. studied strain transfer mechanism in Brillouin-based
sensors when crack presents in the matrix during measurement by considering elastic
and elastoplastic stages in the model [41]. The technique was expected to improve the
accuracy of crack detection and localization. Yi et al. studied strain transfer mechanism
of surface bonded FBG sensor subject to dynamic load. They found the bonding length,
the thickness of adhesive and coating have major impacts on dynamic strain transfer.
Also, the relationship between vibration frequency and system natural frequency would
influence strain transfer ratio [42]. In addition to the mechanical properties and loads
transferred from the host matrix, the readings of optical fiber sensor also subject to the
temperature variation, due to the stress induced by thermal expansions of the host
material, adhesive, coating, and fiber core. Wang et al. presented a strain transfer
analysis for the surface bonded FBG sensor subject to thermal loading from 30 C to

70C without considering the mechanical load [43].
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It has been observed in the literatures that most of the work focused on the
discussion of strain transfer ratio with single type of load, either mechanical load from
the host matrix or the thermal load from temperature variation. When the system is
subjected to mechanical load, the load is applied on the matrix and then transfers from
matrix to fiber core via adhesive and coating layer. When the system is subjected to
thermal load, fiber core, coating, adhesive and matrix expose to load simultaneously.
The differences of coefficients of thermal expansion lead to differences of thermal
stress in each layer. The different thermal stresses transfer between joint layers.
Therefore, the strain transfer mechanism and gradient are not the same for mechanical
load and thermal load. The previous approaches would satisfy most of the applications
where the strain is measured at consistent temperature or with small temperature
variation below 100°C. However, with the wide application of fiber sensors in
manufacturing processes, some of the scenarios, such as monitoring diffusion bonding
process or the health status of compact heat exchangers [30], requires accurate strain
measurement within a large temperature variation up to 500 ‘C. Determining the strain
transfer ratio requires considering both the mechanical and thermal load simultaneously
in the model which was not covered in the prior theoretical or experimental studies. To
fill this gap, this paper presented a theoretical approach quantify the expression of strain
transfer ratio for the optical fiber sensors under both mechanical and thermal loads. A
simplified multi-layer model including the fiber core, coating, adhesive and host matrix
was built to derive the relationships between the strain transfer ratio and the key factors
such as temperature variation, matrix strain, adhesive layer thickness, bonding length,

etc. Based on the analytical model, the expression of effective sensing length for the
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optical fiber sensor to obtain accurate strain measurements has been derived as a
function of those key factors. The relationships between measured strains and true
strains on the surface of matrix were verified by a series of experiments when matrix
subjects to both mechanical and thermal loads. Finally, the parametric analysis was
done to characterize strain transfer ratio with sensor bonding related parameters. The
bonding scheme can be determined based on parametric analysis.

The rest of the paper was organized as follows: Section Il introduced the analytical
model of the optical fiber sensor. The strain transfer ratio was expressed as a function
of the material properties, key installation dimensions, mechanical load, and thermal
load. The effective sensing length when temperature variation is unknown is evaluated.
Experiments were conducted in Section Il to verify the derived analytical model.
Strains from experimental results and theoretical calculation were compared and
analyzed. The study of parameters related to sensor installation based on the analytical

model was presented in Section I1V. Finally, a conclusion was presented in Section V.

3.2. Strain analysis of optical fiber

The basic structure of optical fiber strain sensors includes fiber core and coating.
For measuring strains on the matrix, strain sensors need to be glued on the matric by
adhesive. When mechanical load is applied on the matrix, strains generated on matrix
would transfer from matrix surface to fiber core through adhesive and fiber coating.
The transferred strains are less than strains on the matrix surface. When thermal load
is applied on the system, all materials (matrix, adhesive, fiber coating and fiber core)
would deform spontaneously depends on their coefficient of thermal expansion. The

thermal strain transfer direction is not sure which can be from matrix to fiber or from
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fiber to matrix. Although strain transfer gradient is not sure, all strain transfers follow
mechanical equilibrium no matter mechanical load or thermal load is applied.
Therefore, the analytical model can be built under both mechanical load and thermal

load.

3.2.1. Analytical Model

Figure 3.1 (a) shows the physical model where an optical fiber sensor is applied to
measure strain on matrix surface. The optical fiber sensor is composed of a fiber core
and a layer of protective coating. A section of the fiber sensor (length: 2L) is bonded
on the matrix by adhesive of width D. To calculate the strain transfer ratio, the physical
model was simplified into a 2-dimentional model along the vertical cross section
passing through the axis of the fiber core, as shown in Figure 3.1 (b). In the simplified
model, the origin of the coordinate system is set at the center of fiber core. The x and
y axes are set along the central axis of the fiber core and the along the vertical symmetry
axis of the structure, respectively. There are in total four components presented in the
simplified model: 1) adhesive 2) the fiber core, 3) fiber coating, and 4) the host matrix,
respectively. The radius of fiber core and protective coating is yr and yc, respectively.
The thickness of adhesive from the central axis of fiber core to matrix is ya. The
thickness of adhesive above the coating is ha. The distance between the x axis and
matrix is ym. Variables o1, oc, 0a are the normal mechanical stress in the fiber core,
coating and adhesive layers. ott, otc, ota, otm are the thermal stress in the fiber core,
coating, adhesive, and matrix layers, respectively. Variables tc(X,y), ta(X,y), tm(X,y) are

the shear stress in the coating, adhesive, matrix, respectively. tc(X,y) is the shear stress
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between the coating and fiber core. In the derivation of the analytical model, the
following assumptions were made based on the physics of the realistic model:

e There is no relative sliding between different material layers.

e The only elastic deformation is considered in all the layers

o All materials in the model are isotropic.

¥ Adhesive

Coating
Fiber core

Mid point of bonded
section, x =0

odeled
tion
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(&) The structure of strain measurement by surface bonded fiber sensor

W,Fiber core
/ [
- — Coating
0 x
Adhesive

—— 'f

¥a -

) D2 | J
| L r L |
]

(b) Coordinate system of measurement structure and stress distribution
Figure 3.1 Analytical model of the optical fiber strain sensor bonded to a host matrix
through adhesive

Based on mechanical equilibrium, the shear stress in the fiber core can be obtained

as:

y; do, +do,,

74 (X =—— 3.1
(X Y) 5 m 3.1)
Similarly, the shear stress in the fiber coating is expressed as:
y,* (do +E g -AT) (y'-y,*) (do,+do,)
(% Y) = (S - =) (3.2)

2y dx 2y dx

The shear stress in the adhesive layer can be expressed as:
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7y" (o, +E ¢ -AT) 7(y"-y,") (do, +E4,-AT)
D dx D dx
ﬂycz]' (do, +do—t,a)
D dx (3.3)

r,(%y)=- ]

_[(ha+ Yo+ y)_

For the matrix, the shear stress can be obtained as:

(do,+do,,)
dx

Tm(X, y) = Ta(X, ya) - (y - ya) ) (3-4)

In the matrix layer, when y is larger or equal to ym is true, which means the stress
distribution is not influenced by the bonded fiber sensor, the following boundary

condition is applied:

7, (X Y,) =0 (35)
By substituting Eq. (3.5) into Eq. (3.4), the shear stress in the matrix layer can be

further expressed as:

7, (y) =122 7, (x,y,) (3.6)

m a
Based on the shear-lag theory, the relative displacement of different layers is
determined by the shear strain. Therefore, the relative displacement in continuously

layer are calculated as following:

u(x.y,)~u(xy,) = [ “7.(xy)dy

U(x,Y,) =Y. = [ 7 (xy)dy (37)

U(X,ym)—U(X,ya) = J‘y);m ym(xly) dy

According to the second assumption that all materials are linear elastic and Hook’s

law, the relationship between shear stress and shear strain can be obtained:
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y= (3.8)

.
G
where G is shear modulus, vy is shear strain and t is shear stress.

Similarly, the relationship between thermal stress and thermal strain can be

obtained as:
0, = Egt =E-gAT (3.9)

where g is thermal strain, E is Young’s modulus, ¢ is CTE and AT is temperature
variation.

By taking the derivative with respect to x, total strain can be obtained. In this mode,
the total strain is composed of mechanical strain and thermal strain. By substituting
Egs. (3.8-3.9) into deduced Eq. (3.7) with respect to x, normal mechanical strain and

thermal strain can be obtained as:
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dU(X, yc) _ dU(X, Y )
dx dx

=&(XY,) + AT —e(X, Y, ) — ¢ AT

ch 7. (X, Y)d

du(x,y,) du(x.y.)
dx dx

= E(X, ya) + ¢aAT - E(X, yc) - ¢CAT
:ij-ya 7,(X,Y) y
G, % dx

du(x,y,) du(xy,)
dx dx

=&(X,Yy) + 4, AT —&(X,Y,) — 4,AT

1 etz (XY)
G -[ya dx y

m

(3.10)
Based on the first assumption, each layer is bonded together perfectly, the fiber is
strained together with the interlayer. Therefore, the strain gradients are expected to be

of the same order which can be expressed as:

de; de, _de, de

C a

dx  dx  dx  dx (3.11)

[
[

By substituting Eq. (3.2-3.4) into Eq. (3.10), Eq. (3.12) can be obtained:

d?e d2T
, AT — , AT =—(k
&(x yc)+¢c &(x yf)+¢f ( PNE +W dXZ)
d?e d2T
e(X,y,) + AT —e(X,y.) + AT =—(k, > + W, dxz) (3.12)
d?e d4T
E(X,ym)+¢mAT —E(X,ya)+¢aAT = _(k3 dXz +W3 dXZ)

where
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By simplifying the simultaneous equations in Eqg. (3.12), the strain in the fiber core

can be described by a 2" order differential equation, expressed as:

d? ’
£ —K’e, =k’ —K*(#, — ;) AT +(W1+W2+W3)d—-|2-

dx? dx (3.13)

where
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1
kK, +k, +Kk;

In this paper, the measurement system is considered in the constant temperature
environment. The dynamic temperature variation is not considered. Therefore,

d?T/dx?=0, Eq. (3.14) can be obtained as:

dzgf 2 2 2
;- —Ker =—Ke, -k (4, —¢;)-AT
dx (3.14)

Equation (3.14) is a non-homogeneous linear differential equation, the general

solution is:

& (X)=Ce*+Ce™ +5,+(d, —4)-AT (3.15)

The fiber is assumed to be free from axial stress at both ends since the matrix
material doesn’t contact the fiber beyond the ends of the interface. The strain
transferred from host matrix to the fiber is zero at two ends. Therefore, the boundary

conditions are:

&y (L) =& (_ L) =0 (316)

where x=L, x=-L are two ends of fiber. By substituting Eq. (3.16) into Eq. (3.15), C1
and C2 can be calculated, the strain transfer from matrix to fiber is obtained as
following:

0 0 AT o o)y o (x)4 (- )-AT
€ +¢€ (3.17)

£ (X)=—

Therefore, the strain transfer ratio of total strain in fiber to total strain in matrix can

be calculated as:
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R + ¢ AT _1_ cosh(kx) . ¢ AT cosh(kx)
&, +@. AT cosh(kL) &, +¢ AT cosh(kL)

(3.18)

3.2.2. Case Discussion

Equation 3.18 shows that the strain transfer ratio is composed of three major
components, as given on the right side of the equation. The first two components [1-
cosh(kx)/cosh(kL)] is the term that is fully determined by the mechanical load on the
matrix, which is consistent with prior work [36],[38] where there is no temperature
variation considered. The third component shows that when the temperature variation
is considered in the strain measurement, the strain transfer ratio is co-determined by
the temperature, thermal expansion, and the strain (em) induced by the mechanical force
load applied to the matrix. As this component has both em and AT in the denominator,
it indicates that the thermal and mechanical loads are not independent factors affecting
the strain transfer ratio but coupled together:

Case 1: When the mechanical load induced strain is far higher than thermal load
induced strain, namely em >> ¢-4T, the third term on the right side of Eq (3.18) is
approaching zero. Accordingly, the strain transfer ratio can be simplified into a function

of location x, expressed as.

r_ & THAT - cosh(kx)
&, + @, AT cosh(kL) (3.19)
In this case, the strain transfer ratio is only determined by the axial location x on

the bonded section. This expression is consistent with the discuss in research [36],[38]

where only the mechanical load is considered in the calculation of strain transfer ratio.
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Case 2: When the mechanical load induced strain is far lower than that of the
thermal load, namely em <<¢@ AT, the term em can be ignored in third term on the right
side of Eq. (3.18). Accordingly, the expression of strain transfer ratio can be simplified

as the form:

R & +¢, AT __ Cosh(kx) +¢_f_ cosh(kx)

& +¢ AT~ cosh(kL) ¢ cosh(kL) (3.20)

In this case, the strain transfer ratio is determined by the axial location x on the
bonded section and CTE of fiber core and matrix.

Case 3: When the mechanical load induced strain is approaching the same order of
magnitude with the thermal load induced strain. Neither of the two terms, emor ¢-AT,
can be ignored. The expression of strain transfer ratio remains consistent with Eq.
(3.18). Accordingly, in this cases, the strain transfer ratio is affected by thermal load
and mechanical load. In another word, if the fiber sensor is used for determining strain
value em in a temperature varying environment, and the value of emand ¢-4T are on the
same levels, theoretically, the actual value of strain transfer ratio cannot be determined
if the temperature variation is unknown. However, since both mechanical strain enand
temperature variations A7 have limitations during practical measurement, the range of
em/ ¢AT can be determined based on measurement limitations. For example, for most
of commercial optical fiber measurement system, the maximum readable strain
depending on measurement range is usually 10000 pe, and minimum readable strain
depending on resolution is 1 pe [18]. For the optical fiber sensors with polyimide

coating, the maximum operation temperature is around 200C [18]. The operation
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temperature can reach to 600 C for optical fiber sensors with gold coating. Therefore,
the ratio of em/ ¢AT can be calculated based on the limitations of operation temperature
and readable strain values. By determining the range of strain transfer ratio, the
measurement error can be evaluated and the sensing length under tolerance can be

determined which is described in Part 3.2.3.

3.2.3. Effective sensing length
Although, theoretically it is impossible to determine the actual value of strain
transfer ratio without knowing the temperature variation, if the maximum range for the
strain and temperature can be estimated, an approximation of strain transfer ratio can

be calculated by considering a tolerance range 9.

B cosh(kx)]_ R

[1 <o
cosh(kL)

(3.21)

When the temperature variation is unknown during test, the true strain value at
different measurement location on the matrix surface can be calculated based on the
strain transfer ratio without considering temperature variation (when AT=0 in Eq. (3.18)
within a tolerance. In order to get accurate measurements, a certain tolerance 6 from 1
IS given to evaluate reliable measurement location which is defined as effective sensing
length. By substituting the Eq. (3.20) into Eq. (3.21), the effective sensing length that

can be applied to measure strain on the structure is obtained:

—5-cosh(kL) (e, +4nAT) _ () < & -cosh(kL)- (¢, +¢,AT)

N ¢ AT (3.22)

Let
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_ 6-cosh(kL)- (&, + #nAT)

Q
AT (3.23)
Then, the measurement location x is constrained by:
cosh(kx) <Q (3.24)

In Eq. (3.24), Q is a function related to the ratio of mechanical strain to temperature
variation. As it is discussed in the Part 3.2.2, there is a range of Q when the ratio of
mechanical strain to temperature variation has limitations. When the temperature
variation reaches the maximum operation temperature of sensing system and minimum

strain reaches the measurement resolution, Q has a minimum value:

g .
o -cosh(kL)- (-2 4
(kL) - ( AT ¢n)

Qmin = =
2 (3.25)

When the mechanical strain is much higher than temperature variation, the ratio of
mechanical strain to temperature variation is infinity which leads to the value of Q is
infinite. Since cosh(kx) is a monotonically increasing function when x>0 as shown in
Figure 3.2, there is a range of effective measurement position based on the range of Q.
It shows that as long as the measurement location x in the bonded section is less than
Xmin, the strain transfer ratio will be controlled within the tolerance range from the ideal
value 1. Such a relationship can be used for determining the sensor installation schemes

for high precision strain measurement.
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cosh (kf)

Xmin L

Figure 3.2 Effective measurement length based on strain transfer ratio without
considering temperature influence

3.3. Experimental verification
To validate the strain transfer characteristics resulted from the theoretical model, a
series of experiments were conducted on an equal stress beam, which provides uniform

stress/strain distribution along the optical fiber sensor.

3.3.1. Experimental setup
Equal-stress beam usually adopts a triangular structure. When a vertical load is
applied to the tip of the beam, the tension strains are consistent in each cross section
along the axis of the beam. Figure 3.3 (a) shows the design of the equal-stress beam
used in this study. The wide (right) end of the beam were fixed on a metal rod. A section
of the fiber optic sensor, 180 mm long, was bonded in the middle section of the equal-
stress beam, along the axis. At the center of the narrow (left) end, a certain weight is
loaded along the vertical direction. Based on the working principle of the equal-stress

beam, the stress on the surface of beam can be calculated as [35]:

_6FL
° %ntz (3.26)

where F is the load applied on beam; L is the length from load position to the end of



63

the beam; m is the maximum width of equal stress beam; and t is the beam thickness.
The dimension of the beam, as seen in Figure 3.3 (a), is designed to generate 304 of
strain when a maximum of 1.5 kg weight is applied on the narrow end.

Thermal loads on the equal stress beam were provided through rising in ambient
temperature by a walk-in oven. The thermal strains of equal stress beam can be

calculated by CTE of materials:

Ethermal = ¢ AT (3.27)

Therefore, the total strains on the surface of equal stress beam can be obtained:

&,

total — gmechanical + gt

hermal (3.28)

A distributed optical fiber sensor with polyimide coating was bonded along the equal
stress beam to obtain strain measurements. Figure 3.3 (b) shows the bonding scheme
of optical fiber sensor. Tapes were applied to fix the optical fiber sensor on the surface
of beam and determine the bonding length, width and thickness. The geometrical
parameters of measurement structure are shown in Table 3.1.

Table 3.1 Geometrical parameters of the measurement structure

Parameter/unit Symbol Value
Half-length of adhesive layer/mm L 90
Width of adhesive layer/mm D 2
Radius of fiber/pum i 62.5
Radius of coating/um Ye 77.5
Thickness of adhesive layer below x axis/ mm  ya 0.5

Adhesive above fiber coating/ mm ha 2



Thickness of matrix/ mm Ym

The experiments adopted LUNA ODISIB system to measure the strain via fiber optic

sensor. The system is able to determine strain along the fiber every 0.65 mm with a

resolution of 1 [18].
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(a) Dimensions of equal strength beamv

Weights position Equal stress beam

(b) The installation scheme of fiber sensor
Figure 3.3 Equal strength beam for measurement accuracy test

The experimental setup is shown in Figure 3.4, where a walk-in oven was applied to
provide thermal loads on the measurement setup. According to the temperature range
of the oven, the test temperatures were set from 25 C to 220 C, at an increment of 65 C.
By subtracting the base temperature 25 C, the temperature variation is calculated from
0C to 195C. The mechanical load was added by hanging weights at the end of equal
stress beam. Table 3.2 shows the mechanical and thermal load applied to the whole
setup. A full factorial design of experiment was adopted to obtain the strain
measurements under all the thermal/mechanical loads combinations.

Table 3.2 Experimental parameters
Variables Values
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Mechanical load (N) 0,14.7,24.5, 34.3

Temperature variations (C) 0, 65, 130, 195

1: equal stress beam
2: fiber sensor 3: weights

4

Figure 3.4 Experimental setup

3.3.2. Experimental results
Figure 3.5 (a)-(d) shows the strain at different locations along the fiber sensor from
the middle point to the end of the bonded section. The mechanical properties of the
measurement structure are shown in Table 3.3. One thing need to be noticed in Table
3.3 is the CTE of fiber core. For optical fiber sensors, the generated thermal strains
depend on both thermal-expansion and thermos-optical effect when temperature

changes [44]. The thermal strains can be calculated:
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e=K-(@g+&E)AT (3.29)

where @ and { represent the thermal-expansion and thermo-optical coefficients,

respectively. According to literatures [45], [46], the @ and ( are selected as 0.55 x 10
Cand 7 x 10°7C.

Table 3.3 Properties of different components

Components Fiber core  Coating  Adhesive Matrix
Material Silica  Polyimide  Epoxy  Stainless steel
Young’s modulus (GPa) 70 3 3 200
Shear modulus (GPa) 30 0.86 1 82
CTE (um/m/C) 0.55 40 40 23

The test system first tested the case with no mechanical loads at room temperature
25T (AT =0), where the strain values were calibrated to zero, as shown in Figure 3.5
(). Test results in each figure (see Figure 3.5a-d) were obtained by fixing the
mechanical load at a constant level (0, 14.7N, 24.5N, 34.3N) and varies the thermal
load. The theoretical results calculated using EQs.(3.18) were compared with the
experimental data. Figure 3.5 shows that the theoretical calculations of measured
strains match well with experimental results. The measured strains are uniform near the
center of bonded length and start to decrease when measured points are near the end of
bonded length. As shown in Figure 3.5 (a), the maximum variations of measured strain
along bonded length are 750 p when AT = 65C. The measured strain variations
increase with the increment of thermal loads. When AT = 195°C, the measured strain

variations along bonded length reach to 2,750 p. When both mechanical and thermal
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loads applied to the measurement structure, the results are shown in Figure 3.5 (c)-(d).
The theoretical calculations of measured strains are close to experimental results. When
AT = 0T which means the measurement structure only subjects to mechanical loads,
the measured strains are zero at the end of bonded length. When thermal loads are
applied to measurement structure, the measured strains at the end of bonded length are
not zero which depend on temperature variations.

Figure 3.6 presents the relative error of average measured strains along bonded length
obtained from theoretical calculations and experimental results. It is shown the
maximum relative error is 8.6%, and the average relative error from 15 groups of tests
is 2.4%. The results demonstrated that strain transfer model can be applied to predict

measured strains and calculate true strains on the surface of matrix.
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Figure 3.6 Average relative error between theoretical model and experimental results

3.4. Parameter Study

The analytical model shows that the strain transfer is influenced by bonding length,
coefficient k, and CTE of materials. The coefficient k is further determined by
mechanical and geometrical properties of measurement structure. In order to quantify
how the strain transfer is co-determined by these parameters, a comparative study is
conducted based on the analytical model.

3.4.1. Temperature variation

The strain transfer ratios for 180 mm bonded length measurement structure at
different temperatures are shown in Figure 3.7 (a-b). The mechanical strains generated
on the matrix are regarded as constants, which are 1000 p in Figure 3.7 (a) and 10000
M in Figure 3.7 (b). These two figures show that train transfer ratio depends on both
temperature variations and mechanical loads. In Figure 3.7 (a), the strain transfer ratio
decreases along fiber for all four cases with different temperature variations. The strain
transfer ratio is zero at the end of bonded length when temperature variation is not
considered. When thermal load is applied to measurement system, the strain transfer
ratios are higher than no thermal loads applied structure at the same bonded position.
The maximum variation of strain transfer ratio presents at the end of bonded length
between AT= 0 C and AT= 600 C, which is 0.32. For average strain transfer ratio along
bonded length, the maximum variation among these four cases is 0.03.

When the mechanical load increased to generate 10000 p strains on the matrix as
shown in Figure 3.7 (b), strain generated in fiber mainly depends on mechanical load.

The maximum variation of strain transfer ratio also presents at the end of bonded length
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between AT= 0°C and AT= 600"C, which is 0.19. The maximum variation of average
strain transfer ratio among different ATs is 0.018. Both figures and calculated variations
demonstrated that the strain transfer ratios are closer to each other under different ATs
with larger mechanical load comparing with Figure 3.7 (a). The temperature influence

on strain transfer ratio is not as obvious as that in Figure 3.7 (a).
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3.4.2. Geometry properties
Bonding length and adhesive thickness are two factors which are controllable

during the sensor installation process. Figure 3.8 (a-b) show strain transfer

characteristic with different bonded length optical fiber sensor when AT is 0C and
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300TC. It is shown that even the transfer ratios are varying with temperature, the
relationships between bonded length and transfer efficiency remains the same for all
the tested cases: the increased bonding length will result in a strain transfer ratio
approaching 1 at locations close to the center section. Figure 3.8 (c) shows the adhesive
thickness influence on strain transfer with 180 mm bonded optical fiber sensor, where
the strain transfer ratio is higher with reduced adhesive layer thickness at the same
sensing point. The analysis of bonded length and adhesive thickness effect on strain
transfer can provide a guide on determining sensors bonding scheme to obtain stable

and effective measurements.
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3.4.3. Mechanical properties of adhesive
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In practice, the Young’s modulus of adhesives varies from 2 MPa to 2 GPa
depending on adhesive materials and curing conditions [35], [37]. Figure 3.9 shows the
Young’s modulus of adhesive influence on strain transfer ratio. It is shown that strain
transfer ratio is higher with higher Young’s modulus for the same bonded point. The
strain transfer ratio of Ea = 2000 MPa is regarded as reference to quantify adhesive
influence on strain transfer. In Figure 3.9, there is a gap of strain transfer ratio curve
when the Young’s modulus is between 2 MPa and 2000 MPa. The relative error of
average strain transfer ratio is 3% when Ea = 2000 MPa is reference. When the Young’s
modulus is higher than 20 MPa, the relative errors of average strain transfer ratios are
less than 0.4%. It indicates that, in this case if high accuracy is required for strain
measurements across the bonded section of fiber optic sensors, it is preferred to adopt

adhesive with high Young’s modulus larger than 20 MPa.
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3.5. Conclusion
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In this paper, an analytical model of strain transfer characteristic for surface bonded
optical fiber strain sensor is built. Both mechanical and thermal loads are considered in
the analytical model to evaluate the strain transfer ratio variation along the bonded
section of fiber optic sensors under different conditions. The analytical model is
verified by experiments under different mechanical and thermal loads. The results show
that the average relative difference between the analytical and experimental data is
2.4%. This model can be applied to calculate strain values on the matrix based on sensor
measurements to improve measurement accuracy. Based on the analytical model, the
parameters that affect strain transfer characteristic are further analyzed. It is shown that
the strain transfer ratio is not constant for the packaged measurement structure but
changes with the strain being measured when the temperature varies during the strain
measurement. The calculation of effective sensing length can be applied to obtain strain
measurements within tolerance when ambient temperature is not known during strain
measurement. The parametric analysis presented in this paper is expected to provide a

guideline on the installation of fiber sensors for high precision strain measurement.
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Chapter 4. Microcrack detection in printed compact heat exchanger by distributed
optical fiber strain sensor

Abstract - Compact heat exchangers (CHE) are regarded as candidate for next
generation of heat exchanger applied in nuclear power plant. The structure health
monitoring of CHE is important for this application. The geometric characteristics of
CHEs make them have high heat transfer efficiency which include: 1). Dimensions of
flow channels are at millimeter scale; 2) Hundreds of channels compact together with
the interval at millimeter scale. However, these characteristics improved difficulties to
detect cracks inside structure. This paper presents a method to detect cracks in one type
of CHE, printed compact heat exchanger (PCHE). The feasibility of embedding
distributed optical fiber strain sensors to detect cracks for PCHE was investigated.
Three types of experiments: static load test, plastic deformation test and fracture test,
were designed to validate the crack detection method. The experimental results match
well with finite element analysis (FEA) results, showing that the stain variations
induced by crack or during generating early crack can be detected. As a component
affecting the crack detection accuracy, the fiber coating was discussed to quantify its
correlation with the strain measurement results.

Key words: distributed optical fiber strain sensor, compact heat exchanger, crack
detection, structure health monitoring, Rayleigh backscattering OFDR sensor

4.1. Introduction

Compact heat exchanger (CHE) is regarded as next generation of energy receiver
in solar, nuclear power plant [47] since it has high heat transfer cycle efficiency with

reliable mechanical characteristic under high pressure and high temperature. PCHE
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(printed compact heat exchanger) is a relatively new type of CHE. Hundreds of semi-
circle channels manufactured by photo-chemically etched compose PCHE [48]. The
radius of channels is 1 mm and the interval between channels is around 0.5 mm. The
harsh operation condition of high temperature and high pressure and long years’ service
would increase possibility to generate failure or cracks in PCHE. When crack
propagates through channels, different fluid in channels would mix and then generate
chemical reactions which is harmful to heat transfer efficiency and system safety.
Therefore, detecting cracks in PCHE at early stage when crack is at micro scale and
then repairing the structure are necessary for applying PCHE in power plant.

Over the years, a lot of nondestructive testing (NDT) techniques have been
developed including sensing acoustic [12] [49], magnetic [15], radiography [50] [14]
and others signals. These NDT techniques have wide applications in structural health
monitoring such as monitoring pipeline [12], masonry[51] and so on. However, they
have some practical limitations in PCHE detection. For example, acoustic sensing is
good to detect failures on the surface or subsurface of structure, but it is hard to detect
internal failures. Moreover, the structural complexity of PCHE makes the acoustic
signal hard to be analyzed. Radiography can detect internal failure of PCHE, but real-
time monitoring is still a challenge. Distributed optical fiber (DOF) sensing is emerging
as a powerful method for monitoring structural health. DOF strain sensors can achieve
multiple pointes measurements employing scattering phenomena along the fiber.
Moreover, comparing with other conventional strain sensors, optical fiber sensors are
advanced in light weight, small size and immunity to electromagnetic interference.

Categorizing by wavelength of scattering signals, two types of DOF strain sensors are
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commonly used in structure health monitoring by optical time-domain reflectometry
(OTDA) or optical frequency-domain reflectometry (OFDA). Most of the previous
research have investigated feasibility of structural failure detection by Brillouin optical
time-domain analysis (BOTDA) strain sensors. Feng et al. investigated the BOTDA for
damage assessment in structural members for civil structural monitoring. The bending
test was conducted on | beam to analyze strain distribution when crack was on the beam
[52]. Xu et al. studied the feasibility of the microcrack detection in pre-stressed
concrete cylinder pipes through full scale experiments based on BOTDA. The selection
of appropriate sensing cables and installation technique for accurate measurement were
discussed [53]. Liu et al. proposed applying BOTDA to detect defects for civil structure
by monitoring distributed dynamic strain. They applied wavelet transform to transform
strain data from time domain to frequency domain and then achieved 40 pe damage
detection [54]. Babanajad et al. built a theoretical model for quantifying crack opening
displacements based on measured dynamic strains by BOTDA. The experimental
results indicated that it is possible to detect and quantify crack opening displacement
of 200 um and larger. Song et al. presented a strain processing approach, visual
saliency-based image binarization, to achieve surface micro-crack detection by
BOTDA. They found the minimum detectable crack opening displacement is 32 pum
with 20 cm spatial resolution (SR) [55]. Literatures survey of defect detection by
BOTDA reveals that BOTDA can be applied in structural health monitoring for
different structures, such as steel beam, bridge, and large tubes. The BOTDA can
achieve 30 km long-span structural detection [56]. However, the SR is around

centimeter level which makes BOTDA hard to detect micro scale cracks in the structure.
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Rayleigh backscattering distributed optical fiber strain sensors based on OFDA
have been developed for structural health detection these years since the strain
resolution is high to 1 pe and the SR can be less than 1 mm [18]. The high strain and
spatial resolution make microcrack detection possible. Berrocal et al. investigated the
use of Rayleigh backscattering optical fiber sensor based on OFDR to detect crack in
reinforced concrete beams. The beam bending tests with monotonic and cyclic loading
were conducted to study strain distribution when crack presented on the beam. The
presented early crack with 40 um width can be detected with 0.65 mm SR [57]. Shan
et al. applied Rayleigh optical fiber sensor to detect crack in composite winglet of a
real aircraft. The test results showed that Rayleigh optical fiber sensor can identify
existence and locations of damages successfully. The results obtained from fiber
sensors matched well with that from strain gauges [58]. The Rayleigh backscattering
fiber sensors are relatively new technique in structural health monitoring. Most of
research investigated the feasibility of Rayleigh-based sensors in crack detection
through bonding sensors on beams to detect surface cracks. For PCHE, cracks may
present inside structure. The investigates of surface crack detections are hard to verify
feasibility for internal cracks detection. Moreover, the complexity of PCHE structure
would improve difficulty to detect cracks by Rayleigh based strain sensors.

The objective of the research described herein was to develop a distributed damage
detection method for crack identify and locate for PCHE. Rayleigh based OFDR strain
sensors was proposed to be applied to measure distributed strains along the structure.
Experiments was designed and conducted to measure strain variations when crack

presents in the PCHE structure during elastic deformation, plastic deformation and
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crack growth period. For improving accuracy of crack detection in PCHE, the influence
of fiber coating on crack detection was learned by lab tests.

4.2. Theoretical basis for crack detection

The basic idea to detect cracks in the structure is that the strain distribution would
be changed when crack presents inside structure. Figure 4.1 is an example to
demonstrate this idea. When load F is applied on the beam without crack as shown in
Figure 4.1 (a), the strain generated at position P1 can be calculated as below:

o F
E w-t-E (4.1)

E =

where o is the generated stress under load F; E is the Young’s modulus of beam; w is
the width of beam, and t is the thickness of the beam. When crack presents in the beam
under the same load, as shown in Figure 4.1 (b), the strain generated at position P1’
where is the same location as P1 in Figure 4.1 (a) can be calculated as below:

o' F

E  (w—d)-t-E 4.2)

where d is the length of crack. Therefore, the strain variation induced by crack can be

obtained:
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(a) Beam without crack (b) Beam with crack
Figure 4.1 Demonstration of crack effect on strain generation

F w

The above calculation demonstrated that strains would be changed when crack
presents in the structure. In turn, changed strains can be applied to detect cracks in the
structure. Considering the structural complexity of PCHE, finite element analysis (FEA)
was applied to study strain distribution and strain variations induced by crack in PCHE.
The sample section of PCHE was built in the FE model, as shown in Figure 4.2. PCHE
is composed of multi-layer structures. Each layer contributes one row of channels. The
modeled structure composed of 3 layers in total, each containing 5 semicircular
channels. The channels were arranged in 3 x 5 matrix in the cross-section view of PCHE.
The dimensions of the modeled structure are shown in the figure. The pressures for the
cold and hot flows are set as 40 MPa and 16 MPa, respectively. The material of the
structure was SS316 which is considered as a candidate material for the next generation
of PCHE. The fiber sensors were proposed to measure strains in horizontal direction.
Therefore, the simulation results and analysis only consider the horizontal strain
distribution in the structure. The crack is set as a triangle with 0.3 mm width and 0.3
mm height. Figure 4.2 shows the case when crack presents in the middle of bottom
layer. For calculating strain variations induced by crack in the structure, the structure

without crack was also modeled. Strain variation along horizontal direction was
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obtained by comparing strain distribution of structure with crack and without crack.
Figure 4.3 (a) shows the case when a crack is set in the middle of bottom layer. Figure
4.3 (b) shows strain distribution when no crack presents in the structure. The strain
variations induced by crack can be calculated based on Figure 4.3 (a) and (b) which are
shown in Figure 4.3 (c). The maximum strain variation (2000 pue), as shown by the
bright spot in Figure 4.3 (c), is present at the crack location. Distributed optical fiber
sensors are proposed to be installed along horizontal direction in PCHE which
demonstrated in Figure 4.3 (¢). The sensors’ output can be estimated by the simulated
strain values at the same locations. For the arrangement in Figure 4.3 (c), the associated
outputs along sensors #1 and #2 for the structure with crack and without crack are
shown in Figure 4.4 (a)-(b). Strain distributions obtained from both models
with/without crack show that strain gradient in each channel is large. The strain
gradient difference in each channel reached to 100 pe which caused by characteristic
of PCHE geometry. Figure 4.4 (a) shows that for Sensor #1, the strains from both
models are close to each other. Since simulated crack presents at the bottom layer of
channel which is far from Sensor #1, the crack effects on strain distribution is not clear.
For the Sensor #2 shown in Figure 4.4 (b), strains from model with crack are higher
than strains from model without crack, especially near crack position. Strain variations
along sensors when crack presents in the structure were calculated and presented in
Figure 4.4 (c). For Sensor #1, the magnitude of strain variation is less than 4 p which
caused by the far distance from crack to sensor location. The magnitude of strain
variation along Sensor #2 is 10 p at the center of sensor installation line where is close

to crack location. Such a level of strain variation is measureable with high resolution



86

commercial optical fiber strain sensors [18]. The sensor responses when crack
presented in other channels were also learned. The channels in the model were
numbered to clear express the crack location which is shown in Figure 4.3. Since the
model is bilateral symmetric, the strain variations when crack presented in channel #1
to channel #9 were numerically learned as shown in Figure 4.5 (a)-(i). These figures
demonstrated that strain variation distributions varied with crack positions. The
maximum strain variation in each group presented near the crack position. When crack
presented in the bottom layer of channels, significant changes of strains can be found
at Sensor #2. In contrast, when crack presented at the top layer, strain variations along
Sensor #1 are clear to be seen. Numerical results show that sensors are sensitive to the
crack presences and positions. These results were regarded as a reference to analyze
measured strains in the below sections.

R=1 mm 3 mm

smm

8 mm

Figure 4.2 Dimensions of modeled section with crack

4 0.3 mm
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(c) Strain variation distribution induced by crack
Figure 4.3 Strain distribution for structure
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Figure 4.4 Strain distribution along fiber installation line
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Figure 4.5 Strain variations induced by crack along fiber sensors when crack
presented in different channels from Channel #1 to Channel #9

Strain variations induced by crack for PCHE under different loading conditions
were discussed. Figure 4.5 shows strain variation distribution when structure was under
tension force. The crack was set at the middle of bottom layer which is the same as
shown in Figure 4.2. The maximum strain variation is around 17 p presenting at the
location near to crack. Following the same analysis steps as discussed for the structure
under pressure, strain variation distribution induced by crack can be estimated which
is shown in Figure 4.6 (a). The outputs of Sensor #1 and Sensor #2 can be estimated by
simulated results as shown in Figure 4.6 (b). Similar as discussion for sensor outputs
under pressure, the effect of crack on strain outputs for Sensor #2 is clear since sensor
is near to crack location. Comparing with calculated strain variations under pressure
which presented in Figure 4.4 (c), the trends of strain variations along sensors are close
to each other. Therefore, the effect of crack on sensor outputs for the structure under
pressure and tension force are same. In this paper, the effect of crack on sensor outputs
for the structure under tension force was experimentally studied. The experimental
results can help to analyze the sensor outputs when the structure is under pressure

conditions.
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Figure 4.6 Strain variation induced by crack under tension loading

4.3. Experimental methodology
4.3.1. Rayleigh based DOF sensing system

The Rayleigh-based DOF systems measure strains along fiber through getting
signals after Rayleigh backscattering which is caused by inhomogeneity of the fiber
medium [59]. For the Rayleigh backscattering sensing system, each backscattering
interval ca n be regarded as a strain sensor. The Rayleigh backscattered light carries the
information related to location and property of inhomogeneity. When fiber is stretched
or compressed caused by mechanical load or thermal load, the location and property of

inhomogeneity of backscattering points along fiber would be changed. This physical
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characteristic leads to the spectrum shift of scattered light. The shift in the spectrum
can be presented as:

A_AY K TiKe
A v (4.1)

where T is temperature, ¢ is strain, A is the mean optical wavelength, A is the resonance
wavelength, v is the mean frequency, Av is the frequency shift, Kt and Kg are the
temperature and strain calibration constants.

Generally, the original or reference strain would be set as zero and temperature is
regarded as a constant when applying Rayleigh backscattering light to measure strains.

Therefore, the strain can be derived as:

gz—LAU: K Av

cK, (4.2)

In this paper, the Optical Distributed Sensor Interrogator (ODiSi B) from Luna
technologies following the above principle was applied to investigate feasibility of
crack detection in PCHE. The sensing performance is shown in Table 4.1. The high

strain resolution and SR offer the availability to detect failures in the tiny and compact

structure.
Table 4.1 Sensing performance of optical fiber sensor
SR Sensing Strain Measurement System
length resolution range accuracy
1.28 mm 1-5m <1 pe +10000 pe +25ue

4.3.2. Test specimen
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The experiences were conducted on universal machine (Instron 5960). The
universal machine can apply tension force as large as 30 KN with 1 Hz acquisition rate.
Dog-bone samples with PCHE geometry inside were manufactured to test strain
distribution when applying loads to PCHE structure. The material of sample is SS316
which is regard as candidate material for PCHE in nuclear power plant. The design and
dimension of samples are shown in Figure 4.7 (a). There are 3 x 5 channels in the
sample. In order to learn crack influences on the sensor measurement, some of samples
were manufactured with premade microcrack inside.

Optical fiber sensors were installed on the two sides of samples by epoxy with the
distance of 1 mm to edge, being consistent with the installation scheme inside PCHE.
The sensor installation process includes the following steps: (a) Sand the bonding
surface of test samples with 400 grid and 200 grid sanding papers (2) Clean the sanding
area with acetone (3) Bond fiber sensor on the cleaned surface of test sample by epoxy
(4) Cure for 24 hours.

The test coupon with bonded sensor is shown in Figure 4.7 (b). In order to get stable
and accuracy measurement, 50 mm — 55 mm fiber sensors are bonded on test coupons.
The effective sensing length to study strain distribution in PCHE is the bonded fiber
near to channel matrix. As shown in Figure 4.7 (a), there are 3 x 5 channels in the test
coupon, and the area of channel matrix is calculated as 4 mm x 14 mm. Therefore, the
effective sensing length for analysis is 14 mm. In the test, the measured strains at
effective sensing length would be recorded and analyzed. The experimental setup is

shown in Figure 4.8.



94

i — -
Fiber
\ K, strain
Vo sensor
4 \
™ s
L I_J
e " . 1 mm| [ o
a/ [ --"H | I [.:I
| it - i iy
(8] DDD
- 001 [y [
— DD
|| ..
! LA [J
1
!
L | ; —
- S
— 200K - ' . ™
N L\
IJI - ] |
i3 —Ld ] [ ]
\ d A
A = L 7
., -

Zoom in of crack part

(a) Dimensions of multi-channel coupon and fiber bonding

Fiber sensor




95

(b) Prototyped coupon for experimental test
Figure 4.7 Design and prototyping of test coupon

Data acquisition by tensile tester Tensile tester

Data acquisition by optical fiber Strain interrogator

Figure 4.8 Experimental setup

4.3.3. Experimental program

For studying the strain variation induced by crack, static tests were conducted to
test strain distributions of structures with and without crack inside under the same load.
Moreover, since the material would pass through elastic and plastic deformation before
getting fractured or failure, the plastic deformation of PCHE can be regarded as the
early stage to generate microcrack. In this paper, the strain distribution of PCHE during
plastic deformation was studied for early microcrack detection which can provide
timely maintenance information to avoid serious damage. After plastic deformation,
material would start to fracture and crack would start to grow. The sensor responses

when crack starts to grow was also studied. Overall, loading tests for the PCHE
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structure on the three stages of material deformation (elastic, plastic and fracture) were
conducted to study sensor responses when crack presents and grows in the PCHE.

Fiber coating bonded between structure and fiber core during sensing would
influence strain measurements. Both strain transfer characteristic and slip between fiber
coating and fiber core effect the accuracy of measurements[29][60]. Fiber coating can
protect fiber sensors when sharp deformation generated. However, it will average and
decrease the magnitude of measured strains. In this chapter, fiber sensors with and
without coating were applied to measure strain distribution of PCHE under same load.
The influence of fiber coating on strain measurement was discussed based on measured
data. The designs for each experimental procedure are introduced as following:

(1) Static test

In static tests, two coupons with and without premade crack inside were tested
under the same load. The coupon with premade crack was shown in Figure 4.7 (a). A
5-m fiber sensor was bonded on the two sides of both test coupons. The same and stable
forces were applied on both coupons to get measured strains from fiber sensors. Take
750 N tension force applied on coupons as an example, Figure 4.9 shows the loading
procedure during test. The extension was increased with 0.0018 mm/s until the applied
force reach to 750 N. The system held 60 s to get stable strains. 3 groups of test for
both coupons were conducted with 750 N, 1000N and 1250 N applied tension force.
The strain distributions of these two coupons were compared to learn strain variation

induced by crack.
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Figure 4.9 Universal machine setting for static test

(2) Plastic stage test

In the plastic test, the coupon with a premade crack (as shown in Figure 4.7 (a))
was tested under cyclic tension force. Figure 4.10 shows an example of test procedure.
The cyclic force was set between 1000 N and 1500 N to generate plastic deformation
for test coupon. 6 cycles were applied for each test. The applied force held at 1000 N
after each cycle to record measured strains at the same load during plastic deformation.
In the plastic stage test, 4 groups of tests were conducted with different applied tension

force: 500N~1000N, 1000N~1500N, 1500N~2000N and 2000N~2500N.
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Figure 4.10 Universal machine setting for cyclic test

(3) Fracture stage test

In order to study sensor responses during crack growth for PCHE geometry, the
coupon with a premade crack inside was tested under increasing tension force which
enabled crack growth. The tension force kept increasing with extension rate 0.002
mm/s. The tension force would hold 30 s during each 500 N increment from 1000 N
until the coupon fractured. The measured strains at each holding duration would be
recorded and analyzed.

(4) Coating material analysis

For studying fiber coating influence on sensor measurement, fiber sensors with and
without coating were bonded on the two sides of test coupon separately. The bonding
scheme is shown in Figure 4.11. The acrylate coating fiber was bonded on the side A
of test sample, and the fiber sensor without coating was bonded on the side B with the
same location of side A. A stable tension force was applied to the test coupon which is

the same as in static test. 2 groups of tests were conducted with different tension force:
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1000N and 1500 N. The strain distribution measured by these two sensors were

recorded at the same time.
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Figure 4.11 Bonding scheme for comparing measurements with differnet fiber
coating

4.4. Results and Discussions
4.4.1. Static test

The measured strains for two test coupons under the same load were compared. As
introduced in the Section 4.3.2, there are 50 mm fiber sensor bonded on each side of
test coupons. The effective sensing length to study strain variations induced by crack
for PCHE geometry is the part near to channel matrix. The strain variations at the
effective sensing length were calculated based on measured strains. Following the test
direction in Section 4.3.2, the fiber sensor bonded at the left side of test coupon is
named as left sensor which is near to premade crack. The sensor bonded at the right
side is named as right sensor. Figure 4.12 shows the calculated strain variations for left
and right sensors when crack presented in the test coupon. The numerical results

discussed in Section 4. 2 was added in the figure to compare with experimental results.
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Error bar at each sensing point calculated from 100 times repeat tests was also added
in the figure. Figure 4.12 shows that the trends of strain variations obtained from
numerical results and experimental results are close to each other. When fiber sensor
was bonded near crack position as left sensor in this test, the strain variations was clear
and can be detection. When fiber sensor was bonded two columns away to crack
position as right sensor in this test, the strain variations are not as clear as left one. This
result can provide an overall evaluation of measured strains when crack presents in the
structure. Moreover, the result can help layout fiber sensors in the structure to detect
cracks. These tests results are consistent with the simulation data and demonstrated that

the presence of crack can be detected by fiber strain sensors.
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Figure 4.12 Measured strains for coupons with and without crack under 1000 N
tension force
4.4.2. Plastic stage test

The measured strains in plastic deformation test with 1500N ~ 2000N tension cycle
are shown in Figure 4.13. There are 6 tension cycles in the test. Figure 4.13 shows that
strains increased with the increment of cycles for both sensors. The maximum strain is
at the middle of bonding length for each sensor. For the left sensor, the maximum strain
is higher than that at right sensor at each tension cycle. In order to analyze plastic
deformation influence on strain distribution, the first cycle was regarded as strain
distribution reference. The strain variations for cycles 2-6 with reference strain were
calculated as shown in Figure 4.14. Figure 4.14 (a) shows that for the left sensor, the
strain variations increase with cycles and the maximum increment presents at the
middle part of channel position. The reason of measured strains kept increasing during

cyclic tension is that test coupon can’t recover after plastic deformation. The similar

results also present at right sensor which is shown in Figure 4.14 (b). However, the
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magnitude of increment at right sensor is not as high as that at left sensor. The
maximum strain variations after plastic deformation at each cycle were extracted from
cyclic tension tests with different loading level which is shown in Figure 4.15. When
the cyclic tension forces are under 1500 N, test coupons are under elastic deformation
where deformations can restore after each cycle. The maximum strain variations at each
cycle is less than 20 pe. Cracks are hard to grow in the structure under these conditions.
When the cyclic tension forces are above 1500 N, maximum strain variations start to
increase with cycles which demonstrated the generation of plastic deformation. Cracks
would start to grow with continuous plastic deformation. These results demonstrate
fiber sensors can be applied to detect early failure and crack at plastic deformation

phase in the compact heat exchanger.
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4.4.3. Fracture stage test

The measured strains were recorded under different applied force during fracture
test as shown in Figure 4.16. As tension force increased, the test coupon experienced
elastic deformation, plastic deformation and finally break. Strains along fiber sensors
keeps increasing with tension force. The maximum stain variation is around 300 pe
from 1000 N to 1500 N, and 1200 pe from 1500 N to 2000 N at left sensor. The
disproportionate increment of strains with tension force shows plastic deformation
during test. When the tension force reaches to 2500 N, measurement data start to loss
around the middle of channel matrix for both two sensors. The strains anomalies are
also shown in other experiments [61][62] when test material generates plastic
deformation. The reason to cause strains anomalies may come from two points: 1)
strains around the middle of channel matrix are too high which are beyond the

measurement range of system (10000 pe); 2) the strain gradient is too high which
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caused Fresnel’s reflection. The Fresnel’s reflection means when the energy of
backscattering light is very higher than the reference signal at the beginning of the test,
a ‘blind’ zone would be generated on the area near the high-energy point. In practice,
operators can apply this phenomenon during structural monitoring to check cracks in

the PCHE.
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(b) right sensor
Figure 4.16 Sensor measurements for crack growth test

4.4.4. Coating material comparisons

Figure 4.17 shows measured strains under 1000 N tension force by optical fiber
sensors with and without coating. Strain distribution from FEA is regarded as a
reference to compare measured strains by these two sensors. It is shown in Figure 4.17
that the overall measured strains by bare fiber are higher than simulation results. The
strain differences between them at each sensing position is around 50 pe. The trend of
strain distribution measured by bare fiber is much close to FEA results. For the fiber
sensor with acrylate coating, there is a big difference of measured strains with FEA
results. The average strain measured by acrylate coating fiber is around 400 pe, but the
average strain from FEA results is above 600 pe. Moreover, it is hard to see similar
trend of strain distributions between acrylate coating fiber and FEA results. Table 4.2
presents quantification evaluation of sensing performance under 1000 N and 1500 N
tension force. For the bare fiber, the correlations between measured strains and FEA
results are above 0.65 under different tension loads. The correlations between measured
strains by coated fiber and FEA results are less than 0.1 which are much lower than
that from bare fiber. Moreover, the average differences between measured strains by
coated fiber and FEA results are higher than that by bare fibers. Both correlations and
differences show that sensing performances of these two sensors are quite different.
The reason to cause these differences is strain transfer mechanism, how strains transfer
from test coupon surface to fiber core. For acrylate coated fiber, there are four layers

to transfer strains from test coupon: matrix, adhesive, coating and fiber core. For bare
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coating, only three layers to transfer strains: matrix, adhesive and fiber core. The strain
loss would be decreased by decreasing transfer layer. That is one reason to make the
overall strains measured by bare fiber higher than that by coated fiber. Another reason
comes from slippery between coating layer and fiber core. The slippery makes strains
hard to totally transfer from coating to fiber core. The similar experimental results and
conclusions are obtained by other scholars[29][60]. High precision fibers, like bare
fiber, are good to get local strains but would be easy to be damaged by cracks in the
test since it is sensitivity to structural change. Other fibers with a not very high precision
is durable, especially when crack width is large and strains are high in the structure.
For PCHE structure, channels are at millimeter level and cracks are at micro scale
which cause strain variations induced by crack are not very high. The high precision

and sensitivity fiber sensor is more suitable for PCHE detection.
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Figure 4.17 Comparison measurements by different coating fiber sensors with FEA
results
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Table 4.2 Comparison of measurement performance with simulations
Load Bare fiber Coated fiber

1000N 0.65 0.09
Correlation

1500 N 0.66 0.08

1000 N 41 241
Difference

1500 N 40 394 p

4.5. Conclusion

In this paper, the feasibility of applying Rayleigh-based OFDR strain sensors to
detect cracks in PCHE was investigated. Lab tests were conducted to analyze strain
distribution of test coupons, including: static test, plastic deformation test and fracture
test on universal machine. Static test shows that strain distribution would be changed
when crack presents in the structure. The strain variations induced by cracks can be
detected by fiber sensors. The plastic deformation test shows that strain variations
increased during plastic deformation which can provide reference for early crack
detection. The fracture test shows that when crack starts to propagate in the structure,
the measurement data start to loss around crack position. The measurements at other
positions along fiber still work well. The strain anomalies can be regarded as a signal
of crack growth in PCHE. Moreover, the influence of fiber coating on strain
measurement was learned. The measured strains by bare fiber are closer to FEA results

than that by coated fiber sensors.
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Chapter 5. In-situ Monitoring of Material Composition for Additive Manufacturing

Abstract

Binary material and functional graded material (FGM) additive manufacturing
(AM) is an approach received increasing attention in the recent years, due to its
capability of tailoring product properties to achieve position-determined functions of
products. Material composition is a significant factor that effects properties of AM
products, especially for binary material and FGM printing. In-situ monitoring the
material composition and providing feedback for the quality control has thus become
one of the key research issue for AM. This paper proposed an in-situ sensing method
to identify material composition by monitoring the temperature contour surrounding
the melting pool in AM. The relationship between material composition and
dimensions of the temperature contour on the powder bed was analytically modeled
based on Fourier’s law of thermal conduction. To validate the model, raw thermal
images of the melting pools of Copper-Inconel 625 alloy were captured by an IR
camera during Laser Powder Bed Fusion. The thermal images were processed through
image segmentation to extract features such as the length and width of the contours,
which showed consistent trend with the theoretical results. The extracted features and
actual weight percentage of copper in the alloy were further used to train an Artificial
Neuron Network (ANN) model. The results showed that the accuracy of 94% was
achieved when using the trained ANN model to estimate the composition of alloy from
the thermal image data.

5.1. Introduction
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Additive manufacturing (AM) has been widely studied for various applications in
the recent decades due to its advantages in fast prototyping and complex structure
manufacturing. Depending on material feeding methods, the AM technologies can be
categorized as powder bed fusion (PBF) and direct energy deposition (DED) [63].
Conventional AM prints material with fixed composition, such as steel, titanium, nickel,
aluminum, cooper magnesium, cobalt-chrome, tungsten and gold [64], to achieve
consistent material properties across the printed parts. In the recent years, new
techniques have been developed to process different component metals and melt them
to form alloy during the printing process. By adjusting the feed rate of the component
metals, it enabled customizing the binary and ternary alloy and accordingly tailoring
the mechanical properties, corrosion resistance, and antibacterial properties [64]-[70].
The new capability also included producing functional graded material (FGM), where
the material composition was adjusted during printing a single part, to develop the
required properties at designated locations for multifunctional application.

Prior studies have tested process-structure-property relationship of FGM with Ti-
Cr [65], Ti-Al [66], Ti-W [67], Fe-Ni [69] and Cu-Ni [68] alloy system, and shown the
microstructure and mechanical properties of the alloys are sensitive to the material
composition. Small variations in the composition control may lead to property
inconsistency or even defects in the printed structure. However, due to the evaporation
rate of different metals at the heating temperature, inhomogeneous material distribution,
and inconsistent mixture of wires and powders, the composition is yet accurately
controlled in the present AM systems [70]. Karnati et al. [71] premixed Cu and Ni

powder for PBF process and observed a 4% error between the designed and realistic
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composition. Cui et al. [72] designed new alloy, AICoCrFeNi, with 20% of Al, while
the actual weight percentage of Al is less than 15%. Li et al. [69] studied Fe-Cr-Ni
FGMs and found a maximum error of 15% in the weight percentage Cr between the
experimental and theoretical results. Given the inconsistency of material composition
in binary material and FGM printing, the in-situ monitoring of compositions has
become a critical issue for the precise control of alloy printing in additive
manufacturing. Although some of the material composition detection methods, such as
X-Ray Fluorescence (XRF) [73] and Electro-Backscatter Diffraction (EBSD) [74], is
capable of providing accurate readings post-process, they are sensitive to the ambient
air flow and thus require either vacuum environment or contact the detector with the
specimen to minimize the disturbances. Such requirements made it hard to apply these
methods to measure composition in-situ during AM.

Most of the research in in-situ composition monitoring focused on the
spectrometers in the recent literatures [75]-[78]. Spectrometers measure the emission
spectrum of plasma above the melt pool and estimate the material type and percentage
according to the wavelength of emission spectrum. Ma [75] applied opto-ultrasonic
dual detection method to detect the percentage of Ti in the ER2319 aluminum alloy
printed in wire arc additive manufacturing. Huang [76] compared between the
spectrums of Al alloy 6060 and 5087 and found that the amount of Mg in the alloy can
be represented by the spectrum variation. Song et al. [77] applied the optical emission
spectrometer to detect laser-induced plasma and spectral line-intensity-ratio during
laser additive manufacturing of Ti-Al alloy. The measured results together with the

actual material composition were used to train a support vector regression (SVR) model
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for material composition estimation. Although the spectrometers could measure
composition in plasma with high accuracy, to obtain optical spectrum during AM
process, it generally requires the optical collector placed very close to the substrate (e.g.
1.5 mm [78]). Additionally, spectrometers detect the composition of plasma in the
vapor but not in the solid. Under a given heating temperature, the different evaporation
rate of different elements in the alloy lead to the fact that the composition in plasma is
inconsistent with that of the alloy [76]. Such constraint limited the accuracy of

spectrometers for composition measurement in additive manufacturing.

Besides the spectrum of the ionized alloy atoms, given the high temperature nature
of the additive manufacturing process, the temperature profiles captured by visible light
or infrared (IR) cameras are also widely studied to monitor the quality of the printed
parts with a focus on the geometry accuracy, failure, and porosity. Krauss et al. [79]
measured the temperature distribution surrounding the melt pool by an IR camera to
detect void when Inconel 718 is melt during powder bed fusion process. It is found that
the variation of heat conductivity, heat capacity and density of material induced by the
voids can be represented in the change of temperature gradient from the captured
thermal images. Mojtaba et al. [80] presented a similar approach to predict porosity
from the temperature distribution. Craeghs et al. [81] built a failure detection system
during layer-wise laser melting process by measuring the temperature distribution of
melt pool. The deformation due to thermal stress and overheating during process were
detected. Literature [82] predicted porosity at the corresponding position for DED by
pyrometer and IR camera. Zhang et al. [83] applied high speed visible light camera to

take photos during single line printing process in PBF. The features of melt pool, plume
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and spatters were extracted based on taken images. The track width as the quality
evaluation index and extracted features were correlated by machine learning. Scime
and Beuth [84] developed a methodology for monitoring the melt pool to detect flaws
(under-melting, keyholing porosity, severe keyholing and balling) from the
morphology of the captured image of melt pool. Kwon et al. [85] found the melt pool
size measured through camera images are correlated with the microstructure and
accordingly applied it to train a machine learning model to estimate the density of
manufactured parts.

The prior research on temperature sensing for AM monitoring to detect defects or
measure structural properties were based on the assumption that the material
composition is fixed. The variation of temperature distribution induced by composition
change has not been reported in the literatures. In this paper, a thermal imagining based
in-situ monitoring method was developed for measuring alloy composition during
additive manufacturing. The correlation between temperature distribution and material
composition was theoretically built based on the Fourier’s law of thermal conduction.
Experiments were conducted with mixed powder of Inconel 625 and Cu through laser
PBF process. Temperature distribution images were experimentally recorded by an IR
camera and then used to quantify the influence of material composition on temperature
distribution. An Artificial Neuron Network (ANN) model was established to estimate
material compositions based on temperature distribution. The experimental results

were also analyzed and compared with the theoretical analysis.

The rest of this paper was organized as follows: Section 5.2 presented theoretical

model of temperature distribution for metal alloy AM process and proved that the
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length of the temperature contour is a function of the element compositions in the alloy.
Section 5.3 presented the setup of in-situ material composition monitoring system and
experimental procedures. The feature extraction from thermal images and ANN model
training were presented in Section 5.4. The results were analyzed in Section 5.5. Finally,

a conclusion was given in Section 5.6.

5.2. Modeling

In the AM process, laser/electron beams provide energy to melt powders and make
powders in liquid state on the build platform. Then the melted powder starts to solidify
and form parts. During the melting and solidification process, temperature field around
melting pool can be obtained. Literatures such as [86], [87] studied temperature field
during AM process by experimental and numerical methods. According to their studies,
the characteristics of temperature field around melting pools depend on variety factors,
such as process parameters, powder properties, and powder distribution on the bed. The
theoretical equations of temperature distribution were established and developed based
on theory of thermal conduction as described in [88], [89]. In this section, the influence
of material composition on temperature distribution was theoretically analyzed. For in-
situ monitoring material compositions, the relationship between material composition
and temperature field was correlated by ANN method. The principle and work flow of

ANN method was introduced in Section 2.2.

5.2.1. Temperature distribution of AM Process
During the AM process, feedstock in powder or wire forms are melt by the energy

from laser beam on the build plate. As the build plate is cooled by the surrounding air
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or coolant system supplied by the AM system, there is certain temperature gradient
built around the melt pool. When the laser beam is stationary and the material properties
are assumed as isotropic, the temperature contours surrounding the laser beam
distribute on a series of co-centered circles. During printing, the laser beam scans across
the build plate at a certain speed and accordingly stretches the temperature contours
into oval shape. Based on Fourier’s law of thermal conduction, a model [88], [89] can

be built by assuming:

e The thermal properties of printed material are isotropic;

e The laser spot (e.g. 40 um for Laser PBF) is far smaller than the size of the
build plate;

e [Initial temperature of the printed structure is To;

e Phase transition of printed alloy is not considered.
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Figure 5.1 Schematic of L-PBF process

Figure 5.1 shows a simplified scheme according to the assumptions, where the laser
head moves along x direction at velocity v and melts powders on the build plate. The

thermal conduction on the build plate based on Fourier’s law can be described as [88]:

oT oO°T o*T o°T
C—=k + + +0O(x,y, z,t
X,y € (-0,+%),z<0,t >0 (5.1)

T(X,y,2,t)=T, X,y e(-0,+0), 2<0, t=0
where p is density, C is the specific heat capacity, k is thermal conductivity, Q is the
heat source function, T is temperature, t is time, X, y, z are the positions in the Cartesian
coordinate system.
The Wilson-Rosenthal solution to Eq. (5.1) can be obtained when a single point
heat source is applied to the location (0, 0, 0) [88]. When considering the distribution
on the surface of the feedstock, by setting z to zero, the temperature can be expressed

as:

- Pn exp —pCv(R—X)
47kR 2k (5.2)

where R =./x?+y? isthe distance from the point of interest to the center of the laser

spot (0, 0), To is the temperature of the environment, P is laser power, # is the absorption
coefficient of the feedstock, and v is the laser scanning speed. For any given
temperature Tm, the temperature contour (x, Yy, z) surrounding the laser spot can be

expressed by forcing T = Tm:
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Pr —pCV({/X* +y* —X)
T,-T,= exp
Ak X% + y? 2K

(5.3)

At any temperature level Tm, Eq. (5.2) represents an oval contour surrounding the
laser beam at (0, 0). The length of the oval contour is determined by the two ends where
the contour intersects with the x-axis. Mathematically, the location of the two
intersection points before and after the laser beam are expressed as (XLett, 0) and (Xright,

0), respectively. By substituting the locations in to Eg. (5.3) and solve the roots of the

equations, the location of the right intersection point on the x-axis can be calculated as:

Pn
X i =
R A7k (T, - T,) (5.4)

For the intersection point on the left side where x_ert < 0, the exponential term in Eq.
(5.3) is not zero. The solution of x.et Was calculated by approximating the exponential
term with Taylor’s expansion, and finally derived as:

1
Xen =~ Cv L Ak(T,—T,)

Therefore, the length of the temperature contour can be calculated as:

Pn N 1
Ark(T_-T,) pPCV N 4zk(T -T,)
k Pn

(5.6)

L= Xright — XLett =

Equation (5.6) shows that the length of temperature contour, when a fixed
temperature level T and laser power P is selected, is a function of the thermal

properties of printed material, i.e. density p, conductivity k, and heat capacity C.
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Variation of these thermal properties induced by the change of material composition
can be represented by the variation of the contour length.

To further demonstrate the relationships in application, the copper-nickel alloy that
commonly studied [90] for AM was considered as an example. As Cu and Ni has
similar density and heat capacity [91]. In this case, length of the contour can be assumed
as a function of the thermal conductivity k. To combine the parameters other than k, let

a=4x(T,-T,)/Pn ,and B = pCv . Eq. (5.6) can then be rewritten as:

1 k
= — 4 7
ak ﬂ+ak (57)

L

To study the variation of L when k changes, the derivative of L with respect to k

was calculated based on Eq. (5.7), expressed as:

dL

dL 2a2k4+aﬁk2+,82)
dk

B ak?(B+ak?)? 5.8)

Physically, in Eq. (5.8), as all the parameters a, 3, and k are positive real numbers,
dL/dk is always negative. It suggests that when the conductivity k increases, the value
of L monotonically decreases. In case the conductivity monotonically changes with the
composition variation, i.e. increasing weight percentage of Cu in the Cu-Ni alloy, the
Cu% can be retrieved from the measured contour length.

In Eq. (5.6), it is shown that the length of the oval contour is inversely proportional
to the term (Tm — T). Namely, the contour size becomes small when a large Tn is
selected. In practice, the measurement accuracy of contour length is constrained by the
limited image resolution of the IR camera. When increasing Tm, the contour size

reduces and the number of pixels covering the contour reduces accordingly. As a result,
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the measurement accuracy will reduce. Another consideration of selecting Tm is to
avoid the region where the phase of alloy transits between liquid and solid, which was
not considered in the analytical model. Additionally, when T, is selected too low, the
temperature contour is also subject to noises and disturbances such as spattering in
experimental test. Summarizing all of factors, this study chooses Tm on a level right
below the melting temperature of the alloy in the realistic tests.

Similar to the length, the width and coverage area of temperature contour can also
be approximated a function of the thermal properties and process parameters. Such
relationships can be used as the basis for retrieving the material composition from
temperature contour measurement.

To demonstrate the process, an example is calculated using alloy containing Cu and
Ni. As the properties of Cu-Inconel625 at different composition levels is not available
in the literatures, the example considered a similar alloy made of Cu-Ni [90]. Thermal
properties of the Cu-Ni alloy, expressed by Ni or Cu weight percentage, has been
experimentally measured in [92], as listed in Table 5.1. Similar to the Cu-Inconel 625,
it is seen that the density of the alloy doesn’t show apparent variation at different
composition levels, but the thermal conductivity increases more than 15 times when
the weight percentage of Cu increases from 28% to 99%.

Table 5.1 Thermal properties of Ni and Cu based materials [92]
Inconel 400 CuNi44 CuNi25 CuNil0 CuNi6 CuNi2 Cu

Ni composition, (%) 63 44 25 10 6 2 0
Cu composition, (%) 28-34 56 75 90 94 98 99.9
Thermal conductivity, k, (W/m K) 21.8 23 29 59 92 130 388

Density, p, (10° kg/m?) 8.9 8.9 8.9 8.9 8.9 8.9 8.9
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Specific heat, C, (102 J/kg C) 0.49 0.41 0.38 0.38 0.38 0.38 0.38

Melting point ( C) 1440 1260 1181 1100 1095 1090 1074

Based on the data given in Table 5.1, the temperature contours of different material
compositions were numerically calculated accordingly to Eq. (5.3), under consistent
laser power (200W) and scanning speed (100 mm/s). Figure 5.2 (a-d) shows the
calculated temperature contours when Tr is 1000°C, 1500°C, and 2000°C for different
alloy compositions. It is seen that, for each Ty level, the size of the oval-shape
temperature contour decreases with the increase of Cu% in the alloy, due to the increase
of conductivity (Table 5.1).

To quantify the relationship between contour size and composition, the length,
width, and coverage area of the oval contours are extracted and plotted in Figure 5.3.
It is seen from Figure 5.3 (a) that both the length and width of the oval temperature
contour are sensitive to the composition level especially when the Cu % is greater than
50%, as the apparent increase of conductivity as given in Table 5.1. The coverage area
of the temperature contour also shows a similar trend, as seen in Figure 5.3 (b). The
monotonic relationships suggest that all of the three features, length, width, and
coverage area of the temperature contours could be used to retrieve the composition

level in practice.
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Figure 5.2 Contour of temperature field with same threshold for different materials
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Figure 5.3 Characteristic of temperature field with Ni weight ratio under same

temperature threshold

Although the analytical model proved the overall relationship between the contour

features and composition levels, in realistic application, considering the presence of

measurement error, actual material properties at each temperature range, and physical

noises during the additive manufacturing process, it is challenging to provide precise

estimation. In practice, the extracted contour features were correlated with the
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composition levels through a machine learning model to estimate the detailed
relationship from experimental data. Within the various algorithms developed in the
literatures [93], [94], this work adopts Artificial Neural Network due to its advantages
in learning complex relationship.

5.2.2. Atrtificial Neuron Network

ANN is a modelling method inspired by human brain that allows learning complex
relationship by examples from collected data that describe a physical phenomenon or
a decision process [95]. ANN can be applied to build classification and regression
models to achieve pattern or character recognition[96], [97], optimization and
prediction[98]. It has wide applications in data processing[99], sensor
applications[100], system control and so on[101].

Figure 5.4 shows the schematic of ANN model. Two processes are included in
ANN model: feed forward process to transfer input information to output by functions;
back propagation process to evaluation errors between transferred results and expected
results. The errors can be regarded as feedback to the built functions in the feed forward
process. The parameters in the function would be adjusted based on errors. Figure 5.4
(a) also shows the architecture of ANN. It includes one input layer, one output layers
and some hidden layers. Each layer has nodes to transfer information between layers.
In Figure 5.4 (), there are 2 hidden layers with 3 and 4 nodes in each layer respectively.
There is weight associated with input when information is transferred between nodes
as wij in Figure 5.4 (a). Weight effects the input contribution to the training algorithms.
The higher value of weight makes stronger connection between input and output.

Weights are adjusted during training process according to the feedback from back
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propagation process. The sum of multiplying weights by inputs formed the input to the
nodes at next layer. An activation function is applied to generate output. Take the
information transfer between input layer and first hidden layer as an example, the input

to the node h at the hidden layer can be calculated as:
h; = f O w,p, +bias) (5.9)

where i is the index of input p and j is the index of nodes at first hidden layers. The bias
is the error between input layer and first hidden layer calculated by back propagation
process. f is activation function. In this chapter, the sigmoid activation function is
applied to train the model. The formation of sigmoid function is shown as below:

B 1
1+e°

h=f(p) (5.10)

where p is the input to nodes and h is the output at nodes.

Figure 5.4 (b) presented the flow chart of the developed ANN model where the
input variables are processed with the sigmoid functions through intermediate layers,
and then compared with the ground truth read to calculate the RMSE error, expressed

as:

RMSE :J Znﬂ(q'\T ~ ) (5.11)

where N is the total number of output, gn is the nth actual output, ¢n is the nth output
calculated by trained model. The RMSE error were back propagated (Levenberg-

Marquardt algorithm) from output layer to the input layer. The weights associated with
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each node connection were updated according to the value of the error, and repeated

through iterations until the error is less than a threshold.

Back propagation process

Input layer Hidden layers Output layer

>

Feed forward process

(a) schematic
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Figure 5.4 ANN model

5.3. Experimental procedure
According to the theoretical analysis and ANN model establish in Section 5.2, the
in-situ monitoring of material composition during AM process was presented. In this

section, experimental study was carried out to validate proposed method. The
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experiments tested the copper-inconel625 alloy, in which the major active components
are Cu and Ni, being consistent with the theoretical analysis. IR camera was applied to
acquire temperature filed during process. The sensing system and experimental setup
are introduced as below.

5.3.1. In-situ sensing system setup

Figure 5.5 (a) shows the scheme of built experimental platform. It includes two
parts: Laser PBF (L-PBF) machine and IR camera. Mix powders were additive
manufactured on the powder bed of L-PBF machine. The IR camera was installed
above the powder bed to acquire temperature field during process. The field of view of
IR camera was fix by this installation scheme. Figure 5.5 (b) shows the in-situ sensing
system setup. The L-PBF machine, OR Laser Creator, was applied to conduct
experiments. The machine was composed by a fiber laser, powder spreading system
and a controller panel. The Yb fiber laser can provide maximum 250 W power with
1070 nm wavelength. Material powders deposited on the powder bed through a scraper.
The Argon gas is filled in the chamber to avoid material oxidation during printing
process.

An IR camera, Optris Pl 1M, was installed above the powder bed with an angle to
acquire temperature field. The maximum frame rate of the IR camera is 1KHz for
temperature measurement from 600 C to 1800 C. There is a compromise between frame
rate and total number of sampling pixels. High frame rate can catch the characteristic
of fast laser-material interaction dynamic process, but this makes the computation cost
with large number of sampling pixels high. For characterizing temperature field during

fast dynamic process, a high frame rate of 1KHz was applied with 72 x 56 sampling



131

pixels. In order to obtain absolute temperatures of temperature field by IR camera, the
emissivity of measured objects need to be known before test. However, the emissivity
is hard to be determined since it depends on varieties of factors, such as material type,
material state and surface flatness. For single type of material AM process, emissivity
of the measured material would be determined by rough calibration with solid state.
The emissivity was adjusted based on reference measurements from thermocouples
[102]. As the emissivity of the copper-Inconel625 alloy at high temperature is not
available from the literatures, this study assumes a consistent emissivity of 1.0 for all

composition levels in calculating the temperature of each pixel from the captured IR

Laser §>
IR camer

intensity in the thermal images [79].

Powder

Build plate

'
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(a) Scheme

Printing chamber

(b) Experimental setup
Figure 5.5 In-situ monitoring system

5.3.2. Experimental setup

Experiments with different material compositions were conducted by the L-PBF
machine. The materials applied in the experiments are Inconel 625 and Cu. Table 5.2
presents the designed weight ratios of these two materials in each group test. This study
approximated the composition of the printed structure with that of the mixed powder,
by ignoring the variations induced from different vaporization temperature of each
element. Through preliminary tests, the printing setups selected laser power as 200W
and scanning speed as 200 mm/s, which guarantees the materials at all composition
levels can be properly melted and deposited on the build plate. For each composition
level, the temperature contours were extracted from the images when the laser spot
scanning across 18 positions on the rectangular paths.

The experiments tested single tracks printed in rectangular shape, 2.54 x 54 mm, as

shown in Figure 5.6. The view zone of the IR camera covers the middle section of the
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rectangular paths. With preliminary tests, the spatial resolution of IR camera is 0.25
mm. The view zoon of IR camera with 72 x 56 pixels is 18mm x 14mm. The
temperature contours were extracted from the images when the laser spot scanning
across 18 positions on the rectangular paths. The track length is much longer than the

view zoon that can avoid signal fluctuations resulted from laser turns on/off [103].

View
Zone

Sampling
points

Figure 5.6 Additive manufactured sample

Table 5.2 Weight ratios of materials in experiments
Group 1 2 3 4 5

Cu, % 100 80 50 20 O

Inconel 625,% O 20 50 80 100

5.4. Signal Processing
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Figure 5.7 shows some of the sampled images captured on position 1-3 by the IR
camera in printing the mixed powder at different composition levels. The grayscale of
each pixel from dark (black) to bright (white), represents the temperature range from
600°C to 1200 C. When the Inconel 625 with 0% of Cu is being printed, strong
spattering is observed during printing due to the low conductivity of Inconel 625 and
the consequent high temperature when being heated by the laser beam.

In each image, it consists of a dark background and different bright spots in
foreground. These bright spots represented the radiations emitted at the laser heated
zone. Comparing these images, it is shown that the shape and size of bright spots varies
with weight ratios of powders. For printing powder without Cu, bright spots are large
and elongated along printing direction. With the increment of Cu, the bright spots
become smaller and closer to circles. The trend of bright spots varies with weight ratio
of powders obtained from IR camera is similar with results from theoretical analysis as
shown in Figure 5.3. For quantitatively correlate the relationship between temperature

field and material composition, features in the captured images need to be extracted.
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Figure 5.7 Images from IR camera with different Inconel weight ratio

5.4.1. Feature extraction

This study considers using all the three extracted features, length, width, and area
of the temperature contour as the input of the ANN model. Although the three features
are not fully independent from each other, in experiments, the disturbances during
printing process, such as spatters, induced certain amount of errors and noises in each
of them. Single feature with noise may induce bias in the model. Therefore, considering
all three features in the model can reduce the errors induced by disturbances. Figure
5.8 shows the technical steps to process the raw images through resampling and
thresholding. The image resampling interpolated 10 points in both x and y directions
for each pixel, and increased the resolution of image 10 times from 72 x 56 pixels to
720 x 560 pixels. The thresholding is then applied to generate a binary image to extract

the temperature contour at Tm. Based on threshold determination algorithm, image
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thresholding methods can be categorized as: histogram-based, clustering-based,
entropy-based, attribute-based, spatial and local methods [104]. These methods can
determine the threshold to separate foreground and background for individual images
according to characteristic of images. The most suitable thresholding method is
problem-dependent [105]. In this chapter, same greyscale threshold was applied on all
images obtained with different material compositions. By thresholding with same
greyscale value, the contours of foreground parts were formed with same value which
can match with theoretical analysis in Section 5.2.1. Figure 5.8 shows the binary image
formed after thresholding. The length, width and area of foreground can be numerically

extracted from binary images.

= =

>

v

Greyscale image Resample image Binary image

!

Figure 5.8 Image processing process for feature extraction

5.4.2.  ANN model built-up
To correlate the extracted features with the material composition acquired from
premixed powder, the ANN model was applied. In the model, the input parameters are
the features extracted from images acquired by IR camera. As introduced in Section
5.4.1, there are three input parameters for ANN model including length, width and area

of the contour. The output is the weight ratio of Cu in the mix powder. Considering the
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five composition levels being tested, from 0% to 100% of Cu in the alloy, and the
contours are sampled at 18 potions on the laser scanning path, there are in total 90
sample images collected through the experiment. For training ANN model and
validating model performance, 70% of samples are randomly selected as training set,
15% of samples are randomly selected as validation set and 15% of samples are
randomly selected as test set.

For ANN model, the regression performance was determined by both data set and
model architecture. The number of layers and neurons have significant influence on
evaluation accuracy. In this chapter, the architecture of ANN model was determined
based on evaluation accuracy of built model. The ANN model was designed with 2
hidden layers. The number of neurons in each layers was designed from 1 to 30. The
trained models with different number of neurons were compared to obtain accurate and
robust model.

5.5. Results

Following proposed image processing and machine learning method introduced in
Section 5.4, features in images and correlation between features and material
compositions can be obtained. Figure 5.9 shows the extracted length, width, and
coverage area of the contours at different material composition levels, where the data
point and error bar representing the average and standard deviation of the extracted
values, respectively. It is seen that all three extracted feature values decrease with the
increase of Cu percentage in the alloy, being consistent with the trend predicted by the

analytical model (see Figure 5.3). Compared with the other Cu levels in the curves, the
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large standard deviation when Cu is 0% (when single Inconel 625 was printed) was

observed, due to the noises caused by serious spatters (see Figure 5.7).
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Figure 5.9 Features extracted from images vs. material compositions

For building ANN model with high accuracy and robustness, the model
performance with different number of neurons in hidden layers were evaluated. Figure
5.10 shows architecture of ANN model with two hidden layers. The number of neurons
is i in first hidden layer and j in second hidden layer. Both i and j are from 1 to 30. The
evaluation performances with different architecture of ANN models were analyzed and
compared. Figure 5.11 shows the RMSE calculated from training data and validation
data with different number of neurons in hidden layers. It is shown that the accuracy of
ANN predictions varied with the ANN architectures. For training data, most of ANN
architectures obtained similar RMSE which means most of ANN architectures work
well. When there is only one neuron in hidden layers, the RMSE is higher than other
cases. For validation data, when i is larger than 10, the calculated RMSE started to
increase. Comparing evaluation performance for training data and validation data, it is
known that over fit happened when i is larger than 10. Through analyzing results in
Figure 5.11 (a) and (b), i=10 and j=10 were determined to build a two hidden layer

ANN model.
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(@) Training set
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(b) Validation set
Figure 5.11 Performance evaluation of designed ANN model with different number
of neurons

Figure 5.12 shows the estimated and actual composition in one of the randomized
test group by determined ANN model. The averages and standard deviations of
estimated results for each composition level were calculated and presented in the figure.
It is shown that the predicted weight ratios are close to true weight ratios. The statistical
performance evaluations for each set of data was shown in Table 5.3. The RMSE of
predicted results ranged from 6.12% to 6.66% in three sets of data, which showed the
high accuracy of predicted results. The variations among RMSE in different data sets
were less than 0.54% which demonstrated the robustness of trained ANN model. The
coefficients of linear fit between predicted results and true values were in the range of

0.97-0.98 which indicated the high consistency of the predicted results and true results.
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Figure 5.12 Performance evaluation of designed ANN model

Table 5.3 Statistical performance evaluation of ANN model

% of samples RMSE,%

Linear coefficient, R

Training set
Validation set

Test set

70 6.19
15 6.12
15 6.66

0.98

0.97

0.98
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To study the stability of the estimation, the randomized data selection for training,

validation, and testing were repeated for 50 times. Figure 5.13 shows the errors and

standard deviations of the estimated composition of all the 50 repeats. It is seen in

Figure 5.13 that the average estimation error for each composition level is less than 6%.

Figure 5.13 (b) shows that the standard deviations of estimation results in each
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composition level is less than 9%. Compared with other composition levels, the large
standard deviation when Cu is 0% was observed due to the high noise level in thermal

images and extracted features (see Figure 5.7 and Figure 5.9).
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(b) Standard deviation

Figure 5.13. Stability tested by repeating the test for 50 times

5.6. Conclusion

This paper introduced a new in-situ material composition monitoring method for
additive manufacturing process. The developed method estimates the material
composition from the size of temperature contour that can be measured through
Infrared cameras. An analytical model of the developed method was built based
Fourier’s Law of thermal conduction. It is proved that the length of the oval temperature
contours is a function of the thermal properties of the alloy. In case the alloy thermal
properties are monotonic function of the composition, the method has been proved
being effective to measure the composition. Based on the known material properties,
the method has been demonstrated using Cu-Ni alloy as an example. To validate the
theoretical model, experiments tested five composition levels of Cu and Inconel 625
on a commercial Laser PBF machine. Dimensions of temperature contour from thermal
images were extracted. The experimental results showed that the length, width, and
coverage area of the temperature contour monotonically decreases with the increase of
weight percentage of Cu in the alloy, being consistent with the theories. To make use
of the relationship for composition measurement, an Artificial Neural Network model
was built and trained by the experimental data. Test results showed that the trained
ANN model estimated the composition with an error less than 5.7%. It indicates that
the developed method can be used for monitoring the material composition in-situ.

Such a capability would be significant, especially, for printing binary material or
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functional graded materials where accurate control of the material composition is

demanded.
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Chapter 6. Conclusions

This thesis focused on developing advanced, intelligent and flexible optical sensing
and metrology system to achieve real-time and non-destructive monitoring for two
applications: 1) structural health test for compact heat exchanger 2) bimetallic AM
process monitoring. Mathematical and intelligent algorithm were introduced in the
sensing strategies to characterize complex and dynamic system with high accuracy and
low cost. The testing systems were designed and setup based on optical sensing theories
and knowledge of testing targets in Structural, Mechanics and Physics. The sensing
data from experiments were analyzed and compared with theoretical or numerical
results. Contributions of this thesis are summarized as follows.

Chapter 2 presented the model, simulation, and validation of a new crack detection
technique for monitoring the crack development within complex structures. A novel
diagnosis model was built to predict crack positions based on limited sampling data in
structure. A geometric-true numerical model of a sensor-embedded compact heat
exchanger was built on ANSYS platform to evaluate the strain variation under different
temperature and pressure conditions. The crack position detection algorithm was
developed based on Tikhonov regularization. The detection accuracy of the proposed
method was verified by simulations considering variety of sensor installation scheme,
crack positions and crack dimensions.

In chapter 3, strain transfer characteristic of optical fiber strain sensors was studied
to compensate measurements and improve measurement accuracy. An analytical model
was built based on mechanical equilibrium. Compared to the previous work, proposed

analytical model considered both mechanical and thermal effects on strain transfer. The
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built model can be applied to improve measurement accuracy for system in high
temperature and high pressure environment. The analytical model was verified by
experiments under different mechanical and thermal loads. It is shown that developed
theoretical model well matches with experimental results with high accuracy up to

97.6%.

In chapter 4, an experimental platform was designed and setup to test optical fiber
strain sensor responses when elastic, plastic deformation and crack growth presents in
the PCHE. The feasibility of embedding distributed optical fiber strain sensors to detect
micro cracks for PCHE was investigated. The experimental results were compared with
finite element analysis (FEA) results. Experimental results demonstrated that optical
fiber sensor had responses when crack presented in the PCHE during elastic, plastic
deformation and crack growth. As a component affecting the crack detection accuracy,
the fiber coating was discussed to quantify its correlation with the strain measurement
results.

In Chapter 5, a novel in-situ sensing method for material composition identification
during bimetallic AM process by IR camera was proposed. The proposed sensing
method was based on temperature field analysis and intelligent algorithms. Comparing
with previous research that focused on single material AM, the proposed method
correlated the relationship between temperature field and material composition
theoretically and experimentally. An IR camera was installed to capture temperature
field with different material compositions during AM process. The features of
temperature field were extracted through image processing and correlated with material

compositions through Artificial Neural Network (ANN) method. The trained ANN
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model can predict material compositions with the error less than 6.6%. This prediction
results demonstrated that the proposed method can be applied on in-situ material
composition evaluation for AM process.
The scientific contributions of this thesis work are summarized as:

1) The work first introduced the concept of embedded distributed strain sensing for
structural health monitoring and developed a physical and mathematical solution for
retrieving the location of cracks through strain data measured by optical fiber sensors.
2) The work first introduced both mechanical and thermal load in the model of strain
transfer rate and provided a theoretical basis for accurate measurement of strain with
the presence of temperature variation.

3) The work first presented the correlation between the temperature contour and
material composition in additive manufacturing, from theoretical perspective. Such a
relationship was mathematically proved being effective for measuring the alloy
composition and finally validated through experiments on a commercial laser powder

bed fusion system.
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