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Abstract: A method to simulate and to estimate the depth of the defects by means of passive thermography is
proposed. Two artificial neural networks (ANN) paradigm: multilayer perceptrons (MLP) and radial basis
functions (RBF) networks are employed for depth estimation. It has been found from simulation result that the
following informative parameters: the maximum temperature within defective area (7)., the average
temperature on the right edge of the defect (7,,g.,i,), the average temperature on the top edge (7,4.4p), the
average temperature within defect area (7,44, and the average temperature within sound area (7,,,.,,) have a
relation with the spalling defect depth; hence they are proposed and used as input parameters for ANN training.
ANN has been tested with trained and untrained data. The result shows a great potential of this paradigm for
defect depth estimation in a passive thermography.
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1 INTRODUCTION 2000] and infrared thermography (IRT) [Maldague,
2001].
Furnace linings may be single or multilayer form.
Single layer usually suffices for furnaces operating IRT uses the distribution of surface temperatures to
at temperatures below 760°C. Lining for modern assess the structure or behavior of what is under the
high-temperature furnaces are almost always surface [Maldague, 2001]. Thermal infrared camera
multilayer. The high temperature layer, which forms is employed to record the temperature distribution
the interior surface of the refractory, referred to as which is called as thermal image or thermogram
‘hot-face’, is backed by one or more layers of less- [Gaussorgues, 1994].
duty refractory and/or insulating materials, and
finally the outer metal shell or ‘skin’ (cold-face) IRT has gained its popularity in the last few decades
[Trinks et al, 2004]. over other predictive maintenance techniques due to
its many advantages. Being contactless, easy
At temperatures above 2000°F (1367°C), refractories interpretation, large inspection coverage, and free
become more and more porous, allowing the hot from dangerous of radiation are among some of
furnace gases to attack the chemistry of the them. Above all, IRT has been successfully applied
refractory. In time, this attack reduces the surface to solve many real world problems.
strength of the refractories and causes their melting
temperature to be lowered [Trinks et al, 2004]. Based on how the thermogram is produced, IRT has
two approaches: active thermography, where an
Common defect which is occurred within refractory external heat source is needed to stimulate the
wall is the spalling defect which is the breaking or materials to be inspected, and passive thermography,
cracking of refractory brick in service, to such an where external heat source is not needed, in which
extent those pieces are separated or fallen away, the test materials or structures are naturally already
leaving new surfaces of the brick exposed at a different (often higher) temperature than
[Griswold, 1946]. ambient.
Since the crack or spalling defect within a refractory This paper discusses the method to simulate the
wall can cause heat losses to the external spalling defect and to estimate its depth once
environment which can make the furnace: does not occurred within a refractory furnace wall. The next
work at its optimum temperature, decreases section discusses the numerical method to simulate a
efficiency, and increases operating cost. Therefore, spalling defect in a furnace wall. In Section 3, the
the early sign of the defect existence should be informative parameters that reflect the existence of
known promptly. The potential techniques to assess spalling defect are derived. Section 4 gives brief
the wall integrity are impact-echo method [Jaeger, description on multilayer perceptrons (MLP) and

radial basis functions (RBF) neural networks for
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spalling defect depth estimation. Section 5 shows the
experimental results for depth estimation. Lastly,
Section 6 concludes and highlights the future works
of this paper.

2 MODELING OF SPALLING DEFECT

In IRT, numerical modeling is a precious tool,
especially since it can provide limits to the
effectiveness of the thermal nondestructive testing
(TNDT) technique and also the possibility of
considering different defect geometries and
determining their detectability without the expense
of making and testing the corresponding specimens
[James et al, 1989].

Other purpose of numerical modeling in IRT is to
simulate the real situation in order to obtain the
simulated thermogram from that simulation [Conner,
1998]. This thermogram can be used to test the
developed algorithms (mainly related to image
processing) in case of the unavailability of the
thermogram from the real object, for instance due to
the difficulties to obtain such thermal data.

From modeling tools perspective, there are two
common methods for numerical modeling in IRT
that are finite difference method (FDM) [Ozisik,
1994; Croft and Lilley, 1977] and finite element
method (FEM) [Segerlind, 1984; Rao, 1989]. FDM
is simple and easy to implement but it suffers when
handling irregular geometry or anisotropic materials.
FEM although is quite complex but it can work
elegantly on deformed shape and non-homogeneous
materials [ElShayeb and Beng, 2000], can improve
accuracy and efficiency [Huebner et al, 1995].

In IRT, currently the application of FEM is widely
used. Although in the early years FDM was usually
employed for heat behavior study [Saintey and
Almond, 1997], but in the last few years, the trend
shows that FEM is common alternative used by
researchers [Krishnapillai et al, 2006]. This paper
takes the advantage of FEM for modeling the
spalling defect.

Consider a typical four layers furnace wall in
Figure 1(a). The thermal properties of these layers
are given in Table 1, where k is the thermal
conductivy and pis the bulk density.

The spalling defect is simulated as a void occurred
within refractory firebrick wall or the hot-face wall.
The defect depth is defined as its depth from the
outer wall (cold-face steel casing wall) or measured
as the difference between the total lengths of the
layered walls with the defect thickness. Figure 1(b)
shows a portion of simulated wall with length of
80cm and width of 40cm. In this figure, the defect is
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Figure 1: Typical four layers furnace wall: (a) side-
view, and (b) front view

Table 1: Thermal properties

Materials k

3

No. Name (W/m.K) p (kg/mr)
1 Firebrick 1.436 2300
2 Insulation 0.225 1200
3 Fiber block 0.116 430
4 | AISI 316 Steel 16.3 8000

located in the center of the wall model. Some terms
introduced in this paper are also shown in the figure.

For passive thermography case, it is assumed that
the temperature has been at its steady-state
condition, in our case, the hot-face wall temperature
assumed constant at SSOOC, with ambient
temperature to be at 33°C. Adiabatic boundary
conditions are applied to the four sides of the wall.
Losses due to convective (with convection
coefficient, 7 = 20 W/rnz.K) and radiative (with
emissivity, ¢ = 0.8) heat transfer occur from the
outer surface (cold-face) wall.

To save the processing time, coarse elements were
used in meshing process. Figure 2 shows the
meshing result with 4cm element size of the
modeled wall. Figure 3(a) shows the temperature
distribution on the outer steel casing wall and Figure
3(b) shows the temperature distribution over the
defect area along the center line of the wall. From
this figures it is clear that due to the existence of the
subsurface defect, an elevated temperatures are
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Figure 2: Model after meshing operation

Temperature distribution on the outer surface wall for defect thickness = 20cm
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Figure 3: (a) Temperature distribution on the outer
surface wall, (b) temperature distribution over the
defect area along the center line of the wall for
defect thickness 20cm and 10cm with defect size
15cmx15cm

observed over the defect area as reflected on the
outer surface wall. From the figure, the maximum
temperature occurred on the center of the defect and
gradually decreases near the defect edges.
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3 INFORMATIVE PARAMETERS

Figure 3(b) clearly showed that temperature
distribution on the outer wall surface has a relation
with defect depth (thickness). It was also confirmed
by the previous research [Heriansyah and Abu-
Bakar, 2007] that there is strong interdependence
between the defect depth and the maximum
temperature over the defect area (T,uxqef) as
depicted in a thermal image of furnace wall.

If the spalling defect shape is uniform then due to
the symmetry property of the finite element model,
this maximum value will always be the peak value
or at the defect center as shown in Figure 3. Figure 4
shows relation of defect depth with maximum
temperature value within defect area. It is obvious
that the deeper thickness of the defect or the
shallower defect depth from the outer surface will
increase the temperature value at that surface.

From Figure 3, it shows that from the peak, the
temperature gradually decrease to the model edge.
Therefore, at the defect edge (left, right, top, and
bottom) the temperature is less small than at the
peak. Again, due to the symmetry property, for a
uniform spalling at the left and right, and the top and
the bottom of the defect edge will always has equal
temperature value. Figure 4 shows the relation of
defect depth with temperature at the right and top
edge of the defect. In this paper, the average
temperature of the right edge (T,y4.,ign) and the
average temperature of the top edge (1,4, are
used as the informative parameters.

As the temperature increases due to the defect depth,
the average temperature over defect area (T4 4e)
reflected at the outer wall will also increase as
shown in Figure 4. The same situation is also
observed for the average temperature on the sound
(non-defective) area (T,,.;,) as shown in Figure 5.
These figures also tell us that relation of defect depth
with these informative parameters (Tuax-defs Tavg-righss
Tyvgtopy Tavg-depr Tavg-s0) tend to have linear property.
Note that all these parameters derived from a fix
defect size and the defect is situated at the center of
the wall model (Figure 1(b)).

Figure 6 shows the wall model with 15cmx15cm
defect size and 20cm of defect thickness, and the
defect is located at the rop-right corner of the wall
model. Figure 7 shows the temperature distribution
at the outer surface wall and at the center line. It is
clear that due to nonsymmetrical position of the
spalling defect, the temperature distribution reflected
at the outer surface wall is nonsymmetry as well.
Another fact also confirmed that elevated
temperatures occurred over the defect area and
defect depth has relation with temperature values.
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Figure 4: Relation of defect depth with maximum
and average temperature within defect area and at
right and top edges

Relation of defect depth with average temperature within sound area
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Figure 5: Relation of defect depth with average
temperature within sound area
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Figure 6: Front view of spalling defect located at the
top-right corner of the wall model

The temperature increases as the defect depth
decreases (or defect thickness increases).
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Temperature distribution on the outer surface wall
for spalling defect located at the top-right of the wall model
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Figure 7: (a) Temperature distribution on the outer
surface wall for the spalling defect located at the
top-right corner of the wall model, (b) temperature
distribution over the defect area along the center line
of the wall for defect thickness 20cm and 10cm with
defect size 15cmx15cm

4 MLP AND RBF NETWORK BASED DEPTH
ESTIMATOR

Artificial neural network (ANN) is a simple
abstraction of biological neurons. Networks of these
artificial neurons do not have a fraction of the power
of the human brain, but they can be trained to
perform useful functions [Hagan et al, 1996].

In recent years many researchers have used ANN to
solve complex nonlinear real world problems. ANNs
are potentially powerful, robust and adaptive tools
for detecting and classifying targets under changing
signature or environmental conditions [Darabi and
Maldague, 2002].
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These capabilities have motivated some researchers
to employ ANN to solve their thermography
problems. Saintey and Almond (1997), used finite
difference modeling to generate input training data
for neural network interpreter to determine defect
size and depth. Darabi and Maldague (2002), did a
similar approach in which they wused three
dimensional heat transfer models to generate
synthetic data to train neural network depth
estimator by means of active thermography. All
existing depth estimation based on ANN
[Saintey and Almond, 1997; Darabi and Maldague,
2002; Maldague et al, 1998; Manduchi et al, 1997;
Vallerand and Maldague, 2000; D’Orazio et al,
2005] were designed for active thermography
application. This paper uses numerical method to
simulate the spalling defect behavior in term of
temperature distribution and to employ this
simulated result as the input parameters to train
ANN for defect depth estimation in a passive
thermography scheme.

In this paper, a multilayer perceptrons (MLP) and
radial basis function (RBF) neural networks
[Haykin, 1994] were trained to have the capability in
the estimation of defect depth which may occur
within the furnace refractory. MLP was selected as
depth estimator since it is a common ANN paradigm
used for various applications with satisfactory
results [Jain and Fanelli, 2000]. While, RBF was
selected as the comparator, actually is not really ‘to
compare’ but as an alternative way when using ANN
approach for this specific application.

As already shown in the previous section, the
maximum temperature over the defect area (7,,4-qe),
the average temperature at the right edge (Tyq-rigns)
the average temperature at the top edge (T,y5.10p), the
average temperature within defect area (7,4, and
the average temperature within the sound area
(Tyve-s0) are indeed related to the spalling defect
depth. Therefore, these five parameters are
employed in the ANN training for spalling depth
estimation. These parameters are extracted from the
numerical modeling as discussed in the previous
section.

For the training purpose, the following defect depths
are used: 34.5, 33.5, 32.5, 31.5, 30.5, 29.5, 28.5,
27.5, 26.5, 25.5, 24.5, 23.5, 22.5, 21.5, 20.5, 19.5,
18.5, 17.5, 16.5, and 15.5 cm. Again, note that
defect depth in our case is measured from the outer
face (steel) wall (refer to Figure 1(a)).

5 RESULTS AND DISCUSSION
The input data for training are Tavdep Tavg-righs

Tyvgtopr Tavg-der and T, and the corresponding
values of defect depth were used as the outputs. One
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hidden layer with eight nodes of MLP was found to
be effective for this purpose. The transfer functions
are tangent-sigmoid and linear for the first and
second layer respectively. The scaled conjugate
gradient (SCG) algorithm (with 4 = 5.0e-7) was
used to train the MLP. During the training session,
mean squared error (MSE) and sum-squared error
(SSE) functions were employed to check the MLP
and RBF network performance respectively.
Gaussian and linear threshold functions were used
for RBF architecture with 18 centers and spread
value of 1.0 [Demuth and Beale, 2001].

Figure 8 shows the defect depth estimation results
by both networks for the trained data as compared to
the actual depth. Errors for depth estimation in both
cases were found to be zero, or 100% correct
estimation.

Figure 9 shows the depth estimation for untrained
data (of depth 35, 34, 33, 32, 31, 30, 29, 28, 27, 26,
25, 24, 23, 22, 21, 20, 19, 18, 17, and 1l6cm
respectively from the outer surface wall). Depth
estimation error for this untrained data is shown in
Table 2 for MLP and in Table 3 for RBF network
result.

From Table 2, for the case of center spalling defect
(Center), there is no depth estimation error for all
defects except for defect with depth 35cm, the error
is around 2.86%. MLP can estimate correctly
without error for 19 other depths (34 to 16cm). For
the case of top-right corner spalling defect (Corner),
all errors are no more than 12.50% or even for the
worst case, the accuracy is still around 87.50%. In
which, 15 depths (35 to 21cm) have error less than
5% (95% accuracy), and 5 depths (20 to 16cm) have
error less than 13% (87% accuracy). Thus, the
average error for center spalling is 0.14% (99.86%
accuracy), and the average error for top-right corner
spalling is 5.54% (94.46% accuracy).

From Table 3, for the case of center spalling defect,
RBF can estimate correctly for all defect depths
without error. For top-right corner spalling, the
worst estimation is for 16cm depth, the error is
greater than 60%. The next worst are in estimating
17cm and 18cm depths, with errors greater than 50%
and 30% respectively. For the other depths, the
estimation error is all under 30% (70% accuracy).
Hence, the average error for center defect is 0%
(100% accuracy), and 13.27% (86.73% accuracy)
for the case of top-right corner defect.

6 CONCLUSIONS
It has been shown from the result in the previous

section that the depth estimation by using MLP and
RBF neural networks paradigm both for trained and
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untrained data is quite satisfactory. There is no
estimation error for both networks for trained data.
The average error for untrained data for MLP is less
than 1% for the case of center defect, and less than
6% for the case of top-right corner defect. The
average error for RBF is 0% for the case of center
defect, and less than 14% for the case of top-right
corner defect.

It is shown that the average error for RBF is quite
greater than MLP for the case of top-right corner
spalling, but it can estimate correctly for all depths
for the case of center spalling type defect. Therefore
as the rule of thumb, we can say generally that in
this specific application MLP is better than RBF for
both cases. Even with the lack of training data and
quite different testing data, MLP still can give
proper estimation results.

The results also showed that the informative
parameters (Tmax—deﬁ Tavg—right? Tavg—top’ Tavg—def and
T,y,.50) proposed in this paper are suitable for depth
estimation in passive thermography. As already
shown in previous section, these informative
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Table 2: Depth estimation error for untrained data of
MLP networks

Actual | Estimated Depth Error (%)

Depth | Center | Corner Center | Corner
35 34 34 2.86 2.86
34 34 33 0 2.94
33 33 32 0 3.03
32 32 31 0 3.13
31 31 30 0 3.23
30 30 29 0 3.33
29 29 28 0 3.45
28 28 27 0 3.57
27 27 26 0 3.70
26 26 25 0 3.85
25 25 24 0 4.00
24 24 23 0 4.17
23 23 22 0 4.35
22 22 21 0 4.55
21 21 20 0 4.76
20 20 18 0 10.00
19 19 17 0 10.53
18 18 16 0 11.11
17 17 15 0 11.76
16 16 14 0 12.50

Table 3: Depth estimation error for untrained data of
RBF networks

Actual | Estimated Depth Error (%)
Depth | Center | Corner | Center | Corner
35 35 34 0 2.86
34 34 33 0 2.94
33 33 31 0 6.06
32 32 30 0 6.25
31 31 29 0 6.45
30 30 28 0 6.67
29 29 27 0 6.90
28 28 26 0 7.14
27 27 25 0 7.41
26 26 25 0 3.85
25 25 25 0 0.00
24 24 24 0 0.00
23 23 24 0 -4.35
22 22 22 0 0.00
21 21 20 0 4.76
20 20 17 0 15.00
19 19 14 0 26.32
18 18 11 0 38.89
17 17 7 0 58.82
16 16 5 0 68.75

parameters have a relationship with spalling defect
depth. Although these informative parameters will
give a slightly different values for different spalling
defect location in the model (as shown in Figure 7),
but still with these five parameters, ANN give a
satisfactorily results for trained and untrained data
for both networks.
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This paper has demonstrated on how to employ
ANN paradigm for depth estimation in a passive
thermography. Two NN paradigms: MLP and RBF
networks have been employed and the results are
promised. For future works, other informative
parameters can be explored. In addition, to preserve
the spalling defect location property, ANN can be
trained with more input data to achieve a better
generalization.
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