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Microcracks are a common metallic defect, resulting in degradation of material properties. In this paper, specimens with different
fatigue microcracks were detected by eddy current pulsed thermography (ECPT). Signal processing algorithms were investigated to
improve the detectability and sensitivity; principal component analysis (PCA) and Tucker decomposition were used to compare the
performance of microcrack detection. It was found that both algorithms were highly adaptable. A thermal quotient was used to
assess the temperature variation trend. Furthermore, the potential correspondence between crack closure and temperature
change was investigated.

1. Introduction

In recent years, infrared (IR) technology has been success-
fully applied to power, rail, and other fields because of its
advantages for noncontact, high sensitivity, and visualization
[1–4]. As active infrared thermography, eddy current pulsed
thermography (ECPT) uses external high-frequency alternat-
ing current to excite the detection coil so as to generate heat
on the surface or the inside of the measured specimen [5].

In-service equipment may have complex natural defects
due to stress and impact loads [6]. Several results based on
ECPT in the fields of crack detection have been reported.
Specifically, Vrana et al. [7] proposed simplified models for
crack detection with induction thermography. Shi et al. [8]
proposed a quantitative crack detection method, and cracks
of different sizes were analysed. Weekes et al. [9] performed
an experimental investigation of fatigue cracks in steel, tita-
nium, and nickel-based superalloy, and results of probability
of detection (POD) were established. Tong et al. [10] modi-
fied the modelling of ECPT to achieve quantitative evaluation
of blade surface fatigue cracks in heavy-duty gas turbines.
Netzelmann et al. [11] employed the ECPT method demon-
strating the detection of hardening cracks on a large gear

tooth. Peng et al. [12] developed solutions for four types of
winding defects; the defects under layer insulation can be
detected using ECPT. Genest and Li [13] used both experi-
mental and numerical assessments of the induction thermog-
raphy technique, detecting the microcrack in notched steel
coupons.

The abundant transient information in the ECPT has
provided grounds for further analysis. In order to enhance
the resolution, Maldague and Marinetti [14] proposed pulse
phase thermography (PPT), which has an advantage in quan-
titative inversion. Chen et al. [15] used ICA to identify defect
patterns automatically and reduced the influence of the emis-
sivity. Wang et al. [16] used PCA to process the artificial
crack in a steel sample and natural fatigue cracks in aircraft
brake components. Zhang et al. [17] performed PCA and
partial least-squares thermography (PLST) to improve the
infrared image performance for defect detection in compos-
ite panels. Among the above dimension reduction andmatrix
decomposition methods, these algorithms provided manifest
high levels of flaw contrast relative to that present in the
unprocessed data. In addition, tensor decomposition
approaches have become an effective tool for feature extrac-
tion in infrared thermography crack detection. Gao et al.
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[18] developed a spatial transient phase tensor model to
extract and separate patterns. Song et al. [19] formulated a
tensor decomposition analytical model to identify cracks on
samples with different geometry.

However, previous research has rarely discussed the diag-
nosis of crack closure effect, which is common in the indus-
try. In fatigue tests, it can typically be classified into three
categories: plasticity-induced [20, 21], roughness-induced
[22], and oxide-induced [23, 24] crack closures. Moreover,
Jomdecha et al. [25] proposed a new model to calculate the
magnetic flux density over the stress-corrosion crack (SCC)
region of different conductivity. Chen et al. [26] found that
SCC behaves like a conductive slit in the perspective of eddy
current testing. Nevertheless, there remain challenges to dis-
tinguish the weak thermal features of closed cracks. In this
study, we aim to examine applications of ECPT in fatigue
microcrack in a more comprehensive way. Experimental tests
on fatigue precrack by three-point bending have been con-
ducted, which is an important step from artificial crack to
natural fatigue crack. Compared with PCA, tensor decompo-
sition could preserve more defect information. The perfor-
mance of detecting fatigue crack is discussed through SNR
and thermal quotient. The remainder of this paper is orga-
nized as follows: the methodology used in this work is
described in Section 2. The experimental setup and specimen
are explained in Section 3. The result and discussion are then
provided in Section 4. Finally, the conclusion is outlined in
Section 5.

2. Methodology

2.1. Induction Heating Theory of ECPT. The main physical
process of ECPT involves induced eddy current heating and
thermal diffusion. These eddy currents are governed by a
subsurface penetration depth, based on an exponentially
damped skin effect. According to Joule’s law, the thermal
power generated by the internal resistance of the material is

Pw = 1
σ

Jej j2 = 1
σ
σEj j2, ð1Þ

where Je is the eddy current density and E is the electric field
strength; equation (1) determines the resulting temperature
field. In general, the environmental temperature or reference
temperature is taken as a constant T0. Thus, the heat conduc-
tion equation of a specimen in the company of a defect can be
expressed as

∂2T
∂x2

+ ∂2T
∂y2

+ ∂2T
∂z2

+ 1
λ
q x, y, z, tð Þ = ρCp

λ

∂T
∂t

, ð2Þ

where T = Tðx, y, z, tÞ denotes the temperature distribution,
λ is the thermal conductivity of the material, ρ is the density,
and Cp is the specific heat, and qðx, y, z, tÞ is the internal heat
generation function per unit volume and unit time.

2.2. Principal Component Analysis. For raw data, PCA is an
unsupervised classification method; its strength is that it
reduces the dimensionality of the data while keeping most

of the variation in the data set. Each PC could be considered
a linear combination of the original thermal sequences and
ranked in decreasing order. Singular value decomposition
and covariance matrix decomposition methods were used
to decompose the 2-D thermal matrix in the following way:

T =URVT , ð3Þ

where U is a matrix; it contains a series of empirical orthog-
onal functions (EOFs). R is a diagonal matrix with the singu-
lar values of T ; V is an orthogonal matrix.

2.3. Tensor Decomposition. A tensor is a multidimensional
array. The infrared sequences recorded by an IR camera
can be represented by a third-order tensor X ∈ RI1×I2×I3 ,
with two modes representing spatial position and the third
mode representing the transient information. We decom-
pose the higher-order tensor into a core tensor multiplied
by a matrix along each mode. In the three-way case, the dis-
cretized tensor X ∈ RI1×I2×I3 can be calculated by Tucker
decomposition as

X ≈G × 1A × 2B × 3C = 〠
P

p=1
〠
Q

q=1
〠
R

r=1
gpqrap ∘ bq ∘ cr , ð4Þ

where G ∈ RP×Q×R is the core tensor; A ∈ RI1×P , B ∈ RI2×Q,
and C ∈ RI3×R are the factor matrices considered as the prin-
cipal components in each mode; and P, Q, and R are the
number of components in the factor matrices. The operator
“∘” denotes the vector’s outer product. The tensor decom-
position method does not perform dimensionality reduc-
tion on the thermal imaging high-dimensional image.
Therefore, the tensor algorithm can maintain the structural
stability of the original data and extract more crack features.
This decomposition is illustrated in Figure 1.

2.4. Framework for This Work. Based on the theory introduc-
tion in this section, a research approach diagram for ECPT
showing defect characterization in two specimens with differ-
ent shapes was proposed, as shown in Figure 2. It was initi-
ated by using an ECPT platform to acquire the raw data.
Then, the thermal sequences in the region of interest (ROI)
were preprocessed by PCA and tensor decomposition,
respectively, to enhance the thermal contrast. After that,
max thermal response and temperature line scan were used
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Figure 1: Decomposition of 3rd-order tensor.
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to extract the thermal features. Finally, the SNR and thermal
quotient were used to evaluate the performance.

3. Experiment Setup and Sample

The rail specimen with machined notch (type V) is described
in Figure 3. Table 1 gives information about crack length, and
Table 2 introduces the material properties. In this study, a
straight-through notch of 1mm in depth was introduced
using spark discharge. The straight-through notch was
placed connect with the machined notch’s tip. Using this
method, we were able to generate a well-defined and straight
fatigue precrack using three-point bending. The setup of the
three-point bending test is shown in Figure 3. Prior to pro-
ducing the precrack, the specimen surfaces were polished
with SiC paper up to #1000. After that, a straight fatigue
crack was generated using a fatigue testing machine
(MTS809, USA) with a sinusoidal 20Hz waveform.

The specimen with precrack was then tested using the
ECPT method with two conditions each before and after
resection along the red dashed line in Figure 4. That is, the
specimens were machined into two types (after three-point
bending tests) as illustrated in Figure 4, where a is the fatigue
precrack length, c is the length of the machined notch (type
v), and b and d are the thickness and width, respectively.

The experimental platform for ECPT is shown in
Figure 5. It included an infrared camera, an excitation coil,
a heating module, and a PC. In the following experiments,
the excitation current and frequency were set as 300A and
286 kHz, respectively. The heating time was set as 200ms,
and the total recording time was 2 s. The FLIR SC650sc IR
camera captured thermal images with a spatial resolution
of 640 ∗ 120 pixels at a frequency of 200Hz, then transmit-
ted the information about the thermal sequences to the
computer for later analysis and data postprocessing. The
measurement was carried out three times, and the mean
was taken.

4. Results and Discussion

A typical heating stage experimental result (at 0.2 s) for a
specimen with a machined V-shaped notch is shown in
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Figure 2: Inductive thermography and research approach diagram.
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Figure 3: Three-point bending test setup.

Table 1: Crack length information.

Specimen no. Crack length

#1 1.0mm

#2 1.5mm

#3 2.0mm

#4 2.5mm

Table 2: Material parameters.

Parameters Values

Relative permittivity 100
Conductivity (S/m) 5 × 106

Heat capacity (J/ kg Kð Þ) 490
Thermal conductivity (W/ mKð Þ) 50
Thermal diffusivity (m2/s) 1:172 × 10−5

Temperature coefficient, α(1/°C) 5:0 × 10−3

Density (kg/m3) 7:7 × 103

Poisson’s ratio 0:3
Elastic modulus (GPa) 200
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Figure 6. The region of interest (ROI) including fatigue crack
is presented in order to reduce redundant background.

4.1. Temperature Distribution Comparison. The heat distri-
bution on the specimen was uneven due to the defect. In
order to investigate the temperature profiles of different
types of specimens, a line was created on the surface of spec-
imen #2 (see Figure 4; specimen after resection should
extract data with the same position), and the temperature
data on it were extracted (Figure 7). This feature was
extracted at the pixel level. From the line scans, Figure 7
shows that (1) temperature presents different distribution
in the defective and defect-free areas and (2) the width of
the heating up stage becomes narrower when the specimen
does not have a V-shaped notch. In detail, these phenomena
may be explained by the facts that (1) crack closure effect
may be influenced by notches and (2) weak conductivity of
closed cracks caused a different temperature response in
the medial region because the eddy current distribution
was inconsistent between specimens.

Figure 8 illustrates the result of maximum thermal
response in the defect region along heating periodicities; the
effect of the specimen shape has been investigated. The ratio
known as the thermal quotient was used to assess the temper-
ature variation trend, which could be expressed as [27]

Tq =
ΔTcrack
ΔTsurface

: ð5Þ

Based on the result from Figure 8, it can be seen that both
distribution laws are basically equal. The R square was then

calculated to evaluate the fitted relation. The specimen with
a V-shaped notch has a linear relation with a relatively high
R square value (90.15%). The fluctuations in the unnotched
data may be related to crack closure. In addition, the mono-
tonic increase that denotes the final timepoint of heating
has a representative defect contrast throughout the whole
image sequence.

4.2. Enhanced Feature. A more detailed account of the defect
enhancement method is given in this section. Figures 9 and
10 show reconstructed data from 0 to 2 s using the PCA
algorithm for specimen #4. Setting the same principal com-
ponents for two different specimens, whether they have a V-
shaped notch is the difference between two blocks. To be
precise, the first two primary components mostly contained
information about the coil and heat diffuses, meaning that
the contribution of these two parts played an important role
throughout the whole experiment. Meanwhile, component
three represents the crack, and the last component denotes
the background noise. Clearly, the PCA algorithm enhances
defect characteristics; fatigue crack could be detected more
easily due to there being less redundant information in the
third principal component image.

Figure 11 shows the results processed by the tensor
decomposition algorithm at the heating stage (specimen
#4), where the two specimens both contained the low rank
(background) part and the sparse (defect) part. From the
results, it can be found that the precrack and background
are well distinguished. As we mentioned before, background
and thermal diffusion occupy the main part of the contribu-
tion rate. Therefore, after subtracting the background in the
low rank section, the defect morphology is more clearly seen.
Red and white boxes indicate typical positions used for SNR
analysis. Red ones reflect the defect area while white ones
represent the defect-free region.

To verify the effectiveness of the algorithm, eight rail
samples with different crack lengths were tested; they ranged
in length from 1mm to 2.5mm. Tables 3 and 4 list the results
of different signal processing methods for separate trial
blocks. In these two tables, component 3 was used as a repre-
sentative PCA algorithm result. It can be seen in Table 3 that
the crack was significantly improved. In Table 4, four speci-
mens after resection followed a similar pattern, with both
PCA and tensor making crack identification easier.

4.3. Performance Evaluation and Comparison. Within our
study, the signal-to-noise ratio (SNR) [28] was used to
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Figure 4: Diagram of specimen.

Heating
work head 

Coil

Specimen

IR camera

PC
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Figure 6: Original thermal data and area of interest.

–100 –50 0
30.0

30.5

31.0

31.5

32.0

32.5

Te
m

pe
ra

tu
re

 (°
C)

33.0

33.5

Position (pixel)
50 100

V-notch specimen with 1.5 mm crack
Specimen without V-notch with 1.5 mm crack

Figure 7: Temperature line scan of different specimens under 200ms heating pulse for specimen #2.

0 50 100

1.00

1.01

1.02

1.03

1.04

1.05

1.06

1.07

1.08

Th
er

m
al

 q
uo

tie
nt

Time (ms)
150 200

V-notch specimen with 1.5 mm crack
Specimen without V-notch with 1.5 mm crack

Figure 8: Maximum thermal response versus time with second-order polynomial fit of specimen #2.

5Journal of Sensors



evaluate the performance of PCA and tensor decomposition.
SNR describes the thermal contrast between the defective
and nondefective regions; the prefabricated crack region
was selected as “signal” and the defect-free region selected
as “noise.” The calculation of SNR (dB) can be defined using
the equation below:

SNR = 20 log10
∑m

i=1∑
n
j=1Td i,jð Þ

∑m
i=1∑

n
j=1Tn i,jð Þ

 !
, ð6Þ

where∑m
i=1∑

n
j=1Tdði,jÞ and∑

m
i=1∑

n
j=1Tnði,jÞ are the sum temper-

ature of the crack region and nondefective area, respectively.
The original image shows the raw data at 200ms. The detec-
tion performance of various signal processing methods is
listed in Table 5; a high SNR value indicates a better crack
detection rate. The results show that the Tucker algorithm
exhibits a higher crack identification ability than the PCA
algorithm in all specimens. Specifically, the result for the
original image showed that specimens with a V-shaped notch
were more efficient than unnotched samples. This could be

Comp 1 Comp 2 Comp 4 Comp 3
Coil

Crack 

Figure 9: PCA results for specimen #4 without a V-shaped machined notch.

Comp 1 Comp 2 Comp 4Comp 3
Coil

Crack

Figure 10: PCA results for notched specimen #4.

(a) (b) (c) (d)

Figure 11: Tensor decomposition results for specimen #4: (a) sparse rank of sample without notch; (b) low rank of sample without notch; (c)
sparse rank of sample with V-shaped notch; (d) low rank of sample with V-shaped notch.

Table 3: The results of different signal processing methods for V-notched specimen.

Sample #1 Sample #2 Sample #3 Sample #4

Original

PCA

Tensor
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due to the boundary effect, which generated more heat than
in specimens without machined notches. This tendency was
also present in the PCA results. In particular, the symbol
“X” in the SNR results refers to where the crack could not
be detected. Moreover, Table 5 shows that specimens with
machined V notches performed better than unnotched
blocks. However, combining crack length and SNR is still
controversial; even though it does not affect the robust
enhancement algorithm, the relationship is not obvious. This
could be due to two causes: the inadequate resolution of the
IR camera and the complex internal structure of the crack
closure.

5. Conclusion

In this paper, eddy current pulsed thermography was investi-
gated to observe fatigue microcracks. Principal component
analysis (PCA) and Tucker decomposition were used to
extract weak target signals for enhancing detection sensitiv-
ity, respectively. Results show that compared with PCA,
Tucker decomposition can maintain the structural stability
of the original data and extract more crack features that
denote a higher SNR. However, it was found that the shape
of the sample will influence the detection results. Weak con-
ductivity of closed cracks may change the temperature
response in local areas because the crack closure effect
may result in localized contact. In addition, the species of
closed cracks are not studied in this work, and the linkage
between crack length and SNR is not obvious. As such, fur-

ther detailed analysis of these factors will be undertaken in
future studies.
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