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Wavelet-Integrated Alternating Sparse
Dictionary Matrix Decomposition in Thermal
Imaging CFRP Defect Detection

Junaid Ahmed @, Bin Gao

Abstract—With the increasing importance of using
carbon fiber reinforced polymer (CFRP) composite in the
aircraft industry, it becomes ever more critical to monitor
the quality and health of CFRP during the manufacturing
process as well as the in-service procedure. The most
common types of defects in the CFRP are debonds and
delaminations. It is difficult to detect the inner defects on a
complex-shaped specimen using conventional nondestruc-
tive testing (NDT) methods. In this paper, an unsupervised
machine learning method based on wavelet-integrated
alternating sparse dictionary matrix decomposition is
proposed to extract the weaker and deeper defect infor-
mation for CFRP by using the optical pulse thermography
(OPT) system. We propose to model the low-rank and
sparse decomposition jointly in an alternating manner.
By incorporating the low-rank information into the sparse
matrix and vice versa, the weaker defects will be more
efficiently extracted from noise and background. In addi-
tion, the integration of wavelet analysis with dictionary
factorization enables an efficient time-frequency mining of
information and significantly removes the high frequency
noise as well as boosts the speed of computations. To
investigate the efficacy and robustness of the proposed
method, experimental studies have been carried out for
inner debond defects on both regular- and irregular-shaped
CFRP specimens. A comparative analysis has also been un-
dertaken to study the proposed method against the general
OPTNDT methods. The MATLAB demo code can be linked:
http://faculty.uestc.edu.cn/gaobin/zh_CN/lwcg/153392/list/
index.htm.

Index Terms—Carbon fiber reinforced polymer (CFRP)
composites, low-rank decomposition, optical thermogra-
phy, sparse matrix factorization, wavelet analysis, weak sig-
nal detection.

|. INTRODUCTION

N RECENT years, composite materials have gained
wide recognition in the aerospace industry. Manufacturers
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recommend the use of composites in fuselags and wings of the
aircraft pertaining to the useful properties of the composites,
such as lightweight, susceptibility to corrosion, and low cost
[1]. Due to the unique inhomogeneous structure of the compos-
ites, good bonding between the layers is required and usually
the defects, such as delaminations and debonds, limit the use of
composites [2]. The defects occurring can be attributed to mate-
rial usage while manufacturing, and environmental and loading
effects in service of the composites. Delaminations and debonds
are usually at the subsurface of the composite and are thus dif-
ficult to be detected by the naked eye. Thus, nondestructive
testing (NDT) is the most popular method for detecting defects
without any damage to the samples.

In terms of defect detection and characterization, the use of
NDT has been emphasized in [3] and [4] to monitor the struc-
tural health of the composite. Recently, many researchers have
proposed various NDT methods that generally differ in the use of
external excitation sources. These methods include, but are not
limited to, eddy current [5], [6], ultrasonic [7], acoustic emission
[8], and microwave NDT methods [9], [10]. Following the cur-
rent trends in infrared (IR) technology, many researchers have
inclined toward the optical pulse thermographic (OPT) NDT
techniques [11]-[15]. A more concise review of the application,
usage, and limitations of OPT can be found in [16] and [17]. The
prime advantage of using OPT can be drawn as its noncontact
nature and fast inspection capability.

In [18], Ryu et al. conducted light on the external excitation
devices that can be used for the optical thermography NDT.
In [19], Chulkov and Vavilov used xenon and halogen lamps
as external sources for the OPT. In the process of defect de-
tection using the optical thermography, an external source is
used to induce the temperature variations from a fixed distance
on a specimen. The temperature variations that represent the
time series of the temperature profile are recorded by an IR
camera for further processing. Generally, these recorded frames
are corrupted with strong noise, and the image resolutions are
poor. For successful extraction of the defect information, image
inspection techniques are used [20]-[24].

In [25], Winfree et al. proposed a technique based on singular
value decomposition called the principal component analysis
(PCA) for defect detection in composites. In [26], Maldague
et al. have used pulsed phase thermography (PPT) techniques
for defect analysis in the composites. In [27], another efficient
defect detection algorithm is proposed based on the polynomial
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fitting on the logarithmic data called the thermal signal recon-
struction (TSR) algorithm. In [28], Katunin proposed a wavelet-
domain-based algorithm for defect detection by utilizing both
ultrasonic and optical images in the wavelet domain. In [29],
Yang et al. used the wavelets approach to mine the transient-
spatial patterns and proposed an algorithm for defect analysis.
In [30], Liang et al. proposed the use of wavelet analysis along
with the PCA algorithm for low energy impact damage detec-
tion in carbon fiber reinforced polymer (CFRP) composites.
In [31], Ahmed et al. proposed a wavelet-domain-based algo-
rithm utilizing the temporal averaging on the multilevel wavelet
decomposition images. In [32], Wu et al. proposed sparse prin-
cipal component thermography for subsurface debond detection
in composites. In [33] Peng et al. proposed ensemble variational
Bayes tensor factorization algorithm (EVBTF) for debond de-
fect analysis in the CFRP specimen. In [34], Ahmed et al. pro-
posed a sparse low-rank matrix factorization (S-MoG) algorithm
for quantitative defect analysis in the CFRP specimen.

Both EVBTF [33] and S-MoG [34] algorithms obtained good
results for flat-shaped CFRP specimen with debonds at small
depth levels. However, the algorithms fail to perform for CFRP
composites with an irregular shape. In addition, the computa-
tional cost of both S-MoG [34] and EVBTF [33] algorithms
is quite high as they employ a multilayer factorization archi-
tecture. Notwithstanding the above, these algorithms model the
multilayer matrix decomposition structure for defect extraction
that limits their performance for detecting weaker defects on
a complex and irregular surface. To alleviate this problem, we
propose a wavelet-integrated alternating sparse dictionary ma-
trix decomposition (WIASDMD). The model allows low-rank
and sparse matrix in an alternative optimization approach. The
proposed model is able to improve the resolution of the deeper
defects present on the irregular surface CFRP composite. In
addition, the computational cost and high-frequency noise are
minimized by integrating the wavelet processing. To prove the
robustness of the algorithm, eight different CFRP specimens
with different sizes of the debond defects at various depth levels
are used. Both comparative analysis and F-score determination
[33] have been undertaken with other OPTNDT algorithms.

The rest of this paper has been organized as follows—The
details of the proposed approach are described in Section II.
The details of the experimental setup and specimen under test
are given in Section III. The result analysis is carried out in
Section IV. Finally, conclusions and further work are outlined
in Section V.

Il. PROPOSED DEFECT EXTRACTION ALGORITHM
A. Optical Pulse Thermography

Owing to the unique properties of the OPT, it is considered
a potential NDT and structural health monitoring technology.
OPT technology utilizes an external heating source and an IR
camera. The specimen is excited using external sources, and
temperature variations are captured using the IR camera. The
pulse generator is used to control the frequency of excitation
and a computer is used to store the results. For the experiments,
we have used the surface heating thermography (SHT) [35]
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Fig. 1. Schematic diagram of the OPT system.

mechanism of the OPT. The reflection mode configuration is
used with the halogen lamps as the source of heating. The halo-
gen lamps and the IR camera are placed facing the same direction
for the reflection mode as can be observed from the schematic
diagram of OPT in Fig. 1.

When the excitation source is applied on the specimen, due to
the heating and cooling principle, a temperature change occurs
in the specimen. If defects such as delaminations or debonds
are present, the fluctuations are observed in the temperature of
the specimen. The IR camera captures the time series of these
temperature variations and image processing algorithms can be
applied to extract the defect information. Considering the OPT
with the SHT mechanism [35], the general heat equation is given
by the following:

T  1dT
oyt dt
where 7' is the surface temperature, 4 is the thermal diffusivity,
and t,y are, respectively, the time and depth of the specimen.
Considering the ideal pulse scenario and assuming that the heat

flux is applied uniformly on the semi-infinite specimen at a
given time instant, the surface temperature can be expressed as

E )2

e It

e))

T(y’t): 6\/E

where e is the heat effusivity and E is the energy applied on

the specimen surface. Considering the heating energy emission
from the surface of the specimen, we take y = 0 in (2), namely

(@)

AT (1) = 3)
where AT represents temperature change after external heating
is used.

B. Proposed Algorithm

Given a tensor matrix X € R™*"*¥ containing the time se-
ries of the thermographic sequences, (m, n) is the size of the
thermographic image and & is the number of frames. Each frame
k in the tensor matrix X is decomposed by the wavelet transform
up to two levels by using an undecimated wavelet transform [36],
[37] with sym29 wavelet filters. The wavelet transform decom-
poses the image into an approximation image and three wavelet
subband images. As the wavelet subband images (horizontal,
vertical, and diagonal) are obtained by the high-pass wavelet
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Fig. 2. Main steps of the proposed WIASDMD model.

filters, most of the high-frequency components are extracted
from the thermographic images. We take only the approxima-
tion images and discard the wavelet subband images as most
noise information is contained therein. After the wavelet pro-
cessing, we perform the proposed alternating sparse low-rank
modeling to extract the defect information. The general steps
can be seen in Fig. 2.

Given the wavelet domain tensor A € R™*"*k e can break
down the given tensor into the low-rank matrix B, sparse matrix
(PQ"), and the noise matrix N, as

A=B+(PQ)+N, )

To extract the weak defect information, we propose the fol-
lowing matrix decomposition problem:

Br}%% {s rank (B) + ¢, ||P||2,o + g

+la-B- P} } 5)

wheres controls the rank of B and ¢, ¢, are the regularizing
parameters for P and @, respectively, since PA~! AQ’ holds for
any m x n nonsingular matrix A.

The problem in (5) is complex and a general regularization
framework can be used to represent the problem by imposing
the penalties on P and @. In addition, the convex proxies can
be used to relax the rank of matrix B by using the nuclear norm
| B||« and 5 » norm in place of I; o norm. The problem can be

reformulated as

i B P
min {s (1B, + 2 1P+ S Qb

+|\A—B—PQ’||ZF}. ©)

The problem of (6) can be divided into two subproblems and
they are solved by alternatingly minimizing over the other for
each iteration . The two subproblems can be formulated as
follows:

(B)" = argmin {HB — (A - (PQ’)FI) H2 + s||B||*}
B F
™)
(PQ)' = argmin {|(4 - B) = PQ'[ + 5 |PI;
¥ 2
2QI3- ®)

Equation (7) is a classic convex optimization problem and
can be solved using the singular value thresholding algorithm
[38]. For (8), we solve it using the Bayesian matrix factorization
approach [39]. We follow the principles from the MAP theory
and solve the problem in (8). Assuming that the noise satisfies
Gaussian distribution and the model parameters correspond to
the [, loss and [, regularizer. The probabilistic model for the two
suboptimization problems of (7) and (8) is shown in Fig. 3.

For the sake of simplicity, let the term (A — B%) = X and
consider the following optimization problem:
minp o || X — PQ ||1+ IIPH2+ IIQHz ©
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Fig. 3. Probabilistic model for the proposed algorithm.

Solving directly the optimization problem in (9) is computa-
tionally expensive as the Laplace distribution is nonsmooth. To
solve this problem, we can use a leveled hierarchical form of the
Laplacian distribution. Let x be the random variable with the
Laplacian distribution its probability differential function can
be given as follows:

(10)

2
= %exp (—a® |z —p|).

p(z|p,a®)

The Laplacian distribution has a unique property by which it
can be represented as a mixture of Gaussians as

L(x’p,az) :/0 ‘N(x|p,7')EXpon(7,a2) dr

where Expon(7, a?) represents the exponential distribution. To
incorporate this, a matrix T’ = [7;;] € R™*" is used as each el-
ement follows an exponential prior for the corresponding ;. It
should be noted that this variable relates the [; term to the [, term.
Thus, a closed-form solution of the problem is possible. Let p;
be the ith row of P and ¢; be the jth row of ). The wavelet-
domain-based matrix factorization model can be represented
as follows:

1D

zij|P,Q, T ~ X (i |p'¢5, i) (12)
pijlep ~ X (pi; 0, ¢, ") (13)
Gijleq ~ R (g 10, ;") (14)

7ijl ~ Expon (1;5]¢/2) . (15)

For the problem posted in (12)—(15), the conditional ex-
pectation maximization (EM) algorithm is formulated. Let T
be the missing data, ) = [P, Q] be the parameters to be es-
timated, and the parameters ¢, ¢,, and ¢, be the fixed hy-
perparameters. The EM algorithm alternates between two
steps, given by the E-step and the M-step. In the E-
step, the Q-function is computed, which is also called the
log-posterior expectation of the data 7. Let the current

estimates be
lows:

= [P, Q]; then, the Q-function is given as fol-

o) (Q’@) — By [1ogp (Q‘ﬁ, X,T) ‘X,@} . a6

This can be solved by taking log on both sides and ignoring
the terms that do not correspond to () as

logp <X ‘Q,p,T) + logp (Q)

:_722{ -TL/ ﬁ;%)z}_%Zq/]qJ—l—C
j )

In (17) the term C' is a constant. Now, in order to solve
for Elr;; "X, @] in the E-step, it can be observed that 7; ! has
an 1nverse gamma distribution. Following this, the posterlor
expectation can be given by

E [T;' | X 7]5,62} = Ve é< Zf_‘> (18)
! |wis| !

where w;; = z;; — (pq');j. Next, in the M-step, the parameterQ

is updated by maximizing the Q-function in (16). This can be

done by computing the partial derivative of the Q-function with

respect to ¢; and setting it to zero. The update rule can be

given by

. . =1,
6= (PUP+o L) PO, (19)

where €); = diag((ﬁfjl)7 cey <Tm;>) and x.; is the jth column
of X. Following the same convention, the updated formula for
p can be found as

— (@AQ+o,L) QA

where A; = diag((7;;"), ..., (r,")) and z;. is the ith row of X.
The stopping condition for this problem is set as

Z (wi; — W}II)
A

(20)

< tol. 21

The term tol represents the tolerance level that has been se-
lected to be 1072 based on an independent Monte Carlo test.
For (7), this is solved by the singular value thresholding (SVT)
[38]. Finally, the stopping criteria are set as follows:

|P@y = (P

|B" - B
T W <cor E<e (22
1Al e 1Al ¢
where €= 10~*. The complete step-by-step description is tabu-
lated in Table I.

[ll. EXPERIMENTAL SETUP AND SPECIMEN INFORMATION
A. Experiment Setup

The OPT system is shown in Fig. 4. In our experimental anal-
ysis, the halogen lamps are used as the excitation source. The
CFRP specimen sample is held using a bracket facing opposite
the halogen lamps and the IR camera. The IR camera is A655sc.
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TABLE |
PropPoseD WIASDMD

1. Input Data X € R™ ">k
2.  Perform two-level wavelet decomposition using SWT and get
A e RanXk
3 Convert the tensor A into matrix form.
4. Initialize the parameters ¢, @4 as 1 and P, Q randomly.
5. For each iteration i do;
6.  Solve for Busing the Eq. 7.
7 Solve for P and Q using the EM algorithm.
8. E-Step: for Pand Q: (t3;') = %
ij
9. M-Step: For j*" row g; of Q;
10. 2; =diag((ry}), -, (Tm)))
1. q;= (PP +e,l,) Pox,
12. For i*" row p; of P;
13. A= dAiag(A(‘ra1 ,---,(ri‘,;))
14. p;=(QA40+ ‘Pplm)_IQ Aix;.
15. Check the stopping criteria using the Eq. 21 and Eq. 22
16. End for
17. Output: B, P, and Q
The Matlab demo code can be linked:
http://faculty.uestc.edu.cn/gaobin/zh_CN/Iwcg/153392/list/index.h
tm

Fig. 4.

OPT system at our lab.

It comes with an uncooled vanadium oxide detector. For our
experiments, we have used a 50-Hz frame rate to capture the
time series of the thermal frames. The IR camera A655sc can
detect temperature changes as low as 50 mK.

Eight different CFRP specimens are chosen for the exper-
imental analysis. Among them, three are flat-shaped samples
that have subsurface debond defects. The defects have different
diameters and depths. The other five specimens are more chal-
lenging; they are elbow-shaped CFRP specimen having debond
defects at the elbow location. The details about their dimensions
and depth information can be found in Table II. The debond de-
fects are made by using the Teflon inserts. Teflon is widely used
to simulate the debond defects [2], [40]. It is used owing to
its unique properties that are very similar to the actual debond
defects. More details can be found in [2] and [40].

IV. EXPERIMENTS RESULTS AND DISCUSSION

A. Wavelet Analysis

Experimental analysis is carried out for the choice of basis
function and the number of level decomposition for the wavelet
analysis. It should be noted that, in general, there is no hard

and fast rule for the choice of basis function in the wavelet
analysis. It solely depends on the application and data. In the
proposed algorithm, the wavelet decomposition is performed
on the entire raw thermal sequence rather than on the selected
samples. The main reason behind doing the wavelet decompo-
sition is to remove the high-frequency noise while preserving
the low-frequency information. Moreover, by doing the wavelet
analysis, we are able to boost the speed of the algorithm as
wavelets have an inherent sparse property.

The proposed algorithm was tested with a number of wavelet
basis and results are presented in Fig. 5 where specimen 1 is
taken as an example. It can be seen from the figure that symlets
basis gives a good performance in the experimental analysis
when compared with other wavelet bases. The choices of the
basis function and number of levels were evaluated on the basis
of experimental analysis based on the Monte Carlo approach
where the process is repeated over ten realizations of using
different basis functions and levels in order to obtain the optimal
results. With this strategy, the level-2 wavelet decomposition
was chosen based on the wavelet-integration results with sparse
dictionary decomposition. The proposed algorithm was tested
for each specimen using the same mechanism, and symlets basis
with level-2 was selected. The task of determining the number
of levels is quite crucial. If we increase the number of wavelet
levels, the computational cost of the algorithm will increase
drastically. The wavelet level comparison results are shown in
Fig. 6 for specimen 6.

It can be observed from the figure that increasing the number
of levels beyond two levels does not give much improvement;
rather, the downside is the increase in a number of levels that
results in an increase in the computational cost.

B. Model Analysis

The main reason behind model analysis is to validate the
robustness of the algorithm. The proposed model is the integra-
tion of the wavelet analysis with the sparse dictionary matrix
decomposition. To show the necessity of this integration, we de-
compose this model into three scenarios. In the first scenario, we
evaluate the raw thermal sequences for defect detection using
only the wavelet analysis. As in the proposed model, the wavelet
analysis is performed on the entire thermal sequence. The result
shown is the best frame in the entire thermal sequence. In the
second scenario, we perform the sparse dictionary decomposi-
tion on the raw thermal frames and show the results. Finally, we
compare these results with the proposed model.

Fig. 7 shows the results on the three scenarios for specimen
3. It can be analyzed from the figure that both contrast and res-
olution of the wavelet decomposition and sparse dictionary are
quite poor. By integrating the wavelet analysis and sparse dic-
tionary in an alternating sparse dictionary approach, we are able
to improve the resolution of the defects as well as the contrast.

Figs. 8 and 9 show the model comparison results on three sce-
narios for specimens 5 and 7. Here, the effect on the resolution of
the defects is quite evident. The contrast of the defects is signifi-
cantly improved by the proposed model. It can be concluded that
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TABLE II
INFORMATION ABOUT THE CFRP SPECIMEN

Defect Information(mm)
Number Defect Profile Dimension(mm) Picture
Top Depth, Bottom Diameters

! ©e000 2,22
250%250x24.2
2/4,6,8,10,12,16,20
00000
o0 000
’ 1,2
450x300x22
c00QQ0 6,10,15

o O 0 O

3 © 000 2,22
0000 250x250%22.2 racs
(@)

4 2,25
10010080
3,6
5 2,25
10010080
6,8
6 2,25
9,10
0.5,0.75,1,1.25
7 100x100x80 =
S s . 3,6 |
=]
~ i
2,225,2.5,2.75
8 3 10010080
S - 3,6




AHMED et al.: WAVELET-INTEGRATED ALTERNATING SPARSE DICTIONARY MATRIX DECOMPOSITION IN THERMAL IMAGING CFRP

4039

© ®

Fig. 5. Wavelet basis analysis for specimen 1. (a) Haar wavelets.
(b) Daubechies wavelets. (c) Biorthogonal wavelets. (d) Reverse
biorthogonal wavelets. (e) Coiflets. (f) Meyer wavelets. (g) Morlet. (h)
Symlets.

the proposed WIASDMD is able to mine useful low-rank and
sparse information for detecting debond defects using the OPT.

C. Comparison Analysis With General OPTNDT
Algorithms

The quantitative detection results are obtained. In order to
validate the proposed model and show its robustness, a compar-
ative analysis with general OPTNDT algorithms is presented.
The algorithms are compared on the basis of F-score and compu-
tational time. The algorithms in comparison are PCA [25], PPT
[26], TSR [27], EVBTF [33], and S-MoG [34] algorithms. All
the algorithms are tested for debond detection in CFRP compos-
ites. The comparative results based on F-score and consumption
time are given in Table III.

The F-score is used for quantitative assessment of defect
detection. It is based on precision (P) and recall (R) parameters.
The F-score is calculated as follows:

PxR)x(a+1)
(P+ R) x a?
where « is the relative parameter between P and R. In our

experiments, it is equal to 1 implying that the weightage of P is
the same as that of R. P and R are evaluated as [33] follows:

TP

g

(23)

P=Tp5Fp 24
TP
R= 57PN 25

where TP is the true positive, it implies that a defect is present
and it is detected. FP is the false positive, it implies that a
defect is not present but it is detected. FN is the false negative, it
implies that a defect is present and it is not detected. The F-score
is calculated by visually observing the results and perception
of the defects. One may argue observing the particular image
about the presence or absence of the defect information. In
our experimental analysis, the F-score is calculated and double
validated by human judgment to avoid any discrepancy.

Fig. 10 (row 1) shows the visual results for specimen 1. It
is a CFRP sheet with rectangular shape and its defects have
depths of 2 or2.2 mm. It has a total of ten defects. It can be

Sovta s oum

®

Fig. 6. Wavelet level analysis for specimen 6. (a) Level-1 decomposi-
tion. (b) Level-2 decomposition. (c) Level-3 decomposition. (d) Level-4
decomposition. (e) Level-5 decomposition. (f) Level-6 decomposition.
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Fig. 7. Model analysis for specimen 3. (a) Wavelet decomposition.
x (b) Sparse dictionary decomposition. (c) Proposed model.
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Fig. 8. Model analysis for specimen 5. (a) Wavelet decomposition.
(b) Sparse dictionary decomposition. (c) Proposed model.
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Fig. 9. Model analysis for specimen 7. (a) Wavelet decomposition.
(b) Sparse dictionary decomposition. (c) Proposed model.

seen in Fig. 10 (row 1) that the results of PPT, TSR, PCA, and,
EVBTF are somewhat visible, whereas it contains strong noise.
If the positions of the defects become unknown, it becomes more
difficult to distinguish between the defect regions and the nonde-
fectregion. The S-MoG algorithm has a good resolution whereas
it can only detect up to six defects. The proposed algorithm has
high resolution and it can successfully detect nine out of ten
defects. For specimens 2 and 3, the results are shown in Fig. 10
(rows 2 and 3). Specimen 2 has 1 or 2 mm defect depth and
the diameter of the defects is quite large (see Table III). Almost
all the algorithms perform well, whereas the S-MoG and the
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Fig. 10.  Visual comparison with general OPTNDT algorithms.

proposed algorithm lead a good resolution that results in better
perception of the defects.

Fig. 10 (row 4) shows the comparative results for specimen
4. This is a challenging specimen with irregular R shape. It
has defect depths of 2 mm and 2.5 mm with 3 mm and 6 mm
diameters. The conventional algorithms fail to perform well and
the resolution is quite poor with strong noise. The proposed

algorithm is able to detect all the defects clearly. In addition,
the shape of the defects is detected clearly with reasonable
resolution and noise.

Fig. 10 (rows 5 and 6) shows the comparative results for
specimens 5 and 6. These composites have the irregular R shape
while the diameters of the defects are quite high (see Table II).
The conventional OPTNDT algorithms detect the defects with a
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TABLE llI
COMPARATIVE RESULTS F-SCORE (LEFT) AND TIME TAKEN (RIGHT, IN SECONDS)

Specimen Number TSR PCA EVBTF S-MoG Proposed
1 0.46 151 0.75 579 0.75 52 0.75 905 0.75 169 0.94 96
2 0.94 135 0.94 271 0.94 43 0.94 1342 0.94 173 1 103
3 0.66 564 0.66 642 0.85 153 0.30 1019 0.93 466 0.93 210
4 0.66 129 0.79 241 0.79 15 0.79 766 0.79 86 1 46
5 0.79 124 0.79 631 0.79 30 0.49 1039 0.79 120 1 81
6 0.88 146 0.88 601 0.75 47 0.57 753 0.88 125 1 75
7 0 132 0.66 568 0.66 43 0 689 0.66 130 1 71
8 0.66 150 0.86 496 0.66 52 0 789 0.66 140 1 65
Average 63% 191 79% 504 77% 54 48% 913 80% 176 98% 93
TABLE IV
COMPARATIVE RESULTS FOR DIFFERENT SIZES OF DEFECTS
Speciment1 Specimen#2 | Specimen#3 | Specimen#4 | Specimen#5 | Specimen#6 | Specimen#7 | Specimen#8
Algorithm 10 Defects 10 Defects 16 Defects 6 Defects 6 Defects 5 Defects 4 Defects 4 Defects
(mm) Diameters Diameters Diameters Diameters Diameters Diameters Diameters Diameters
(2,4,6,8,10,12,20) | (6,10,15) (2,4,6,8) (3,6) (6,8) 9,10) (6,8) (3.6)
Detected 3(10,12,20) 9(10,15) 8(6,8) 3(6) 4(6,8) 4(9,10) 0(0) 2(6)
PPT
Missed 7(2,4,6,8) 1(6) 8(2,4) 3(3) 2(6) 109) 4(6,8) 2(3)
Detected 6(6,8,10,12,20) 9(10,15) 8(6,8) 4(6,3) 4(6,8) 4(9,10) 2(8) 3(3,6)
TSR
Missed 4(2,4) 1(6) 8(2,4) 2(3) 2(6) 19) 2(6) 1(3)
Detected 6(6,8,10,12,20) 9(10,15) 12(4,6,8) 4(6,3) 4(6,8) 3(9,10) 2(8) 2(6)
PCA
Missed 4(2,4) 1(6) 42,4) 2(3) 2(6) 2(9) 2(6) 2(3)
Detected 6(6,8,10,12,20) 9(10,15) 4(8) 4(6,3) 2(8) 2(10) 0(0) 0(0)
EVBTF
Missed 4(2,4) 1(6) 12(2,4,6) 2(3) 4(6,8) 3(9,10) 4(6,8) 4(3,6)
Detected 6(6,8,10,12,20) 9(10,15) 14(4,6,8) 4(6,3) 4(6,8) 4(9,10) 2(8) 2(6)
S-MoG
Missed 4(2,4) 1(6) 2(2) 2(3) 2(6) 109) 2(6) 2(3)
Detected | 9(4,6,8,10,12,20) | 10(6,10,15) 14(4,6,8) 6(6,3) 6(6,8) 5(9,10) 4(6,8) 4(3,6)
Proposed
Missed 1(2) 0(0) 2(2) 0(0) 0(0) 0(0) 0(0) 0(0)

lot of background noise and have poor resolution. However, the
proposed algorithm detects all the defects accurately retaining
their shape and with reasonable resolution.

Fig. 10 (rows 7 and 8) show the results for specimens 7 and 8.
For specimen 6, the defect diameters are 3 and 6 mm. There are
a total of four defects having depths of ( 0.5, 0.75, 1, 1.25 ) mm.
By observing the results for specimen 7, we can see that the pro-
posed algorithm is able to detect deeper defects more clearly in
comparison with other algorithms, where the performance de-
pletes drastically. It is almost impossible to observe the presence
of defects in some figures. For specimen 8, we have the defect
diameters of 3 and 6 mm. Here, we have four defects with depths
of (2,2.25,2.5,2.75 ) mm. From the comparative results, it can

be verified that the proposed algorithm can detect debond de-
fects up to depths of 2.75 mm clearly. However, the resolution
and contrast of the proposed algorithm is not quite good while
the detection is much better in comparison with other general
OPTNDT algorithms. It can be argued that using the wavelet
domain sparse low-rank factorization and mining the low-rank
and sparse data jointly in an iterative manner, one can improve
the resolution and performance of the defect detection in the
CFRP composites.

Table I1I shows the F-score-based results [33]. We have shown
the consumption time of different algorithms. We have averaged
the F-score values for all the algorithms and quoted them in per-
centage. On average, the PPT algorithm gives 63% defect de-
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tection capability. The TSR, PCA, and EVBTF algorithms give
79%, T7%, and 48% detection capability in terms of F-score, re-
spectively. The algorithm of S-MoG has 80% detection rate. The
proposed algorithm gives the highest detection rate on average
at 98%. In terms of consumption time, the PCA is the fastest al-
gorithm among all and the slowest one is the EVBTF algorithm.
The proposed algorithm gives better execution time. Nonethe-
less, the proposed algorithm gives the best F-score performance.

Table IV shows the comparative results for different algo-
rithms in detecting defects with different diameters. It can be
observed that the general OPTNDT algorithms fail to detect
smaller diameter defects on both regular samples as well as
on irregular-shaped CFRP specimens. However, the proposed
algorithm shows the ability to differentiate the defects more
precisely and accurately. The proposed algorithm detects all the
defects, whereas only 3 defects were missed from a total of 51
defects on 8 different CFRP samples.

V. CONCLUSION

This paper proposes a WIASDMD method. The proposed
method is tested for detecting inner debond defects using optical
thermography. The mining of the sparse and low-rank informa-
tion jointly in an iterative manner benefits the quantification of
the defects from noise and background. The use of wavelet anal-
ysis significantly boosted the computational speed of the algo-
rithm and reduced the noise. In the experimental analysis, more
challenging CFPR specimens with irregular shape have been
validated. The proposed algorithm has shown a high level of
performance in defect extraction in terms of F-score. Both quan-
titative and qualitative results have validated that with relatively
low computational cost, the proposed method has successfully
modeled the complex noise and extracted the weaker debond
defect information. Future research will focus on adapting and
testing the proposed method on more composite specimens and
testing it with different IR thermography techniques.
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