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Abstract  

Fibre-reinforced polymer composites have become widely used materials in the manufacturing of aerospace, boat 

building, and automotive, due to their high specific stiffness and strength, chemical resistance, etc. However, the curing 

process has a major influence on void content and fibre-matrix interface, affecting the quality of the composite part. In this 

work, non-destructive testing based on infrared thermography and shearography is used to detect the subsurface defects 

and impact damage in epoxy-carbon prepreg laminates. Different data fusion methods are used for the incrementing of 

the detection ability. For the requirement of industrial applications, an automated defect detection method named YOLOv7 

is performed in the data fusion view. To improve the detection ability of YOLOv7, a data augmentation method named 

MixUp is used to construct the datasets obtained from the simulation. The experimental results show the excellent detection 

capacity of the proposed method. Furthermore, the experimental results also illustrate that the data fusion technique of the 

Dempster-Shafer method has the best effect compared with the other methods.  

1. Introduction 

Fibre-reinforced polymer composites have been increasingly used in the manufacturing of lightweight 
constructions, including aerospace, boat building, and automotive, due to their high specific stiffness and strength, 
chemical resistance, and thermo-mechanical properties [1]. Carbon fibre prepregs impregnated with epoxy resins have 
especially been the material of choice for the primary structural composite parts. They are typically cured in an autoclave 
where the application of high temperature, vacuum, pressure, heat-up rate and cure temperature are controlled. However, 
the curing process has a major influence on void content and fibre-matrix interface, affecting the quality of the composite 
part. 

Currently, there are few inspection methods for epoxy-carbon prepregs. Non-destructive testing (NDT) is 
considered a means of identifying defects in the curing process. Among NDT techniques, optical excitation thermography 
(OET) and shearography, as two optical image diagnosis techniques, are increasingly and particularly attractive [2-6]. In 
OET, the sample is subjected to an external heat source to create a temperature contrast. The defects can be detected by 
analyzing the temperature difference. In shearography, when the sample is subjected to an external heat source, the 
defects in the sample will generate deformation different from the surroundings and forms a distinct deformation gradient, 
which is mainly illustrated as a butterfly speckle interferogram in a shearography image. Scientific measurements based 
on a single sensor can provide only limited information about the environment in which it operates [7-10]. However, 
information from different NDT systems can be conflicting, incomplete, or vague if looked at as discrete data. The concept 
of data fusion can be used to combine information from multiple NDT systems and help in decision-making to reduce 
human error interpretation. 

Multiple heuristic and analytical techniques for data fusion have appeared in literature during the last 20 years. 
For instance, classical data fusion techniques including the average method, difference method, weighted average method 
and Hadamard method were used [11]. However, there was no optimal combination technique from the literature, and all 
these data fusion techniques varied from one application to another. To solve this problem, methods based on Bayesian 
probabilistic reasoning and the Dempster-Shafer theory of evidence had been proposed [12-14]. Furthermore, a novel 
unified and unsupervised end-to-end image fusion network, termed as U2Fusion, has been proposed recently, which can 
solve different fusion problems, including multi-modal, multi-exposure, and multi-focus cases [15].  

The data fusion techniques at pixel level may be adequate to increase knowledge about defect location and 
characterization and to reduce ambiguity. However, for different and complex defective features, it is difficult to distinguish 
defective areas and non-defective areas such as the combination of optical excitation thermography and shearography. In 
OET, the defective area and non-defective area can be easily distinguished by the temperature difference. Generally, the 
area with a high temperature (pixel value) denotes defective areas, and the area with a low temperature (pixel value) 
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denotes non-defective areas. In shearography, the defect feature is complicated. The defective area looks like a butterfly 
speckle interferogram. It means that both high pixel value and low pixel denote defective area, and the middle pixel value 
denotes non-defective area. It is possible to imagine that the fusion results will generate a lot of noise. Therefore, 
developing an automatic defect detection technique in the data fusion view is significant.  

In this work, the epoxy-carbon prepreg laminates with impact damage and inserts were detected by infrared 
thermography technique and shearography technique. The principal component analysis was used to increase the image 
contrast and reduce the noise. Then, different data fusion techniques were applied to the processed images. To identify 
the defects, YOLOv7, the latest detector architecture with fast detection speed and high precision, is adopted to evaluate 
different data fusion results. The datasets for training were generated by simulation. A data augmentation method named 
MixUp is used to improve the detection ability of the network. The experimental results show the great performance of the 
automated defects detection methods in the data fusion view.  

2. Theory and method 

Data fusion models differ from author to author, but they all agree on a three-level process: the signal level, the 
level of evidence and the level of dynamics. The integration phase at the signal level is called data fusion. At the level of 
evidence, it is referred to as features fusion, and decision fusion relates to the level of dynamics. In this work, what the 
authors study is focused on the signal level and the level of dynamics. In addition, a deep learning network was applied to 
evaluate different data fusion techniques. 

2.1. Data fusion methods 

In this section, several commonly used data fusion techniques are introduced and applied for two different sen-
sors, including shearography and infrared thermography.  A combination of basic and information theory-based fusion 
algorithms have been selected: average to indicate the equal performance of the sources, the difference to clarify contra-
diction between sources, weighted average to highlight the importance of one source over the other, and Hadamard to 
increase the signal-to-noise ratio, as shown in Table 1. 
 

Table 1. Data fusion algorithms with description and mathematical formulas 

Fusion algorithm  Description  Mathematical formula  

Average  The average from two sources: SH1 and IR2  (SH+IR)/2  

Difference  Differentiating one matrix (IR) from the other (SH)  SH-IR  

Weighted average  
Weighted average when one matrix has four times 
higher weight than the other  

(5*SH+IR)/6  
(SH+5*IR)/6  

Hadamard product  Pixel-wise multiplication of same-size matrices  SH.*IR  

1SH denotes the feature matrix of shearography. 2IR denotes the feature matrix of infrared thermography.  

These four basic fusion algorithms include average, difference, weight difference and Hadamard product. The 
average algorithm has been implemented by the average of each feature matrices. The difference algorithm has been 
implemented by the difference of two feature matrices when two sensors are inversely correlated. Two different weighted 
average algorithms have been applied where the weighted average of the shearography feature matrix is four times higher 
(or lower) than that of the infrared thermography feature matrix. In addition, the Hadamard product is an algebraic operation 
based on pixel-wise multiplication of same-size matrices.  

Bayesian analysis was carried out by combining conditional and priori information from both techniques. At the 
heart of Bayesian data fusion is the idea of representing uncertainty using probability distributions. The Bayesian theory is 
adapted for decision making. The details that applying the Bayesian theory in data fusion are as follows. The first step is 
to resize the images from different sensors. The second step is to calculate the Gaussian mixture model and the posteriori 
probability based on pixel values. The last step is to calculate the fusion pixel values based on Bayesian formula. 

The Dempster – Shafer theory is often described as an extension of the probability theory or a generalization of 
the Bayesian inference method. The details that applying the Dempster-Shafer theory in data fusion are as follows. The 
first step is to resize the images from different sensors. The second step is to calculate the probability density function of 
each pixel value. The last step is to calculate the fusion pixel values based on Dempster-Shafer formula. 

Scientific measurements using identical or disparate multiple sensors generate large amounts of data of similar 
or different classes which need to be processed in a meaningful way. The systematic integration of multisensory information 
is known as data fusion. In this work, the unsupervised neural network named U2Fusion was used to combine the IR image 
and visual image. The details about the structure of U2Fusion can be shown in the reference paper [15]. 



 

4th Asian Quantitative InfraRed Thermography Conference, October 30, 2023, Abu Dhabi, U.A.E . 
 

 

 3 
 

2.2. Automatic defect detection 

As mentioned before, there are many data fusion techniques including classical methods and neural networks. It 
is hard to evaluate the advantages and disadvantages among different methods. In this work, YOLOv7, a latest detector 
architecture with fast detection speed and high precision, is adopted to evaluate different data fusion results [16]. The 
YOLOv7 network consists of three parts, including Backbone, feature pyramid network (FPN) and YOLO Head. Backbone 
is the backbone feature extraction network of YOLOv7. The input images are first extracted in the backbone network. The 
extracted features can be called feature layers, which are the feature sets of the input images. In the backbone part, we 
obtain three feature layers for the next step of network construction. FPN is the enhanced feature extraction network of 
YOLOv7. The three effective feature layers obtained in the backbone part are feature fused, where the purpose of feature 
fusion is to combine feature information from different scales. In the FPN part, the three feature layers are further extracted 
for features. YOLO Head is the classifier and regressor of YOLOv7. 

3. Experimental setup, simulation and materials 

3.1. Materials 

There are three epoxy-carbon prepreg plates with different types of defects. The three samples were made of 
epoxy-carbon prepreg (HexPly 914C-T300H (6 K)-6-34%). The plates were obtained with a 24 plies quasi-isotropic lay-up 
(0/+45°/90°/-45°) s.  Sample 1 was subjected to impact loading, and the dimension of sample 1 is 100 x 170 x 3.27 mm. 
The impactor is a 16 mm diameter hemisphere, which falls freely to impact the plate. There are multiple inserts with 10 x 
10 mm of length and width and different heights in sample 2, and the dimension of sample 2 is 580 x 280 x 3.4 mm. There 
are multiple inserts with 6 x 6 mm of length and width and different heights in sample 3, and the dimension of sample 3 is 
280 x 220 x 3.5 mm. The schematic image of the samples is shown in Fig. 2. 

 

 
Fig. 1. The schematic image of different samples: (a) sample 1; (b) sample 2; (c) sample 3 

3.2. Experimental setup 

Infrared thermography (IRT) and shearography were used to detect the defects in the Epoxy-carbon prepreg 
plates. The inspection by active infrared thermography consists of using a heat source that sends a thermal wave that 
penetrates an object being inspected. This thermal wave will interact with any discontinuity present in the object. The 
thermal pulse is disturbed at each interface and is captured in the form of an image on the surface of the object, using an 
infrared camera which sends a real time image to a display screen for interpretation. The schematic image of IRT is shown 
in Fig. 2(a). Four lamps with the power of 1000 W and an infrared camera (FLIR T450, band 8-12 micrometers, thermal 
resolution 30 mK) are utilized. In addition, the reflection mode and transmission mode of infrared thermography were 
performed to detect the defects in each sample. The inspection by shearography consists of using a heat source or another 
mechanical solicitation that sends a wave or vibration which penetrates an object being inspected. This wave will interact 
with any discontinuity present in the object which creates a discontinuity in the fringes. The schematic image of 
shearography is shown in Fig. 2(b). The SLM laser (Power 200 mW, wavelength 532 nm) was used to illuminate the sample 
surface. The CMOS sensor of the camera (GiGE camera, 2464 x 2056 pixels) is at a distance of 1 m from the sample. The 
resolution of the thermal sensor is 640 x 480 pixels, and the resolution of the thermal sensor is 55 mK. The front side and 
back side of each sample were tested by shearography. 
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Fig. 2. Schematic image of infrared thermography and shearography: (a) reflection mode and transmission 

mode of infrared thermography; (b) sheargraphy 

3.3. Datasets acquisition 

The infrared thermography and shearography were simulated based on Comsol software for dataset preparation. 
For infrared thermography, heat transfer module in solids was used. The upper surface of sample was subjected by the 
heat flux load, which the power of the load is 2 x 104 W/m2, and the heating time is 0.01 s. The rest of surfaces were 
subjected by the convective load, which the film coefficient is 10 W/(m2ºC). The experimental results can be used for 
training, as shown in Fig. 3. For shearography, the structure mechanics module was used. The four sides of sample were 
fixed, and the upper surface of sample was subjected by the constant temperature load, which the power of the load is 100 
ºC. When the deformation distribution ∆(x, y) is obtained, a phase map ∆(x, y) can be calculated according to the principle 
of digital shearography. Suppose the shearing direction is along k = (cosa, sina)T, the phase difference (phase map) ∆(x, 
y) between before and after loading is denoted as 
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where λ is the laser wavelength and δk is the shearing value in the k direction. With different settings in shearing value and 
shearing direction of just one simulated deformation distribution, amounts of simulated phase maps will be calculated [17]. 

The samples are divided into three types. The first type is the plate with blind holes, the second type is the plate 
with inserts, and the last type is the plate with impact damage. The first two samples are modeled by Boolean operations. 
For the plate with impact damage, the solid mechanics module was used. The large plastic strains model and isotropic 
hardening model are chosen. The friction coefficient between the rigid ball and the plate is 0.3, and four sides of the plate 
are fixed. The model after the impact was exported for the detection of infrared thermography and shearography. 

In particular, a data augmentation method is used to improve the detection ability of network [18]. MixUp augments 
the training set by linearly interpolating a random pair of examples and their corresponding labels selected in a minibatch 
through permutation 
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where (xi, yi) and (xj, yj) are two data-target samples randomly drawn from the training set, and λ ∈ [0, 1] is the 
interpolation weighing coefficient. Then, the objective of a supervised problem becomes minimizing the empirical risk over 
the MixUp-generated samples. The images after MixUp augmentation processing are shown in Fig. 3. 
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Fig. 3. Datasets for deep learning: (a) dataset from infrared thermography; (b) dataset from shearography; (c) 

dataset from MixUp technique 

4. Results and Analysis 

In this work, to reduce the image noise and enhance the image contrast, principal component analysis was used 
for image processing, as shown in Fig. 4. For sample 1 in transmission mode, the damaged area is an elliptical area with 
vertical areas at both ends, instead of only a circular area, as shown in Fig. 4(c) and (d). The results illustrate that infrared 
thermography has a higher detection ability than shearography for impact damage. For sample 2 in reflection mode, the 
upper defects can be detected by infrared thermography, but the bottom defects cannot be detected by IRT. The results 
of shearography are opposite to that of IRT. The bottom defects can be detected by shearography. For sample 2 in 
transmission mode, the IRT has a higher detection ability than shearography. The middle defects can be detected by IRT, 
but it is difficult to detect by shearography. For the experimental results of sample 3, it is possible to find that the left defects 
can be detected by IRT, and the right defects can be detected by shearography, as shown in Fig. 4(i)-(l). In conclusion, 
IRT and shearography are complementary. This provides the basis for the convergence of the two technologies. 

 

 
Fig. 4. Experimental results after image processing: (a), (c), (e), (g), (i), (k) are the raw images of infrared 

thermography; (b), (d), (f), (h), (j), (l) are the raw images of shearography; (a) and (b) are the results for sample 1 using 
reflection mode; (c) and (d) are results for sample 1 using transmission mode; (e) and (f) are the results for sample 2 

using reflection mode; (g) and (h) are the results for sample 2 using transmission mode; (i) and (j) are results for sample 
3 using reflection mode; (k) and (l) are results for sample 3 using transmission mode 

4.1. Data fusion results 

As mentioned before, the experimental results of infrared thermography are complementary to that of 
shearography. In this section, different data fusion techniques were used to further detect the defects based on IRT and 
shearography. 
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Fig. 5. Data fusion results for sample 1: (a) reflection mode; (b) transmission mode; Weigh_1 denotes weighted 

average method of (5*SH+IR)/6; Weigh_2 denotes weighted average method of (SH+5*IR)/6; Bayes denotes Bayesian 
analysis method; D-S denotes Dempster-Shafer method 

For sample 1 in reflection mode, it is possible to find that the image quality based on the fusion techniques of 
“Difference” and “Weight_2” is poor, as shown in Fig. 5(a). The color of the image processed by the “Difference” method 
is dark, which leads to the reduction of damage information. The images processed by the “Weight_2” method either lose 
the damage information of IRT or shearography. The “D-S” method enhances the image contrast and retains most of the 
damage information from IRT and shearography. Furthermore, the image processed by the “Product” method has lower 
contrast than the images processed by the “Average”, “Weight_1” “U2Fusion” and “Bayes” methods.  

 For sample 2 in reflection mode and transmission, the detection ability based on the data fusion technique 
obviously increases, as shown in Fig. 6. Compared with the PCA images, the images after data fusion processing can 
detect more defects. Furthermore, the image contrast extremely increases. For instance, the image processed by the “D-
S” method, “Weight_1” and “Product” methods in transmission mode have high contrast and low noise. However, the 
images processed by the “Difference” method lose many defects information both in reflection mode and transmission 
mode. The image processed by the “U2Fusion” method has low image contrast. 

 
Fig. 6. Data fusion results for sample 2: (a) reflection mode; (b) transmission mode; Weigh_1 denotes weighted 

average method of (5*SH+IR)/6; Weigh_2 denotes weighted average method of (SH+5*IR)/6; Bayes denotes Bayesian 
analysis method; D-S denotes Dempster-Shafer method 
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For sample 3 in reflection mode, the images processed by the “D-S” and “Product” methods have high contrast, 
as shown in Fig. 7(a). It is difficult to distinguish the defective areas and the non-defective areas in the image processed 
by the “Difference” method. The images processed by the “Average”, “Weight_1”, “Weight_2”, and “U2fusion” methods 
have low contrast, which means that the defects are hard to be observed. For sample 3 in transmission mode, the image 
processed by the “Weight_2” method can detect all defects, as shown in Fig. 7(b). The image processed by the “Product” 
method has low contrast. It is difficult to detect the left defects in the images processed by “Average”, “Weight_1”, “Bayes”, 
“D-S”, and “U2Fusion” methods.  

 

 
Fig. 7. Data fusion results for sample 3: (a) reflection mode; (b) transmission mode; Weigh_1 denotes weighted 

average method of (5*SH+IR)/6; Weigh_2 denotes weighted average method of (SH+5*IR)/6; Bayes denotes Bayesian 
analysis method; D-S denotes Dempster-Shafer method 

To quantitatively analyze the image quality based on different data fusion methods, Peak-Signal to Noise Ratio 
(PSNR) is used herein instead of Signal to Noise Ratio (SNR). Because the pixel values of the defective area in 
shearography are either higher or lower than that of the non-defective area. The SNR method is to calculate the average 
values of defective areas for the evaluation of image quality. In this case, the pixel values of the defective area are 
neutralized, and it is difficult to be distinguished from the non-defective area. The PSNR is expressed as follows: 
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= =

=

−

                                                            (3) 

where F represents the intensity of defective areas, R represents the intensity of sound areas, and M, N are the image 
size. It is noted that the lower the PSNR value, the larger the image contrast. The PSNR values of the images processed 
by different data fusion techniques are shown in Fig. 8. It is obvious to find that the “D-S” method has the best effect on 
image contrast. The effect of the “Bayes” method is second to the “D-S” method. Although the “U2Fusion” method is a 
novel unsupervised learning method for data fusion of infrared images and visible images, the results of the “U2Fusion” 
method are not better than the classic methods. Among classical methods, the “weight_1” method has the best effect on 
image contrast. 
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Fig. 8. The PSNR values of the images processed by different data fusion techniques: S1-R denotes the results 

of sample 1 in reflection mode; S1-T denotes the results of sample 1 in transmission mode; S2-R denotes results of 
sample 2 in reflection mode; S2-T denotes the results of sample 2 in transmission mode; S3-R denotes the results of 

sample 3 in reflection mode; S3-T denotes the results of sample 3 in transmission mode 

4.2. Automatic defect detection in data fusion view 

In this section, the object detector algorithm YOLOv7 is used to detect subsurface defects. The datasets described 
in section 3.3 are used. The results of D-S method are shown as in Fig. 9. 

 
Fig. 9. The automatic detection for D-S method: (a) and (b) denote sample; (c) and (d) denote sample 2; (e) and 

(f) denote sample 3 

  The performance of different data fusion techniques is shown in Table 2. The results show that the “D-S” method 
has the best detection capacity among all data fusion techniques, while the “Difference” method is the worst data fusion 
technique. In summary, the ranking of detection ability is D-S > Average > Product » Weight_2 » Weight_1 > Bayes > 
U2Fusion > Difference. 
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Table 2. The performance of different data fusion techniques 

Method Sample 1 Sample 2 Sample 3 

 RM TM RM TM RM TM 

 D/F D/F D/F D/F D/F D/F 

Average 1/0 1/0 14/0 18/0 11/0 10/0 

Difference 1/0 1/0 9/0 14/0 3/0 7/1 

Weight_1 1/0 1/0 15/0 16/0 11/0 11/1 

Weight_2 1/0 1/0 14/0 17/0 10/1 10/0 

Product 1/0 1/0 15/0 18/0 11/1 9/0 

Bayes 1/0 1/0 14/0 17/0 10/1 9/0 

D-S 1/0 1/0 16/0 18/0 11/0 10/0 

U2Fusion 1/0 1/0 15/0 15/0 10/3 11/2 

RM denotes reflection mode, TM denotes transmission mode, D/F denotes detected defects / misdetected defects. 

5. Conclusion 

In this work, infrared thermography and shearography technologies are used for the defect detection of epoxy-
carbon prepreg laminates. The principal component analysis is performed as an image processing method to enhance the 
image contrast and reduce the image noise. The results show that these two technologies are complementary. To improve 
the detection ability, data fusion techniques are involved around the results of these two technologies. Different data fusion 
techniques such as “average”, “difference”, “weighed average”, “product”, “Bayes”, and “Dempster-Shafer” methods are 
applied to the PCA results of these two sensors. In addition, a novel unsupervised network named U2Fusion is also used 
for the data fusion of PCA results. The PSNR is used to evaluate the detection ability of different data fusion results. Finally, 
an automated defect detection method named YOLOv7 is used to detect the defects in the data fusion view. To improve 
the detection ability of YOLOv7, a data augmentation method named MixUp is used to construct the datasets obtained 
from the simulation. The experimental results show the excellent detection ability of the proposed method. Furthermore, 
both PSNR and YOLOv7 methods show that the “Dempster-Shafer” method has the best detection ability among all used 
data fusion methods. Looking forward, the development of an automatic system for identifying defects in curing process 
based on the data fusion of infrared thermography and shearography shall be undertaken for industrial applications. 
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