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Abstract 

In the field of NDT techniques for aeronautic components of composite materials, the 

development of automatic and robust approaches for defect detection is largely desirable 

for both safety and economic reasons. This paper introduces a novel methodology for the 

automatic analysis of thermal signals resulting from the application of pulsed 

thermography. Input thermal decays are processed by a proper FIR filter designed to 

reduce the measurement noise, and then modeled to represent both sound regions and 

defective ones. Output signals are thus fitted on an exponential model, which 

approximates thermal contrasts with three robust parameters. These features feed a 

decision forest, trained to detect discontinuities and characterize their depths. Several 

experiments on actual sample laminates have proven the increase of the classification 

performance of the proposed approach with respect to related ones in terms of the 

reduction of missing predictions of defective classes. 
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1. Introduction 

In the recent years, composite laminates have become the preferred materials for building 

large components in transportation industry because of their properties of lightweight, 

fatigue and corrosion resistance, capability to mold large complex shapes, high stability 

in space environment and so on. However, the susceptibility to impact-damage and the 

strong possibility of internal damage going unnoticed represent one of the weakness of 

this kind of materials. For this reason, non-destructive testing (NDT) techniques assume 

a key role for the analysis of internal defects both at the end of production processes and 

for maintenance checks. 

From one side, a lot of efforts have been focused on the development of NDT techniques 

such as X-ray [1][2], ultrasound [3]-[5], shearography [6], vibration testing [7], electrical 

potential technique [8], infrared thermography [9],[10], and also their combinations 

aimed to gain more sensitivity. On the other side, few works can be found for the 

development of processing approaches designed to support decision processes targeted to 

the automatic evaluation of internal defects. 

With reference to the aeronautic industry, ultrasonic C-scans have been used as standard 

NDT technique to assess the internal quality of large components made of composite 

materials [11]. Ultrasonic testing allows the determination of the depth of the defects with 

good accuracy. However, several inspections with different probes are required, thus 

increasing the cost of the testing phase [12]. For this reason, the use of both lock-in (LT) 

and pulsed thermography (PT) [13] is highly encouraged for the inspection of large areas 



since these techniques do not require any coupling medium (easily adaptable also for 

maintenance checks) and the testing time is relatively short with respect to other 

techniques [14]-[16].  

Recently, many signal processing algorithms have been applied to temperature signals in 

order to extract significant features, to enhance signals and to allow the detection of deep 

defects, even with high noise levels [17]-[19]. Researches have investigated also the use 

of machine learning techniques for developing automatic systems both for the detection 

and the characterization of different defects. These automatic systems can be used to 

support human operators during routine quality control procedures to highlight suspected 

anomalous regions. Supervised techniques [20]-[24] have been applied when a number 

of examples of different defects can be collected and can be used to train classifiers to 

model different behaviors of the signals observed. On the other hand, unsupervised 

techniques [25] have been proposed when examples are not available. In this case 

clustering techniques aggregate similar data, separating clusters whose signals belong to 

anomalous situations from those of sound areas. In a similar way, automatic seeded region 

growing approaches can be used to identify the debonding defects of different structures 

inspected by infrared thermography [26]. 

The performance of automatic systems for defect characterization not only depends on 

the informative content of input signals, but also on the architecture of the selected 

classifiers and the way they are trained with proper examples. The selection of the 

classifier parameters [25] and of thresholds in image preprocessing [26] can greatly 

impact on the final defect detection results. 



In this paper, a signal processing technique based on a FIR filter and on an exponential 

model approximation has been designed to modify thermal signals reducing the effect of 

noise, and to enhance discrimination among signals produced by sound or defective 

regions. Then, a supervised classifier based on a decision forest [20] has been used to 

model defect discontinuities and at the same time to characterize their depths. The whole 

framework, made of preprocessing and classification phases, has been applied to a carbon 

laminate with several buried defects, demonstrating the validity of the proposed method. 

The paper is organized as follows: Section II discusses the signal processing technique 

and the classification methodology; Section III presents the dataset and the classification 

results. Final comments and remarks are in Section IV. 

2. Methodology 

The proposed methodology aims at investigating laminates made of carbon fiber 

reinforced polymer (CFRP) by means of pulsed thermography. The investigation will 

result in the characterization of the composite quality, i.e. in the identification of possible 

defects and their localization in depth. The next subsections will describe the whole 

pipeline for signal processing: the analytical model used to approximate heat transfer 

phenomena in defective media, the novel application of FIR filter to the input thermal 

signal, and the final classifier aimed to defect characterization. 

2.1. Pulsed thermography and analytical model 

The proposed methodology for defect characterization processes data obtained by optical 

pulsed thermography.  



 

Figure 1 - Sketch of a setup of optical pulsed thermography for inspection of composite laminates 

With reference to Figure 1, the inspected materials are illuminated by a heating pulse 

produced by high power optical sources. Source redundancy can be exploited to generate 

a uniform heat distribution on the surface of the composite laminate. As the heating pulse 

vanishes, the surface temperatures decrease uniformly on areas without internal defects, 

while, in presence of internal anomalies, a temperature pattern is produced on the sample 

surface. The shape of this pattern can be linked to the geometrical properties of the related 

defects in the three dimensions.  

The dynamic behavior of the sample can be captured by an infrared camera, whose pixels 

sample the thermal decay of the surface temperature. Consequently, input data combine 

both spatial and temporal information in thermal videos, whose frames are maps of the 

surface temperature at a specific time instant, after the application of the input pulse. 

As known [27], the presence of a defect at depth d alters the temperature decay at the 

surface T(t), whose analytical formulation is: 
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where  is the mass density, c is the heat capacity, k is the thermal conductivity,  is the 

thermal diffusivity, Q is the source energy transferred to the surface and R is the reflection 

coefficient of the discontinuity. 

In this case, thermal decays correspond to single profiles extracted from each pixel of the 

input thermal maps. These decays are individually processed to enhance reciprocal 

alterations and, thus, to aid the final classification of the corresponding surface regions. 

The main steps of this initial processing phase are the following ones [20]:  

1. Input normalization: thermal dynamics are processed to be limited within [0,1] in 

order to compare profiles on the same reference scale. This task is easily reached 

by applying linear formulations to change the current range, bounded by its 

maximum and minimum values, to the target range between 0 and the unity. 

2. Computation of the reference profile: the final goal of this processing is the 

enhancement of differences between thermal decays of a sound region and those 

of a defective one. For this reason, all surface profiles have to be further 

normalized to a reference profile which describe the thermal decay without 

discontinuities. This task is achieved by selecting a trust area of homogeneity from 

the sample under testing or from a reference pristine master. This region will 

represent the expected thermal behavior of a sound region. If it is not possible to 

select this area (or a pristine master), an extended region can be used, under the 

assumption that defects are well localized and much smaller than the area of the 

selected region. These thermal decays can be averaged to describe, with enough 

accuracy, the expected temperature of a sound region. 

3. Normalized contrast computation: the input normalized thermal decay, obtained 

from the specific pixel, i.e. surface point, under testing, and the reference one are 



compared to produce the normalized contrast. This profile (T(t)) is easily 

obtained by subtracting the reference temperature profile to the normalized input 

ones under analysis. 

It is important to underline that normalized contrast computation can suffer from non-

uniform heating of the composite laminates. Although tests have to be performed with 

the best source arrangement, it is difficult to achieve uniform heating over extended trust 

patches. In this case, temperature decays show the same behavior, since no discontinuities 

are in the trust area (or in the pristine master), but with relative delays. Several reference 

temperature profiles can thus be computed from a single trust area, by separating regions 

which have the same temperature at a specific time instant, i.e. along isothermal lines of 

the thermal map. Temperature contrasts will be thus normalized by taking into account 

the corresponding references, which depend on their position on the thermal map. 

Every normalized temperature contrast, obtained at the end of the proposed flow, shows 

a characteristic behavior. The absence of any discontinuity under the surface of the 

sample produces a T(t) profile constantly equal to 0, as effect of the difference with the 

expected behavior of the sound region. On the contrary, in case of subsurface defects, 

T(t) profiles have the behavior reported in Figure 2, which displays the normalized input 

contrasts expected for different depths of the defects.  



 

Figure 2 - Analytical normalized thermal contrasts for different defect depths from surface (dark 

blue) to deep defects (light blue). 

These profiles own the following properties: 

• At t = 0, T(0) = 0. This is consequence of the initial normalization of thermal 

decays. In all cases, with and without subsurface defects, the first sample of the 

acquired thermal decays is at the highest temperature and thus shifted to 1; 

• At t < td, T(t) rapidly varies with positive or negative derivatives depending on 

the position in depth of the discontinuity. It is worth noticing that the time 

constant td determines the transition between two operating regimes and it is 

directly dependent on the depth of the defect, as well; 

• At t > td, T(t) follows an exponential decay till the limit of T(t → ∞) = 0.  

All properties can be represented by an exponential model made of three unknowns, 

whose values can be determined solving an optimization (fitting) problem in the least-

square sense: 
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An example of the application of the model of Eq. (2) on the profiles of Figure 2 is 

reported in Figure 3.  

 

Figure 3 - Results of the application of the model in Eq. (2) on the profiles in Figure 2. 

A generic normalized thermal contrasts, obtained inspecting the p-th pixel, is efficiently 

approximated by a feature vector [a1, a2, a3]p. The re-arrangement of all feature vectors 

on the corresponding position of the p-th pixel creates three spatial maps, one for each 

feature, which compress the whole information given by the thermal videos. The 

classification of surface regions in pristine of defective classes will be thus computed on 

only three input matrices of high informative contents. 

Although this representation is very efficient, normalized temperature contrasts captured 

by the thermal camera are mostly affected by measurement noise. As a consequence, the 

discrimination between signals acquired from sound and defective regions can be hard if 

signal processing strategies are not adopted. 



2.2. FIR filter design 

The main novelty of the proposed methodology resides in the design of a FIR filter able 

to remove noise from input signals, thus improving discrimination among the different 

thermal behaviors.  

As effect of measurement noise, input temperature contrasts highly fluctuate around their 

actual values. Preliminary experiments performed on regions of homogeneity, whose 

thermal contrast would be constantly equal to 0, demonstrate that the standard deviation 

of the mean thermal contrast, computed among profiles of sound regions, is equal to the 

19.9% of the whole dynamics of this mean profile (2.359 × 10-3 over 11.814 × 10-3, 

respectively). Noise reduction is mandatory to improve discriminations between profiles 

corresponding to defective or sound regions. 

With this aim, a Finite Impulse Response (FIR) filter has been designed to properly cut 

off high frequencies, which carry the noise contribution. Starting from the characteristic 

values of the noise dynamics, the FIR filter has been designed with pass-band and stop-

band frequencies at an angular frequency of 0.06 and 0.1, respectively, with pass-band 

ripple bounded within the limit of 0.05 and stop-band attenuation of 10-4. Following the 

Parks-McClellan algorithm for filter design [28], the optimal order for the equiripple FIR 

filter has been set to 135. These specifications produce the result in Figure 4, which 

reports the magnitude of the low-pass filter.  



 

Figure 4 - Magnitude of the low-pass FIR filter used to process input thermal contrasts. 

 

Figure 5 - (a) Input thermal contrast with measurement noise and (b) corresponding mirrored 

signal. (c) Result of the filter on the mirrored input contrast. 

The application of a FIR filter to a signal requires a transient time interval before the 

effective operation (steady state). During this transient response, whose duration is equal 

to 134 time samples, the filter output can differ significantly from the expected value. In 

addition, the transient response clearly affects mainly the first range of samples of the 

(a) (b) 

(c) 



normalized temperature contrast, which carries most of the information. For this reason, 

the input signals, such as the one of Figure 5(a), are processed exploiting their properties. 

Since in pulsed thermography the temperature profiles are collected during the cooling 

phase, the first sample of the surface temperature always corresponds to the highest. 

When normalization is applied, this sample always becomes equal to 1. Consequently, 

the first sample of the temperature contrast, which is computed by subtracting the actual 

profile from the reference, vanishes. As the first sample of T is always equal to zero, it 

is possible to mirror this signal for the negative part of the time domain. It creates an odd 

function, having symmetry around the origin, such as the one of Figure 5(b). Since the 

duplicated signal has a length (2nT - 1) typically much higher than 134 (transient 

duration) and the expected behavior around the origin is almost linear, the FIR filter can 

effectively reach the steady-state in the range of interest (at t > 0). The results of the 

application of the FIR filter to the mirrored profile of Figure 5(b) are in Figure 5(c). This 

signal can thus be windowed in the range [0, nT - 1] to select the area of interest. 

As an example, Figure 6 displays the results of the FIR filter on three signals belonging 

to areas with discontinuities placed at different depths. The application of the filter clearly 

improves the discrimination among the profiles, which are qualitatively distinctive of the 

properties of the corresponding defects. Then, these filtered normalized contrasts TF can 

be used to determine the three unknowns (features) of the exponential model of Eq. (2). 



 

Figure 6 - (a) Input thermal contrast from three actual regions having discontinuities at different 

depths and (b) corresponding results of the filtering process, which improves discrimination 

among signals. Yellow curves are taken from regions having the highest discontinuity (close to 

the surface), while red curves are from regions with the deepest one. Dd is the depth of the 

discontinuity. 

2.3. Classifier 

Every pixel of the images of a thermal video captured by a thermocamera produces a 

signal, which is processed and then approximated by the exponential model of Eq. (2). It 

produces three different maps (feature maps) having the same size of the thermal images, 

filled by the features [a1, a2, a3] of the model. Hereafter, [a1, a2, a3] label the unknowns 

of the model without the application of the FIR filter, whereas [a1F, a2F, a3F] refers to the 

features of the filtered normalized thermal contrasts.  

In both cases, feature vectors become the input of a classifier, which can state whether a 

pixel belongs to a defective region. Actually, the aim of this methodology is not only the 

recognition of the defect, but also its characterization in terms of depth. For this reason, 

the classifier will group pixels into three different classes, which are representative of the 

(a) 

(b) 



position in depth of a detected defect. These groups are labeled as: (i) class 0 of sound 

regions; (ii) class 1 of surface, but buried, defects; (iii) class 2 of in-depth defects. Class 

2 will be made of only defects at a specific depth. Then the classifier will generalize and 

label as class 2 all feature vectors from defects at similar depths, whose thermal behavior 

are comparable to the ones due to defects of class 2. 

The classification is performed using a supervised learning approach. Several examples 

of the three classes of interest feed the classifier which is trained to recognize similar 

behaviors in the unknown inputs proposed during the testing phase. In this case the 

classifier is an ensemble of decision trees (decision forest). In particular, a decision forest 

of 30 trees [29] is used since it produces the best results with respect to a simple decision 

tree and k-NN algorithms [20]. With more details, a decision forest labels a set of input 

features following a voting mechanism. Every tree of the ensemble is a graph-based 

classifier performing a sequence of decisions. Then, the outputs are collected to select the 

best prediction on that input features. The cooperation of different trees improves the 

robustness of the classifier in response to minor alterations of the inputs.  

A comparative investigation will be performed by changing the size of the input vectors 

which feed the classifier. Specifically, for each pixel of the surface, the feature maps made 

of the values of [a1, a2, a3] and [a1F, a2F, a3F] will be windowed by square masks of 

different sizes (Q×Q, Q = 1, 3, 5, …), centered on the pixel under analysis. If the pixel 

under analysis is close to the image boundary, so that the window is off of the image 

edges, border replication is used to fill the feature entries outside the image, but within 

the square mask. The resulting values of the masking process will be then reshaped in 

vectors of size of (3·Q·Q)×1. These sets of features will be the actual inputs to the 



classifier and, depending on their sizes, will add increasing neighborhoods in the final 

classification performed by the decision forest.  

3. Experiments and Results 

The ability of the proposed FIR-aided methodology in the classification of defects will be 

tested on an actual sample of a CFRP laminate, filled by both surface and in-depth 

inclusions of foreign materials. The next subsections will discuss on classification results, 

showing the main advantages given by the use of the FIR filter in the preliminary 

processing of the normalized temperature contrasts. 

3.1. Input dataset 

Experiments have been performed on a sample laminate of CFRP made of eight layers of 

unidirectional carbon fiber (layer thickness of 0.1 mm) [20]. The specimen has been 

enriched during production with several inclusions of foreign materials, in order to 

generate known defects at different depths. Although these defects belong to a specific 

category, namely inclusions, the proposed method can be used to detect any other kind of 

defects, once examples are provided during training. Following the principles of 

supervised learning, these examples will represent the thermal behavior expected for that 

specific defect. In a similar manner, the classifier can be also trained with more examples 

representing the thermal behavior of defects placed at other depths than the one of class 

2. In this way, further classes of in-depth defects can be recognized, thus reaching higher 

accuracy in depth estimation. 

With reference to the sketch in Figure 7, four foreign objects of white paper and 

fluorinated ethylene propylene (FEP) are placed in the laminate: two of them are surface 

defects (class 1) placed between the two last layers; the other two objects are in-depth 



defects, between the fourth and the fifth layers (class 2). These four objects are made of 

0.08-mm-thick white paper (see the two white blocks in Figure 7) and 0.05-mm-thick 

fluorinated ethylene propylene (FEP, see the two purple blocks in Figure 7). Their in-

plane sizes are alternatively equal to 5×5 mm and 25×25 mm. These defects have been 

chosen in agreement with both the geometrical tolerances of aeronautical production 

lines, and the capability of IR thermography in inspecting defects of small sizes at high 

depths. 

The sample is inspected by dividing its surface in three different regions, whose extension 

is related to the field-of-view of the thermocamera used for experiments (FLIR X6540sc 

[30]). One region trains the decision forest, and the other two regions test its performance. 

The two test regions have an overlap area with a surface defect of FEP. The remaining 

part of the test region 2 encloses a homogeneous region (class 0). However, this area is 

highly structured and the corresponding thermal behavior is similar to the one of defective 

regions. Consequently, this further test will state the capability of the method in 

discriminating actual defects from buried structures due to the specific layup of the 

composite laminate. 



 

Figure 7 - Sketch of the sample laminate, detailed in three different regions. Defects are 

represented by squares; the remaining area refers to sound material. Sizes are reported in scale. 

The proposed methodology requires the first selection of a trust region without defects, 

which will be used to create the reference thermal decay of a pristine region. This 

reference is mandatory for the final computation of the normalized thermal contrast ΔT(t), 

which will be further approximated by the exponential model. Since the training region 

is supposed to be completely known in terms of its geometry, the extended trust region 

has been selected as the rectangular area made of the last 75 columns of the training region 

(see the right side of the sample sketched in Figure 7). 

3.2. FIR filter application 

The use of the FIR filter is aimed to the reduction of measurement noise and to the 

consequent enhancement of discrimination between thermal decays produced by pristine 

and defective regions. These results can be highlighted by displaying the feature maps 

before and after the application of the FIR filter (see the left and right columns of Figure 

8, which are related to the three regions of interest). In this case, each channel of the false 

color maps represents the contribution of a single feature of the exponential model.  



These images represent the input for the actual classification. Each image will be 

windowed by square masks to create the input vectors. Under these hypotheses, it is easy 

to understand that an improvement of map contrast will produce better results, since 

discrimination will be enhanced. 

 

Figure 8 - Images in false colors from the inspection of: (a)-(b) the training region and (c)-(f) of 

the test regions. Each RGB channel represents a feature of the exponential model before (left 

column) and after (right column) the FIR filter. 

As expected, a qualitative insight on these results proves that the use of the FIR filter on 

the input normalized thermal contrasts improves the image contrast: defects of class 2 are 

enhanced with respect to the background (sound region).  
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Quantitatively, the improvement of image contrast can be viewed by inspecting the image 

entropy. This value measures the energy of a gray-scale image, in terms of its randomness 

or its textures [31]. Specifically, high value of entropy refers to a high level of details 

within the image, whose pixels’ amplitudes vary with high variance (high image contrast). 

On the contrary, if the level of the entropy is low, the image has few details and low 

contrast, thus reducing the final capability of the classifier to discriminate among classes. 

The feature maps are made of three channels. For this reason, the whole entropy is 

computed by averaging the three entropy values of each channel. These results, obtained 

for the six images of Figure 8, are reported in Table 1. 

Table 1 - Average values of per-channel entropy of the input feature maps of the three regions 

under analysis, with or without the application of the FIR filter 

Region Before FIR filter After FIR filter 

Training 10.166 11.042 

Test 1 10.369 10.872 

Test 2 10.169 11.276 

 

The analysis of the results in Table 1 confirms the qualitative outcomes of the inspection 

of Figure 8. Specifically, the entropy of the feature maps of the training region, and the 

test regions 1 and 2 increases of 8.62%, 4.86% and 10.88%, respectively. This clearly 

proves that the application of the FIR filter increases the number of details within the 

feature maps. 

It is important to notice that the gain in the image contrast is unambiguously due to an 

improvement of the contrast between defective and sound regions. At the same time, also 



the amplitude magnification of the texture of the normalize input contrast has effects on 

the increase of whole entropy. Both contributions are proposed to the input layer of the 

classifiers, which will manage properly the enhanced contrasts to produce better results. 

3.3. Classification results 

Classification is performed considering different sizes of the mask used to create the 

informative input vectors. The mask sizes (Q×Q) are set to 1×1 (scalar input), 3×3, 5×5 

and 7×7. Final classifications have been achieved by training four decision forests 

depending on the size of the masks. As a consequence, all results to be shown in the next 

lines are obtained under the best working conditions for each size considered to window 

input feature maps. 

The performance of the classifier will be expressed in terms of precision and recall [32]. 

In standard two-class classification problems, precision states whether predictions of a 

class are true, whereas recall is related to the number of missed predictions of that class. 

When multi-class problems are tackled, precision and recall metrics can still have the 

same meaning, but refers to the comparison of a specific class with respect to the others. 

As a first step, it is important to determine which mask size gives the best result in the 

classification of the surface pixels. For this reason, Figure 9 reports the average precision 

and recall, computed on class 1 and 2 (defective) against the others by weighting their 

influence by the population of the corresponding classes. 



 

Figure 9 - Average precision and recall for the detection of defects against sound regions 

Figure 9 clearly demonstrates that increasing the size of the feature vectors, including 

more neighborhoods, i.e. information, improves the results, which approach the up-right 

corners of the plots (both average precision and recall are close to unity). 

As a second step, a comparison of results before ([a1, a2, a3]) and after ([a1F, a2F, a3F]) the 

application of the FIR filter have been performed in terms of precision and recall of each 

of the three classes against the remaining, by considering a size of the square mask of 

7×7. These results are shown in Table 2. 

Table 2 - Precision and Recall before and after the application of the FIR filter 

 Metrics 0 vs All 1 vs All 2 vs All 

Before FIR filter Precision 0.9915 0.9967 0.9112 

Recall 0.9994 0.521 0.7312 

After FIR filter Precision 0.9936 0.9932 0.9134 

Recall 0.9992 0.7189 0.7355 



 

As a first point, it is important to notice that recall results for defects of class 1 are 

relatively low, although the inspection of Figure 8 reveals that surface defects are well 

contrasted in the feature maps, both before and after the use of the FIR filter. This results 

from the presence of the internal structures of the laminate, due to its layup. All these 

textured regions are grouped in class 0. The classifier is thus trained to model class 0 in 

order to include also these textures, which can also cross defects of class 1. As a 

consequence, both class 0 and 1 can overlie in the same point and, even though input 

features are well separated, the classifier is not able to discriminate between class 0 and 

1: observations of class 1 can be labeled as class 0, downing the estimated recall in Table 

2. 

Moreover, the comparison of results before and after the application of the FIR filter 

shows that precision values are almost equal. On the contrary, the recall value computed 

for class 1 against class 0 and 2 increases of about 19.8%. It means that missed predictions 

of defects of class 1 are significantly reduced, i.e. surface defects are better recognized 

over the sample laminate. This is effect of the contrast enhancement shown by the 

inspection of Figure 8, which implicates an improvement of discrimination between 

thermal signals produced by sound regions and defective ones. This improvement is of 

great importance in the field of aeronautics, where defects must be recognized with the 

best reliability for safety reasons. 

The application of the proposed methodology on training and test regions is displayed in 

Figure 10. In this case, classes are labelled with different colors: dark blue corresponds 



to sound regions (class 0), whereas light blue and yellow refer to class 1 and 2, 

respectively.  

 

Figure 10 - Results of classification changing the size of the patches used to define input features. 

Dark blue refers to class 0 (homogeneous regions); cyan and yellow indicate the defective classes 

(1 and 2 respectively). 



The inspection of Figure 10 proves the capability of the proposed methodology also in 

the reduction of false positives, i.e. wrong assignments of pixels of sound regions to 

defective classes, as the number of neighborhoods involved in the classification increases. 

In particular, a patch size equal to 7×7 gives the best results, especially in test region 2, 

which is mostly filled by sound regions with buried structures due to the specimen layup. 

Missed predictions of defects of class 1 in the test region 2, which down the recall value 

of class 1 vs All in Table 2, are also limited by increasing the patch size to 7×7. 

The quality of these results is also confirmed comparing the outputs of Figure 10 with the 

result of [20]. The application of the FIR filter significantly downs the presence of spots 

labeled as internal defects, but actually due to the pattern of the specimen layers. These 

wrong assignments are removed without improving the training phase, i.e. without 

including more samples of the class 0 in order to better characterize its behavior. It clearly 

proves that the FIR filter maximizes the ability of the classifier to group all regions 

different from the ones of class 1 and 2 into the cluster made of points of class 0. This 

outcome can be measured in terms of the average precision of the defective classes, 

computed by weighting their influence by the population of the corresponding classes. If 

the comparison is performed on output obtained with 7×7 square patches, the use of the 

FIR filter on normalized thermal contrasts increases the average precision value in [20] 

from 92.21% to 95.56%. 

4. Conclusions 

This paper describes a methodology for automatic defect classification in composite 

laminates inspected by pulsed thermography. A FIR filter has been designed to process 

input thermal signals and reduce measurement noise. It leads to higher discrimination 



among signals captured from regions with or without defects. A classifier, based on a 

decision forest of 30 trees, processes input signals, approximated by an exponential 

model, in order to distinguish the properties of the defects in terms of their depths. 

Experimental analyses, performed on an actual CFRP laminate with four defects 

(inclusions) of two classes (surface and in-depth defects), demonstrates the reduction of 

false negatives, as a consequence of the application of the FIR filter on the input thermal 

signals. Also wrong assignments of pixels of homogeneity to defective classes decrease, 

as the number of neighborhoods involved in the classification increases to 7×7. Future 

work will be aimed to prove the ability of the proposed method to generalize the 

characterization of defects on other samples, made of different constitutive media or 

arrangement of layers. 
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