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Abstract. This paper introduces and tests a statistical correlation method for the optimization 
of the pulsed thermography inspection. The method is based on partial least squares 
regression, which decomposes the thermographic PT data sequence obtained during the 
cooling regime into a set of latent variables. The regression method is applied to experimental 
PT data from a carbon fiber-reinforced composite with simulated defects.  Results showed that 
with the new proposed technique is possible to suppress much of the noise affecting the 
detection of smaller and deepest defects.   

1 Introduction 

Pulsed Thermography [1] is one of the most popular approaches for the inspection and 
quantification of defects in materials. Its great prestige lies in its capability to deploy the 
inspection in transient regime, allowing in this way to display results close to real-time. 
However, due the physical processes involved during the thermographic measurement, 
different sources of noise affect the signal acquired by the infrared camera. Furthermore, non-
uniform heating during the application of the thermal excitation and thermal losses at the 
edges of the surface adversely affect the quality of the results. For these reasons, it is often 
necessary to process the thermographic signals in order to improve – qualitatively and 
quantitatively – the quality of the results. 
Most of the advanced signal processing techniques used nowadays (for instance, differential 
absolute contrast - DAC, and thermographic signal reconstruction - TSR)  are based on the 1D 
solution of Fourier’s law of heat conduction. Despite the great improvement in the quality of 
the images obtained with Fourier law-based signal processing techniques, its application is 
subjected to certain criteria, which include: defect depth, thermophysical properties of the 
material and duration of the transient regime. These concerns motivated the review of an 
alternative method that could allow the reconstruction of the thermographic signatures while 
maintaining physical consistency. 
This work proposes a statistical correlation method for the treatment of thermographic images 
called Partial Least-Squares Thermography (PLST). The proposed method – based on partial 
least squares regression (also known as projection to latent structures) – computes loading P 
and score vectors T that are correlated to the predicted block Y (as in Maximum Redundancy 
Analysis) while describing a large amount of the variation in the predictor matrix X (as in 
Principal Component Regression) [2]. The matrix X corresponds to the surface temperature 
matrix obtained during the PT inspection, meanwhile Y is defined by the observation time 
during which the thermal images were captured.  The result of the decomposition of the X 
block (along with the correlation with Y) is a new set of thermal images and observation 
time vectors. The new thermal sequence is composed of latent variables (the new subspace) 
which consider only the most important variations and unnecessary information present in 
the original thermal sequence is neglected.  
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2 Pulsed thermography fundamentals 

Figure 1 shows the basic principles of pulsed thermography. The inspection by PT is based 
on the application – via radiation heat transfer – of a short and high power thermal pulse to 
the specimen surface (input signal). The amount of thermal energy being absorbed by the 
surface of the sample will create a thermal front that propagates within the material until it 
reaches internal defects, which alter the heat diffusion flux. This interaction between the 
heat flux and internal anomalies - regions with different thermal properties in relation to 
their surroundings - produces dissimilar behaviors in terms of the temperature decay during 
the cooling process, which can be observed with an infrared camera (output signal). The 
deployment of this approach is carried out in transient regime – in contrast with lock-in 
thermography which is carried out under steady-state conditions – thereby allowing fast and 
straightforward data acquisition.  
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Figure 1. Basic principles of the inspection by pulsed thermography. 

 
3 Basics of partial least squares regression 

 
Partial least squares is a method for constructing predictive models, which was developed 
by Herman Wold as an econometric technique, although some of the most avid proponents 
of PLS are chemical engineers (including Wold’s son Svante).  The basic concept of PLS 
and how it differs from classical linear regression methods can be seen in Figure 4. While 
most regression methods rely on the use of all x-values, independently of the content, in 
order to form a new linear combination of variables, in PLS a few linear combinations 
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(components or factors) of the original x-values are found and only these linear 
combinations are considered in the regression equation [3] [4] [5].  In this way, irrelevant 
and unstable information is discarded and only the most relevant part of the x-variation is 
used for the regression. The collinearity problem is solved and more stable regression 
equations are obtained. Furthermore, since all variables all projected down to only a few 
linear combinations, simple plotting techniques can be used for the analysis.  
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Figure 2: Conceptual illustration of PLS and its comparison with classical linear 
regression methods..  

 

PLSR decomposes the predictor X         and predicted Y        matrices into a 
combination of loadings, scores and residuals. The PLS model is expressed as [3]:         
 
 

( 1 )         
 

( 2 ) 

In Equations ( 1 ) and ( 2 ), T         is known as the scores matrix and its elements are 
denoted by    (         ). The scores can be considered as a small set of underlying or 
latent variables responsible for the systematic variations in X. The matrices P        and 
Q        are called loadings (or coefficients) matrices and they describe how the variables 
in T relate to the original data matrices X and Y. Finally, the matrices E         and 
F        are called residuals matrices and they represent the noise or irrelevant variability 
in X and Y, respectively.   

In can be noted in Equations ( 1 ) and ( 2 ) that the X-scores (T) are predictors of Y and also 
model X, i.e., both Y and X are assumed to be, at least partly, modeled by the same latent 
variables.  The scores are orthogonal and are estimated as linear combinations of the 
original variables    with the coefficients, called weights,     (         ). Thus, the 
scores matrix T is expressed by:      
 

( 3 ) 

Once the scores matrix T is obtained, the loadings matrices P and Q are estimated through 
the regression of X and Y onto T. Next, the residual matrices are found by subtracting the 
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estimated versions of     and     from X and Y, respectively. Finally, the regression 
coefficients for the model are obtained using Equation ( 4 ):       
 
 

( 4 ) 

which yields the regression model:               
 
 

( 5 ) 

The decomposition of the predictor X matrix is carried out using the nonlinear iterative 
partial least square (NIPALS) algorithm. 

4 Application of PLSR to pulsed thermography data 

The application of PLSR to PT data is achieved by decomposing the raw thermal data into 
multiple PLS components, each component being orthogonal to each other. Since each of 
the PLS components is characterized by its variance, it is possible to identify through the 
PLS components different phenomena affecting the overall thermal regime. 

The thermal images obtained during the PT inspection are typically arranged in a 3D 
matrix, whose    and   axis are represented, respectively, by   and   pixels, while the   axis corresponds to the   frame number.     and    correspond to the total numbers of 
pixels in the    and    directions while    is the total number of frames (see Figure 3 on 
the left).  
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Figure 3: Schematic representation of the transformation of the 3D thermal data into 
a 2D raster-like matrix. 

 

In order to perform the decomposition of the thermal data sequence into PLS components, 
it is firstly necessary to transform the 3D thermal data into a 2D raster-like matrix, as 
shown in Figure 3. This process is known as unfolding.  The unfolded   matrix 
(corresponding to the thermal sequence) has dimensions            and physically 
represents    observations (or samples) of       variables (or measurements). On the 
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other hand, the dimension of the predicted matrix   – defined by the observation time 
during which the thermal images were captured – is       . 

The data used in this study to investigate the applicability of PLSR, consists of a thermal 
sequence obtained from the PT inspection of a carbon fiber-reinforced polymer. The 3D 
sequence (                 is mean-centered and converted into a 2D raster-like matrix X 
(            . The predicted Y matrix is a column-vector           composed of a time 
series.  The results obtained after the implementation of PLSR to the pulsed thermography 
data is discussed next. 

5 Results 

Figure 4 shows a set of six images corresponding to different times after the application of 
PLSR to the thermal sequence. It can be shown that almost 92 % of the defects can be 
detected with the new synthetic sequence. Although at longer times (i.e., at 1.16 and 1.75 s) 
the background noise is reduced; non-uniform heating is still present at the beginning of the 
IR sequence. The most important finding is that the new sequence preserves the physical 
coherency of the heat transfer process: shallower defects can be observed at the beginning 
of the cooling process while deeper defects require a longer observation time to be detected 
and show less thermal contrast.   This latter factor is extremely important and useful for the 
quantitative analysis of defects. 
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Figure 4: Thermal sequence obtained after the application of the PLS model to raw 
temperature images. 

 
The reconstructed PLST thermograms conserve the same physical behaviour as in PT data 
while reducing noise content in the signal. Another interesting feature in PLST, is its 
extension to situations in which the temperature decay does not follow the 1D solution of the 
of the Fourier law of heat conduction. Whereas some of the processing techniques are based 
on the 1D solution of heat conduction equation – and therefore its application is limited to 
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shallower defects – PLST can be applied to other thermographic inspections (as square pulse 
thermography - SPT) usually employed for the inspection of materials with low thermal 
diffusivity and/or deep defects. 

6 Conclusions 

A methodology and a new method of signal processing of pulsed thermography inspection 
data has been proposed and tested on experimental carbon fiber-reinforced polymer. The 
technique, which is based on partial least squares regression, produces a new set of thermal 
images constructed from the decomposition of the original data into latent variables. The 
PLSR model allows the components associated with non-uniform heating to be identified 
and separated.  Thus, it is possible to suppress the harmful effects of non-uniform heating 
and create a new set of images with a considerable reduction in the background noise, while 
preserving the physical consistency.  Further works are toward this direction. 

 Further studies will include quantitative analysis using the latent variables and the 
application of PLSR to other signal-types, such as Lock-in and Vibro-Thermography.  
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