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Abstract. Ensuring the integrity and mechanical performance of critical components is essential 
in many industrial applications. Widely used inspection methods have several limitations: 
destructive testing is accurate but involves sample destruction and time-consuming procedures, 
ultrasonic testing is slow and requires contact and skilled operators, and radiographic testing is 
expensive and demands stringent safety measures. This work presents an innovative non-
destructive inspection method based on active infrared thermography. Modulated heat sources 
locally heat the specimen while advanced algorithms process the resulting thermal images to 
generate high-contrast maps for rapid defect detection and material characterization. Its cost-
effectiveness and ease of integration into in-line production processes make it highly suitable for 
automotive, aerospace, and high-precision manufacturing applications. 
Introduction 
Evaluating weld quality is crucial in manufacturing, as it directly affects the structural integrity 
and performance of welded components. Conventional inspection methods, such as destructive 
testing, provide accurate results but lead to significant material waste and require considerable 
downtime. Nondestructive techniques, such as ultrasonic and radiographic testing, while valuable, 
are often limited by slow processing speeds, the need for physical contact, complex safety 
requirements, and the reliance on highly skilled operators [1, 2, 3, 4]. 

Active thermography has emerged as a powerful alternative in non-destructive testing (NDT). 
In this technique, an external heat source (e.g., a laser) is used to stimulate the specimen, and an 
infrared (IR) camera captures the transient thermal response [5, 6, 7, 8, 9]. When combined with a 
lock-in approach – where the heat source is modulated at a fixed frequency – the method can 
isolate thermal wave components that are highly sensitive to local variations in thickness, thermal 
diffusivity, and subsurface defects [10, 11, 12]. 

In our work, we develop a comprehensive framework for active thermographic inspection that 
integrates: 

• An analytical model of thermal diffusion in a homogeneous slab under laser excitation, 

• A gradient-based image processing method to enhance both phase and amplitude 
contrast in thermal images, and 

• An AI-based (transfer learning) model to quantitatively predict microstructural 
dimensions. 
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This framework not only produces high-contrast thermal maps for rapid defect detection but 
also provides quantitative insights into the internal structure of inspected components. Its 
simplicity, cost-effectiveness, and compatibility with in-line production environments make it an 
attractive solution for a wide range of industrial applications. 

It is worth noting that the present work is still at a feasibility stage, aiming to assess the potential 
and applicability of the proposed approach. A comprehensive quantitative comparison with 
existing methodologies, as well as validation on industrial applications, will be addressed in future 
developments. 
Overview on Active Thermography and Frequency Based Approach 
Active thermography relies on externally heating the sample and capturing its thermal response 
over time. In lock-in thermography, the heat source is modulated periodically. For example, when 
a laser with power 𝑷𝑷𝟎𝟎, having spot radius 𝒂𝒂 and a Gaussian profile defined as a function of the 
distance 𝒓𝒓 from the spot center excites a slab of thickness 𝓵𝓵, the absorbed power is defined as 

𝑷𝑷(𝒓𝒓) = 𝜼𝜼
𝑷𝑷𝟎𝟎
𝝅𝝅 𝒂𝒂𝟐𝟐

𝐞𝐞𝐞𝐞𝐞𝐞�−
𝟐𝟐𝒓𝒓𝟐𝟐

𝒂𝒂𝟐𝟐
� (1) 

where 𝜼𝜼 is the power fraction absorbed. The phase delay of the thermal wave at the rear surface 
is a function of both the material's thermal diffusivity 𝑫𝑫𝒔𝒔 and the modulation frequency 𝒇𝒇𝓵𝓵. Under 
periodic excitation, the phase delay 𝝓𝝓 decreases linearly with the distance from the center of the 
laser spot at a rate of −𝓵𝓵/𝝀𝝀  , where the thermal diffusion length 𝝀𝝀 is given by 

𝛌𝛌 = �𝟐𝟐𝐃𝐃𝐬𝐬

𝛚𝛚
,      𝛚𝛚 =  𝟐𝟐𝟐𝟐 𝐟𝐟𝓵𝓵. (2) 

This relationship shows that even small changes in thickness or thermal diffusivity (due to 
defects and impurities) can result in measurable phase differences [13]. 

Lock-in thermography effectively suppresses noise and isolates the oscillatory component, 
making it suitable for detecting defects in composite materials, metal welds, and other essential 
structures [10, 11, 12]. 
The Proposed Methodology: Gradient Method 
In our approach, the active thermography experiment generates a series of thermal images 𝑻𝑻𝒌𝒌

(𝒓𝒓,𝒄𝒄) 
where 𝒌𝒌 = 𝟎𝟎, … ,𝑵𝑵− 𝟏𝟏 denotes the time index and (𝒓𝒓, 𝒄𝒄) represents the pixel coordinates. For 
each pixel, the temperature signal is analyzed using the Discrete Fourier Transform (DFT) 

𝑻𝑻�𝐧𝐧 = �𝑻𝑻𝒌𝒌𝒆𝒆
𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊
𝑵𝑵

𝑵𝑵−𝟏𝟏

𝒌𝒌=𝟎𝟎

, 𝐧𝐧 =  𝟎𝟎, … ,𝐍𝐍− 𝟏𝟏. (3) 

We extract the Fourier coefficient corresponding to the laser modulation frequency, given 
𝒏𝒏_𝓵𝓵 = ⌈(𝑵𝑵 𝒇𝒇_𝓵𝓵)/𝒇𝒇_𝒓𝒓 ⌉, and compute its phase as 

∠𝑻𝑻�𝐧𝐧𝓵𝓵 = atan2�I�𝑻𝑻�𝐧𝐧𝓵𝓵�,𝕽𝕽�𝑻𝑻�𝐧𝐧𝓵𝓵��. (4) 
Due to system delays, an offset 𝝓𝝓𝟎𝟎 is present, so the effective phase is 

𝝓𝝓 = ∠𝑻𝑻�𝐧𝐧𝓵𝓵 − 𝝓𝝓𝟎𝟎. (4) 
Since the ideal theoretical model for a homogeneous slab would yield a smooth phase delay, 

any local deviations in 𝝓𝝓 are indicative of defects or changes in material properties.  
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An example of such an application can be found in the classification of resistance spot welding 
(RSW) joints.  

In fact, the internal uniformity of the weld spot can be evaluated through statistical indices 
computed on the phase map (see, e.g., [14]). For instance, we can compute the variance of the 
phase delay as an internal uniformity index. Moreover, the size of the joint can be estimated from 
the area in the frame that shows larger heat transfer from the magnitude of 𝑻𝑻�𝐧𝐧𝓵𝓵. The contour plot 
depicted in Figure 1 shows the correlation between the nugget area and phase variance 𝒗𝒗 to the 
ultimate tensile strength (UTS), highlighting that welds with higher mechanical strength 
correspond to points with larger nugget areas and lower phase variance. The tests have been 
performed in different welding conditions:  

1. conditions that lead to “bad” spot welds due to a low current value, and thus the presence 
of an undersized nugget; 

2. condition leading to “good” spot welds obtained with the optimized process parameters; 
3. condition leading to “bad” spot welds due to high current and the presence of spatter. 

To provide information to a non-expert user about the material internal defect, we compute the 
spatial gradient of the phase map, i.e., 

𝛁𝛁𝛁𝛁(𝐱𝐱, 𝐲𝐲) =
𝛛𝛛𝛛𝛛
𝛛𝛛𝛛𝛛

𝒊̂𝒊 +
𝛛𝛛𝛛𝛛
𝛛𝛛𝛛𝛛

𝒋𝒋̂, (5) 

with the gradient magnitude given by 

|𝛁𝛁𝛁𝛁(𝐱𝐱,𝐲𝐲)| = ��
𝛛𝛛𝛛𝛛
𝛛𝛛𝛛𝛛

�
𝟐𝟐

+ �
𝛛𝛛𝛛𝛛
𝛛𝛛𝛛𝛛

�
𝟐𝟐

. (6) 

Furthermore, to better accentuate radially oriented features (i.e., the weld nugget edges), we 
compute the vector from each pixel (𝒙𝒙,𝒚𝒚) to the weld center (𝒙𝒙𝒄𝒄,𝒚𝒚𝒄𝒄) 

𝒄𝒄�⃗ (𝒙𝒙,𝒚𝒚) = (𝒙𝒙 − 𝒙𝒙𝒄𝒄)𝒊̂𝒊+ (𝒚𝒚 − 𝒚𝒚𝒄𝒄)𝒋𝒋̂, (7) 

 
Figure 1: Contour plot relating the thermographic features (nugget area and phase variance) to 
the ultimate tensile strength (UTS) of the weld. The blue region highlights areas associated with 
poor-quality welds, defined as those with UTS below 80% of the maximum strength, while the 
yellow region corresponds to high-quality welds. Dot markers indicate experimentally tested 

data points from specimen sets 1 (green), 2 (red), and 3 (black) 
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and define the adjusted gradient magnitude by projecting 𝛁𝛁𝛁𝛁(𝐱𝐱,𝐲𝐲) onto 𝒄𝒄�⃗ (𝒙𝒙,𝒚𝒚) 

|𝛁𝛁𝛁𝛁(𝐱𝐱,𝐲𝐲)|𝒂𝒂𝒂𝒂𝒂𝒂 = 𝛁𝛁𝛁𝛁(𝐱𝐱,𝐲𝐲) 𝐜𝐜𝐜𝐜𝐜𝐜𝜽𝜽(𝒙𝒙,𝒚𝒚), (8) 

where 

𝐜𝐜𝐜𝐜𝐜𝐜 𝜽𝜽(𝒙𝒙,𝒚𝒚) =
𝛁𝛁𝛁𝛁(𝐱𝐱, 𝐲𝐲) ⋅𝒄𝒄�⃗ (𝒙𝒙,𝒚𝒚)

|𝛁𝛁𝛁𝛁(𝐱𝐱,𝐲𝐲)||𝒄𝒄�⃗ (𝒙𝒙,𝒚𝒚)|. 
(9) 

The gradient-based processing dramatically improves the visualization of the weld features, and 
it can also be applied to �𝑻𝑻�𝐧𝐧𝓵𝓵�. Figure 2 shows an example of the magnitude gradient map �𝛁𝛁�𝑻𝑻�𝐧𝐧𝓵𝓵��. 

A 3D printed PLA plate was used as the test sample, with controlled defects generated in the 
form of the letters of the "JTech" logo, each embedded in a 1 × 1 cm region at a depth of 0.5 mm. 
Darker regions indicate higher gradient magnitudes, corresponding to the edges of internal defects. 
The interested reader finds further details in [15]. 
Nugget Size Analysis in RSW: Experimental and AI-Assisted Results 
The method was used to predict the nugget and corona bond size in resistance spot welding, which 
is crucial for the quality assurance of the welds. 

Notice how the gradient map provides enhanced contrast at the nugget boundary, improving the 
visualization of the nugget button size (see Figure 3) [16, 17].  

 

     

     

Figure 2: “Jtech” test plate. On the top row, the amplitude map �𝑻𝑻�𝒏𝒏𝓵𝓵�. On the bottom, the 
amplitude gradient map �𝜵𝜵�𝑻𝑻�𝒏𝒏𝓵𝓵��. 
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(a) - 48 |𝛻𝛻𝛻𝛻(𝑥𝑥,𝑦𝑦)|𝑎𝑎𝑎𝑎𝑎𝑎 

 
(b) - 48 �𝛻𝛻�𝐓𝐓�𝐧𝐧𝓵𝓵��𝑎𝑎𝑎𝑎𝑎𝑎

 
 

(c) - 52 |𝛻𝛻𝛻𝛻(𝑥𝑥, 𝑦𝑦)|𝑎𝑎𝑎𝑎𝑎𝑎 
 

(d) - 48 �𝛻𝛻�𝐓𝐓�𝐧𝐧𝓵𝓵��𝑎𝑎𝑎𝑎𝑎𝑎
 

Figure 3: Comparison of adjusted maps for different nugget sizes 
A convolutional neural network (CNN) further exploits the gradient-based images. Our 

approach uses a transfer learning model based on the InceptionV3 architecture. The process is as 
follows 

1. Preprocessing: The gradient maps from phase and amplitude channels are normalized and 
converted into three-channel images. 

2. Feature Extraction: The pre-trained InceptionV3 model acts as a feature extractor. 
3. Regression: Custom dense layers (with ReLU activation) are appended, and the final output 

layer (with linear activation) produces a regression estimate of the nugget diameter 𝑳𝑳� . 
 
Figure 4 shows the overall CNN architecture used in our study. The network is trained with 

labeled weld data, and its predictions are compared with metallurgical measurements (see, e.g., 
[18]). A linear regression model is then used to relate the estimated nugget diameter 𝐿𝐿� to the 
measured value 𝐿𝐿 as 

𝑳𝑳 = 𝒎𝒎 𝑳𝑳� + 𝒒𝒒, (10) 
where the regression coefficients 𝑚𝑚 and 𝑞𝑞 are determined via least-squares fitting.  

 
Figure 4: Overview of the CNN architecture based on InceptionV3 used for nugget diameter 

estimation. 
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Figure 5: Correlation between AI-predicted nugget diameters 𝑳𝑳�  and metallurgical measurements 

𝑳𝑳. Gray dots and squares represent nugget and corona bond data from the training set, 
respectively; black markers correspond to the validation set. 

Training a convolutional neural network (CNN) requires a large amount of data that cannot be 
easily generated from experimental welding tests. It is worth noting that, within the signal 
processing community, the problem of training reliable CNNs to retrieve info from 2D convolution 
is a standard procedure in image processing. Thus, we exploit a pre-trained general-purpose image 
parser neural network, whose output is parsed by a tailored dense neural network (DNN), which 
provides the nugget and corona bond sizes. 

Our experiments yield a Pearson correlation coefficient of 0.94 between the predicted and 
measured values. Figure 5 shows the correlation between the CNN-predicted nugget sizes and the 
metallurgical measurements. 
Conclusions 
In this work, we present a comprehensive methodology for non-destructive evaluation of weld 
joints using active thermography, combined with gradient-based image processing and artificial 
intelligence. By employing lock-in thermography, the phase delay, which is highly sensitive to 
weld thickness and thermal diffusivity, is accurately measured. Subsequent computation of spatial 
gradients enhances the imaging of weld nugget boundaries and defects. Finally, a CNN leveraging 
transfer learning from InceptionV3 can predict weld geometrical dimensions with strong 
correlation to metallurgical measurements. 

This integrated approach offers significant promise for automated in-line quality control, 
reducing the need for destructive testing and enabling more effective process monitoring. Future 
work will focus on refining the excitation frequency and expanding the dataset to facilitate further 
validation and improvement of the AI model. 
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