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Abstract

Non-Destructive Testing (NDT) plays a fundamental role in ensuring quality and structural integrity in high value-
added industrial sectors. Pulsed Thermography (PT) Is prominent in this context due to its efficiency and capability to inspect
large areas; however, the technique is frequently hindered by non-uniform heating noise and lateral heat diffusion. Addressing
this issue, this work proposes the development of a methodology based on optimized Deep Learning models focused on Regions
of Interest (ROIs) for the automated detection of thermal anomalies. Initially, Thermographic Signal Reconstruction (TSR) is
applied for high-frequency noise attenuation, followed by Principal Component Thermography (PCT) to maximize the thermal
contrast in PVC specimens. The proposed method is based on the extraction and classification of balanced regions of interest
(ROls), ensuring an adequate distribution between the classes. During training, the model calibrates the decision threshold
through validation, with optimization aimed at maximizing recall, prioritizing the detection of positive instances. Furthermore,
the Early Stopping mechanism is employed, which halts training when there are no improvements in validation performance.
This strategy contributes to the reduction of overfitting and improves the model’s generalization capacity.

1. Introduction

Non-Destructive Testing (NDT) plays an indispensable role in ensuring quality and maintaining structural integrity in
high-value-added industrial sectors. In this context, Infrared Thermography (IR) has established itself as a robust technique,
enabling the non-invasive detection of defects by recording the spatio-temporal evolution of heat [I]. Among the active
modalities, Pulsed Thermography (PT) is widely used due to its agility and capability to inspect large areas; however, the
technique suffers from non-uniform heating noise and lateral heat diffusion [2]. With the advancement of artificial intelligence,
Machine Learning (ML) and Deep Learning (DL) techniques have enabled the construction of automated models for Structural
Health Monitoring (SHM) [3]. The concept of optimization, however, is not restricted solely to the raw increase in accuracy.
Addressing this gap, the present work aims to develop a methodology based on optimized deep learning models for the detection
of thermal anomalies. The proposal seeks to automate the inspection workflow by integrating physical preprocessing algorithms
with Convolutional Neural Networks (CNNs), focusing on the localized analysis of transient signatures and the elimination of
ambiguity common in global segmentations.

2. Methodology

The methodology adopts a data-driven experimental approach, utilizing the public PVC-Infrared dataset [4]. This
dataset consists of Pulsed Thermography tests performed on PVC specimens, containing artificial defects that simulate struc-
tural anomalies. For the development and validation of the algorithm, 5 samples from the presented dataset were selected
[4]. The pipeline is structured with preprocessing stages. Initially, Thermographic Signal Reconstruction (TSR) is applied,
converting the signal to the logarithmic domain and performing a polynomial fit to attenuate high-frequency noise. That is,
the TSR method uses the polynomial approximation of the temporal cooling curve of each pixel [5]. Subsequently, Principal
Component Thermography (PCT) is used, which, based on Singular Value Decomposition (SVD), compresses the temporal
evolution, enhancing the thermal contrast between sound and defective regions [6]. The development of this work comprises the
design and implementation of a Machine Learning (ML) model based on a Deep Learning approach. In contrast to traditional
whole-image approaches, the method relies on the extraction of Regions of Interest (ROIs) considering all the information from
the thermal video, i.e., height, width, and time. Fifty perfectly balanced ROIs were delineated (25 defective and 25 sound),
whose coordinates isolated the anomalies, as exemplified in Figure These hyperplanes are processed by a Convolutional
Neural Network (CNN) that acts as a binary classifier, determining the presence or absence of an internal defect in that region.
The Global Average Pooling layer is employed, allowing the network to accept inputs of variable sizes without the need for
resizing or masking.

The structured dataset is partitioned in a stratified manner into training (42%), validation (28%), and test (30%)
subsets. The use of this structure allows the definition of a decision threshold based on the validation set after the training
stage, optimized according to the recall metric to maximize the identification of positive instances. The model, configured to
receive tensors in the format X; € RE*W*3 s trained using the Early Stopping mechanism (with a patience of 3 epochs),
reverting the model weights to the iteration with the lowest loss and, thus, preventing overfitting.
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Fig. 1. Image of a thermography with error markup.

3. Results

The experimental results demonstrate the success of the integration between thermographic processing and ROI-based
deep learning. The calibration indicates an optimal decision threshold of 7 = 0.7677, a value that maximizes the Recall metric
in identifying anomalies without compromising overall precision. When evaluating the model on the unseen test subset, the
classifier achieves an Accuracy of 92.86% and an Intersection over Union (loU) of 85.71%, as detailed in Table[I] The most
significant indicator is reaching 100% in the Precision metric, which translates to the absolute elimination of False Positives
in this sample. In the industrial context, the absence of false alarms is a critical virtue, as it prevents unnecessary downtimes
in the production line.

Table 1. Confusion matrix and consolidated metrics on the test set.

Indicator  Value
Accuracy 92.86%
Precision  100%
Recall 85.71%
loU 85.71%

Source: Mateus Canavieira (2026).

3.1 Comparison

The evaluation of the proposed model is consolidated through direct comparison with two reference works in the
literature that use the same dataset (PVC-Infrared dataset): the studies by Wei [4].

Regarding the seminal work [4], which established benchmarks using classical semantic segmentation architectures
based on global images, the methodology proposed in this work demonstrates outperforms the benchmarks. While the authors
reported Intersection over Union (loU) indices of 0.722 for the U-Net network and 0.668 for SegNet operating on raw data,
the model focused on Regions of Interest (ROIs) achieves an loU of 0.8571. This result represents a gain of approximately
18.7% over the best performance of U-Net.

Table 2. Performance comparison

Lead Author (Ref.) Year Method loU Score
Wei et al. (2023a) 2023 U-Net 0.722
Wei et al. (2023a) 2023  SegNet 0.668
This work 2026 Proposed Model 0.857

Source: Mateus Canavieira (2026).
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4.

Conclusion

In summary, the obtained results position the developed method above global segmentation approaches [4] and at

a competitive level with the localized approach [I]. The absence of false positives is a desirable characteristic in industrial
scenarios where the cost of manual inspection of false alarms is high, although the false negative found in the study indicates
the need for refinement in feature extraction for defects with low thermal detectability.
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