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Abstract

The extensive use of composite materials in modern aircraft, now exceeding 50% of structural mass, necessitates
objective and automatable Non-Destructive Testing (NDT) methods . Active infrared thermography (IRT) is a promising
technique for high-rate inspections, yet manual data analysis is often subjective . In this work, we developed an Automated
Defect Recognition (ADR) system using an optimized Residual U-Net convolutional neural network, incorporating residual
blocks between layers to enhance the semantic segmentation of subsurface defects. The study utilized specimens (CDPs) with
diverse layer configurations, including carbon fiber reinforced polymer (CFRP), hybrid structures with fiberglass (FV), and
metallic lightning protection foils (copper mesh) . Internal and surface discontinuities were simulated using foreign object (FO)
inclusions and precision-machined recesses . A critical aspect of this research was the optimization of the thermographic data
annotation process, where defect contrast and Signal-to-Noise Ratio (SNR) were refined using ultrasonic C-scan inspection
from the same laminates as a baseline . The model was trained and validated on a specialized dataset of 3,000 thermographic
images. Experimental results on the test set achieved an Intersection over Union (loU) of 96.15% and a Recall of 97.5%,
confirming the system'’s reliability and robustness across varied laminate architectures and complex defect geometries .

1. Introduction

odern aircraft across the commercial, executive, and defense sectors currently have more than 50% of their structural
mass composed of composite materials [I]. To ensure the operational safety of these components, it is imperative to subject
them to rigorous non-destructive testing (NDT) to guarantee structural integrity. Among the available techniques, active
infrared thermography (IRT) stands out as a promising method due to its high inspection rate, non-contact nature, and
ease of integration with automated systems [2]. Furthermore, the image format generated by this technique allows for direct
comparison with other methods, such as digital radiography and ultrasonic C-Scan.

Despite these technical advantages, the interpretation of thermographic sequences still faces significant challenges
in industrial environments. Currently, the analysis of resulting images is frequently performed manually, making the process
subjective, time-consuming, and highly dependent on the inspector's experience. The complexity of distinguishing between
natural thermal variations of the material and actual discontinuities can lead to inconsistencies in defect detection, particularly
in dense composites cured in autoclave where thermal diffusivity is low and signal attenuation is high [3, [I].

In this context, this work aims to develop an Automated Defect Recognition (ADR) system based on artificial
intelligence to assist in the interpretation of composite material inspections. The proposed solution utilizes a Residual U-Net
convolutional neural network architecture, which combines the symmetric structure of the U-Net [4] with residual learning
blocks [B]. This optimization aims to enhance feature extraction and improve the semantic segmentation of fine details and
boundaries in thermal images. A critical aspect of this research was the optimization of the thermographic data annotation
process. To elevate technical rigor and ensure training data quality, defect contrast and the Signal-to-Noise Ratio (SNR) were
refined using ultrasonic C-scan inspection from the same laminates as a baseline, addressing the inherent limitations of thermal
signal attenuation in high-performance materials [6].

2. Methodology

The methodology integrates aerospace manufacturing standards, active thermographic protocols, and an optimized
Al training pipeline grounded in multimodal data.

2.1 Specimen Preparation and Standards

A set of aeronautical composite specimens (CDPs) was manufactured using carbon fiber reinforced polymer (CFRP)
prepregs, including hybrid configurations with fiberglass (GFRP) layers and copper mesh for lightning protection [I]. Fabrication
followed a high-pressure autoclave curing cycle to ensure structural integrity and low porosity, in strict accordance with ASTM
D3171 for constituent content and ASTM D2734 for void content determination |7, [8]. Subsurface defects were simulated
using:

(i) laser-cut foreign object (FO) inclusions embedded during layup, and
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(ii) precision CNC-machined recesses of circular and oblong geometries at controlled depths [6].
2.2 Thermographic Inspection and SNR Optimization

Active infrared thermography (IRT) was conducted in both reflection and transmission modes using a high-sensitivity
LWIR camera [2]. To overcome the thermal attenuation typical of high-compaction autoclaved laminates, the acquisition
setup was optimized by adjusting pulse intensity and duration [3]. The Signal-to-Noise Ratio (SNR) and thermal contrast were
refined by using ultrasonic C-scan data from the same specimens as a high-resolution baseline, ensuring that the thermographic
signatures were accurately correlated with the physical dimensions of the defects [6].

2.3 Deep Learning Architecture: Residual U-Net

The ADR system is built upon an optimized **Residual U-Net** architecture [4]. The model incorporates residual
blocks [5] to mitigate the vanishing gradient problem and improve feature reuse across the encoder-decoder structure. This
optimization is critical for segmenting the diffuse boundaries often found in thermal NDT data.

The dataset, comprising 3,000 annotated images, underwent domain-specific data augmentation, including controlled
rotations and intensity adjustments (gain/noise) to simulate industrial variability [?]. The model was trained with a 70/15/15
split for training, validation, and testing, utilizing an NVIDIA Tesla T4 GPU. Performance was quantified through Intersection
over Union (loU) and F1-score metrics to validate its spatial accuracy.

3. Results and Conclusions

The performance of the Automated Defect Recognition (ADR) system was evaluated using standard computer vision
metrics, focusing on the model’s ability to accurately localize and delineate subsurface defects in active thermography sequences.

3.1 Quantitative Performance and Architecture Comparison

On the thermographic test set, the optimized Residual U-Net achieved an Intersection over Union (loU) of 96.15%, a
Recall of 97.5%, and an Fl-score of 97.5%. These results significantly outperformed the EfficientNet baseline, which reached
an loU of 92.0% and an Fl-score of 95.5%. The superior performance of the U-Net architecture is attributed to its symmetric
encoder-decoder structure and skip connections, which effectively preserve the high-frequency spatial details necessary for
precise boundary definition in diffuse thermal images.

The model demonstrated high robustness across different laminate architectures and thicknesses. For the 4-ply
CFRP (Series A0), the loU reached 97.29%. In the thickest and most complex structure evaluated (Series E, 22-ply CFRP),
the system maintained an loU of 98.06% and an Fl-score of 99.02%. Even in hybrid specimens like the CDP A03, which
incorporates fiberglass and copper mesh, the model achieved a consistent loU of 93.98%. This performance level confirms
that the integration of residual blocks successfully mitigated the challenges of feature extraction in dense, autoclaved materials
where thermal signal attenuation is more pronounced.

3.2 Qualitative Analysis and Visual Validation

The qualitative performance was validated through visual inspection of the model's inferences compared to the
processed thermal sequences. Figure [1]illustrates the system’s operational output, where the predicted masks (highlighted by
red contours) are overlaid directly on the active thermography data. This visualization confirms the model’s high sensitivity in
identifying thermal perturbations associated with internal discontinuities, effectively isolating them from the structural texture
of the composite.

The precision of the semantic segmentation is further detailed in Figure[2] The generated binary mask (left) shows
a complete mapping of the identified regions, while the zoomed-in view of two specific defects (right) demonstrates the high
degree of boundary matching achieved by the Residual U-Net. The comparison between predicted edges and the ultrasonic-
derived baseline highlights the system's ability to delineate irregular geometries despite the diffuse nature of thermal signatures.
This spatial accuracy is the primary factor behind the high loU metrics achieved.

This work successfully integrated active infrared thermography with a Residual U-Net architecture for the Automated
Defect Recognition of aeronautical composite structures. The optimization of the annotation process using ultrasonic C-scan
data as a baseline proved to be a critical step in overcoming signal attenuation in autoclaved materials. With an loU of 96.15%
and a Recall of 97.5%, the system provides an objective and reliable tool for aerospace inspection, significantly reducing the
subjectivity of manual analysis and supporting standardized NDT procedures in the industry.
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Fig. 1. ADR operational results: predicted defect masks (red contours) overlaid on the active thermography sequence within
the inspection ROI.

Fig. 2. Semantic segmentation analysis: (Left) predicted binary mask for the full specimen; (Right) detailed zoom into two
defects showing precise boundary adjustment relative to the reference baseline.
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