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Abstract

Inspecting polyvinyl chloride (PVC) components via Pulsed Thermography (PT) is challenging due to the material’s
low thermal conductivity, which blurs defect boundaries and reduces the signal-to-noise ratio. To overcome this, we propose
an automated defect segmentation framework integrating Thermographic Signal Reconstruction (TSR) with a Transformer-
based neural network. TSR mitigates non-uniform heating, while localized spatio-temporal feature extraction enables the
Transformer’s self-attention mechanism to capture complex thermal decay dynamics. Furthermore, Bayesian optimization
(TPE algorithm) is applied to efficiently tune the network’s hyperparameters. Evaluated on a PVC dataset containing artificial
defects, our framework achieved a Pixel Accuracy of 0.9765, an Intersection over Union (loU) of 0.7795, and a defect recall of
0.9073. Outperforming traditional spatial CNNs, this robust approach demonstrates significant potential for fully automated
quality assurance in industrial manufacturing.

1. Introduction

Pulsed Thermography (PT) is a highly effective, non-contact, and full-field non-destructive evaluation (NDE) tech-
nique widely used for identifying subsurface anomalies in industrial materials [II [2]. Recently, polyvinyl chloride (PVC) has
become extensively used across various industrial, medical, and consumer applications, necessitating rigorous integrity inspec-
tions [3].

However, inspecting PVC components using PT presents distinct challenges due to the material’'s low thermal con-
ductivity, high reflectivity, and emissivity variations [4]. These specific material properties inherently yield thermograms with
a low Signal-to-Noise Ratio (SNR) [3]. Furthermore, severe lateral thermal diffusion blurs the edges of subsurface defects as
heat propagates over time. Consequently, the manual interpretation of these complex 3D spatio-temporal thermal patterns by
human experts is highly inefficient, subjective, and prone to significant errors [5].

To overcome these limitations, this paper proposes an automated defect segmentation framework tailored specifically
for PVC components. The proposed methodology integrates Thermographic Signal Reconstruction (TSR) [6] to mitigate
temporal noise and uneven heating, enabling the extraction of robust spatio-temporal features. These features are subsequently
processed by a Transformer-based neural network [7], which leverages a multi-head self-attention mechanism to dynamically
weigh both local and global thermal dependencies, effectively capturing the complex defect morphology.

Finally, recognizing that the performance of deep learning architectures is highly sensitive to hyperparameter config-
urations, we abandon manual and random search methods in favor of Bayesian optimization [8], inspired by recent adaptive
variational Bayesian methods applied in thermographic sensing [9]. This probabilistic approach automatically and efficiently
tunes the network’s hyperparameters (e.g., learning rate, batch size, and attention heads), maximizing the model’s generaliza-
tion capability while significantly reducing computational costs [g].

2. Methodology

The proposed automated defect segmentation framework classifies each pixel as either defective or sound based on
its transient thermal evolution. Operating on 3D thermographic sequences (H x W x T'), the pipeline is designed to overcome
the specific thermal challenges of PVC and is composed of four main stages: signal preprocessing, spatio-temporal feature
extraction, Transformer-based classification, and Bayesian hyperparameter tuning.

2.1 Thermographic Signal Reconstruction (TSR)

To mitigate the severe non-uniform heating and environmental noise inherent to PVC inspection, the raw temporal
temperature sequences are preprocessed using the TSR method [10]. For each pixel, the signal is transformed into the
logarithmic domain to ensure positivity, and a polynomial of a fixed order is fitted to the log-temperature versus log-time
data. Subsequently, the first-order derivative of this polynomial is extracted along the temporal axis. This transformation
effectively suppresses temporal noise and highlights the transient thermal dynamics essential for discriminating anomalous
thermal behaviors, providing a robust, spatially-aligned signal for the network.
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2.2 Spatio-Temporal Feature Extraction

PVC's low thermal conductivity causes significant lateral heat diffusion, which blurs the boundaries of internal defects.
To compensate for this effect, features are extracted using a sliding spatial window (e.g., 3 x 3) centered on each pixel across
the entire temporal evolution. For each temporal frame, the spatial neighborhood is flattened into a feature vector, effectively
transforming the local 3D thermal evolution into a structured sequence where time is the sequence dimension. This localized
extraction approach forces the model to analyze the correlation between the central pixel and its immediate neighbors, preserving
spatial context while capturing temporal decay dynamics.

2.3 Transformer Architecture

The extracted spatio-temporal sequences are processed by a Transformer-based neural network to perform patch-level
classification [II]. Unlike traditional recurrent or convolutional networks, the Transformer employs a multi-head self-attention
mechanism, combined with learnable positional encoding, allowing each position in the sequence to adaptively weigh all other
temporal positions. Multiple attention heads operate in parallel to dynamically capture complex, complementary patterns
of the heat decay. Following the Transformer encoder, a temporal mean pooling operation aggregates the sequence into a
single representation vector, which is then passed through a Multi-Layer Perceptron (MLP) head to output the final binary
segmentation probability, precisely delineating the defect morphology.

2.4 Bayesian Hyperparameter Optimization

Deep learning models are highly sensitive to their hyperparameter configurations (e.g., learning rate, batch size,
number of attention heads, and decision threshold). To overcome the computational bottlenecks and suboptimality of manual
or grid search methods, we implemented a Bayesian optimization stage using the Optuna framework with the Tree-structured
Parzen Estimator (TPE) algorithm [12] [I3]. This probabilistic approach efficiently navigates the search space by modeling
distributions of hyperparameters conditioned on past trial performances, effectively balancing exploration and exploitation.
This strategy automatically identifies the optimal network configuration, maximizing the model’s generalization capability on
PVC structures while significantly reducing computational costs.

3. Results and Discussion
3.1 Experimental Setup and Evaluation Metrics

The proposed framework was validated using the publicly available PVC-Infrared dataset [2], which comprises PVC
specimens with artificial flat-bottom holes of varying diameters (2 to 10 mm) and depths (2.5 to 4.5 mm) to simulate subsurface
defects. To comprehensively evaluate the segmentation performance and account for the severe class imbalance (sound pixels
vastly outnumber defective ones), we employed Pixel Accuracy (PA), Intersection over Union (loU), Precision, Recall, and the
F2-score. The F2-score was particularly emphasized as it gives more weight to Recall, which is critical in Non-Destructive
Evaluation (NDE) to minimize missed defects.

3.2 Performance and Comparison

The Bayesian-optimized Transformer framework demonstrated exceptional capability in segmenting subsurface de-
fects, overcoming the blurring effects caused by PVC's low thermal conductivity. Our proposed method achieved a high Pixel
Accuracy of 0.9765 and an loU of 0.7795. Notably, the model recorded a Precision of 0.8469 and a Recall of 0.9073 (yielding
an F2-score of 0.8945). The high recall highlights the model’s robustness in identifying even the faintest thermal signatures
of deep defects.

To benchmark these results, we compared our framework against the baseline spatial CNN architectures (U-Net and
SegNet) evaluated by Wei et al. [2] on the same dataset. While traditional purely spatial encoder-decoder models reached
maximum average loU scores of 0.722 (U-Net with VGG11) and 0.769 (SegNet on truncated temporal frames) [2], our spatio-
temporal Transformer approach achieved an loU of 0.7795. This superior performance confirms that dynamically weighting
temporal decay features along with local spatial windows is far more effective than relying on 2D spatial convolutions alone.

A visual assessment of the segmentation quality is presented in Figure The predicted mask closely aligns with
the ground truth, successfully isolating defects regardless of their varying sizes and depths, while effectively ignoring the
non-uniform background heating.

4. Conclusion

This study presented a novel, automated defect segmentation framework tailored for the rigorous thermal challenges
of PVC materials. By integrating Thermographic Signal Reconstruction (TSR) with a Bayesian-optimized Transformer net-
work, the proposed approach successfully mitigated severe noise and lateral heat diffusion. The model's ability to capture
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Fig. 1. Visual comparison of defect segmentation. Left: Raw thermographic image from the test sequence. Middle: Ground
truth mask. Right: Predicted segmentation mask generated by the proposed framework.

spatio-temporal dependencies resulted in a superior Intersection over Union (0.7795) and a remarkable defect recall (0.9073),
outperforming traditional spatial CNNs. Ultimately, this method demonstrates significant potential for deployment in fully
automated quality assurance and manufacturing inspection processes for PVC components in the industry.
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