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 A B S T R A C T

This paper presents a robust and interpretable methodology for defect detection in active 
infrared thermography data applied to polyvinyl chloride (PVC) specimens. Our approach 
integrates a physics-based cooling model to describe the transient thermal response of each 
pixel, from which five primary temporal features are extracted via least-squares fitting. 
These features are then enriched with local spatial statistics through neighborhood-based 
computations, resulting in a 15-dimensional descriptor per pixel. The resulting feature set 
is used to train a random forest classifier, which achieves high overall accuracy (99.3%), 
competitive intersection-over-union (0.705), and an outstanding ROC AUC (0.998). In contrast 
to deep encoder–decoder networks that require extensive computational resources and large 
annotated datasets, the proposed pipeline offers enhanced interpretability and significantly 
reduced computational overhead. Comparative analysis with state-of-the-art deep learning 
models, such as those reported in Wei et al., (2023), demonstrates that our approach achieves 
similar performance while providing a transparent insight into the contribution of each feature. 
The proposed method is especially suitable for engineering failure analysis where model 
transparency, rapid evaluation, and integration into existing inspection protocols are critical. 
Future work will extend the framework to accommodate a broader range of defect types and 
material systems, aiming to further enhance industrial applicability and diagnostic reliability.

1. Introduction

Nondestructive testing (NDT) has become an indispensable tool in ensuring the reliability and safety of critical engineering 
components by detecting subsurface and internal defects without compromising structural integrity [1–3]. Over the past decades, a 
variety of NDT techniques have been developed—including ultrasonic testing [4,5], X-ray computed tomography [6,7], and infrared 
thermography (IRT) [8–12]—each offering distinct advantages in terms of speed, cost, and inspection versatility [13,14].

Among these techniques, IRT has emerged as a particularly attractive method due to its rapid, contact-free, and cost-effective 
nature [15–17]. Recent research has demonstrated that IRT can be effectively combined with advanced data analysis techniques 
to enhance defect detectability in a range of materials—from weld joints and composite laminates to complex cultural heritage 
artifacts [18,19]. In parallel, deep learning approaches have gained prominence in NDT, providing automated solutions that reduce 
reliance on manual interpretation while increasing detection accuracy [7,20–23].

Convolutional neural networks (CNNs) and their variants, such as U-Net, Mask R-CNN, and two-stream architectures, have been 
successfully applied to defect segmentation and classification in IRT and other imaging modalities [9,24,25]. Complementary to 
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these methods, generative adversarial networks (GANs) have been employed to augment data and enhance the quality of thermal 
images, thereby addressing challenges posed by limited datasets and noisy backgrounds [16,26]. In addition, recent studies have 
integrated transfer learning and ensemble-based strategies to further improve defect detection performance in both industrial and 
aerospace applications [18,27].

Beyond purely data-driven approaches, there is an emerging trend toward incorporating physical principles into machine 
learning models. Physics-informed neural networks (PINNs) have been proposed to embed heat diffusion laws into the learning 
process, thereby enhancing model robustness and interpretability in thermographic inspections [28–33]. At the same time, hybrid 
methods which combine handcrafted features with deep learning representations have proven effective in mitigating issues related 
to nonuniform heating and background disturbances [34,35].

The challenge of limited and imbalanced training data has motivated the use of synthetic data generation and advanced data 
augmentation techniques. Finite element method (FEM) based simulations have been leveraged to generate virtual thermographic 
datasets which closely mimic real-world conditions [36,37], while transfer learning strategies have allowed models pretrained on 
large datasets to be adapted for NDT applications with limited sample sizes [38,39]. Moreover, multimodal fusion approaches 
that combine IRT with complementary imaging modalities, such as CT and ultrasonic testing, have further enriched the defect 
characterization process [40,41].

Advances in network architectures have also contributed significantly to the field. Recent work has introduced self-attention 
mechanisms and Transformer-based models to capture both spatial and temporal features in thermographic data [42,43], while 
efficient deep learning models based on DenseNet, ResNet, and attention-enhanced U-Nets have achieved remarkable performance 
in classifying defects across diverse materials [44–48]. In parallel, studies on defect quantification and the reconstruction of defect 
shapes have shown promising results by integrating segmentation networks with regression and LSTM modules [49,50].

Other complementary NDT approaches have been explored in the literature. For instance, methods based on magnetic flux leak-
age (MFL) [27,51], microwave imaging [5], and resonant acoustic testing [40] have further expanded the scope of automated defect 
detection. Furthermore, recent investigations into the application of deep learning for defect detection in cultural heritage [52,53] 
and infrastructure inspection [54,55] underscore the versatility of these methods across various sectors.

Despite these advances, several challenges remain. Many state-of-the-art methods demand substantial computational resources 
and large annotated datasets, and some struggle with the interpretability of their predictions [56,57]. In addition, nonuniform 
background conditions, limited training samples, and noise in thermographic data continue to impede optimal defect detection 
performance [58–60]. Recent efforts to enhance defect detection through adaptive background suppression and signal enhancement 
techniques have shown promise but often require further refinement to achieve industrial-level robustness [61].

In this context, our work proposes an alternative strategy which combines physics-based feature extraction with efficient machine 
learning classification. Specifically, we introduce a novel methodology that models the cooling behavior of thermographic sequences 
using a parametric function, extracts five primary temporal features, and augments these with local spatial statistics to form a 
15-dimensional descriptor for each pixel. These descriptors are subsequently employed to train a random forest classifier, which 
achieves competitive accuracy and a near-perfect ROC AUC while offering enhanced interpretability and reduced computational 
overhead compared to deep encoder–decoder networks [26,62,63].

The aim of our paper is to present a robust, transparent, and computationally efficient approach for defect detection in infrared 
thermography data, specifically applied to PVC specimens. By integrating a physics-based cooling model with spatial augmentation 
and leveraging classical machine learning techniques, our method provides an effective alternative for industrial defect detection 
and engineering failure analysis. We demonstrate that our approach not only achieves high classification performance but also 
offers significant advantages in terms of model interpretability and ease of deployment, thereby contributing to the advancement 
of practical NDT methodologies for critical engineering applications. (see Table  1).

2. Materials and methods

This work uses a thermal imaging dataset from [64] containing nineteen distinct polyvinyl chloride (PVC) specimens, each 
featuring subsurface defects in the form of cylindrical blind holes of varying depths and diameters. For each specimen, an infrared 
camera was used to record a sequence of thermal frames over time, yielding three-dimensional data of size 𝐻 ×𝑊 ×𝑁𝑡, where 𝐻
and 𝑊  denote the height and width in pixels, respectively, and 𝑁𝑡 is the number of frames in the sequence. The temporal sampling 
was 10Hz, yielding approximately 181 seconds of cooling data per specimen immediately following a short heating pulse provided 
by flash lamps. The thermal camera used is a FLIR SC5000 with a spectral range of 3 − 5μm, the heat source are two Broncolor 
lamps with a power of 6.4 KJ. The camera captured the infrared video with a resolution of 320 × 256 and recorded it for 181 s at 
10 Hz, resulting in a video with a dimension of 320 × 256 × 1810 for each measurement.

Let us denote the measured temperature at pixel coordinates (𝑗, 𝑘) and discrete time 𝑡𝑓  by 

𝑇 (𝑗, 𝑘, 𝑡𝑓 ), 1 ≤ 𝑗 ≤ 𝐻, 1 ≤ 𝑘 ≤ 𝑊 , 1 ≤ 𝑓 ≤ 𝑁𝑡. (1)

We store these measurements in a three-dimensional array 𝐙 ∈ R𝐻×𝑊 ×𝑁𝑡 . Additionally, we define a corresponding ground-truth 
mask 𝐌 ∈ {0, 1}𝐻×𝑊 , where 

𝐌(𝑗, 𝑘) =

{

1, if pixel (𝑗, 𝑘) belongs to a defect,
(2)
2

0, otherwise.
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Table 1
Nomenclature.
 Symbol Description  
 𝑇 (𝑗, 𝑘, 𝑡𝑓 ) Measured temperature at pixel (𝑗, 𝑘) and time 𝑡𝑓  
 𝐻 Image height (number of pixels)  
 𝑊 Image width (number of pixels)  
 𝑁𝑡 Number of frames in the thermographic sequence  
 𝑡𝑓 Discrete time instance corresponding to frame 𝑓  
 𝐙 ∈ R𝐻×𝑊 ×𝑁𝑡 3D temperature data array  
 𝐌 ∈ {0, 1}𝐻×𝑊 Ground-truth mask (1: defect, 0: healthy)  
 𝑎 Baseline parameter in the cooling model  
 𝑏 Cooling coefficient in the cooling model  
 𝑇𝑓 Estimated temperature at time 𝑡𝑓 , given by 𝑎 + 𝑏

√

𝑡𝑓
 

 𝑇𝑓 Measured temperature at time 𝑡𝑓  for a given pixel  
 𝑟𝑓 Residual: 𝑟𝑓 = 𝑇𝑓 − 𝑇𝑓  
 RMSE

√

1
𝑁𝑡

∑𝑁𝑡
𝑓=1 𝑟

2
𝑓  

 MaxAbsDeriv max1≤𝑓<𝑁𝑡

|

|

|

𝑇𝑓+1 − 𝑇𝑓
|

|

|

 
 Var(𝑇 ) 1

𝑁𝑡

∑𝑁𝑡
𝑓=1

(

𝑇𝑓 − 𝑇
)2  

 𝑇 1
𝑁𝑡

∑𝑁𝑡
𝑓=1 𝑇𝑓  

  (𝑗, 𝑘) Generic feature map at pixel (𝑗, 𝑘)  
 𝛺 Spatial neighborhood for local feature computation 
 |𝛺| Number of pixels in 𝛺  
 𝜇𝛺(𝑗, 𝑘) Local mean over 𝛺 at (𝑗, 𝑘)  
 𝜎𝛺(𝑗, 𝑘) Local standard deviation over 𝛺 at (𝑗, 𝑘)  
 𝐱𝑖 ∈ R15 15-dimensional feature vector for pixel 𝑖  
 𝑦𝑖 ∈ {0, 1} Class label for pixel 𝑖 (0: healthy, 1: defect)  
 𝑁 Total number of pixel samples  
 𝑇 (𝑚)(𝐱) Prediction of the 𝑚th decision tree  
 𝑀 Total number of trees in the random forest  
 𝑦̂(𝐱) Predicted class (by majority vote)  
 𝑝(𝑚)(𝐱) Defect probability from the 𝑚th tree  
 𝑝(𝐱) Averaged probability: 1

𝑀

∑𝑀
𝑚=1 𝑝

(𝑚)(𝐱)  
 𝐻(𝑆) Entropy: −∑

𝑐∈{0,1} 𝑝𝑐 log2(𝑝𝑐 )  
 𝑝𝑐 Fraction of samples in 𝑆 of class 𝑐  
 train Training dataset  
 test Test dataset  
 𝑝𝑖 Predicted probability for pixel 𝑖  
 𝐻(𝑝𝑖) −

[

𝑝𝑖 ln(𝑝𝑖) + (1 − 𝑝𝑖) ln(1 − 𝑝𝑖)
]

 
 𝑝̂(𝑗, 𝑘) Raw probability at pixel (𝑗, 𝑘)  
 𝑝(𝑗, 𝑘) Smoothed probability after median filtering  
 𝛺𝑚 Neighborhood for median filtering  
 𝜏 Threshold for segmentation (e.g., 0.5)  
 Seg(𝑗, 𝑘) Binary segmentation map  
  Structuring element for morphological operations  
 IoU Intersection over Union  
 Accuracy Overall classification accuracy  
 Precision Ratio of true positives to predicted positives  
 Recall Ratio of true positives to actual positives  
 F1 score Harmonic mean of precision and recall  
 ROC AUC Area under the ROC curve  

These masks were obtained from prior knowledge of the cylindrical holes manufactured into the PVC specimens and confirmed 
through reference images.

Thermal transients under adiabatic or near-adiabatic assumptions often exhibit a 𝑡−1∕2 cooling behavior immediately after a 
uniform heat pulse. We thus employ a simplified parametric model at each pixel (𝑗, 𝑘): 

𝑇 (𝑡) ≈ 𝑎 + 𝑏
√

𝑡
, (3)

where 𝑎 and 𝑏 are scalar parameters. Denoting discrete times by {𝑡1, 𝑡2,… , 𝑡𝑁𝑡
}, we perform a least-squares fit to the measured data 

min
𝑎,𝑏

𝑁𝑡
∑

𝑓=1

(

𝑇𝑓 −
(

𝑎 + 𝑏
√

𝑡𝑓

)

)2

, (4)

with

𝑇 = 𝑇 (𝑗, 𝑘, 𝑡 ).
3

𝑓 𝑓
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Fig. 1. Fitting of the temperature decay curve to experimental data.

Once (𝑎, 𝑏) is estimated, we compute additional temporal features. Let 

𝑇𝑓 = 𝑎 + 𝑏
√

𝑡𝑓
and 𝑟𝑓 = 𝑇𝑓 − 𝑇𝑓 . (5)

We define the root-mean-square error 

RMSE =

√

√

√

√

√

1
𝑁𝑡

𝑁𝑡
∑

𝑓=1
𝑟2𝑓 , (6)

the maximum absolute derivative 
MaxAbsDeriv = max

1≤𝑓<𝑁𝑡

|

|

|

𝑇𝑓+1 − 𝑇𝑓
|

|

|

, (7)

and the temporal variance 

Var(𝑇 ) = 1
𝑁𝑡

𝑁𝑡
∑

𝑓=1

(

𝑇𝑓 − 𝑇
)2

, where 𝑇 = 1
𝑁𝑡

𝑁𝑡
∑

𝑓=1
𝑇𝑓 . (8)

Fig.  1 shows an example of fitting the experimental cooling curve data.
Thus, for each pixel, a feature vector 

[

𝑎, 𝑏, RMSE, MaxAbsDeriv, Var(𝑇 )
]

(9)

encodes its local cooling characteristics.
Thermographic data can exhibit spatial gradients and local texture variations due to defects, edges, or nonuniform heating. To 

incorporate local context, we convolve each feature map (viewed as a two-dimensional scalar field) with a small spatial kernel of 
size 𝑝 × 𝑝. For a generic feature map  (𝑗, 𝑘), the local mean is defined as 

𝜇𝛺(𝑗, 𝑘) =
1
|𝛺|

∑

(𝑢,𝑣)∈𝛺
 (𝑗 + 𝑢, 𝑘 + 𝑣), (10)

where 𝛺 is the neighborhood around (𝑗, 𝑘) and |𝛺| is its cardinality. Similarly, the local standard deviation is computed by 

𝜎𝛺(𝑗, 𝑘) =

√

𝜇𝛺(𝑗, 𝑘; 2) −
(

𝜇𝛺(𝑗, 𝑘;  )
)2

, (11)

with 𝜇𝛺(𝑗, 𝑘; 2) representing the local mean of 2. Concatenating these local means and standard deviations with the original 
features captures spatial regularities that enhance subsequent classification.

To clarify the final dimensionality, each of the five base features (baseline 𝑎, cooling coefficient 𝑏, RMSE, MaxAbsDeriv, and 
Var(𝑇 )) has an associated local mean and local standard deviation (see Fig.  2). This yields a total of 15 features per pixel (5 base 
features + 5 local means + 5 local standard deviations), as outlined in Table  2.
4
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Fig. 2. Local context feature extraction process.

Table 2
Overview of the 15 extracted features per pixel.
 Feature index Description  
 1 Baseline term 𝑎  
 2 Cooling coefficient 𝑏  
 3 RMSE of the √𝑡-based fit  
 4 Maximum absolute derivative  
 5 Temporal variance of the pixel sequence  
 6–10 Local means of features 1 to 5  
 11–15 Local standard deviations of features 1 to 5 

Once all pixelwise features have been extracted for every specimen, we label each pixel according to the ground-truth mask 𝐌. 
Let 𝐱𝑖 ∈ R𝑑 denote the 𝑑-dimensional feature vector for pixel 𝑖, and let 𝑦𝑖 ∈ {0, 1} be its corresponding label (healthy or defect). The 
aggregated dataset is {𝐱𝑖, 𝑦𝑖}𝑁𝑖=1. A random forest is an ensemble of decision trees, each trained on a bootstrapped subset of the data. 
Denote by 𝑇 (𝑚)(𝐱) the 𝑚th decision tree in an ensemble of 𝑀 trees. The random forest prediction is obtained by majority vote: 

𝑦̂(𝐱) = Mode
(

𝑇 (1)(𝐱), 𝑇 (2)(𝐱), … , 𝑇 (𝑀)(𝐱)
)

, (12)

or, in a probabilistic sense, by averaging the probability estimates 

𝑝(𝐱) = 1
𝑀

𝑀
∑

𝑚=1
𝑝(𝑚)(𝐱), (13)

where 𝑝(𝑚)(𝐱) is the output probability (of being a defect) from the 𝑚th tree. In training each tree, the optimal split at any node is 
often determined by minimizing an impurity measure. For instance, when using information entropy, the split is chosen to minimize 

𝐻(𝑆) = −
∑

𝑐∈{0,1}
𝑝𝑐 log2(𝑝𝑐 ), (14)

where 𝑝𝑐 is the fraction of samples in set 𝑆 belonging to class 𝑐. By aggregating many such trees with randomized selections of 
training data and feature subsets, a robust classifier is obtained.

After extracting features and concatenating all pixelwise samples, we split the dataset into a training partition train (e.g., 80% 
of the samples) and a hold-out test partition   (e.g., 20%). The classifier is trained using only  , and its performance is 
5

test train
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later evaluated on test . To quantify predictive ability, we consider the confusion matrix, from which classical metrics (accuracy, 
precision, recall, etc.) are derived. For example, precision is given by 

Precision = TP
TP + FP

, (15)

and recall (or sensitivity) by 

Recall = TP
TP + FN

, (16)

where TP (true positives), FP (false positives), and FN (false negatives) are computed with respect to the defect class. We further 
compute the receiver operating characteristic (ROC) curve and the area under the curve (AUC). For the probability outputs 𝑝(𝐱𝑖), 
the ROC curve is generated by varying a threshold 𝜃: pixels with 𝑝(𝐱𝑖) > 𝜃 are predicted as defects, and those with 𝑝(𝐱𝑖) ≤ 𝜃 as 
healthy.

In this work, each pixel’s defect probability is estimated as the average probability from all trees in the random forest. A useful 
measure of prediction uncertainty is given by the Shannon entropy of the Bernoulli distribution associated with 𝑝(𝐱𝑖). Concretely, 
let 

𝑝𝑖 = 𝑝(𝐱𝑖), 𝐻(𝑝𝑖) = −
[

𝑝𝑖 ln(𝑝𝑖) + (1 − 𝑝𝑖) ln(1 − 𝑝𝑖)
]

. (17)

This scalar 𝐻(𝑝𝑖) is larger near 𝑝𝑖 = 0.5 (reflecting uncertainty) and minimal near 0 or 1 (reflecting confidence). Mapping 𝐻(𝑝𝑖)
across all pixels yields a spatial representation of classification confidence.

To reduce granular noise or salt-and-pepper artifacts in the segmentation, spatial smoothing (e.g., via a median filter or 
morphological operators) is applied to the probability map 𝑝(𝑗, 𝑘). Let 𝑝̂(𝑗, 𝑘) be the raw probability assigned to pixel (𝑗, 𝑘). A median 
filter of size 𝑚 × 𝑚 yields the smoothed probability 

𝑝(𝑗, 𝑘) = median
{

𝑝̂(𝑗 + 𝑢, 𝑘 + 𝑣) ∣ (𝑢, 𝑣) ∈ 𝛺𝑚

}

, (18)

where 𝛺𝑚 defines the local neighborhood. This spatial regularization consolidates adjacent pixels with similar probabilities and 
removes isolated outliers. A binary segmentation map is then generated by thresholding 𝑝(𝑗, 𝑘) at a suitable level 𝜏 (e.g., 𝜏 = 0.5): 

Seg(𝑗, 𝑘) =

{

1, if 𝑝(𝑗, 𝑘) > 𝜏,
0, otherwise.

(19)

Further morphological operations, such as a closing step, 
Seg ← Seg ∙ , (20)

(where ∙ denotes the morphological closing operator and  is a structuring element, typically circular or elliptical), ensure that the 
final segmentation map is spatially coherent and fills small holes within defect regions.

3. Results

In this study, a total of 389120 pixel samples were obtained by extracting 15 features per pixel from the nineteen thermographic 
video sequences of PVC specimens. These features included parameters from the cooling model, various temporal descriptors, and 
local spatial statistics. The ground truth for each pixel was based on known defect masks. A random forest classifier, trained on 80% 
of the pixel-level data, was evaluated on the remaining 20% of the data, yielding the following overall metrics on the test partition: 
an IoU of 0.705, accuracy of 0.993, precision of 0.943, recall of 0.736, F1 score of 0.827, and a ROC AUC of 0.998. Although the 
accuracy is extremely high, the slightly lower recall indicates that a fraction of actual defects were missed by the classification 
process, which is reflected in the IoU measure. Nonetheless, the overall performance suggests that the methodology captures the 
thermographic signatures of subsurface defects effectively.

The detailed classification report shows that healthy pixels achieved near-perfect precision and recall, whereas defect pixels 
exhibited a precision of 0.94 and a recall of 0.74. This high precision means that when a pixel was predicted to be defective, it 
was correct most of the time. However, certain small or subtle defect regions were occasionally missed. In scenarios where the 
cost of failing to detect a defect is high, it may be advantageous to use a lower decision threshold or apply further morphological 
expansions, though this might increase false positives. Additional explorations could include domain-specific adjustments to the 
threshold or tuning the spatial neighborhood size used in the feature augmentation step.

Fig.  3 presents the confusion matrix of the random forest classifier, displaying predicted labels along the horizontal axis and 
true labels along the vertical axis. The matrix is strongly dominated by the large diagonal entries, where 76 094 healthy pixels are 
correctly identified (top-left cell) and 1219 defect pixels are correctly classified (bottom-right cell). This aligns with the overall high 
accuracy of the model. The off-diagonal cells, which indicate misclassifications, are comparatively small: only 73 healthy pixels 
are predicted as defect (top-right cell), and 438 defect pixels are incorrectly labeled as healthy (bottom-left cell). Although the low 
count of false positives (73) highlights a model conservative in defect calls, the false negatives (438) remain a noteworthy concern, 
particularly if undetected flaws pose serious structural risks. In many practical nondestructive testing scenarios, such false negatives 
can be mitigated by adopting a lower probability threshold for defect identification or by applying spatial post-processing to group 
borderline classifications. It has to be said that the dataset contains the specimen, the gripping system and the background. This 
might introduce noise and lower the quality of data. However, the presence of external objects in the view cannot be exclude for 
6
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Fig. 3. Confusion matrix of predicted versus true classes.

Fig. 4. Receiver operating characteristic (ROC) curve. AUC=0.998.

common use application. Nevertheless, the external component in the view were never detected as defective as will be showed later 
in the results. Overall, the confusion matrix confirms that the proposed feature-based approach is robust, with a strong emphasis 
on correctly identifying healthy regions while retaining a high rate of true defect detection.

Fig.  4 presents the ROC curve, which approaches the top-left corner of the plot, yielding a near-perfect area under the curve 
of 0.998. This high AUC indicates that the defect pixels are generally well separated from healthy pixels in the feature space. In 
practical terms, this suggests that if one adjusts the classification threshold, it is possible to trade precision for recall (or vice versa) 
while still maintaining an overall strong discriminative capability. Nevertheless, with highly skewed data in some specimens, care 
must be taken when selecting operating points for industrial scenarios.

Fig.  5 compares the predicted defect probability from the random forest classifier (blue solid line) with the empirical fraction of 
positive (defect) samples, as partitioned into bins of similar predicted probability. The dashed diagonal represents ideal calibration, 
where the classifier’s predicted probabilities perfectly match the observed frequencies of defect pixels. Overall, the curve lies close 
to this diagonal, indicating that when the model assigns, for example, an average of 60% probability, the true fraction of defects 
in that bin is also near 60%. However, mild deviations can be observed in the mid-probability range (around 0.3–0.5), where the 
classifier slightly underestimates the defect likelihood. This region suggests that certain borderline defect pixels are assigned lower 
probabilities than they actually warrant. Nevertheless, at high probability levels (≥ 0.8), the curve approaches or slightly exceeds 
the diagonal, implying that when the model strongly predicts a defect, the positive rate is indeed very high. Such calibration quality 
is beneficial in real-world nondestructive testing scenarios, as reliable probability estimates enable users to make more informed 
decisions regarding inspection thresholds and maintenance actions.
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Fig. 5. Calibration curve for the random forest classifier.

Fig. 6. Feature importance plot.

Fig.  6 ranks the fifteen features by their mean decrease in impurity (MDI) within the random forest ensemble. Notably, local 
standard deviation measures dominate the top positions: Variance local std emerges as the single most influential feature, followed 
closely by RMSE local std, Max Abs Deriv local std, and b (cooling coeff) local std. This pattern highlights that localized fluctuations 
around each pixel (as captured by the standard deviation in a small neighborhood) provide a highly discriminative cue for identifying 
subsurface defects. Even when the absolute value of a thermal parameter might not differ drastically between healthy and defect 
regions, spatial variation in the same parameter often reveals the presence of anomalies.

In the midrange, the raw features RMSE and Max Abs Deriv are comparably significant, reflecting their direct linkage to pixelwise 
deviations from the 𝑡−

1
2  cooling model and abrupt temperature changes, respectively. Additionally, the local mean versions of a 

(baseline), RMSE, Max Abs Deriv, b (cooling coeff), and Variance fill out the middle tier. These metrics reinforce that averaging 
over a neighborhood helps capture smooth thermal trends—complementary to the more sensitive local standard deviations—thereby 
contributing substantively to defect segmentation.

In contrast, the lower-ranked features include the global (i.e., single-pixel) Variance, a (baseline), b (cooling coeff), and especially 
a (baseline) local std, which shows the smallest feature importance. Although baseline and cooling coefficients describe the 
fundamental shape of the thermal decay, the moderate importance of their global values implies that other features—particularly 
those incorporating higher-order or spatial information—play a more crucial role in discriminating subtle defects. Overall, these 
findings highlight the synergistic interplay between raw, per-pixel thermal descriptors and neighborhood-based statistics, with local 
standard deviations emerging as a particularly robust indicator of anomalous heat-flow patterns.
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Fig. 7. Box plots for multiple features comparing defect and healthy classes.

Fig.  7 presents fifteen box plots for the extracted features, partitioned into three rows of five subplots each. In the top row, we 
show the raw, per-pixel features derived from the fitting procedure and temporal statistics: (1) baseline 𝑎, (2) cooling coefficient 𝑏, 
(3) RMSE, (4) maximum absolute derivative, and (5) variance. In almost every case, the defect class displays either a shifted median 
or a broader range compared to healthy pixels. Specifically, the baseline 𝑎 is typically higher for defective regions, underscoring a 
residual heat accumulation effect. Conversely, the cooling coefficient 𝑏 is lower for defects, reflecting a disrupted thermal dissipation 
pattern. The RMSE plots also reveal larger residual errors in defective areas, indicating that the simple 𝑡−

1
2  cooling model struggles to 

capture local heat flow distortions introduced by subsurface voids. Both maximum absolute derivative and variance exhibit generally 
higher median values for defect pixels, pointing to more pronounced temperature gradients and fluctuations around flaws.

In the middle row, each of the five base features is augmented with its local mean. This spatial averaging leverages neighboring 
pixels to amplify characteristic zones of thermal contrast. Here, defective pixels again manifest consistently distinct medians, often 
surpassing the healthy class for 𝑎 (local mean), maximum absolute derivative, and variance. Meanwhile, the local mean of the cooling 
coefficient 𝑏 remains lower for defective areas, mirroring the raw 𝑏 feature’s class separation but in a more spatially smoothed form. 
These trends confirm that neighborhood-based statistics help reveal localized irregularities in the underlying thermal field.
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Fig. 8. Illustration of the predicted segmentation compared to ground truth and the associated uncertainty map for PVC specimens.

Finally, the bottom row shows the local standard deviations for the same five base features. Interestingly, healthy regions exhibit 
a higher spread for most features (e.g., baseline 𝑎 and maximum absolute derivative), suggesting that intact areas can sustain 
more pixel-to-pixel variability. In contrast, defected regions tend to have smaller local standard deviations, indicating a more 
spatially clustered disruption—possibly because the subsurface flaw imposes a relatively uniform thermal anomaly in its vicinity. 
Notwithstanding a few overlapping whiskers between classes, each box plot demonstrates a meaningful shift in central tendency 
or dispersion for defective pixels, thereby reinforcing the discriminative power of combining raw and spatially derived attributes. 
Overall, these insights illustrate that integrating local neighborhood statistics with the core physical features of cooling behavior 
significantly enhances the separation between healthy and defective regions in pulsed thermography data.

Finally, the qualitative performance is demonstrated by segmentation overlays and uncertainty maps in Figs.  8(a) and 8(b), 
which show representative specimens from the dataset. In each four-panel layout, the first image corresponds to a reference 
thermal map (such as mid-sequence temperature), the second image is the ground-truth mask, the third image is the predicted 
defect segmentation (with spatial regularization), and the fourth image is the associated uncertainty map derived from the Shannon 
entropy of the predicted probability. Darker tones in the uncertainty map indicate that the classifier is more confident in its label 
assignment, whereas lighter tones indicate intermediate probabilities. It is visible that inside and outside the defect the uncertainty 
is low, while in the bounding areas the uncertainty is higher. This can be explained by the fact that in transition zones, such as 
boundaries, the thermal behavior is not fully correspondent to the expected one for a defect nor for a healthy region. This highlights a 
potential workflow in which human inspectors or automated systems could focus on regions of high uncertainty to gather additional 
information or apply targeted inspection.

Overall, these results highlight both the strong accuracy and the remaining challenges in capturing certain subtle defects. The 
near-perfect ROC curve and high precision affirm that the extracted features and ensemble classification approach are suitable for 
robust identification of deeper or more pronounced subsurface anomalies. The need for enhanced recall, however, indicates that some 
advanced or smaller-scale defects could require additional refinement of features or further post-processing. This holistic analysis 
thus provides a thorough assessment of the pipeline’s capability and points to directions for future enhancements in thermographic 
nondestructive testing.

Compared to the work of [64], which reported an IoU of up to 0.722 when using a deep encoder–decoder network (U-
Net) with a VGG11 backbone on the same PVC-Infrared dataset, our IoU of 0.705 is close to that range while relying on a 
different methodological paradigm. Whereas [64] leverages deep neural architectures that may demand substantial training time 
and specialized hardware, our approach with carefully engineered features, a random forest model, and relatively straightforward 
spatial augmentation strategies attains similarly strong IoU values, with a very high ROC AUC of 0.998 and a notably transparent 
interpretation of how each feature contributes to defect detection. This high interpretability can be particularly advantageous 
for industrial applications where model transparency and ease of deployment are valuable. The reduced computational overhead 
associated with the presented pipeline also underscores its practical utility, making it more accessible in settings where deep learning 
infrastructure or large-scale training resources may be limited.
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Table 3
Comparison of selected defect detection methods in IRT. The proposed approach addresses the gap between interpretability and high performance, while 
maintaining moderate data and resource requirements.
 Method Computational cost Interpretability Data requirements Performance (IoU/AUC)  
 Deep U-Net [64] High Low High 0.72 IoU  
 Proposed (RF + physics features) Low-Moderate High Moderate 0.70–0.71 IoU/0.998 AUC 

4. Conclusions

In this study, we introduced a robust and interpretable pipeline for defect detection in thermographic data obtained from PVC 
specimens. The proposed methodology leverages a physics-based cooling model to extract five temporal features which, when 
augmented with local spatial statistics, yield a 15-dimensional descriptor for each pixel. The subsequent application of a random 
forest classifier resulted in high overall accuracy, a near-perfect ROC AUC of 0.998, and competitive IoU and precision values. These 
results affirm that the engineered feature set is highly discriminative for identifying subsurface defects, while the classifier’s high 
confidence levels and well-calibrated probability estimates facilitate a clear interpretation of the failure mechanisms.

Our approach demonstrates several strengths that are particularly relevant for the field of Engineering Failure Analysis. Unlike 
complex deep learning models, such as the U-Net with a VGG11 backbone, which require extensive computational resources and can 
be difficult to interpret, the proposed pipeline offers transparency in feature contribution and a significantly reduced computational 
overhead. This is of critical importance in engineering applications where understanding the underlying physical basis of failure 
and making rapid, reliable assessments are paramount.

Furthermore, the ability to generate spatial uncertainty maps provides a practical tool for targeted inspection and risk-based 
decision making. By highlighting areas of higher uncertainty, the method enables engineers to focus additional diagnostic efforts 
on regions that may harbor subtle or early-stage defects. This aspect not only improves the reliability of defect detection but also 
contributes to a more efficient allocation of maintenance resources.

Table  3 provides a high-level comparison of related approach along with ours. We focus on key aspects such as computational 
cost, interpretability, data requirements, and typical performance metrics. This overview highlights a recurring trade-off: more 
complex neural network models may yield high accuracy but demand extensive training data and computational power, whereas 
simpler or more classical approaches can be faster and more interpretable, though sometimes less accurate.

The comparative analysis with the results reported in [64] underscores the efficacy of our method. While deep encoder–decoder 
networks have achieved slightly higher IoU values on the same dataset, our results, obtained with a straightforward machine learning 
framework, are competitive and offer enhanced interpretability and ease of deployment. These advantages align well with the aims 
of Engineering Failure Analysis, where practical considerations such as model transparency, computational efficiency, and ease of 
integration with existing inspection protocols are essential.

Future work will aim to extend the current framework to accommodate a wider variety of defect shapes, depths, and material 
properties, and to integrate additional sensing modalities for a more comprehensive evaluation. Further investigation into adaptive 
thresholding and dynamic spatial post-processing may also help in further increasing recall without compromising precision.

This experiment where performed using an high-end thermal camera, future works might explore the use of cheaper instruments 
that might introduce more noise in the signal.

In summary, the integration of physics-based feature engineering with robust machine learning techniques as presented 
herein offers a viable and effective alternative for defect detection in thermographic data. This approach not only meets the 
stringent demands of engineering failure analysis but also lays the groundwork for further advancements in reliable, interpretable 
nondestructive evaluation methods.
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Fig. 9. Advanced segmentation results for various specimens.
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Fig. 9. (continued).
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Fig. 9. (continued).
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Fig. 9. (continued).
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