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Abstract.  This paper presents a method for weld quality assessment based on static images of weld beads produced during cladding process. The dataset

consisted of 400 images from real industrial cladding operations, equally divided into acceptable and unacceptable samples. Three convolutional neural network

models were evaluated: a custom CNN, ResNet50, and MobileNetV2. MobileNetV2 achieved the best overall performance, with accuracy = 0.7625, precision

= 0.8000, recall = 0.7000, F1-score = 0.7467, and AUC  = 0.8375, while ResNet50 achieved the highest AUC = 0.8719. Grad-CAM analysis showed that the

models focused on relevant weld regions, including fusion lines and structural irregularities. In addition, manually isolated  weld pool regions were analyzed

using six geometric features: area, ellipticity, symmetry_x, symmetry_y, offset_x, and offset_y. Statistical analysis showed that  symmetry_x and offset_x were

the most significant features related to weld quality. Among classical machine learning models trained on these features, Random Forest achieved the best results

with accuracy = 0.603, F1-score = 0.582, AUC = 0.634. The results confirm that transfer learning is effective under low-data conditions, while weld pool

geometry provides useful supplementary information but is not sufficient as a standalone input for reliable weld quality assessment.

Key words:  weld pool; WAAM additive cladding; transfer learning; weld quality; geometric feature analysis;

Grad-CAM; CNNs. 

1. INTRODUCTION 

The rise of Industry 4.0, growing concern for welders’ health, 

and the increasing availability of collaborative robots (cobots) 

have accelerated the automation of both welding and additive 

manufacturing methods such as Wire Arc Additive 

Manufacturing (WAAM)[1, 2]. In this context, maintaining 

high weld quality is critical to the structural integrity of 

components in industries such as automotive, aerospace, 

energy, and construction[3]. Defective welds can result in 

failures, financial loss, or even safety hazards[4]. Traditional 

weld quality assessment methods such as visual inspection, 

ultrasonic testing, radiography, and dye penetrant testing are 

effective but time-consuming, costly, and reliant on skilled 

personnel[5]. As a result, there is growing interest in 

automating not only welding but also post-process inspection 

using computer vision and machine learning[6, 7]. 

Convolutional neural networks (CNNs) have proven effective 

in image classification and object detection, making them 

suitable for weld quality evaluation[8, 9]. However, training 

deep learning models typically requires large labeled datasets, 

often unavailable in niche welding scenarios, such as cladding 

with titanium-based or wear-resistant alloys[10, 11]. This 

limitation can be addressed through transfer learning, where 

pretrained models (e.g., ResNet50, MobileNetV2) are fine-

tuned for specific tasks using smaller datasets[12]. 

In this study, we investigate weld quality classification based 

on static images captured after cladding. Beyond comparing 

the performance of standard CNNs and transfer learning 

models[13, 14], we also explore the relationship between weld 

pool geometry and final weld quality[15, 16]. Selected weld 

pool regions were manually extracted and analyzed in terms 

of area, ellipticity, symmetry, and positional offset[17]. 

Additionally, Grad-CAM visualization was used to highlight 

image regions most influential to the model’s predictions[18, 

19]. This hybrid approach aims to improve interpretability and 

supports automated quality assessment in robotic cladding 

processes, including WAAM[20, 21]. 

2. METHODOLOGY 

The dataset used in this study consisted of 400 images of weld 

beads obtained from real-world cladding processes. Each 

image captured a single weld pass and was categorized by 

certified welding inspectors Visual Testing (VT1+VT2) into 

one of two quality classes: acceptable or unacceptable, 

resulting in 200 samples per class. The labeling process was 

guided by standards such as PN-EN ISO 5817 and PN-EN 

ISO 6520-1, ensuring that the ground truth was both reliable 

and aligned with industrial practices[22, 23]. All images were 

saved in JPG format and resized to 224×224 pixels to match 

the input requirements of the convolutional neural networks 

used in the study[24]. No additional preprocessing or filtering 

was applied beyond normalization to the 0 to 1 range. 

Example images from both classes are shown in Fig.1 to 

illustrate the visual diversity of the dataset. 
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Fig.1. Weld images from the database, where: a) acceptable welds and b) 

unacceptable welds. 

 

To evaluate model performance, the dataset was initially 

divided into a training set (80%) and a test set (20%), using 

stratified sampling to preserve the class balance. To ensure the 

robustness and generalization of the models, a 5-fold stratified 

cross-validation was applied within the training data. In each 

fold, four subsets were used for training and one for 

validation. This approach allowed for a balanced assessment 

of each model's predictive capabilities while reducing the risk 

of overfitting. A particularly important consideration when 

working with a relatively small dataset. 

Three different convolutional neural network architectures 

were implemented and compared: 

 

• A custom lightweight CNN, built from scratch, 

• A ResNet50 model using transfer learning, 

• A MobileNetV2, also using transfer learning. 

 The custom CNN was designed to be simple and lightweight, 

making it suitable for small datasets[25]. It consisted of three 

convolutional layers with 3×3 filters and ReLU activation 

functions, interleaved with max pooling layers to reduce 

spatial dimensions and control overfitting[26, 27]. After 

feature extraction, the output was flattened and passed through 

a fully connected (Dense) layer, followed by a final output 

neuron with a sigmoid activation for binary classification[28, 

29]. The ResNet50 and MobileNetV2 architectures were 

imported from keras.applications, pre-trained on the 

ImageNet dataset[30, 31]. These models leverage deep, 

hierarchical feature extraction capabilities learned on a large 

and diverse set of natural images. For our task, the 

convolutional base of each model was frozen, and a custom 

classifier head was added: a GlobalAveragePooling2D layer, 

followed by a Dense(128) layer with ReLU activation, and a 

final sigmoid output layer. This transfer learning approach 

enables efficient model adaptation while significantly 

reducing training time and required data volume, which is a 

key advantage when working with specialized welding 

images. All models were trained using Adam optimizer with 

a learning rate of 0.0001, Binary cross-entropy loss, Batch 

size of 16 and up to 20 training epochs, depending on 

convergence. 

Training was conducted in Google Colaboratory using a Tesla 

T4 GPU. Importantly, no data augmentation techniques were 

applied, in order to assess raw model performance in realistic 

low-data conditions[32]. The key characteristics of the three 

evaluated architectures including model complexity, number 

of trainable parameters, batch size, number of training epochs, 

and average training time per fold – are summarized in Table 

1. 

To quantitatively assess the classification performance of 

each model, we used five standard evaluation metrics. 

Accuracy measures the overall proportion of correctly 

classified samples, while precision refers to the proportion of 

correctly identified defective welds among all predictions 

labeled as defective. Recall indicates the proportion of truly 

defective welds that were correctly identified by the model. 

The F1-score, being the harmonic mean of precision and 

recall, provides a balanced measure that accounts for both  
 

Table 1. Summary of model architectures and training 

parameters. 

 

Model 
Custom 

CNN 

ResNet50 

(TL) 

MobileNetV

2 (TL) 

Type 
From 

scratch 

Transfer 

learning 

Transfer 

learning 

Depth Low 
Very 

deep 
Moderate 

Layers 8 >175 >85 

Trainable 

Parameters 
~28,000 

~2 

million 
~500,000 

Total 

Parameters 
~30,000 

~23 

million 
~2.2 million 

Batch Size 16 16 16 

Epochs 20 10–15 10–15 

Training 

Time / 

Fold 

~1 min ~4–5 min ~3 min 

 

false positives and false negatives. Finally, AUC (Area Under 

the ROC Curve) serves as a threshold-independent metric, 

capturing the model’s overall ability to distinguish between 

acceptable and defective welds. In this study, recall and AUC 

were considered the most important indicators, given that the 

main industrial objective is to minimize the risk of missing 

defective welds. Precision and F1-score were used as 

supporting metrics, while accuracy served as a secondary 

reference due to the balanced dataset. To enhance model 

interpretability, we applied Gradient-weighted Class 

Activation Mapping to selected predictions from the test set. 

Grad-CAM visualizations were generated for correctly and 

incorrectly classified samples, highlighting the image regions 

that most influenced the model’s decision-making. This 

interpretability layer provides valuable insights into whether 

the model relies on relevant visual cues such as defects, 

irregular geometries, or surface irregularities[33, 34]. 

In addition to classifying full weld bead images, we extracted 

weld pool regions from all 400 samples (200 acceptable, 200 

unacceptable). These cropped images are hypothesized to 

contain geometrical cues that may correlate with the final 

weld quality[35, 36]. Example weld pool crops for both 

classes are shown in Fig.2. 

 

a 

 

 

 

 

 

b 
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Fig.2. Weld pool images from the database, where: a) weld pool from 

acceptable welds and b) weld pool from unacceptable welds. 

 

Each weld pool image was analyzed based on four geometric 

features: area (total number of pixels in the segmented 

region), ellipticity (ratio of major to minor axis of a fitted 

ellipse), symmetry (calculated as pixel distribution across 

horizontal and vertical axes), and centroid offset (distance 

between the pool center and the image center)[37, 38]. These 

features were standardized and subjected to multiple levels of 

analysis to investigate their relevance. 

To analyze the relationship between weld pool geometry and 

weld quality, we applied statistical tests, such as t-test and 

Mann–Whitney to compare feature distributions, and 

calculated Pearson correlations to examine dependencies 

between features[39]. Principal Component Analysis (PCA) 

was used for dimensionality reduction and visualization. 

Finally, we trained three classical classifiers: Logistic 

Regression, Random Forest, and SVM to evaluate whether 

weld quality could be predicted solely from geometric 

features[40, 41].  

3. RESULTS 

In order to evaluate the effectiveness of various deep learning 

approaches in weld bead quality classification, three 

convolutional neural networks were trained and compared: a 

custom CNN developed from scratch, and two pretrained 

models ResNet50 and MobileNetV2 adapted through transfer 

learning. The aim of this comparison was to assess whether 

more complex, pretrained architectures would outperform a 

simpler baseline network, especially when trained on a 

relatively small dataset of weld images. Training for all three 

models was carried out under the same conditions, using the 

same dataset split and preprocessing techniques. Their 

learning behaviour was monitored through validation curves 

as shown in the combined training and validation plots on 

Fig.3 [42]. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.3. Learning curves and loss function curves for simple CNN model, 

ResNet50 and MobileNetV2. 
 

The custom CNN struggled to converge effectively and 

displayed considerable fluctuations in both training and 

validation accuracy, as well as high loss values. This suggests 

underfitting and a lack of representational capacity, likely due 

to the limited depth of the network. In contrast, both ResNet50 

and MobileNetV2 exhibited more stable and consistent 

training curves, with lower validation loss and higher 

accuracy, indicating better learning dynamics and 

generalization potential.  

After training, the performance of each model was evaluated 

on the validation set using standard classification metrics such 

as accuracy, precision, recall, F1-score and area under the 

curve. The results are summarized in Table 2 and visualized 

in a radar plot on Fig.4.  
 

Table 2. Classification performance of the evaluated CNN 

models. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

a b 

 

 

Model CNN ResNet50 MobileNetV

2 

Accuracy 0.6625 0.7250 0.7625 

Precision 0.7097 0.6957 0.8000 

Recall 0.5500 0.8000 0.7000 

F1-score 0.6197 0.7442 0.7467 

AUC 0.7213 0.8719 0.8375 
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Fig.4. Radar chart comparing the classification of the three evaluated models: 

CNN, ResNet50, and MobileNetV2. 

 

Among the three, MobileNetV2 achieved the best overall 

performance with an accuracy of 0.76 and F1-score of 0.75, 

indicating a strong balance between precision and recall. 

ResNet50 followed closely, with a slightly lower F1-score but 

the highest AUC (0.87), suggesting that it had the best 

capacity for distinguishing between the two classes across all 

thresholds. Meanwhile, the custom CNN underperformed on 

all metrics, with an accuracy of just 0.66 and F1-score of 0.62, 

further confirming its limited suitability for this task. To gain 

deeper insight into the nature of classification errors, 

confusion matrices for each model were generated, shown in 

Fig.5.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.5. Confusion matrices for: CNN, ResNet50, and MobileNetV2. 

 

The CNN was prone to misclassifying good welds as defective 

(false negatives), suggesting poor feature extraction and a lack 

of robustness. ResNet50 and MobileNetV2, on the other hand, 

produced more balanced predictions overall, with 

MobileNetV2 showing particularly low false-positive and 

false-negative rates, while ResNet50 favored higher 

sensitivity (lower false negatives) at the cost of more false 

positives. These results were further supported by the ROC 

curves in Fig.6, which provide a threshold-independent view 

of classifier performance.  

ResNet50 achieved the highest curve, closely followed by 

MobileNetV2, while the CNN's curve remained below both, 

reflecting its inferior discriminatory power. Because the 

dataset was relatively small performance across data splits 

was a concern, 5-fold stratified cross-validation was 

conducted for all three models. This approach allowed us to 

estimate the variance in model performance and ensure that  
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Fig.6. ROC curves for: CNN, ResNet50, and MobileNetV2. 

 

results were not overly dependent on a specific validation 

subset. The cross-validation results, shown in the heatmap in 

Fig.7, confirm the stability of the pretrained models, 

particularly MobileNetV2 across all folds, with consistently 

high accuracy and F1-scores. The custom CNN again 

demonstrated the weakest overall performance, with CNN folds 

clustering around accuracy of 0.65–0.69. Although fold-wise 

performance was recorded, no additional retraining was 

performed on selected folds; rather, the results were used 

strictly for comparative and analytical purposes. 

 

Fig.7. Cross-validation metrics for: CNN, ResNet50, and MobileNetV2. 

 

Finally, to better understand the decision-making process of 

the deep learning models and improve model explainability, 

Gradient-weighted Class Activation Mapping (Grad-CAM) 

was applied to visualize the regions of interest identified by 

the networks. This analysis was carried out for the ResNet50 

and MobileNetV2 models only, since the CNN's limited 

performance rendered interpretation less meaningful.  

As illustrated in Fig.8 and Fig.9.  

Both models concentrated their attention on the central part of 

the weld bead, especially around the fusion lines and regions 

with structural irregularities, which aligns with the areas 

typically assessed during expert visual inspection (VT1 + 

VT2). Interestingly, ResNet50 showed more sharply localized 

activation patterns, while MobileNetV2 produced slightly 

broader attention maps, suggesting differences in how each 

 

 

Fig.8. Grad-CAM visualizations for MobileNetV2 correct prediction. 

 

Fig.9. Grad-CAM visualizations for ResNet50 correct prediction. 

 

network processes texture and shape features. These Grad-

CAM visualizations reinforce the reliability of the model 

predictions. 

On the next stage of the research, we proceeded to investigate 

whether the geometry of the weld pool alone could provide 

useful information for weld quality assessment. This secondary 

analysis focused on six geometric features extracted from 

cropped weld pool images: area, ellipticity, horizontal and 

vertical, symmetry_x, symmetry_y, centroid offset_x and 

offset_y. At the beginning, we segmented the weld pool region 

in each image and computed the relevant shape descriptors. 

Outlier values were removed using the interquartile range 

(IQR) method to ensure robustness. To evaluate which 

geometric features differed significantly between acceptable 

and unacceptable welds, we conducted statistical significance 

tests (Student's t-test and Mann–Whitney U-test)[43]. Results 

are presented in Table 3. 
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Table 3. P-values of statistical tests for geometric features. 

 

Feature 
t-test  

(p-value) 

Mann–

Whitney U 

(p-value) 

area 0.8336 0.3906 

ellipticity 0.0437 0.0934 

symmetry_x 0.0196 0.0165 

symmetry_y 0.0997 0.0783 

offset_x 0.0016 0.0020 

offset_y 0.3099 0.1555 

 

Symmetry_x and offset_x were the most statistically 

significant, p < 0.05 in both tests, indicating that horizontal 

asymmetry and lateral misalignment are associated with 

reduced weld quality. Ellipticity also reached borderline 

significance in the t-test p ≈ 0.044, while area and offset_y did 

not show meaningful differences. This analysis was supported 

by a correlation heatmap shown in Fig.10, which shows the 

strongest correlations between class label and both 

symmetry_x and offset_x. This suggests that geometrical 

irregularities in the weld pool may be a useful proxy for 

underlying process instabilities. 

 

 

 

 

 

Fig.10. Correlation of Geometric Features describing weld beads. 

 

To better understand the relationships between the geometric 

features and to reduce dimensionality while preserving 

variance, Principal Component Analysis (PCA) was applied 

to the standardized dataset. The amount of variance explained 

by each successive component is presented in Fig.11, which 

shows the cumulative explained variance curve. As can be 

seen, the first three components account for approximately 

73% of the total variance, while five components already 

capture over 95%, indicating moderate feature redundancy. 

These values are summarized in Table 4. 

 

Table 4. Cumulative variance explained by principal components. 

 

 

 

 

 

 

 

 

 

 

 

 

To visualize potential separability between classes, the dataset 

was projected onto the first three principal components and 

plotted in a 3D scatter plot, shown in Fig.12. This 

visualization revealed a partial but noticeable separation 

between acceptable and unacceptable welds, supporting the 

hypothesis that certain geometric traits systematically differ 

across classes. Furthermore, a pairplot of the three principal  

 

 

 

 

 

 

 

Fig.11. Cumulative Variance Explained by PCA. 

 

components, shown in Fig.13, was generated to highlight how 

combinations of principal components (PCs) distribute across 

classes. Although overlap still exists, particularly along PC2 

and PC3, the most significant differences appear along PC1, 

which is largely influenced by symmetry_x and offset_x. 

Together, these results suggest that PCA is able to capture 

structure in the geometric feature space related to weld quality. 

While not fully linearly separable, the distribution indicates that 

some degree of discrimination is achievable using these 

features alone. 

 

 

Principal 

Component 

Cumulative 

Explained 

Variance 

PC1 34.29% 

PC2 59.34% 

PC3 73.12% 

PC4 86.62% 

PC5 95.04% 

PC6 100.00% 
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Fig.12. PCA projection for first three principal components. 

 

 

 

Fig.13. Pairplot of PCA Components. 

 

Finally, to evaluate whether weld quality could be predicted 

based solely on weld pool geometry, three classical machine 

learning classifiers were trained on the extracted features: 

Logistic Regression, Random Forest, and Support Vector 

Machine (SVM)[44, 45]. Models were evaluated using 

standard metrics on a stratified 80/20 train-test split. The 

results of this classification are shown in Table 5 and Fig.14.  
 

Table 5. Performance of classical machine learning models trained on weld 

pool beads geometric features. 
 

Model 
Logistic 

Regression 

Random 

Forest 

SVM 

Accuracy 0.534 0.603 0.603 

Precision 0.538 0.615 0.615 

Recall 0.483 0.552 0.552 

F1-score 0.509 0.582 0.582 

AUC 0.483 0.634 0.592 

 

 

 

Fig.14. Classification metrics for classification models. 

 

The Random Forest classifier achieved the best performance 

among the evaluated models, with an accuracy and F1-score 

around 0.58–0.60 and AUC of 0.63. While this result is not 

high in absolute terms for binary classification, it 

outperformed Logistic Regression (F1 ≈ 0.51) and matched 

SVM in F1-score (≈ 0.58), while achieving a higher AUC than 

both. The ROC curves, shown in Fig.15, confirmed that 

Random Forest offered the most favorable trade-off between 

sensitivity and specificity.  

 

Fig.15. ROC Curves for all classification models. 

 

Although the geometric features alone did not enable high-

confidence classification, the moderate performance indicates 

that these features do carry some information about weld 

quality. Rather than serving as standalone predictors, the weld 

pool shape descriptors especially horizontal asymmetry and 

lateral offset show promise as complementary features. These 

results also suggest that the local shape of the weld pool does 

not always reflect the overall quality of the entire bead. It is 

possible for a weld pool to appear symmetrical and well-

formed at a specific moment, yet the full weld bead may 

contain defects such as undercuts, lack of fusion, or porosity 

that render it unacceptable. Therefore, weld pool geometry 

alone may not be sufficient for reliable quality assessment, but 

it can still provide valuable supplementary information 
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especially when integrated into multi-modal inspection 

systems or interpretable machine learning models. 

4. CONCLUSIONS 

This study demonstrated the feasibility of using deep learning 

and geometric analysis to support weld quality assessment in 

cladding processes. Among the three evaluated convolutional 

neural networks, MobileNetV2 achieved the highest overall 

classification performance, closely followed by ResNet50, 

both significantly outperforming the custom lightweight 

CNN. The application of transfer learning proved effective in 

compensating for the small dataset size, enabling pretrained 

models to generalize well to the task of weld quality 

classification[46]. Grad-CAM visualizations verified that the 

models focused on visually relevant regions, such as fusion 

lines and surface irregularities offering insights into their 

decision-making processes. This increases trust in model 

predictions and provides a useful interpretability layer, 

essential for deployment in industrial environments. The 

analysis of geometric features extracted from weld pool 

images revealed that certain traits, most notably horizontal 

symmetry and lateral offset, are statistically associated with 

final weld quality. Classical machine learning models trained 

on these features achieved moderate classification 

performance, with Random Forest and SVM reaching 

identical F1-scores of 0.58, and Random Forest achieving a 

slightly higher AUC. Although geometric features alone were 

not sufficient for high-confidence classification, they do 

capture aspects of the weld pool that relate to process quality 

and can complement image-based deep learning models[47, 

48]. However, the geometry of the weld pool at a single point 

may not fully reflect the overall quality of the entire weld 

bead, which can contain defects such as undercuts, porosity, 

or lack of fusion beyond the pool region[49]. While the 

presented results demonstrate the potential of combining deep 

learning and geometric analysis for post-process weld quality 

assessment, several limitations remain. The study relied on a 

relatively small dataset of static images, with manually 

extracted weld pools and no temporal or sensor-based data. As 

a result, the models may not capture the full complexity of the 

cladding process or its dynamic aspects. Future research will 

focus on expanding the dataset, automating weld pool 

segmentation, and incorporating multi-modal process data, 

which could enhance the reliability and applicability of the 

method especially in robotic and WAAM-based cladding 

systems. 
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