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1. Introduction 
Welding is a fundamental joining process widely used in manufacturing industries, especially in 

sectors such as automotive, where a single vehicle may contain thousands of weld points. Evaluating the 

quality of welded joints in metals or other materials is crucial to verify that they meet design criteria and 

functional standards, while also ensuring structural safety and operational reliability [1]. The 

manufacturing sector relies significantly on welding, which serves as a fundamental technique for 

effectively joining diverse metal components. The process applies heat and pressure to fuse materials, 

resulting in strong and durable joints [2]. Despite its importance, weld inspection is still commonly 

carried out through manual visual examination, which is highly dependent on human perception. Aside 

from requiring considerable time and manual effort, this approach is inherently subjective and prone to 

inconsistency, which limits its applicability in large scale industrial environments. To overcome these 

challenges, computer vision and deep learning techniques have emerged as promising alternatives. They 

are capable of analyzing images to reveal underlying structures and visual features [3]. In particular, 

ARTICLE  I NFO 

 
ABSTRACT  

 

 
Article history 
Received October 9, 2025 
Revised November 22, 2025 
Accepted December 18, 2025 
Available Online May 31, 2026 

 Welding inspection plays an essential role in manufacturing industries to 

ensure the integrity and quality of weld joints. However, the prevalent 

manual inspection procedures are inherently subjective, prone to bias, and 

result in inconsistent quality assessments. Therefore, there is a strong need 

for an automated, intelligent system capable of objectively detecting 

welding spots. To address this, we propose an advanced segmentation 

model based on deep learning and computer vision techniques, specifically 

utilizing a Nested UNet (UNet++) architecture enhanced by extensive 

architectural modifications and comprehensive hyperparameter tuning. To 

further optimize segmentation performance, we systematically compare 

various convolutional blocks integrated into the bottleneck of the network 

architecture. Our experimental evaluation demonstrates that employing a 

VGG convolutional block at the bottleneck of Nested UNet achieves the 

highest performance, reaching an Intersection over Union (IoU) score of 

76.18% and a validation loss of 0.1713 on our collected dataset. This 

research advances automated welding inspection by demonstrating that an 

enhanced Nested UNet with an optimized VGG bottleneck significantly 

improves weld spot segmentation accuracy. The proposed framework 

provides a robust benchmark for future studies on intelligent industrial 

visual inspection and deep learning-based quality assurance. 
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Convolutional Neural Networks (CNN) model built on the ResNet50 architecture is proposed to classify 

four weld defect types in radiographic images (pore, crack, lack of penetration, and no defect), with 

stratified cross-validation using regularization and data augmentation applied to minimize overfitting 

and improve generalization [4].  

Deep learning constitutes a vital subset of machine learning that has gained significant attention and 

growing importance in recent years [5]. It allows computational models composed of multiple processing 

layers to learn data representations at different levels of abstraction [6]. Alternatively, deep learning has 

demonstrated substantial potential in addressing visual challenges, particularly in classification, detection, 

and forecasting tasks within real-world applications [7]. One of the most widely adopted architectures 

for image segmentation is the UNet model, a deep learning approach that has proven highly effective in 

addressing a wide range of challenges across artificial intelligence applications [8]. UNet is a widely used 

architecture for segmentation that requires a large amount of training data [9]. However, conventional 

UNet has limitations in handling complex features and multi-scale contextual information, especially in 

cases where the object boundaries are unclear or when the segmentation target varies in size and texture. 

The single skip connection between corresponding encoder and decoder layers may not be sufficient to 

capture the full range of semantic details required for precise segmentation. Conventional UNet and 

even the improved UNet++ architecture remain insufficient for weld-spot segmentation because weld 

spots are small, high-contrast targets embedded in highly textured metal surfaces, making them difficult 

to distinguish using standard encoder–decoder representations. In industrial welding imagery, additional 

challenges such as varying illumination, reflections, sparks, camera angle changes, and heterogeneous 

welding environments further degrade segmentation reliability. Despite the known benefits of deeper 

skip connections in UNet++, no prior work has examined how different convolutional bottleneck blocks 

affect the model’s ability to capture the fine-grained local structure characteristic of weld spots. To 

address these shortcomings, our research explores the Nested UNet architecture, also referred to as 

UNet++. UNet++ is a neural network architecture in which the encoder and decoder sub-networks are 

linked by a series of nested, dense skip connections designed to minimize the semantic gap between their 

feature maps [10]. This architecture introduces densely nested skip pathways that bridge the semantic 

gap between encoder and decoder feature maps more effectively. These nested connections enable more 

refined feature aggregation and deeper supervision, resulting in improved segmentation performance, 

particularly in scenarios with intricate visual patterns such as weld spots. 

In addition to adopting the UNet++ framework, we further investigate the impact of different 

convolutional blocks placed in the bottleneck of the architecture. By experimenting with various 

convolutional structures such as Dense, Inception, Residual, Squeeze and VGG blocks [11]. In more 

detail, the novelties presented in this study can be summarized as follows.  

• We propose a Nested UNet (UNet++) model with diverse convolutional blocks. Our model 

outperforms the UNet model in previous studies [11]. 

• This study is novel in its systematic comparison of five bottleneck convolutional modules inside a 

redesigned UNet++ and its finding that the VGG bottleneck yields the best weld-spot segmentation 

performance. 

The structure of this paper is as follows: Section 2 reviews existing literature on deep learning. Section 

3 details the dataset, model architecture, and training configuration. Section 4 presents the experimental 

results and performance analysis. Finally, the conclusion and potential directions for future work are 

discussed in Sections 5 and 6, respectively. 

2. Related Works 
In recent years, object detection and tracking have become key research areas in computer vision. 

Deep learning models, especially those with bypass connections, have brought significant breakthroughs 

in these tasks, enabling real-time system performance. Neural networks enable algorithms to be trained 

on large datasets and learn from the information contained within them [12]. These algorithms work 

by identifying objects and predicting their positions using bounding boxes. Multi object detection and 
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tracking is an essential area in image processing and computer vision that has been widely studied. It 

focuses on predicting complete trajectories of multiple objects simultaneously within a video sequence. 

This study applies a frame cancellation method to minimize the computational time in deep learning 

and combines the DeepSORT algorithm with multiple YOLO detector versions [13]. Deep learning 

methods have been introduced as a solution to address the limitations faced by conventional object 

detection techniques [14]. Abdulabass et al. [15] proposed a real-time traffic sign detection system using 

the YOLOv3 algorithm, which processes entire images with a single neural network, predicts bounding 

boxes and class probabilities efficiently. 

Semantic segmentation is the process of assigning a class label to each pixel in an image, grouping 

pixels with similar characteristics into the same category [16], [17]. Unlike image classification, which 

labels the entire image, semantic segmentation provides detailed pixel-level understanding, making it 

essential for tasks like medical imaging, autonomous driving, and land use mapping. Yang et al. [18] 

introduced a novel semantic segmentation model called CvT-UNet, which combines the strengths of 

CNNs and Transformers. The model integrates the Transformer’s ability to capture global contextual 

information with the CNN’s advantage in extracting spatial features. Vadduri et al. [19] introduced the 

Deep Attention U-Net for Cataract Diagnosis (DAUCD), a model that utilizes cutting-edge deep 

learning approaches to improve both cataract segmentation and classification in retinal images. UNet is 

a dedicated convolutional neural network architecture designed for segmenting biomedical images, 

particularly within the domain of medical imaging [20]. However, it often produces boundary artifacts, 

where the segmented edges do not perfectly align with the actual object boundaries in the image, leading 

to errors especially in regions with complex shapes or indistinct edges. This multi-model strategy 

incorporates several CNN architectures (Xception, DenseNet-201, and EfficientNet-B3). Convolutional 

Neural Networks (CNN) have demonstrated strong potential in a wide range of detection and 

classification tasks, including weld inspection. CNN are effective methods for classifying, identifying, 

and recognizing patterns in images, with the capability to capture visual details more accurately through 

an architecture that mimics the way the human brain processes visual information [21], [22], [23]. 

Several studies have proposed diverse CNN-based strategies for detecting and classifying welding defects 

with varying types and conditions. For instance, Kumaresan et al. [24] have explored automated defect 

detection systems using deep learning. One such approach utilizes transfer learning with CNN 

architectures like VGG16 and ResNet50, trained on a limited X-ray image dataset enhanced through 

real-time data augmentation. Despite the dataset’s small and imbalanced nature across 15 classes, the 

VGG16-based model achieved strong performance with an average accuracy of 90%, indicating good 

generalization capability. Yadav et al. [25] presents a CNN-SVM hybrid model for welding defect 

classification, achieving outstanding results with precision, recall, and F1-scores consistently above 96% 

across defect types such as Ideal Weld, Cracks, Porosity, Undercut, and Slag Inclusion. The model 

reached an overall accuracy of 96.93%, demonstrating strong generalization, reliability, and significant 

potential for advancing automated welding fault detection to enhance industrial inspection protocols. 

3. Method 
This research focuses on developing a deep learning-based image segmentation model for detecting 

welding spots, using an enhanced version of the Nested UNet (UNet++) architecture. The methodology 

consists of four main components: dataset construction, network architecture design, evaluation metrics 

and loss functions, and training configuration. 

3.1. Dataset Preparation 
The dataset used in this research was adapted from a previous study conducted by Natan et al. [11], 

which focused on weld spot segmentation using a modified UNet architecture. The dataset was compiled 

from 34 high-definition welding videos collected from three different metal workshops located in 

Tulungagung, East Java, Indonesia. Each video was recorded in 1,920×1,080 resolution at 30 frames per 

second (FPS). From these videos, images were extracted every 15 frames, yielding approximately 2 images 
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per second. This process resulted in a total of 893 welding images. Several images from these welding 

factories can be seen in Fig. 1. 

  

a. 1st Welding Factory b. 2nd Welding Factory 

Fig. 1. Example Images of Iron Welding. 

Each image was manually annotated using the VGG Image Annotator (VIA) tool, marking individual 

weld spot regions as polygons. Several annotated images with its corresponding welding spots region can 

be seen in Fig. 2. These annotations were then programmatically converted into binary segmentation 

masks using Python. The resulting dataset contains 12,712 labeled weld spot regions, where white pixels 

indicate weld spots (class 1) and black pixels denote the background (class 0). Several annotation masks 

can be seen in Fig. 3. 

 

 

a. 1st Welding Factory b. 2nd Welding Factory 

Fig. 2. Annotated Images using VIA Tools. 

  

a. 1st Welding Factory b. 2nd Welding Factory 

Fig. 3. Generated Mask. 

To clarify the dataset construction process, we explain that frames were extracted at 15-frame 

intervals to avoid temporal redundancy, as consecutive frames in welding videos often contain minimal 
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variation and could otherwise introduce oversampling bias. The dataset naturally includes substantial 

variation in lighting conditions, camera angles, background clutter, and workshop environments across 

the three welding locations, contributing to stronger generalization. To prevent data leakage arising from 

near-duplicate frames originating from the same video sequence, we adopted a strict video-wise splitting 

strategy, ensuring that all frames from a single video are assigned exclusively to either the training or 

validation set. 

3.2. Network Architecture 
This research adopts the foundational architecture of Nested UNet with significant modifications to 

both its structure and hyperparameters, tailored to the specific needs of the research [26], [27]. The 

architecture consists of three main components: a contractive path, a symmetric expansive path, and 

nested blocks [28]. The contractive path is designed to extract discriminative features from the input 

image, while the symmetric expansive path facilitates accurate localization. The nested blocks serve to 

process tensors between skip connections, enhancing the conventional UNet design [29], [30]. In this 

research, the architecture is restructured into four main components: the contractive path, symmetric 

expanding path, nested block, and the bottleneck. Additionally, the convolutional blocks differ in shape, 

appearing more rectangular than square in design. The complete architecture of the model is illustrated 

in Fig. 4. 

 

Fig. 4. Modified Nested UNet Architecture. 

The blue line on the left side, representing the contractive path, consists of convolutional blocks with 

two 3x3 convolutions, batch normalization, and ReLU activation. Batch normalization is applied to each 

block to accelerate and stabilize the training process through normalization [31], [32]. This is followed 

by 2x2 max pooling with a stride of (2,2) to progressively reduce the spatial dimensions of the feature 

maps, while the number of channels is doubled in each block to increase the depth of the feature maps. 

On the right side, the red line represents the symmetric expanding path, which includes 2x2 upsampling 

to align with the corresponding spatial dimensions in the contractive path. It is followed by feature map 

concatenation illustrated with black line from the contractive path and two 3x3 convolutions with batch 

normalization and ReLU activation. In this path, the number of channels is halved at each step, reducing 

the depth of the feature maps. The black line also includes convolutional blocks responsible for 

generating the orange-colored feature maps. Finally, the purple line denotes a 1x1 convolutional layer 

with sigmoid activation used for mask prediction, producing a single output channel corresponding to 

the number of classes in the dataset, which in this case is one.  

The green line represents a convolutional block used to generate feature maps in the bottleneck 

section. This study compares several types of convolutional blocks for the bottleneck, including the VGG 
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block [33], inception block [34], squeeze and excitation block [35], residual block [36], and dense block 

[37], all illustrated in Fig. 5. The model input is resized to 128x256 pixels with three channels 

corresponding to the RGB color space. As outlined in the architecture shown in Fig. 4, the detailed 

layer structure and the output sizes of the feature maps for each convolutional block are listed in Table 

1. All convolutional layers in both the contractive and symmetric expanding paths use 3x3 kernels with 

a stride of (1,1), and zero padding is applied to maintain consistent feature map dimensions. To ensure 

a fair and meaningful comparison across all bottleneck configurations, we explicitly designed each 

convolutional block to have approximately similar parameter counts, preventing performance differences 

from simply reflecting disparities in model capacity. In cases where minor parameter variations were 

unavoidable due to inherent structural differences between block types (e.g., Dense or Inception 

modules), these differences were kept as small as possible and are acknowledged in the manuscript. This 

controlled setup ensures that performance improvements can be attributed primarily to architectural 

characteristics rather than parameter size. 

   

a. Dense Block b. Residual Block c. VGG Block 

 

 

d. Inception Block e. Squeeze Block 

Fig. 5. Convolutional Blocks for Bottleneck. 

Weld spots require strong preservation of fine local features, meaning that any loss of detail at the 

bottleneck will propagate into the decoder and negatively affect the quality of the upsampled 

reconstruction. We therefore added an explanation that multi-scale or residual-based blocks, while 

powerful for general segmentation tasks, may unintentionally over-smooth or dilute these fine-grained 

boundaries, making the bottleneck design especially critical for accurate weld-spot segmentation. We 

added a statement confirming that all experimental components including data augmentation, learning 

rate schedule, optimizer settings, batch size, random seeds, and epoch limits were kept identical across 

all trials so that the only varying factor was the bottleneck module. 
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Table 1.  Layers and Size of Feature Maps. 

Path Block Layers Feature Maps Size 
(HxWxCh.) 

Input  128 x 256 x 3 

Contractive 

Path 

1 

3x3 Convolution  Batch normalization  ReLU 

3x3 Convolution  Batch normalization  ReLU 

2x2 Maxpooling with stride (2,2) 

64 x 128 x 32 

2 

3x3 Convolution  Batch normalization  ReLU 

3x3 Convolution  Batch normalization  ReLU 

2x2 Maxpooling with stride (2,2) 

32 x 64 x 64 

3 

3x3 Convolution  Batch normalization  ReLU 

3x3 Convolution  Batch normalization  ReLU 

2x2 Maxpooling with stride (2,2) 

16 x 32 x 128 

4 

3x3 Convolution  Batch normalization  ReLU 

3x3 Convolution  Batch normalization  ReLU 

2x2 Maxpooling with stride (2,2) 

8 x 16 x 256 

Bottleneck  Refers to One Convolutional Blocks in Fig. 5 8 x 16 x 512 

Symmetric 

Expanding 

Path 

 

& 

 

Nested block 

4 

2x2 Upsampling 

Feature maps concatenation 

3x3 Convolution  Batch normalization  ReLU 

3x3 Convolution  Batch normalization  ReLU 

16 x 32 x 256 

3 

2x2 Upsampling 

Feature maps concatenation 

3x3 Convolution  Batch normalization  ReLU 

3x3 Convolution  Batch normalization  ReLU 

32 x 64 x 128 

2 

2x2 Upsampling 

Feature maps concatenation 

3x3 Convolution  Batch normalization  ReLU 

3x3 Convolution  Batch normalization  ReLU 

64 x 128 x 64 

1 

2x2 Upsampling 

Feature maps concatenation 

3x3 Convolution  Batch normalization  ReLU 

3x3 Convolution  Batch normalization  ReLU 

128 x 256 x 32 

Output  1x1 Convolution  Sigmoid 128 256 x 1 

3.3. Evaluation Metrics and Loss Functions 
For the segmentation task, the loss function combines binary cross-entropy (BCE) loss [38] with 

dice loss [39], [40], while the evaluation metric used is the Jaccard Index or Intersection over Union 

(IoU). Binary cross-entropy is used as the training loss function, simplifying the output layer by reducing 

the required number of nodes [41]. The formulations for both BCE and dice loss are presented in 

equation (1) and (2), respectively. 

𝐵𝐵𝐵𝐵𝐵𝐵 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 = 1
𝑁𝑁

 � −(𝑦𝑦𝑖𝑖 log(𝑝𝑝𝑖𝑖) + (1 − 𝑦𝑦𝑖𝑖) log(1 − 𝑝𝑝𝑖𝑖))𝑁𝑁
𝑖𝑖=0   (1) 

Here, 𝑁𝑁 represents the total number of neurons in the output layer, calculated as 128 × 256 × 1 = 

32,768 (width × height × number of classes), where 𝑦𝑦𝑖𝑖 denotes the ground truth value and 𝑝𝑝𝑖𝑖 refers to 

the predicted value. 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 = 1 − 2 |𝑌𝑌𝑌𝑌�� 𝑌𝑌𝑌𝑌|
|𝑌𝑌𝑌𝑌|+|𝑌𝑌𝑌𝑌|

   (2) 

In this context, 𝑌𝑌𝑌𝑌 represents the ground-truth value, while 𝑌𝑌𝑌𝑌 refers to the predicted value. The 

overall loss is then computed as shown in equation (3). 

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = α 𝐵𝐵𝐵𝐵𝐵𝐵 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 + β 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿  (3) 
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The BCEDice loss is the combination of BCE loss and dice loss, where both coefficients "α"  and 

"β"  are assigned a value of 1, giving equal importance to each component in influencing the model. 

Additionally, this study incorporates L2 regularization, as proposed by Tessier et al. [42], with a weight 

decay of 0.0001 to reduce model complexity and enhance generalization. As a result, the overall loss is 

computed using equation (4). BCEDice was selected because it provided the most stable performance 

during experimentation, and explained that although focal loss was considered, its instability in early 

training led us to defer its use to future optimization efforts. 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝑤𝑤𝑑𝑑� (𝑤𝑤𝑖𝑖)2
𝑁𝑁
𝑖𝑖=0      (4) 

In this equation, w_d denotes the weight decay, w_i represents the individual model weights, and N 

is the total number of weights in the model. The metric function applied in this study is presented in 

equation (5). 

𝐽𝐽(𝑌𝑌𝑌𝑌,𝑌𝑌𝑌𝑌) = |𝑌𝑌𝑌𝑌 ∩ 𝑌𝑌𝑌𝑌|
|𝑌𝑌𝑌𝑌 ∪ 𝑌𝑌𝑌𝑌|

= |𝑌𝑌𝑌𝑌 ∩ 𝑌𝑌𝑌𝑌|
|𝑌𝑌𝑌𝑌|+|𝑌𝑌𝑌𝑌|−|𝑌𝑌𝑌𝑌 ∩ 𝑌𝑌𝑌𝑌|

  (5) 

Here, 𝐽𝐽 stands for the Jaccard Index, also referred to as Intersection over Union (IoU), with 𝑌𝑌𝑌𝑌 
representing the ground-truth value and 𝑌𝑌𝑌𝑌 indicating the predicted value. 

3.4. Training Configuration 
The training was carried out on a GPU based virtual machine using cloud computing, equipped with 

a Tesla V100 provided by a cloud service. To enhance the model’s generalization ability, data 

augmentation techniques such as rotation, resizing, normalization, saturation, contrast, and brightness 

adjustments were applied during image pre-processing [43]. The training used a batch size of 8, with 

each image resized to 128x256 pixels and 3 color channels (RGB). The dataset consisting of 893 images 

was divided into 80 percent for training and 20 percent for validation, resulting in 714 training images 

and 179 validation images. 

As applied in previous studies, the model is trained using the stochastic gradient descent (SGD) 

algorithm [44], with an initial learning rate of 0.25 and a momentum of 0.9. To justify the use of a 

relatively high initial learning rate, we clarified that such a setting can be effective for accelerating early 

convergence, particularly when training on smaller-resolution industrial datasets where gradients tend 

to stabilize rapidly. We also added citations to prior studies employing similarly elevated learning rates 

for UNet and UNet++ variants under comparable training conditions, supporting the appropriateness of 

this choice. Furthermore, we explicitly stated that the learning rate is not fixed throughout training; 

instead, it is gradually reduced using a Reduce-on-Plateau scheduler, ensuring stable optimization as the 

model approaches convergence. The stochastic gradient descent algorithm, or in its application, is better 

known as the SGD algorithm, which is part of the machine learning algorithm for classification, 

regression and artificial neural networks and this algorithm is very efficient on large-scale datasets [45]. 

During training, the learning rate is halved if the validation loss does not improve over 15 consecutive 

epochs, with a minimum threshold set at 0.000025. Although the training is allowed to run up to 1,500 

epochs, it will automatically stop if the validation IoU shows no improvement for 150 consecutive 

epochs. The training mechanism, which employs a batch processing approach, is illustrated in Fig. 6. 

During the training phase, a batch of 8 images is passed through the model to generate predicted masks 

for each image. These predictions are then compared to the corresponding ground truth masks to 

compute the loss and IoU. The average loss and IoU for each batch are also calculated, with the average 

batch loss used to update the model's weights during backpropagation. This process continues until all 

batches are processed. Once all batches in an epoch are completed, the average loss and IoU for the 

entire epoch are calculated and recorded to track model performance. The training loop runs for up to 

1,500 epochs but will terminate early if no improvement in validation IoU is observed over 150 

consecutive epochs. Equation (6) and (7) are showing how to calculate and differentiate between the 

average batch loss with the average loss. This is also applied for average batch IoU and average IoU. 
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𝐴𝐴𝐴𝐴𝐴𝐴 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵ℎ 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 = 1
𝑁𝑁

 ∑ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖𝑁𝑁
𝑖𝑖=0   (6) 

𝐴𝐴𝐴𝐴𝐴𝐴 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 = 1
𝑀𝑀

 ∑ 𝐴𝐴𝐴𝐴𝐴𝐴 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵ℎ 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖𝑀𝑀
𝑖𝑖=0   (7) 

In this context, Avg refers to the average, N represents the number of images per batch which is 8, 

and M denotes the total number of batches. Given a dataset of 893 images (714 for training and 179 for 

validation), there are 90 training batches and 23 validation batches. The validation phase follows a process 

similar to the training phase, with the key difference being the absence of backpropagation, meaning the 

model weights are not updated. As previously explained, the average loss and IoU per epoch are used as 

criteria for reducing the learning rate or terminating the training process. 

 

Fig. 6. Training Mechanism using Batch Processing Technique. 

4. Results and Discussion 
As stated in the previous chapter, the model's performance is evaluated using IoU and loss as key 

metrics. Throughout the training process, the performance on both the training and validation datasets 

is continuously monitored and recorded. As a result, multiple logs will be generated for training loss, 

validation loss, training IoU, and validation IoU for each of the five types of convolutional blocks used 

in the bottleneck. The comparison of these five bottleneck variations across each parameter is illustrated 

in Fig. 7. 

The model can be considered neither overfitting nor underfitting, as the validation loss and validation 

IoU closely align with the training loss and training IoU. As previously noted, the training process is 

halted when there is no improvement in validation IoU, which explains why each model may complete 

training at a different number of epochs. Further details of the comparison can be found in Table 2. The 

inception block shows the best performance on the training data, achieving an IoU score of 0.8081 and 

a loss of 0.1277, followed closely by the VGG block with an IoU of 0.8063 and a loss of 0.1284. On the 

validation data, the VGG block performs best with an IoU of 0.7618, followed by the dense block with 

an IoU of 0.7610. In terms of validation loss, the dense block records the lowest value at 0.1706, with 

the VGG block coming next at 0.1713. Regarding convergence speed, the squeeze block completes 

training in the fewest epochs 411, followed by the dense block with 428 epochs. In deep learning, 

convergence refers to the model’s ability to learn and respond accurately to training patterns within an 

acceptable error margin [46].  
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Table 2.  Inference Result on Test Images. 

Model Conv. 
Block 

Highest 
Training IoU 

Lowest 
Training Loss 

Highest 
Validation IoU 

Lowest 
Validation 

Loss 

Total 
Epochs 

UNet-
based 

models [4] 

Dense 0.7960 0.1374 0.7545 0.1769 409 

Inception 0.7789 0.1500 0.7485 0.1812 362 

Residual 0.7936 0.1388 0.7540 0.1778 658 

Squeeze 0.7996 0.1341 0.7530 0.1782 443 

VGG 0.7800 0.1494 0.7502 0.1803 647 

Nested 
UNet-
based 

models 
(ours) 

Dense 0.7923 0.1395 0.7610 0.1706 428 

Inception 0.8081 0.1277 0.7592 0.1718 429 

Residual 0.7986 0.1344 0.7582 0.1735 439 

Squeeze 0.7930 0.1394 0.7559 0.1754 411 

VGG 0.8063 0.1284 0.7618 0.1713 429 

 

Among the evaluated parameters, the highest IoU on the validation data is used as the primary 

criterion for determining the best model performance. Since model weights are updated using training 

data, strong performance during training alone is not meaningful if the results on validation data are 

poor or average. Similarly, faster convergence is not a decisive factor if the model's performance is 

inadequate, as this metric is not relevant for deployment. On the other hand, achieving the highest 

validation IoU or the lowest validation loss indicates better generalization capability during deployment. 

Based on these considerations, the Nested UNet model with a VGG convolutional block in the 

bottleneck demonstrates the best overall performance, as it achieves the highest validation IoU and ranks 

among the top two for both training IoU and validation loss. An example of the model’s inference output 

is shown in Fig. 8. 

  

a. Training Loss b. Training IoU 

  

c. Validation Loss d. Validation IoU 

Fig. 7. Model’s Performance Comparison. 
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In addition to the numerical comparison, we incorporated a qualitative analysis of the segmentation 

outputs to better understand model behavior across challenging scenarios. The VGG-based bottleneck 

demonstrates consistently sharper and more coherent weld-spot boundaries, showing strong ability to 

preserve fine-grained local structures. In contrast, Dense and Inception blocks occasionally over-segment 

surrounding metal textures, likely due to their stronger emphasis on multi-scale aggregation and high-

connectivity patterns that are not dominant in weld-spot shapes. We also discuss observable failure 

modes, particularly under low-lighting conditions, high surface reflectivity, or intense welding sparks, 

where all models, including the VGG variant, may partially miss weld spots or produce slight boundary 

inaccuracies. These qualitative evaluations complement the quantitative results and offer deeper insight 

into the strengths and limitations of each architectural choice. Even small IoU improvements 

meaningfully reduce missed weld spots, increase robustness to sparks and welding noise, and yield sharper 

boundaries that lower downstream errors in automated tasks such as weld-spot counting and quality 

estimation. 

We also added a hypothesis to explain why the VGG bottleneck outperforms the more complex 

alternatives. VGG’s stacked 3×3 convolutional layers are highly effective at preserving fine-grained local 

details, enabling the model to capture the small, bright, and highly localized appearance of weld spots 

with greater precision. In contrast, multi-scale modules such as Inception, or connectivity-heavy 

structures like Dense and Residual blocks, tend to emphasize broader contextual patterns that may 

oversmooth or dilute the subtle boundary cues of weld spots. Given that weld spots occupy only small 

regions within high-texture metal backgrounds, the ability to retain strong local spatial representation 

becomes more valuable than global multi-scale feature extraction, which supports the superior 

performance observed in the VGG-based configuration. 

   

a. 1st Input Image a. 1st Predicted Mask. a. 1st Apply Mask 

   

b. 2nd Input Image b. 2nd Predicted Mask c. 2nd Apply Mask 

Fig. 8. Inference Result on Test Images. 

5. Conclusion 
This research concludes that the Nested UNet model with a VGG convolutional block in the 

bottleneck section has the best performance compared to the others. The VGG block is identified as the 

best based on its highest validation IoU score of 0.7618, which is the primary metric used due to its 

indication of the model’s generalization on unseen data. Additionally, the VGG block ranks second in 

both training IoU score of 0.8063 and training loss score of 0.1284. While training metrics and 

convergence time provide supporting insights, they are considered secondary as they do not directly 

reflect the model’s performance during real-world deployment. The key novelty of this study is the 

systematic evaluation of five convolutional bottleneck modules within a redesigned Nested UNet 

(UNet++) architecture, showing that VGG’s stacked 3×3 convolutions provide the most effective 
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representation for weld-spot segmentation. Future work may focus on extending the model to assess 

welding quality and defects, as well as developing a post-processing algorithm to count welding spots. 

Further exploration could involve modifying or deepening convolutional blocks, optimizing 

hyperparameters automatically, and reducing model size and complexity for faster deployment on specific 

devices. 
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