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Abstract 

Advanced defect detection solutions that can easily adapt to different products and defect types are of high value for modern 
manufacturing companies. A significant challenge in developing and deploying such AI models is ensuring they generalize 
efficiently across diverse visual domains. This challenge is driven by limited data availability of high quality and the substantial 
effort required for labeling such datasets. This paper explores the adaptation of a Vision Transformer (ViT), originally trained to 
identify aesthetic defects in battery modules, for application in moulded plastic parts. By using transfer learning and generative AI 
techniques, this study evaluates fine-tuning and synthetic data augmentation strategies. The proposed approaches are assessed for 
their potential to enhance model adaptability and reduce dependency on extensive labelled datasets. A case study involving a battery 
manufacturing company with real-world data serves as the basis for this evaluation. Our preliminary findings suggest promising 
directions for enhancing the flexibility and efficacy of AI-driven defect detection systems in diverse manufacturing environments. 
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1. Introduction 

Quality control and defect detection are an integral part of manufacturing systems which aim to ensure that 
predefined quality standards of manufactured products are met [1]. While traditional manufacturing has relied on 
manual quality inspection to detect defective products [2], modern manufacturing is pivoting towards automated, non-
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contact and non-destructive inspection techniques [3]. This focus on early defect identification is driven by the 
manufacturer’s desire to improve their environmental and economic sustainability [4]. 

Machine learning and deep learning approaches require large amounts of data to generate meaningful results [5]. 
This becomes increasingly evident in computer vision applications where the collection of images of defective 
products is challenging [6]. These challenges pose a significant barrier in training complex algorithms, such as ViTs 
capable of identifying manufacturing product defects. 

To reduce the dependency on large datasets, approaches such as active learning [7], transfer learning and synthetic 
data generation have been explored [8]. However, these techniques are less focused on cross-product scenarios due to 
the uniqueness that usually accompanies manufacturing products [9]. 

In this context, the present study aims to adapt a ViT originally trained to identify aesthetic defects in battery 
modules, for defect detection in moulded plastic parts. By employing transfer learning and Generative Artificial 
Intelligence (GAI), the reliance on large image datasets is decreased while it increases the flexibility and effectiveness 
of Artificial Intelligence (AI)-driven defect detection systems. Thus, the key contribution of this study lies in 
combining transfer learning with GAI, enabling manufacturers to more easily adopt AI systems by minimizing data 
collection needs and reducing the time required for adapting existing AI models to different product domains. 

2. Literature review 

AI algorithms are becoming increasingly popular in modern manufacturing environments since AI-based 
approaches can provide solutions to a wide range of manufacturing problems such as predictive maintenance [10]. 
Additionally, an AI approach based on K-means clustering was used in [11] to enable proactive quality control through 
the early identification of defects on metal bars, while in [12] AI-driven models were of vital importance in improving 
the performance of physics-based models used to provide the behaviour of physical manufacturing assets. 

Vision-based systems are becoming increasingly popular in manufacturing environments. Vision-based systems 
coupled with advanced AI algorithms are being used in modern manufacturing in different scenarios, such as the 
measurement of bin fill level to aid the scrap collection process [13] or to target the detection of defects through a non-
contact and non-destructive defect detection approach that can enhance automation as well as a manufacturer’s quality 
control process [1]. Vision-based systems are coupled with machine learning or deep learning algorithms capable of 
identifying defective products using 2D images that depict manufacturing products [14].  

Traditionally variations of Convolutional Neural Network (CNN) algorithms have been used in vision-based setups 
[15]. In [16] CNNs were used for image classification in manufacturing targeting early defect identification. 
Furthermore, in [17] CNNs were utilized to online analyse and categorise images of manufactured products based on 
the presence or absence of defects on their surface. Apart from CNN algorithms, the use of long short-term memory 
(LSTM) networks has been explored as discussed in [18] where the LSTM was used to classify the texture of textile 
products and based on the classified texture detect the presence or absence of defects. Additionally, in [19] the 
applicability of KNNs is evaluated in defect identification through the classification of knot defect types. 

ViT, which was introduced in [20], have demonstrated improvements in terms of performance in comparison to 
traditional CNN models. The advantages of ViT were documented in [21] where a comparison was drawn between 
CNN and ViT. ViT can capture global semantic details in comparison to CNN models due to the locality of the 
convolution operation [21]. In [22] surface and structural defects identification was targeted using a ViT. Furthermore, 
in [23] defects such as clogs and voids are detected in additive manufacturing using ViTs. Nevertheless, ViT’s training 
can be computationally expensive and time-consuming, can easily become overfitted with increased layers and their 
scalability in different environments can be challenging [24]. 

Transfer learning can easily scale up a machine or deep learning algorithm and adapt it to new datasets [7]. In [25] 
transfer learning is applied to support the training of defect detection algorithms. Similarly, in [26] a deep transfer 
learning model operating with scarce training data is proposed which targets the detection of defects in aeronautics 
composite materials.  

To support transfer learning, domain adaptation techniques such as data augmentation and synthesis, feature 
alignment and ensemble methods are frequently used [27]. In [28] multiple variations of each input are generated thus 
the training data were augmented to improve a deep learning model’s accuracy, ultimately resulting in a better 
classification performance. Similarly, data augmentation is applied in [29]. However, a distinct difference between 
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contact and non-destructive inspection techniques [3]. This focus on early defect identification is driven by the 
manufacturer’s desire to improve their environmental and economic sustainability [4]. 

Machine learning and deep learning approaches require large amounts of data to generate meaningful results [5]. 
This becomes increasingly evident in computer vision applications where the collection of images of defective 
products is challenging [6]. These challenges pose a significant barrier in training complex algorithms, such as ViTs 
capable of identifying manufacturing product defects. 

To reduce the dependency on large datasets, approaches such as active learning [7], transfer learning and synthetic 
data generation have been explored [8]. However, these techniques are less focused on cross-product scenarios due to 
the uniqueness that usually accompanies manufacturing products [9]. 

In this context, the present study aims to adapt a ViT originally trained to identify aesthetic defects in battery 
modules, for defect detection in moulded plastic parts. By employing transfer learning and Generative Artificial 
Intelligence (GAI), the reliance on large image datasets is decreased while it increases the flexibility and effectiveness 
of Artificial Intelligence (AI)-driven defect detection systems. Thus, the key contribution of this study lies in 
combining transfer learning with GAI, enabling manufacturers to more easily adopt AI systems by minimizing data 
collection needs and reducing the time required for adapting existing AI models to different product domains. 

2. Literature review 

AI algorithms are becoming increasingly popular in modern manufacturing environments since AI-based 
approaches can provide solutions to a wide range of manufacturing problems such as predictive maintenance [10]. 
Additionally, an AI approach based on K-means clustering was used in [11] to enable proactive quality control through 
the early identification of defects on metal bars, while in [12] AI-driven models were of vital importance in improving 
the performance of physics-based models used to provide the behaviour of physical manufacturing assets. 

Vision-based systems are becoming increasingly popular in manufacturing environments. Vision-based systems 
coupled with advanced AI algorithms are being used in modern manufacturing in different scenarios, such as the 
measurement of bin fill level to aid the scrap collection process [13] or to target the detection of defects through a non-
contact and non-destructive defect detection approach that can enhance automation as well as a manufacturer’s quality 
control process [1]. Vision-based systems are coupled with machine learning or deep learning algorithms capable of 
identifying defective products using 2D images that depict manufacturing products [14].  

Traditionally variations of Convolutional Neural Network (CNN) algorithms have been used in vision-based setups 
[15]. In [16] CNNs were used for image classification in manufacturing targeting early defect identification. 
Furthermore, in [17] CNNs were utilized to online analyse and categorise images of manufactured products based on 
the presence or absence of defects on their surface. Apart from CNN algorithms, the use of long short-term memory 
(LSTM) networks has been explored as discussed in [18] where the LSTM was used to classify the texture of textile 
products and based on the classified texture detect the presence or absence of defects. Additionally, in [19] the 
applicability of KNNs is evaluated in defect identification through the classification of knot defect types. 

ViT, which was introduced in [20], have demonstrated improvements in terms of performance in comparison to 
traditional CNN models. The advantages of ViT were documented in [21] where a comparison was drawn between 
CNN and ViT. ViT can capture global semantic details in comparison to CNN models due to the locality of the 
convolution operation [21]. In [22] surface and structural defects identification was targeted using a ViT. Furthermore, 
in [23] defects such as clogs and voids are detected in additive manufacturing using ViTs. Nevertheless, ViT’s training 
can be computationally expensive and time-consuming, can easily become overfitted with increased layers and their 
scalability in different environments can be challenging [24]. 

Transfer learning can easily scale up a machine or deep learning algorithm and adapt it to new datasets [7]. In [25] 
transfer learning is applied to support the training of defect detection algorithms. Similarly, in [26] a deep transfer 
learning model operating with scarce training data is proposed which targets the detection of defects in aeronautics 
composite materials.  

To support transfer learning, domain adaptation techniques such as data augmentation and synthesis, feature 
alignment and ensemble methods are frequently used [27]. In [28] multiple variations of each input are generated thus 
the training data were augmented to improve a deep learning model’s accuracy, ultimately resulting in a better 
classification performance. Similarly, data augmentation is applied in [29]. However, a distinct difference between 
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[28] and [29] is the application of data augmentation to embedding inputs in [29] rather than raw data inputs. 
Ultimately, an overall 5% improvement in model performance was achieved using the data augmentation techniques 
presented in [28] and [29].  

Data synthesis or data generation is an approach that synthetically generates data based on existing datasets [30]. 
In [9] the use of large language models is explored, to produce contextually relevant data to create synthetic datasets 
targeting the enhancement of low-resource and long-tail problems in the context of transfer learning. Apart from large 
language models used for synthetic data generation, approaches such as generative adversarial networks (GANs) and 
variational autoencoders (VAEs) can also support the process of transfer learning [31]. GANs have been used to 
generate synthetic image data to enhance small and imbalanced datasets in [32]; thus, effectively avoiding overfitting 
during the training process. In addition, VAEs were used in [33] to generate synthetic images of railway defects to aid 
the defect identification process. As highlighted in [33], and [34] VAEs demonstrate an increased robustness when 
compared to GANs due to GANs’ high sensitivity to noise and instability during training.  

While significant advancements have been made in transfer learning, data augmentation, and synthesis techniques, 
an approach that combines these methods specifically for cross-product scenarios remains unexplored [35], [36]. 
Furthermore, based on the reviewed literature and as discussed in [37] it remains unclear how techniques such as 
transfer learning and synthetic data generation and augmentation can be integrated into a cohesive working pipeline 
to facilitate the reuse of already trained AI models and effectively enhance them for performing into different 
scenarios. In this study, an approach is presented to bridge this gap by coupling transfer learning and GAI to enhance 
the existing training dataset and retrain a ViT, capable of detecting minute defects, across product domains without 
requiring large datasets or the development of new models. Thus, the proposed approach may facilitate the practical 
deployment of AI solutions, particularly in detecting minute defects, by reducing computational costs, the need for 
high expertise, and the requirements for extensive and high-quality data. 

3. Approach 

This study employs an approach where three strategies are used to adapt a ViT in cross-product domains with a 
focus on defect identification. The approach aims to compare the suitability of applying a) transfer learning of ViT to 
a cross-product domain, b) retrained ViTs in cross-product domains where datasets are synthetically, and c) a 
combination of the previous two to check their complementarity. To facilitate this, high-resolution images are always 
considered to better capture minute details of small defects that certain products may suffer from. The images are 
6000x4000 pixels with 3 colour channels, i.e. 24MP. 

3.1. Transfer learning of ViT to cross-product domains 

The identification of defects on the surface of manufacturing products can be challenging when the to-be-identified 
defects are of minute dimensions. Additionally, given that modern manufacturing aims to minimize the generation of 
defective products, an algorithm that focuses on the similarities between images is not optimal. In this context, a 
custom ViT is constructed which focuses on dissimilar features rather than similar ones. This behaviour of the model 
is enabled by embedding the dissimilarity attention mechanism within each transformer encoder block. The blocks 
also include normalization layers and feedforward networks. 

The basis of the dissimilarity attention mechanism is the standard multi-head attention mechanism typically used 
in transformers, which is then adapted to emphasize differences between the embedded representations of input 
patches. The dissimilarity attention mechanism projects a given input X, with dimensions BxNxD (B denotes the batch 
size, N is the number of patches, and D is the embedding dimension), into a query Q, key K and value V matrices using 
linear transformations. Using the query and key the dissimilarity attention mechanism computes the dot product of 
queries. To assess the ViT the performance metrics of accuracy, precision, recall, and f1-score are used [38]. 

To transfer the ViT, whose architecture can be seen in Fig. 1 to another domain to identify defects on the surface 
of products, the aim is to retain the highest amount of acquired knowledge from the dataset of the first domain while 
adapting to the new domain’s dataset. To achieve this, parts of the model have been frozen while specific layers of the 
model are unfrozen; thus, allowing them to train on new information. To retain the highest amount of generalized 
knowledge across different domains, the patch embedding layers, and positional encoding layers are kept frozen given 



2696	 Nikolaos Nikolakis  et al. / Procedia Computer Science 253 (2025) 2693–27024 Author name / Procedia Computer Science 00 (2024) 000–000 

that they are typically responsible for converting image patches into embeddings as well as providing positional 
information, respectively. The early transformer encoder blocks are also kept frozen (blocks 1 to 6) given their ability 
to capture general low-level features from a dataset that can be useful across different domains. Following the frozen 
layers, the later transformer encoder blocks (blocks 7 to 12) are unfrozen due to their general ability to capture more 

high-level and specific features making them easily adaptable to new domains. Similarly, the dissimilarity attention 
mechanism that is embedded in the unfrozen blocks, becomes unfrozen to capture domain-specific dissimilarity 
information. Lastly, the linear layer is unfrozen since it is responsible for the final classification which is highly domain 
dependent. 

3.2. ViT utilization in cross-product domains with synthetically enhanced datasets 

As with all AI models, ViT can be utilized in cross-product domains by retraining it on new image datasets. To 
alleviate the dependency on collecting a high number of real-world images to retrain the ViT, generative AI is 
considered. Specifically given the limitations of GANs, identified in the literature review section, a VAE model is 
used for the generation of high-resolution images, based on a small sample of real-world ones. This is facilitated by 
the introduction of a data augmentation module that artificially increases the cross-product domain’s dataset size using 
data augmentation techniques such as rotation, scaling, and flipping. 

The architecture of the VAE can be seen in Fig. 2. Initially, both augmented and real-world images of the second 
domain are inputted to the VAE at their original high resolution of 24MP. The input images are provided to three two-
dimensional convolutional layers which extract underlying features and reduce spatial dimensions. The output of the 
third convolutional layer is fed to a flatten layer which converts the 2D feature maps into a 1D vector which is fed to 
the dense layer to reduce the dimensionality and capture abstracted features. The output of the dense layer is fed to the 
mean and log variance layers. The mean layer outputs the mean of the latent space distribution for each inputted image 
as well as reduces the higher-dimensional feature representation of an image to a lower-dimensional latent space while 
providing the central point around which the latent space distribution is centred. Lastly, the log variance layer reduces 
the feature representation of the input image to match the latent space dimensionality while determining the speed of 
the latent space distribution. These two layers when combined define a Gaussian distribution in the latent space for 
each input image. 

The decoder network is composed of two dense layers that expand the latent vector back to a higher-dimensional 
feature representation. They are followed by an unflatten layer that reshapes the 1D vector to a 2D feature map, which 
is then inputted to the five deconvolutional layers which unsample and reconstruct initial spatial dimensions and 
features. The output layer produces the final reconstructed image, matching the original input dimensions of 
6000x4000x3. Lastly, the VAE’s performance is quantified through the calculation of the binary classification loss 
(BCE), Kullback-Leibler Divergence (KLD), and beta (β) [39]. BCE signifies the reconstruction error of the generative 
AI model, KLD the difference between the latent space distribution and the prior distribution, while β is a weight 
parameter that balances the importance of KLD relative to BCE. 

Fig. 1. The ViT's architecture. 
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3.3. Coupling the transfer of ViT and synthetic data generation for cross-product defect identification  

A hybrid approach is also considered coupling transfer learning with generative AI (Fig. 3). In this hybrid approach, 
a generative AI layer is considered which is positioned between the trained ViT model on the first domain and the 
transfer learning application in the cross-product second domain. This coupling uses the ViT presented in section 3.1. 
For the generative AI layer, the VAE presented in section 3.2 is utilized. 

4. Experimentation 

To evaluate the proposed approach in a cross-product scenario, two domains were selected from the manufacturing 
industry. The two domains serve as the basis for the experimentation where through it the best strategy in adapting a 
ViT in cross-product scenarios will be identified using the three strategies detailed in section 3. To evaluate the 
suitability of the two domains in the application of the approach, the experimentation began by quantifying and 

Fig. 2. VAE's architecture. 

Fig. 3. Overview of the approach for cross-product defect identification using ViT and generative AI. 
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comparing features from images of the two domains. The features used include the contrast of the texture of the image, 
the dissimilarity of the texture, the homogeneity of the texture, the energy of the texture, the correlation of the texture, 
the edge sharpness of the image and the surface smoothness. All features are normalized between 0 and 1 to make 
them comparable.  

The first domain is focused on the production line of an electric vehicle manufacturer, specifically a laser welding 
process. The process was selected due to its criticality in defect generation facilitating the importance of introducing 
proactive quality control through early defect identification. The second domain belongs to the manufacturing of 
moulding plastic parts. This domain offers an industrial use case where defects are of minute size. This poses 
challenges in image collection due to the high-resolution images required to accurately capture information related to 
defects on the surface of the plastic parts. 

Following the proposed approach, high-resolution, real-world images were collected of 24MP resolution from the 
first domain, which was labelled based on the presence or absence of defects on the surface of the battery cell. Images 
were collected using a vision-based system operating in the visible spectrum that has been installed in the line of the 
battery cell manufacturer. Defects that can be observed on the product’s surface include scratches and spots on the 
surface of the battery cell. An example of a battery cell image can be seen in Fig. 4 (a), where a scratch on the cell’s 
surface is visible. The dataset created to train the presented ViT was composed of approximately 1,800 images. 

In the second domain, which focuses on the manufacturing of moulding plastic parts, real-world image collection 
is challenging. Defects on the moulding plastic parts include burns on the surface of the part and the presence of 
excessive material inside the cavities of the parts. Due to the size of the plastic parts, these types of defects cannot be 
easily detected by human operators in the line. To address these challenges, these types of defects are being detected 
manually using specialized instruments, making the process highly sensitive to human expertise. This increases the 
need for an automated system for the identification of such defects using high-resolution images of the plastic parts. 
To facilitate the transfer learning process in this cross-product scenario, the generative AI layer was used to 
synthetically generate images of the parts based on collected real-world images. Approximately 50 real-world images 
were collected of the plastic parts. 

To evaluate the first strategy, the ViT was transferred from the first to the second domain using the 50 real-world 
images collected. The second strategy was evaluated by using the VAE to synthetically generate approximately 200 
images. Lastly, supporting the third strategy the ViT was transferred to the second domain whose dataset was enriched 
using the 200 images generated to facilitate the second strategy evaluation. An example of a defective plastic part can 
be seen in Fig. 4 (b), where the defect, specifically the burn on the plastic, is highlighted inside the red rectangle. 

 

(a) (b) 

Fig. 4. (a) Battery cell image with a scratch on the cell's surface (highlighted inside the red rectangle), (b) Moulding plastic part with a burn 
(highlighted inside the red rectangle), 

The construction, training and validation of the ViT in the first domain, the generation of synthetic images in the 
second domain, as well as the application of transfer learning of the ViT in the second domain, were implemented in 
a development environment where Python 3.9 was utilized, together with its accompanying libraries, such as PyTorch 
for model training and model transfer, and Torchvision 0.18.0 for the generation of synthetic images using the 
generative AI layer. The development environment consisted of a Windows PC, equipped with an Intel Core i9-
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comparing features from images of the two domains. The features used include the contrast of the texture of the image, 
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the edge sharpness of the image and the surface smoothness. All features are normalized between 0 and 1 to make 
them comparable.  

The first domain is focused on the production line of an electric vehicle manufacturer, specifically a laser welding 
process. The process was selected due to its criticality in defect generation facilitating the importance of introducing 
proactive quality control through early defect identification. The second domain belongs to the manufacturing of 
moulding plastic parts. This domain offers an industrial use case where defects are of minute size. This poses 
challenges in image collection due to the high-resolution images required to accurately capture information related to 
defects on the surface of the plastic parts. 

Following the proposed approach, high-resolution, real-world images were collected of 24MP resolution from the 
first domain, which was labelled based on the presence or absence of defects on the surface of the battery cell. Images 
were collected using a vision-based system operating in the visible spectrum that has been installed in the line of the 
battery cell manufacturer. Defects that can be observed on the product’s surface include scratches and spots on the 
surface of the battery cell. An example of a battery cell image can be seen in Fig. 4 (a), where a scratch on the cell’s 
surface is visible. The dataset created to train the presented ViT was composed of approximately 1,800 images. 

In the second domain, which focuses on the manufacturing of moulding plastic parts, real-world image collection 
is challenging. Defects on the moulding plastic parts include burns on the surface of the part and the presence of 
excessive material inside the cavities of the parts. Due to the size of the plastic parts, these types of defects cannot be 
easily detected by human operators in the line. To address these challenges, these types of defects are being detected 
manually using specialized instruments, making the process highly sensitive to human expertise. This increases the 
need for an automated system for the identification of such defects using high-resolution images of the plastic parts. 
To facilitate the transfer learning process in this cross-product scenario, the generative AI layer was used to 
synthetically generate images of the parts based on collected real-world images. Approximately 50 real-world images 
were collected of the plastic parts. 

To evaluate the first strategy, the ViT was transferred from the first to the second domain using the 50 real-world 
images collected. The second strategy was evaluated by using the VAE to synthetically generate approximately 200 
images. Lastly, supporting the third strategy the ViT was transferred to the second domain whose dataset was enriched 
using the 200 images generated to facilitate the second strategy evaluation. An example of a defective plastic part can 
be seen in Fig. 4 (b), where the defect, specifically the burn on the plastic, is highlighted inside the red rectangle. 

 

(a) (b) 

Fig. 4. (a) Battery cell image with a scratch on the cell's surface (highlighted inside the red rectangle), (b) Moulding plastic part with a burn 
(highlighted inside the red rectangle), 

The construction, training and validation of the ViT in the first domain, the generation of synthetic images in the 
second domain, as well as the application of transfer learning of the ViT in the second domain, were implemented in 
a development environment where Python 3.9 was utilized, together with its accompanying libraries, such as PyTorch 
for model training and model transfer, and Torchvision 0.18.0 for the generation of synthetic images using the 
generative AI layer. The development environment consisted of a Windows PC, equipped with an Intel Core i9-
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10850K processor, 64 GB of RAM, and an NVIDIA RTX 2070 SUPER GPU with 8GB GDDR6 VRAM, running 
Windows 10 Enterprise version 22H2. 

To evaluate the ViT, the performance metrics of accuracy, precision, recall and f1-score were used. To evaluate the 
performance of the generative AI layer, BCE, KLD, and beta (β) are calculated. Furthermore, to validate the 
improvements resulting from the introduction of the generative AI layer in the proposed approach, the ViT is 
transferred to the second domain with and without the use of the synthetically enhanced second domain dataset. 

5. Results and discussion 

To begin with, the features of the real-world images of the two domains were calculated and normalized, as seen in 
Fig. 5. Based on the results presented in Fig. 5 the contrast of the texture of the images from both domains is 
significantly close, indicating similar variation in intensity between the two domains. Similar results can be seen for 
the edge sharpness of the images and the dissimilarity of the texture between images. In terms of homogeneity and 
energy of the texture in the two domain images, the second domain shows higher values in both metrics pointing to 
increased variation in the texture of the images of the second domain. In contrast, images from the first domain show 
higher texture correlation indicating more predictable textures and their surface smoothness is higher indicating less 
image complexity. Overall, given the relatively high commonalities between the features, the images from the two 
domains have a solid foundation for the application of transfer learning. 

Following the experiments defined in the section 4, the results of training the ViT in the first domain’s dataset were 
collected. Its weights were then extracted to be transferred to the second domain in the context of evaluating the first 
strategy. The VAE was used to synthetically enrich the limited dataset of the second domain and then the ViT was 
retrained to evaluate the second strategy. Lastly, the third strategy was evaluated. To evaluate the third strategy, the 
ViT was transferred from the first domain to the second domain whose dataset was synthetically enhanced using the 
generative AI layer. These results have been grouped in Table 1. 

 

 
 

Fig. 5. Comparison of features between the first and second domain images 
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Table 1. Experimentally extracted performance metrics. 

Performance 
metric 

ViT on first domain 
dataset 

ViT transferred on the 
second domain dataset 
(strategy 1) 

ViT retrained on the 
synthetically enhanced second 
domain (strategy 2) 

ViT transferred on the 
synthetically enhanced second 
domain (strategy 3) 

Accuracy 0.92 0.44 0.63 0.68 

Precision 0.85 0.41 0.61 0.63 

Recall 0.51 0.38 0.50 0.52 

F1-score 0.64 0.39 0.54 0.56 

 
The results in Table 1, validate the applicability of the ViT with its dissimilarity attention mechanism at accurately 

identifying true positive defects on the surface of products, given the high accuracy and precision the model achieved 
while training on the first domain. Additionally, the results signify a substantial average improvement across all 
performance metrics of approximately 46% of the transferred ViT to the synthetically enriched second domain dataset 
(strategy 3), when compared to the application of the transferred ViT on the original second domain dataset (strategy 
1). Furthermore, an average improvement of 40% on all performance metrics was reached when transferring the ViT 
to the synthetically enhanced second domain dataset (strategy 2) when compared to the results obtained through the 
first strategy. These results point towards a high added value for the generative AI layer. To explore the ability of the 
VAE to accurately generate synthetic images, the BCE, KLD, and β were calculated and can be found in Table 2. 

Table 2. Performance metrics of the VAE model. 

Performance metrics of the VAE model Score 

BCE 122,622.77 

KLD 4.43 

beta (β) 0.99 

 
The performance metrics’ scores of the generative AI layer indicate that the VAE can generate the second domain’s 

images with moderate overall effectiveness. Given the targeted high-resolution of the to-be-generated images, 
achieving a low BCE is challenging. In calculating the BCE, each pixel contributes to the total loss of the model and 
given the number of pixels in each image (24 million pixels), even a small error in each generated pixel could 
accumulate to a proportionally large BCE score. Nonetheless, the achieved BCE score is still relatively high, pointing 
to the model requiring further tuning and improvement. Moreover, the achieved KLD score of 4.43, indicates that the 
model’s latent space is relatively well organized, and the encoded representations are close to the assumed prior 
distribution. Lastly, the beta (β) metric, is close to the desired 1, which indicates that the generative AI layer can 
balance the reconstruction and regularization losses. 

Another factor that is affected by the application of the proposed approach is the computational resources and time 
used during the experimentation. Given the large number of high-resolution images that make up the first domain’s 
dataset, ViT required more than 24 hours to train and validate. VAE is also computationally expensive. To generate 
the synthetic images of the second domain VAE required almost 3 hours. Nevertheless, this is also highly dependent 
on the architecture of the generative AI layer, where a deeper architecture can exponentially increase the computational 
time required for the enrichment of the second domain’s dataset. However, with the introduction of transfer learning, 
the computational time is significantly reduced to adopt the ViT in the second domain. By taking into consideration 
also the time required to synthetically enrich the second domain dataset via the generative AI layer, the time required 
to transfer the ViT to the second domain required 7 hours; a significant reduction in time in comparison to the time 
needed to train the ViT on the first domain. 

Ultimately, from the results presented in both Table 1 and Table 2, it is evident that the adaptability of  ViT can be 
increased through the application of transfer learning in cross-product domains with minimal tuning in the model’s 
architecture. Additionally, the introduction of the generative AI layer into the process of transfer learning for a ViT is 
of high value in cross-product scenarios, where product images of both domains share some similarities. The value of 
the generative AI layer is especially evident in the context of reducing the dependency in large real-world datasets 
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while training on the first domain. Additionally, the results signify a substantial average improvement across all 
performance metrics of approximately 46% of the transferred ViT to the synthetically enriched second domain dataset 
(strategy 3), when compared to the application of the transferred ViT on the original second domain dataset (strategy 
1). Furthermore, an average improvement of 40% on all performance metrics was reached when transferring the ViT 
to the synthetically enhanced second domain dataset (strategy 2) when compared to the results obtained through the 
first strategy. These results point towards a high added value for the generative AI layer. To explore the ability of the 
VAE to accurately generate synthetic images, the BCE, KLD, and β were calculated and can be found in Table 2. 

Table 2. Performance metrics of the VAE model. 

Performance metrics of the VAE model Score 

BCE 122,622.77 

KLD 4.43 

beta (β) 0.99 

 
The performance metrics’ scores of the generative AI layer indicate that the VAE can generate the second domain’s 

images with moderate overall effectiveness. Given the targeted high-resolution of the to-be-generated images, 
achieving a low BCE is challenging. In calculating the BCE, each pixel contributes to the total loss of the model and 
given the number of pixels in each image (24 million pixels), even a small error in each generated pixel could 
accumulate to a proportionally large BCE score. Nonetheless, the achieved BCE score is still relatively high, pointing 
to the model requiring further tuning and improvement. Moreover, the achieved KLD score of 4.43, indicates that the 
model’s latent space is relatively well organized, and the encoded representations are close to the assumed prior 
distribution. Lastly, the beta (β) metric, is close to the desired 1, which indicates that the generative AI layer can 
balance the reconstruction and regularization losses. 

Another factor that is affected by the application of the proposed approach is the computational resources and time 
used during the experimentation. Given the large number of high-resolution images that make up the first domain’s 
dataset, ViT required more than 24 hours to train and validate. VAE is also computationally expensive. To generate 
the synthetic images of the second domain VAE required almost 3 hours. Nevertheless, this is also highly dependent 
on the architecture of the generative AI layer, where a deeper architecture can exponentially increase the computational 
time required for the enrichment of the second domain’s dataset. However, with the introduction of transfer learning, 
the computational time is significantly reduced to adopt the ViT in the second domain. By taking into consideration 
also the time required to synthetically enrich the second domain dataset via the generative AI layer, the time required 
to transfer the ViT to the second domain required 7 hours; a significant reduction in time in comparison to the time 
needed to train the ViT on the first domain. 

Ultimately, from the results presented in both Table 1 and Table 2, it is evident that the adaptability of  ViT can be 
increased through the application of transfer learning in cross-product domains with minimal tuning in the model’s 
architecture. Additionally, the introduction of the generative AI layer into the process of transfer learning for a ViT is 
of high value in cross-product scenarios, where product images of both domains share some similarities. The value of 
the generative AI layer is especially evident in the context of reducing the dependency in large real-world datasets 
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given that the generation of high-quality synthetic image datasets is possible. This is exponentially important in 
scenarios where the models are used for the early identification of defects, since accurate models can effectively 
determine the presence of defects, facilitating the overall sustainability increase of the manufacturer.  

Nevertheless, the experimentation also signifies the importance of having a relatively high training dataset for 
training or transferring ViT. During the evaluation of the first strategy, the ViT had at its disposal only 50 images to 
train and validate upon, thus resulting in bad classification performance. The number of real-world second-domain 
images also affects scenarios 2 and 3. It is evident that for the generative AI layer to properly function and generate 
high-quality synthetic image datasets, a low number of images, such as 50, can pose significant barriers to achieving 
optimal generative performance. 

Experimental results demonstrate the effectiveness of the proposed approach in cross-product defect detection. The 
training time for the ViT on the second domain was reduced by more than 30%, while the number of collected images 
needed by 98%. These reductions may have a significant impact for manufacturers, substantially lowering the costs 
and time required to scale AI solutions across different domains, thus their practical usability and adoption rate. 
Additionally, the results suggest that the approach mitigates one of ViT’s known limitations, high training time. 
Another key finding was the successful reuse of the dissimilarity attention mechanism. However, further 
experimentation is required to validate these findings and explore whether customizing the mechanism could improve 
defect detection in other domains. 

6. Conclusions 

This study examined the effectiveness of coupling generative AI with transfer learning in computer vision 
applications for product defect detection using a ViT, specifically designed for this purpose. The inclusion of a 
dissimilarity attention mechanism in the ViT further supports its suitability for the detection of minute defects on the 
surface of manufacturing products.  

Focusing on cross-product defect detection, the proposed approach successfully managed to transfer a ViT trained 
on real-world data from one domain to another. A generative AI layer, through a VAE model, facilitated this transfer 
by significantly improving the performance of the model in the second domain. Nevertheless, this approach reduces 
the reliance on large real-world datasets, an adequate number of initial image samples remains necessary for the 
generative AI layer to generate accurate and high-quality synthetic dataset.  

Future work will refine the proposed method, focusing on the identification of a baseline number of image samples 
required for the GAI layer to be highly effective in synthetic image generation. This will highly increase the robustness 
of the approach while ensuring a consistent processing time. Additionally, improvements to the VAE architecture will 
be explored aiming to simplify the model and reduce the computational resources and time required. Moreover, the 
ViT’s architecture will be finetuned by experimenting with the number of unfrozen layers to improve the transferability 
of the model. Finally, the proposed approach will be tested in real-world environments and across different domains 
to evaluate its reproducibility in different applications. 
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