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Visual defect detection in industrial glass manufacturing remains a critical chal-lenge due to the low frequency of defective products, leading to imbalanceddatasets that limit the performance of deep learning models and computer vi-sion systems. This paper presents a novel approach using Denoising DiffusionProbabilistic Models (DDPMs) to generate synthetic defective glass product im-ages for data augmentation, effectively addressing class imbalance issues in man-ufacturing quality control and automated visual inspection. The methodologysignificantly enhances image classification performance of standard CNN archi-tectures (ResNet50V2, EfficientNetB0, and MobileNetV2) in detecting anomaliesby increasing the minority class representation. Experimental results demon-strate substantial improvements in key machine learning metrics, particularly inrecall for defective samples across all tested deep neural network architectureswhile maintaining perfect precision on the validation set. The most dramatic im-provement was observed in ResNet50V2’s overall classification accuracy, whichincreased from 78% to 93% when trained with the augmented data. This workprovides a scalable, cost-effective approach to enhancing automated defect de-tection in glassmanufacturing that can potentially be extended to other industrialquality assurance systems and industries with similar class imbalance challenges.Keywords:
Defect detection; diffusion models;data augmentation; glass manufac-turing; imbalanced datasets; CNN;quality control; industrial qualityassurance; generative models;anomaly detection; machinelearning

*Corresponding author.
E-mail address: sajjadr@bgsu.edu

https://doi.org/10.59543/comdem.v2i.14391

687

https://www.comdem.org


1. Introduction
The global manufacturing sector is undergoing a rapid transformation as industries adopt ad-vanced technologies to meet increasing demands for quality, efficiency, and sustainability. In glasscontainer manufacturing—a market valued at USD 106.4 billion in 2021 and projected to reach USD167.5 billion by 2030—defects such as cracks, bubbles, dimensional deviations, surface imperfections,and contamination pose significant challenges to maintaining product integrity [1]. These defects notonly compromise safety but also lead to substantial financial losses due to recalls, material waste, andproduction downtime. Automated inspection systems, particularly those leveraging deep learning,have demonstrated significant cost savings by reducing inspection errors and improving throughputas shown by Hütten et al. [2].Traditional defect detection methods rely heavily on manual inspections or rule-based machinevision systems, both of which are prone to errors and inefficiencies. Recent advances in artificialintelligence (AI), particularly deep learning models such as convolutional neural networks (CNNs),have demonstrated significant potential in automating defect detection processes [3]. Models likeResNet50V2, EfficientNetB0, and MobileNetV2 achieve high accuracy in identifying visible defectssuch as cracks and bubbles. However, the performance of AI models is often constrained by datascarcity and class imbalance; rare defects are underrepresented in training datasets due to their in-frequent occurrence in real-world production lines. Furthermore, these systems face limitations indetecting subtle or rare defects such as internal contamination caused by silica residues or foreignparticulates in recycled glass production.In the explorationof solutions to these challenges, synthetic data augmentation techniques emergeas a promising approach. Denoising Diffusion Probabilistic Models (DDPMs) represent a significantadvancement in this domain due to their capability to generate high-resolution synthetic images withsuperior detail preservation. Although DDPMs have been successfully applied in fields like medicalimaging for anomaly detection by Wolleb et al. [4] and addressing imbalanced medical datasets byKhazrak et al. [5], their application to industrial glass defect detection remains largely unexplored inthe literature.This research aims to bridge this gap by leveraging DDPMs to enhance defect detection in glasscontainer manufacturing through synthetic data augmentation. The work is structured into two mainphases: first, baseline evaluations using popular CNN architectures (ResNet50V2, EfficientNetB0, Mo-bileNetV2) trained on a real-world dataset to establish their performance in detecting defective items;second, DDPM-generated synthetic images are integrated into the training pipeline to address datascarcity and improve dataset balance, enhancing model robustness against defects. The approach isevaluated using standard metrics such as accuracy, precision, recall, F1 scores, and ROC AUC.The experimental results demonstrate that the integration of synthetic defect images significantlyimproves model performance across all tested architectures. Particularly notable is the improvementin recall rates—the ability to correctly identify true defects—which increased from 35% to 65% forEfficientNetB0, 60% to 67% for MobileNetV2, and 80% to 84% for ResNet50V2, all while maintainingperfect precision. This indicates that the approach effectively addresses the class imbalance problemwithout introducing false positives, a critical requirement in manufacturing quality control.In summary, this paper makes three key contributions: (i) Novel application of DDPMs: Demon-stration of diffusion models for generating high-fidelity glass defect images that effectively supple-ment imbalanced manufacturing datasets. (ii) Comprehensive model evaluation: Systematic analysisof how synthetic data augmentation affects the performance of three distinct CNN architectures inglass defect detection. (iii) Improved detection of minority class: Significant increases in recall andF1 scores for defect detection while maintaining zero false positives, addressing a critical challenge inmanufacturing quality control.
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By addressing the challenges of class imbalance and data scarcity, this research provides a tem-plate for AI-driven quality assurance in glassmanufacturing, a critical step toward sustainable, efficientproduction systems. In the last paragraph of the introduction section, we highlight the gap in applyingDDPMs to industrial glass defect detection, the significance of addressing class imbalance in manufac-turing quality control, and the objective of developing a synthetic data augmentation approach thatimproves defect detection performance across multiple CNN architectures.

2. Related Work

2.1 Traditional and Modern Defect Detection in Glass Manufacturing

The journey of quality control in glass manufacturing has evolved tremendously over time.Human inspectors—once the backbone of quality control—have increasingly given way to AI-drivensystems. While human experts could visually identify defects, they inevitably faced issues with con-sistency, fatigue, and subjective judgments [6]. The first wave of automated systems emerged in the1980s-1990s with basic image processing techniques like edge detection, thresholding, and templatematching. Yet these conventional approaches often faltered when confronted with varying lightingconditions, complex reflections on glass surfaces, and the diverse ways defects can manifest as de-scribed by Malamas et al. [7].Glass products in manufacturing present unique inspection challenges due to their geometricproperties. Their curved or cylindrical surfaces create complex reflection patterns, and the semi-transparent nature of glassmakes defect detection particularly challenging. Traditional inspection sys-tems required multiple cameras at different angles and sophisticated image stitching algorithms. De-spite these measures, internal defects like bubbles, stones (unmelted raw materials), and cord (glassinhomogeneity) remained elusive to conventional vision systems [6].Recent years have witnessed a significant transformation with CNN applications in the field. Forglass manufacturing specifically, Zhou et al. [8] developed a visual attention-based framework thatsuccessfully detects subtle defects on glass surfaces by combining wavelet transformwith deep learn-ing models. Their approach effectively identified complex defects that conventional systems oftenmissed, while reducing computational complexity. Yet these deep learning approaches still face sig-nificant implementation hurdles in production environments—primarily due to class imbalance, asdefective products typically make up only 1-5% of production output [2].
2.2 Addressing Class Imbalance and Data Augmentation

The manufacturing community has explored several strategies to address class imbalance inindustrial quality control: Resampling techniques, where Buda et al. [9] found that oversampling de-fective examples improved detection accuracy for rare defects by about 15%. Cost-sensitive learningapproaches, where Khan et al. [10] demonstrated that weighted loss functions boosted recall for de-fect detection in transparentmaterials by up to 23%without significantly increasing false positives. En-semble methods, which combine multiple models trained on different data subsets and have proveneffective for handling diverse defect types [11]. Data augmentation, which creates synthetic data toincrease dataset diversity without collecting more real-world samples [12].Traditional data augmentation techniques like geometric transformations and color adjustmentshave shown limited effectiveness for glass manufacturing defects. These methods simply cannot cap-ture the unique optical properties of glass materials. Early approaches using Generative AdversarialNetworks (GANs) for synthetic defect generation faced significant challenges. GANs often encoun-tered mode collapse, where the generator produces limited varieties of samples, failing to capture
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the full diversity of defect types. Additionally, training instability issues were particularly pronouncedwhen dealing with transparent materials like glass, where subtle variations in refraction patterns andtransparency need to be accurately reproduced. These GANs frequently failed to generate realisticoptical characteristics such as proper light transmission through cracks or accurate representation ofcontamination within the glass matrix.Diffusionmodels have recently emerged as a promising alternative. For glass defect image genera-tion, DDPMs offer several compelling advantages: they excel at high-fidelity generation that capturessubtle variations in transparency and texture; they offer better training stability compared to GANs[13]; and they allow for conditioning generation on specific defect types [14-16]. In related researchareas, Khazrak et al. [5] demonstrated the effectiveness of DDPMs for addressing imbalanced medicalimaging datasets—findings that translate well to glass defect detection since both domains involveidentifying subtle anomalies in visually complex contexts.
2.3 Transfer Learning for Glass Defect Detection

Transfer learning has proven particularly valuable for glass defect detection, especially whenannotateddata is limited [17]. In glassmanufacturing specifically, pre-trained architectures like ResNet50V2,EfficientNetB0, andMobileNetV2 have been successfully adapted to detect surface defects, with eachoffering different trade-offs between accuracy and computational requirements [18-20].Ferguson et al. [21] showed that transfer learning could reduce required training data by up to 70%compared to training from scratch. However, they noted an important limitation: transfer learning ef-fectiveness is often constrained by dataset imbalances. This observation highlights the potential ben-efit of combining transfer learning with synthetic data augmentation techniques like diffusion modelsto tackle the persistent challenges in glass quality control systems.
3. Methodology

This section details the approach to addressing class imbalance in glass defect detection usingdiffusion models. As illustrated in Figure 1, the methodology encompasses data preparation, DDPMtraining, synthetic data generation, CNN model training, and comprehensive evaluation.
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Fig. 1. Overview of the proposed methodology for enhancing glass defect detection. The pipelineconsists of five main stages: (1) data preparation using the MVTec glass bottle dataset, (2) training aDDPM on defective samples [22], (3) generating synthetic defective samples to augment the dataset,(4) training CNN models on both original and augmented datasets, and (5) evaluation and featurespace analysis
3.1 Dataset Description

The dataset used in this study is from the MVTec Anomaly Detection Dataset [23], which is li-censedunder the CreativeCommonsAttribution-NonCommercial-ShareAlike 4.0 International License(CC BY-NC-SA 4.0). This license allows for sharing and adaptation for non-commercial purposes, pro-vided appropriate credit is given and derived works are shared under the same license terms.The research utilizes a real-world dataset of glass bottle images collected from an operational pro-duction line. The dataset consists of 272 images categorized into two classes: Non-Defective: 209images (76.8% of the dataset) and Defective: 63 images (23.2% of the dataset).This distribution reflects the real-world scenario in manufacturing environments where defec-tive products constitute the minority class. The significant class imbalance (approximately 3:1 ratio)presents a challenge for machine learning models, which tend to favor the majority class during train-ing.
3.2 Diffusion Model for Synthetic Data Generation

To address the class imbalance, a Denoising Diffusion Probabilistic Model (DDPM) was em-ployed to generate synthetic images of the minority class (defective products). DDPMs operate bylearning a reverse diffusion process that gradually transforms noise into structured data [14].Diffusion models consist of a forward process that gradually adds noise to an image x0 accordingto a variance schedule β1, ..., βT , and a learned reverse process that denoises the image. The forward
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diffusion process gradually adds noise to the data. Mathematically, the forward process at timestep tis defined as:
q(xt|xt−1) = N (xt;

√
1− βtxt−1, βtI) (1)

The reverse denoising process, which is learned during training, predicts the parameters µθ(xt, t)and Σθ(xt, t) of the Gaussian kernel via a neural network. It can be written as:
pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) (2)

Advanced implementations of diffusion models have explored numerous refinements to this basicformulation. Karras et al. [24] conducted a comprehensive analysis of the design space of diffusionmodels, proposing improvements to both training and sampling procedures that enhance efficiencyand image quality. Their work demonstrates that careful selection of noise schedules and samplingstrategies can significantly reduce computational costs while maintaining high-fidelity generation.Figure 2 illustrates this two-phase process. The forward process (bottom) gradually adds noise toan image until it becomes pure noise, while the backward process (top) learns to reverse this degra-dation by removing noise step by step to recover the original image.

Fig. 2. Illustration of the diffusion model’s forward and backward processes. The forward process(bottom, dashed arrow) gradually adds noise to a clean glass bottle image (X0) until it becomes purenoise (XT ). The model learns the backward process (top, solid arrow) which denoises the image stepby step, converting noise back into a realistic glass bottle image
3.2.1 Dataset Preparation for DDPM Training

A custom PyTorch dataset class (SingleClassDataset) was created specifically focused on the defec-tive class. This dataset: Loaded images exclusively from the ”Defective” folder containing 63 images;Included all PNG and JPG format images; Applied preprocessing transformations including resizing to128×128 pixels, conversion to tensors, and normalization (mean and standard deviation of 0.5 for eachchannel); Was configured with a DataLoader using batch size of 8, shuffling enabled, and two workerprocesses.No additional data augmentation was applied during DDPM training, allowing the model to learndirectly from the raw defective samples without synthetic variations.
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3.2.2 DDPM Architecture and Training

A UNet-based diffusion model was implemented with the following specifications: Base architec-ture: UNet2DModel with sample size of 128×128 pixels, input/output channels of 3 (RGB images), mul-tiple layers per block with tailored block output channels, and combination of standard down/up sam-pling blocks and attention-based blocks. Noise scheduling: DDPMScheduler configured with 14,000training timesteps and linear beta schedule (ranging from 0.0001 to 0.02). Pipeline: DDPMPipelinecombining the UNet model with the noise scheduler. Computation: Model trained on CUDA-enabledGPU.While our implementation utilized a standard UNet architecture, recent advancements in diffusionmodel efficiency have introduced alternative approaches. Rombach et al. [25] demonstrated thatdiffusion models operating in the compressed latent space of autoencoders (Latent DiffusionModels)can achieve comparable image quality with significantly reduced computational requirements. Thisapproach is particularly promising for industrial applications where computational resources may belimited.The training procedure consisted of: Optimizer: AdamW with learning rate of 1 × 10−4. Trainingduration: 1,300 epochs. Training loop for each batch: Randomtimestep sampling from the scheduler’srange, noise addition to images according to sampled timesteps, noise prediction by the UNet model,MSE loss computation between predicted and actual noise, and backpropagation and optimizer stepfor weight updates. Monitoring: Loss logging every 50 steps to track convergence. Checkpointing:Saving scheduler configuration and model state dictionary for later inference.
3.2.3 Synthetic Data Generation Process

After training, the following processwas employed to generate new synthetic defective bottle glassimages: Image sampling through sampling an initial noise tensor as the starting point, iteratively refin-ing this tensor using the scheduler’s timesteps and the trained UNet model, and post-processing thefinal images (clamping and scaling) to ensure appropriate pixel value ranges. Output: Saving generatedimages to a specified output directory. Validation: Visual confirmation of generation quality.Using this pipeline, diverse synthetic defective glass bottle images that captured various defecttypes were successfully generated. Figure 3 shows representative examples from this approach.

Fig. 3. DDPM-generated synthetic defective bottle glass images captured from a top-down view. Thetwo left images depict breaks and cracks, easily identifiable by jagged and irregular edge contours,while the rightmost image highlights a contamination defect, visible as a brown discoloration concen-trated at the bottomof the bottle, an important cue for identifying internal residue or inclusion-relatedfaults
In total, 60new synthetic defective glass imageswere generated, resulting in an augmenteddataset
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with the following distribution: Non-Defective: 209 images (unchanged) andDefective: 123 images (63real + 60 synthetic).This increased the defective class representation from23.2% to 37.0%of the total dataset, reducingthe imbalance ratio from approximately 3:1 to 1.7:1. Figure 4 shows a comparison between real non-defective, real defective, and synthetic defective glass bottle images.

Fig. 4. Comparison of bottle glass samples: (Top row) Real non-defective glass bottles showing consis-tent clarity and structure. (Middle row) Real defective glass bottles exhibiting various imperfections in-cluding discoloration, structural irregularities, breaks, and bottom-of-the-bottle contamination. (Bot-tom row) DDPM-generated synthetic defective glass bottles that capture similar defect patterns to thereal samples, showing clear examples of cracks and contamination localized at the bottle base
3.3 CNN Models for Defect Classification

Three popular CNN architectures were evaluated, each with different characteristics in termsof depth, parameter count, and computational efficiency:
3.3.1 ResNet50V2

ResNet50V2 is a deep residual network featuring skip connections that help address the vanishinggradient problem in deep networks [26]. With approximately 25.6 million parameters, it represents adeep and powerful architecture.
3.3.2 EfficientNetB0

EfficientNetB0 utilizes compound scaling to balance network depth, width, and resolution, achiev-ing strong performance with fewer parameters (approximately 5.3 million) [19].
3.3.3 MobileNetV2

MobileNetV2 employs depthwise separable convolutions and inverted residuals to create a lightweightarchitecture (approximately 3.5 million parameters) suitable for resource-constrained environments
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[20].
3.4 Experimental Setup

For each CNN architecture, two experiments were conducted: (1) Baseline (RealData): Trainingon the original dataset with 209 non-defective and 63 defective images. (2) Augmented (Augmented-Data): Training on the expanded dataset with 209 non-defective and 123 defective images (includingDDPM-generated synthetic images).
3.4.1 Data Preprocessing and Augmentation

All images were resized to 128×128 pixels and preprocessed according to the requirements of eachspecific CNN architecture. Standard data augmentation techniqueswere applied during training to im-prove model generalization: Random horizontal and vertical flips, Random rotation (±20%), Randomzoom (±20%), and Random contrast adjustment (±20%).These augmentations were applied to both experimental setups, with the key difference being theinclusion of the 60 DDPM-generated images in the AugmentedData experiment.
3.4.2 Model Training

For all experiments, transfer learning was employed by using pre-trained ImageNet weights forthe backbone networks while training only the classification head. This approach leverages generalfeature extraction capabilities developed on a large dataset while adapting specifically to the glassdefect detection task.The models were trained with the following specifications: Optimizer: Adamwith learning rate 1e-4. Loss function: Binary cross-entropy. Batch size: 32. Maximum epochs: 5. Early stopping: Patienceof 5 epochs, monitoring validation loss. Learning rate schedule: ReduceLROnPlateau with factor 0.2and patience 3.To further address class imbalance during training, class weights were applied. These weights arecalculated as shown in Eq. (3):
w0 =

Ntotal

NNonDefective × 1.2
, w1 =

Ntotal

NDefective × 2.1
(3)

whereNtotal is the total number of samples,NNonDefective is the number of non-defective samples,andNDefective is the number of defective samples. This weighted approach helps the model pay moreattention to the minority class during training.
3.5 Evaluation Metrics

Model performance was evaluated using standard metrics for binary classification, with par-ticular attention to metrics that reflect the ability to identify defective products (the minority class):Accuracy: Overall proportion of correct predictions
Accuracy = TP + TN

TP + TN + FP + FN
(4)

Precision: Proportion of predicted defects that are actual defects
Precision =

TP

TP + FP
(5)
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Recall: Proportion of actual defects that are correctly identified (also known as sensitivity)
Recall = TP

TP + FN
(6)

F1 Score: Harmonic mean of precision and recall
F1 = 2× Precision× Recall

Precision+ Recall (7)
ROC AUC: Area under the Receiver Operating Characteristic curve, which plots true positive rateagainst false positive rate at various threshold settings

ROC AUC =

∫ 1

0

TPR(FPR−1(t))dt (8)
where TPR is the true positive rate (recall) and FPR is the false positive rate given by:

FPR =
FP

FP + TN
(9)

In these formulas, TP represents true positives (correctly identified defects), TN represents truenegatives (correctly identified non-defective samples), FP represents false positives (non-defectivesamples incorrectly classified as defective), and FN represents false negatives (defective samplesincorrectly classified as non-defective).Given the industrial contextwheremissing defects (false negatives) can have serious consequencesbut where excessive false alarms (false positives) can also be costly, the classification threshold wasset at 0.4 to balance precision and recall. This approach to threshold optimization for imbalanceddatasets aligns with techniques demonstrated in other domains where CNN architectures have beenemployed for binary classification of complex signals [27].
4. Results

4.1 ResNet50V2 Results

Table 1ResNet50V2 Performance Comparison
Metric RealData AugmentedData

Accuracy 0.78 0.93Precision 0.53 1.00Recall 0.80 0.84F1 Score 0.64 0.91ROC AUC 0.899 0.973
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Fig. 5. ResNet50V2 Confusion Matrices for RealData (left) and AugmentedData (right). ND = Non-Defective, D = Defective
The ResNet50V2 model showed remarkable improvement when trained with the augmenteddataset. The most striking change was in precision, which increased from 0.53 to a perfect 1.00, in-dicating the elimination of false positives. This improvement is reflected in the confusion matrices,where the model trained on augmented data correctly classified all 56 non-defective samples, com-pared to 14 false positives in the baseline experiment.Overall accuracy increased from 0.78 to 0.93, and the F1 score improved dramatically from 0.64to 0.91. The recall saw a modest improvement from 0.80 to 0.84, indicating a slight reduction infalse negatives. The ROC AUC also showed significant improvement, increasing from 0.899 to 0.973,suggesting better overall discrimination between classes.

4.2 EfficientNetB0 Results

Table 2EfficientNetB0 Performance Comparison
Metric RealData AugmentedData

Accuracy 0.8395 0.8485Precision 1.00 1.00Recall 0.35 0.65F1 Score 0.52 0.79ROC AUC 0.9672 0.9801

697



Fig. 6. EfficientNetB0 Confusion Matrices for RealData (left) and AugmentedData (right). ND = Non-Defective, D = Defective
For the EfficientNetB0 model, the most significant improvement was in recall, which nearlydoubled from 0.35 to 0.65. This indicates a substantial reduction in false negatives, with the modelcorrectly identifying 65% of defective samples when trained on the augmented dataset compared toonly 35% on the baseline dataset.The precision remained perfect at 1.00 for both experiments, indicating no false positives in eithercase. The F1 score improved dramatically from 0.52 to 0.79, reflecting the improved balance betweenprecision and recall. The ROC AUC also showed an improvement from 0.9672 to 0.9801, suggestingbetter discriminative capacity.Overall accuracy showed a slight improvement from 0.8395 to 0.8485, which is notable given thatthe test set for the augmented experiment included a higher proportion of the more challenging de-fective class.

4.3 MobileNetV2 Results

Table 3MobileNetV2 Performance Comparison
Metric RealData AugmentedData

Accuracy 0.9012 0.8586Precision 1.00 1.00Recall 0.60 0.6744F1 Score 0.75 0.8056ROC AUC 0.9508 0.9805
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Fig. 7. MobileNetV2 Confusion Matrices for RealData (left) and AugmentedData (right). ND = Non-Defective, D = Defective
The MobileNetV2 model showed improvement in defect detection capabilities when trainedon the augmented dataset, particularly in terms of recall, which increased from 0.60 to 0.6744. Thisrepresents a reduction in false negatives, with more defective samples being correctly identified.Similar to the other models, precision remained perfect at 1.00 for both experiments, indicatingno false positives. The F1 score improved from 0.75 to 0.8056, reflecting the better balance betweenprecision and recall. The ROC AUC showed significant improvement from 0.9508 to 0.9805, indicatingenhanced discriminative ability.Interestingly, the overall accuracy appeared to decrease slightly from 0.9012 to 0.8586. However,this metric should be interpreted with caution given the different class distributions in the validationsets and the higher priority placed on defect detection (minority class) in manufacturing contexts.
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4.4 Comparative Analysis Across Models

Fig. 8. F1 Score Comparison Across Models

Fig. 9. ROC AUC Comparison Across Models
All three models showed improvements when trained on the augmented dataset, particu-larly in metrics relevant to defect detection. The improvements in F1 score were most significant for
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ResNet50V2 and EfficientNetB0, with both showing a 0.27 point increase. MobileNetV2 showed amore modest improvement of 0.06 points, though it started from a higher baseline.In terms of ROC AUC, all models showed improvements, with ResNet50V2 exhibiting the largestgain (+0.074), followed by MobileNetV2 (+0.030) and EfficientNetB0 (+0.013).The most consistent improvement across all models was in recall, indicating enhanced ability todetect actual defects. This aligns with findings in other industrial domains where machine learningmodels have shown similar patterns of improvement when addressing class imbalance [28]. This isparticularly important in manufacturing quality control, where missing a defect can have serious con-sequences.Notably, all models maintained perfect precision (1.00) on the validation set when trained on theaugmented dataset, meaning no false positives were generated. This is crucial in manufacturing con-texts where false alarms can lead to unnecessary production stoppages and associated costs.
5. Discussion

5.1 Impact of Synthetic Data Augmentation

The results clearly demonstrate that augmenting the training dataset with DDPM-generatedsynthetic images of defective glass bottles significantly improves model performance, particularly indetecting the minority class (defective products). This improvement was observed consistently acrossall three CNN architectures tested, though with varying degrees of enhancement.Based on the experiments, several factors can be identified that likely contribute to this perfor-mance improvement: Improved class balance: By adding synthetic defective images, the imbalanceratiowas reduced fromapproximately 3:1 to 1.7:1, which providedmore balanced training signals to themodels. Enhanced feature learning: The synthetic images introduced additional variations of defectpatterns, helping the models learn more robust features for defect detection. Reduced overfitting:The larger and more diverse training set helped prevent the models from overfitting to the limitednumber of real defective samples. Preservation of defect characteristics: The DDPM demonstrated anability to capture subtle patterns in the defective class, generating synthetic samples that maintainedcritical visual cues needed for accurate classification.What appearsmost noteworthy is the consistent improvement in recall across allmodels, as this in-dicates better detection of actual defects—a critical capability in manufacturing quality control wheremissing defects can lead to product failures, customer complaints, and brand damage.
5.1.1 Feature Space Analysis

While performance metrics clearly demonstrate the benefits of using synthetic data, further in-vestigation was conducted into how DDPM-generated images relate to real samples in terms of theirfeature representations. To achieve this, a feature space analysis using t-distributed Stochastic Neigh-bor Embedding (t-SNE) was performed. This technique helped visualize the high-dimensional featurerepresentations in a two-dimensional space while preserving local relationships between data points.For this analysis, feature vectors were extracted from all three image categories using a pre-trainedResNet50V2 model. These high-dimensional features were then projected into a two-dimensionalspace using t-SNE with perplexity = 30 and 2000 iterations (random state = 42) for stable, inter-pretable visualization, allowing for examination of the distribution patterns.
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Fig. 10. t-SNE visualization of the dataset’s feature vectors extracted using a pre-trained ResNet50V2model. The plot reveals the distribution of real non-defective samples (blue), real defective samples(red), and DDPM-generated defective samples (orange) in the feature space
Upon examining Figure 10, several interesting patterns can be observed: Feature space clustering:The synthetic defective samples (orange) formed a distinct cluster separate from the non-defectivesamples (blue). This is particularly encouraging as it confirms that the synthetic images successfullycaptured discriminative features that differentiate defective from non-defective bottles. Complemen-tary feature distribution: While the synthetic defective samples clustered separately from real de-fective samples (red), they occupied a region of the feature space that remained distinct from non-defective samples. This suggests that the synthetic samples weren’tmerely replicating existing defectsbut were capturing novel defect patterns that complemented the real data. Enhanced feature diver-sity: The distribution of synthetic samples within their cluster indicated that the DDPM had generateddiverse variations of defects. This diversity likely contributed to the improved recall rates observedacross all architectures.This visual analysis reinforces the hypothesis that diffusion models can generate realistic defectiveglass bottle imageswhile preserving the essential semantic features needed for accurate classification.The complementary nature of the synthetic samples in the feature space explains why their inclusionled to more robust models with improved detection performance.
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5.2 Advantages of Diffusion Models for Manufacturing Applications

The results highlight several advantages of using diffusionmodels for synthetic data generationin manufacturing quality control applications: High-fidelity generation: The DDPM-generated imagesmaintained the visual characteristics of real defects, as evidenced by the improved classifier perfor-mance. This suggests that diffusion models can effectively capture the distinctive features of manu-facturing defects. Training with limited data: Despite having only 63 real defective images for trainingthe diffusion model, it successfully generated diverse and useful synthetic samples. This capacity towork with small datasets is particularly valuable in manufacturing settings where defective samplesare scarce. Controlled augmentation: The approach enabled precise control over the level of dataaugmentation, allowing for reduction of the class imbalance to a specific target ratio (from 3:1 to 1.7:1)without introducing excessive synthetic data that might overwhelm the real samples. This efficient or-ganization of synthetic data aligns with optimized data management strategies seen in other domainssuch as healthcare information systems [29]. Preservation of decision boundaries: The consistentmaintenance of perfect precision across all models suggests that the synthetic images respected thenatural decision boundaries between classes rather than introducing confusing patterns that mighthave led to false positives.
5.3 Model-Specific Observations

Each model responded differently to the synthetic data augmentation:
5.3.1 ResNet50V2

ResNet50V2 showed themost dramatic improvement, with a 15 percentage point increase in accu-racy (from 78% to 93%) and a substantial improvement in precision (from 0.53 to 1.00). This suggeststhat the deeper architecture of ResNet50V2 was better able to leverage the additional training datato refine its decision boundaries.
5.3.2 EfficientNetB0

EfficientNetB0 experienced the largest improvement in recall, nearly doubling from 35% to 65%.This indicates that the augmented dataset significantly enhanced the model’s ability to identify defec-tive samples, which it had previously struggled with despite having perfect precision.
5.3.3 MobileNetV2

MobileNetV2 showed more modest improvements overall but still benefited from the augmenteddataset, particularly in terms of recall (60% to 67.44%) and F1 score (0.75 to 0.81). As the mostlightweight model among the three, MobileNetV2’s performance with the augmented dataset makesit an attractive option for resource-constrained deployment scenarios.
5.4 Practical Implications for Manufacturing

The findings have several important implications for glass manufacturing and quality control:Cost-effective quality improvement: Synthetic data augmentation offers a cost-effective alternative tocollecting large numbers of real defective samples, which would require extensive monitoring of pro-duction lines. Balanced precision and recall: The ability to maintain perfect precision while improvingrecall addresses the dual challenges in manufacturing quality control: minimizing false alarms while
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ensuring defect detection. Flexible model selection: The consistent improvement across architecturesof varying complexity allows manufacturers to select models based on their specific computationalconstraints and performance requirements. Scalability: Once trained, the DDPM can generate addi-tional synthetic samples as needed, allowing for further refinement of models or adaptation to newdefect types.
5.5 Limitations and Future Work

While the results are promising, several limitations andopportunities for future research shouldbe acknowledged: Limited defect diversity: The current study focused on a binary classification (defec-tive vs. non-defective) without distinguishing between different types of defects. Future work couldexplore multi-class classification to identify specific defect categories. Synthetic image quality: Al-though theDDPM-generated imageswere effective in improvingmodel performance, further researchcould focus on enhancing the realism and diversity of synthetic defects through improved DDPMarchi-tectures or conditioning techniques. Real-world deployment: The study evaluated models on a held-out validation set rather than in a real production environment. Future work should assess the perfor-mance of these models in live manufacturing settings. Explainability: The current approach focuseson performance metrics without addressing the explainability of the models’ decisions. Incorporatingexplainable AI techniques could provide insights into which features the models are using to identifydefects. This would enhance trust in the system, similar to how prioritization and explanation tech-niques improve user feedback systems in other domains [30]. Advanced computational paradigms:While the current CNNarchitectures provided significant improvements, explorationof emerging com-putational approaches such as hyperdimensional computing could potentially offer additional benefitsfor processing high-dimensional image data inmanufacturing environments, as demonstrated by Gha-jari et al. [31] in anomaly detection contexts. Integration with decision-making frameworks: Exploreintegrating diffusion-based augmentation with multi-criteria decision-making frameworks [32] to au-tomatically rank and prioritize synthetic defect types for targetedmodel refinement. Generalization toother manufacturing domains: While focused on bottle glass manufacturing, the methodology couldpotentially be extended to other industries with similar class imbalance challenges. Future researchcould validate the approach in diverse manufacturing contexts.
6. Conclusions

This study has demonstrated the effectiveness of using Denoising Diffusion Probabilistic Mod-els (DDPMs) to generate synthetic defective glass bottle images for addressing class imbalance inman-ufacturing defect detection. By augmenting the training dataset with DDPM-generated images, signifi-cant improvementswere achieved in theperformanceof three popular CNNarchitectures (ResNet50V2,EfficientNetB0, and MobileNetV2) in detecting defective products. The feature space analysis usingt-SNE further validated that the synthetic images capture the essential characteristics that differenti-ate defective from non-defective samples, while introducing complementary variations that enhancemodel robustness. Key improvements were observed in recall rates, which increased from 35% to65% for EfficientNetB0, 60% to 67% for MobileNetV2, and 80% to 84% for ResNet50V2, all whilemaintaining perfect precision. Themost dramatic overall improvement was observed in ResNet50V2’saccuracy, which increased from 78% to 93% when trained with augmented data. The results highlightthe potential of diffusion models as a powerful tool for synthetic data generation in manufacturingquality control, offering a cost-effective approach to improving defect detection without requiring ex-tensive collection of real defective samples. The methodology’s effectiveness across different modelarchitectures suggests its broad applicability and flexibility for different deployment scenarios. Future
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work will extend this approach to multi-class defect classification, improve the quality and diversity ofsynthetic images, evaluate performance in real production environments, incorporate ex4plainabilitytechniques, and validate the methodology in other manufacturing domains. By addressing the criticalchallenge of class imbalance in defect detection, this research contributes meaningfully to the ongo-ing digital transformation of manufacturing, supporting the development of more efficient, accurate,and scalable quality control systems.
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