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Abstract
Defect detection of industrial metal surfaces is often limited by the scarcity of annotated data

and the high cost of manual labeling, which limits the performance of data-driven inspection sys-
tems. This paper presents a Green AI-driven framework for synthetic data generation that effi-
ciently augments industrial defect datasets while minimizing computational and annotation costs.
The proposed approach employs a deterministic procedural pipeline to generate synthetic defect
images together with aligned segmentation masks at the pixel-level, providing accurate supervision
without the computational overhead of deep generative models. The framework is evaluated on
the Kolektor Surface-Defect Dataset 2 (KSDD2), which is extended into a hybrid dataset through
synthetic augmentation followed by human-in-the-loop validation, to ensure the realism and relia-
bility of the generated samples and annotations. A lightweight state-of-the-art anomaly detection
model, SuperSimpleNet, is trained under controlled ablation settings on both the original and
hybrid datasets using identical test splits for fair comparison.

Performance is evaluated using both image-level and pixel-level metrics, including AUROC
and average precision. Experimental results demonstrate that the proposed hybrid dataset con-
sistently improves defect detection and localization performance while substantially reducing the
need for costly data acquisition and manual annotation. Unlike computationally intensive gen-
erative approaches based on GANs or diffusion models, the proposed procedural framework syn-
thesizes defects directly within predefined regions, enabling automatic generation of pixel-accurate
ground-truth annotations without human intervention. The resulting hybrid dataset improves all
evaluation metrics, achieving the largest gain in anomaly localization performance, with AP-loc
increasing by 5.3%, while image-level AUROC increases from 0.9840 to 0.9907. By combining effi-
cient synthetic data generation with precise automatic annotation, the proposed approach provides
a resource-efficient solution that aligns with Green AI principles.

Keywords: metal surface defect detection, synthetic data generation, generative AI, green AI,
human-in-the-loop
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1 Introduction
Current AI systems are based on large and high-quality datasets [1]. However, in many real-

world applications, data acquisition remains a major challenge due to limited data availability and
the cost and complexity of manual annotation. This limitation is particularly evident in industrial
inspection scenarios, where defect samples are inherently rare and labeling requires domain expertise.
To address these challenges, synthetic data generation (SDG) has emerged as a viable approach to
augment training datasets and improve model generalization. SDG encompasses multiple approaches,
including procedural methods (using computer graphics and statistical models) and generative AI
techniques (learning-based approaches such as VAEs, GANs, and diffusion models).

Generative AI techniques aim to learn the underlying distribution of input data and produce
new samples that preserve the structural, statistical, and semantic properties of the original dataset.
Recent advances in generative modeling have demonstrated remarkable capabilities in producing high-
quality synthetic data across various domains [2, 3]. These approaches have been successfully applied
in areas such as computer vision, robotics, and autonomous systems, where large-scale annotated
datasets are essential. However, despite their effectiveness, many of these methods are computationally
intensive, require complex training procedures, and often lack explicit control over the generated
content, particularly in terms of precise annotation alignment.

The growing computational demands of these models have also raised concerns about their energy
consumption and environmental impact. Consequently, the concept of Green AI has gained increasing
attention, emphasizing the need to evaluate AI systems not only by their predictive performance but
also by their computational efficiency and sustainability. From a Green AI perspective, computa-
tionally intensive generative models raise concerns regarding scalability, sustainability, and industrial
deployment [4]. In manufacturing and inspection systems, practical solutions must be efficient, easy
to deploy, and computationally lightweight.

These requirements motivate the development of SDG approaches that provide greater efficiency
and controllability. Unlike generative AI, procedural SDG methods generate data using computer
graphics and statistical models, allowing explicit control over scene composition, annotation gen-
eration, and precise pixel-level ground truth. Conventional dataset acquisition methods, including
crowd-sourcing, web scraping, and manual annotation, are often impractical in industrial environ-
ments due to their high cost, limited scalability, and inconsistent annotation quality. Consequently,
procedural SDG enables the systematic generation of accurately labeled datasets, providing a scalable
and efficient alternative to develop data-driven models [5, 6].

A key challenge in procedural SDG is the generation of reliable ground-truth annotations. Many
existing methods rely on auxiliary models for labeling, introducing additional sources of error, and
reducing the reliability of the dataset. Achieving accurate pixel-level correspondence between syn-
thetic images and their annotations remains particularly difficult in defect detection applications.
Human-In-The-Loop (HITL) validation can help address this limitation by enabling the verification
and refinement of generated samples and their corresponding annotations, thus improving the fidelity
and trustworthiness of the resulting dataset [7, 8].

Motivated by these considerations, this work presents a resource-efficient procedural SDG frame-
work aligned with the principles of Green AI for the detection of industrial metal surface defects.
Our main contribution is a deterministic pipeline that generates synthetic defect images with pixel-
accurate segmentation masks, without relying on computationally intensive deep generative models
such as GANs or diffusion models. By emphasizing deterministic generation, precise annotation con-
trol, and low computational overhead, the proposed approach enables the creation of high-quality
hybrid datasets. A controlled experimental evaluation demonstrates that synthetic data augmenta-
tion improves both defect classification and localization performance, highlighting the potential of
energy-efficient, data-centric strategies for industrial AI applications.

The remainder of the paper is structured as follows. Section 2 introduces the concept of Green
AI, with particular emphasis on its relationship to synthetic data generation as a resource-efficient
strategy in modern AI development. Section 3 presents the data set considered in this study, reviews
recent and relevant data generation methods, describes the state-of-the-art classifier for the detection
of metal surface defects and describes the evaluation framework used for the ablation study. Section 4
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details the proposed generative methodology, including the rationale behind its selection from a Green
AI perspective, and describes the SuperSimpleNet model employed in this work. Section 5 presents
the results of the ablation study. Finally, Section 6 concludes the paper and summarizes the main
findings.

2 Towards Sustainable Generative AI: Existing Approaches
This section reviews existing efforts to improve the energy efficiency and environmental sustain-

ability of generative AI and identifies key gaps that motivate future research.
AI is fundamentally transforming the energy industry, enabling more efficient, sustainable, and

secure systems. At the same time, AI itself has become a major consumer of computational resources,
raising important questions about its own sustainability. A major concern is the energy required
to train and deploy large-scale deep learning models. According to René Haas, CEO of Arm, AI
data centers could consume as much as one quarter of all U.S. electricity by the end of the decade.1
AI servers consume substantially more power than conventional servers because they rely on high-
performance GPUs and specialized AI accelerators. Cooling further contributes significantly to energy
demand, as these high-density systems generate enormous amounts of heat. Although advances in
liquid cooling have improved efficiency, cooling still accounts for a substantial fraction of total data-
center energy consumption. In addition, training foundation models requires millions of GPU-hours
and large amounts of electricity. After deployment, inference often becomes the dominant source of
energy consumption, as serving billions of user requests over a model’s lifetime can exceed the energy
required for training. The widespread adoption of generative AI further amplifies these trends.

Sustainable development has become a global priority, yet the ability to sustainably expand digital
infrastructure is struggling to keep pace with the rapid growth of AI data centers. This imbalance is
driven by the prevailing scaling paradigm, in which advances in generative AI are achieved primarily
through larger training datasets, more model parameters, and increased computational resources.
Although this strategy has produced remarkable improvements in model capability, it is approaching
practical, economic, and environmental limits. Despite ongoing efforts to improve AI efficiency, the
environmental footprint of generative AI—including greenhouse gas emissions, electricity demand, and
water consumption—remains substantial [9]. Consequently, future progress will increasingly depend
on algorithmic and architectural innovations that enhance computational efficiency rather than relying
solely on larger models and greater computing power [10].

The Green AI paradigm [11] advocates the development of computationally efficient algorithms,
energy-aware hardware, and optimized data processing pipelines. It also emphasizes transparency by
reporting resource-related metrics—including computational cost, energy consumption, and carbon
footprint—alongside traditional performance measures, thus promoting AI systems that are both
effective and environmentally sustainable.

The growing importance of Green AI has stimulated extensive research in this area [12]. Zhou
et al. [13] provide a comprehensive survey that formalizes Green AI around four key components:
measures of greenness, energy-efficient AI methodologies, energy-efficient computing infrastructures,
and AI applications for sustainability. Complementing this perspective, Clemm et al. [14] examine
environmental assessment and ecodesign practices, proposing a life-cycle framework that models AI
systems through four core elements: data, model, server, and cloud infrastructure. Their analysis
highlights the substantial carbon footprint of modern computing platforms, highlighting the need for
energy-aware design throughout the life cycle of the AI system.

From an industrial perspective, the adoption of Green AI is further motivated by practical consid-
erations such as deployment speed, operational costs, and system maintainability. In many real-world
applications, simpler and more computationally efficient models are preferred because they enable
faster deployment, lower energy consumption, and reduced maintenance costs. Moreover, their greater
interpretability enhances explainability and reliability, both of which are essential for industrial adop-
tion, particularly in safety-critical and highly regulated domains.

1The Wall Street Journal, April 9, 2024.
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In the context of generative AI, the work of Asperti et al. [15] represents one of the first efforts
to analyze the energy efficiency of generative models. Focusing on variational autoencoders, the au-
thors propose optimization techniques to reduce the computational cost of synthetic data generation.
From a Green AI perspective, energy consumption in synthetic data generation (SDG) affects the AI
development pipeline in two fundamental ways: (i) energy is directly consumed during the generation
process and (ii) the quality of the generated data influences downstream stages, particularly model
training and evaluation, thereby affecting the overall computational and energy requirements. Con-
sequently, the choice of generative models, architectures, and hyperparameters plays a critical role in
optimizing resource utilization.

While recent studies have explored GAN- and diffusion-based synthetic data generation for indus-
trial applications, these approaches often require substantial computational resources. In contrast,
this work demonstrates how a lightweight procedural SDG method for defect synthesis can improve
the sustainability of data-intensive AI applications. By inserting synthetic defects into predefined
regions, the proposed method automatically generates pixel-accurate ground-truth annotations, elim-
inating manual labeling efforts and reducing dependence on large annotated datasets. Although SDG
introduces an initial computational overhead, this investment can be offset by improved efficiency
in subsequent stages of the machine learning pipeline. High-quality synthetic datasets can accelerate
model convergence, reduce the number of training iterations, and lessen the need for costly data collec-
tion and annotation. Consequently, the overall computational and energy costs associated with model
development and deployment can be reduced, despite the upfront cost of synthetic data generation.
The proposed framework therefore offers a computationally efficient approach that reduces the environ-
mental impact of dataset creation while supporting the development of accurate and resource-efficient
machine learning models for industrial inspection, maintaining a high anomaly detection performance.

3 Methods
This section describes the benchmark dataset, the synthetic data generation framework, the state-

of-the-art classifier, and the evaluation protocol used in the metal surface defect detection study.

3.1 Dataset

The original dataset used in this study is the Kolektor Surface-Defect Dataset 2 (KSDD2) [16].
It is used in the generative phase of the experiments as a basis for constructing a larger hybrid data
set. The dataset comprises approximately 3,300 grayscale images of metal surfaces acquired under
real industrial conditions, with a significant imbalance between defective and non-defective samples.
Defective instances are annotated with pixel-level ground truth masks, enabling both supervised and
semi-supervised learning approaches. The dataset is characterized by small and low-contrast defects,
which increase the difficulty of detection and make it suitable for evaluating high-precision inspection
methods.

Several established generative approaches can be considered for synthetic defect generation, in-
cluding variational autoencoders (VAEs) [17, 18], adversarial frameworks such as DefectGAN [19, 20],
diffusion-based methods such as DefectFill [21], and large-scale generative models such as Stable Dif-
fusion XL [22] and Diffusion Transformers (DiT) [23].

VAEs offer stable training and efficient latent representations, but tend to produce overly smooth
and less realistic anomalies. Adversarial models provide sharper outputs and flexible defect synthesis;
however, they are often prone to training instability and may introduce spatial inconsistencies that
affect annotation accuracy. Diffusion-based methods achieve high-fidelity, context-aware synthesis, yet
they typically incur significant computational cost and require complex sampling procedures. Simi-
larly, large-scale generative models such as SDXL and DiT deliver photorealistic results but require
substantial computational resources and additional mechanisms for ground-truth estimation, limiting
their suitability for controlled industrial settings. In this context, procedural generation emerges as a
viable alternative due to its deterministic nature, precise pixel-level control, and negligible computa-
tional overhead, making it particularly attractive for resource-efficient data synthesis scenarios.
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3.2 SOTA Defect Classifier

Defect detection methods for industrial surface inspection can be broadly categorized into classical
feature-based approaches and deep learning-based techniques. Traditional methods rely on hand-
crafted features such as texture descriptors, edge information, or statistical measures, combined with
conventional classifiers; however, their performance degrades significantly in the presence of subtle,
low-contrast, or highly variable defects, and they lack robustness under real industrial conditions. Deep
learning-based approaches address these limitations by learning hierarchical representations directly
from data and have therefore become the dominant paradigm in modern inspection systems.

While high-capacity frameworks—including U-Net++ [24], DeepLabv3+ [25], Mask2Former [26],
and Swin Transformer-based variants [27], alongside traditional autoencoder-based anomaly detec-
tors—achieve strong performance, they incur substantial computational overhead and architectural
complexity. This burden frequently compromises their viability for real-time deployment in resource-
constrained industrial settings. Moreover, these models often exhibit pronounced sensitivity to dataset
bias, necessitating exhaustive hyperparameter tuning to generalize effectively across diverse defect
morphologies. Consequently, the paradigm has shifted toward lightweight, efficient architectures de-
signed to minimize environmental and computational footprints. Within this domain, SuperSimpleNet
[28] has recently emerged as a state-of-the-art competitive solution for metal surface defect detection,
offering a favorable trade-off between accuracy and efficiency. Based on SimpleNet model proposed
by Liu et. al [29], SuperSimplNet adopts a simplified architecture that enables fast inference, stable
optimization, and strong sensitivity to small and subtle defects, which makes it particularly suitable
for real-time industrial inspection applications.

3.3 Evaluation Framework

The evaluation framework is designed to quantitatively assess the impact of the proposed synthetic
data generation strategy on defect detection performance through an ablation study. The state-of-
the-art SuperSimpleNet architecture is evaluated under two experimental conditions: training on the
original KSDD2 dataset and training on the augmented hybrid dataset. To ensure a fair and consistent
comparison, both experimental setups share an identical test subset, while only the training data
differ between the two cases. This controlled split guarantees that performance variations observed
in the ablation study are exclusively attributable to the inclusion of synthetic samples. Evaluation is
conducted using both image and pixel-level metrics, defined in [30, 31, 32].

Image-level defect detection performance is evaluated using I-AUROC and AP-det. Segmentation
performance is assessed using seg-I-AUROC and seg-AP-det, while pixel-level anomaly localization
is evaluated using P-AUROC, AUPRO, and AP-loc. Together, these metrics provide complementary
measures of image-level detection, segmentation quality, and spatial localization performance

4 Our approach
This section presents the proposed GreenAI-driven data curation pipeline, the construction of the

KSDD2sg hybrid dataset, and the controlled benchmarking setup used to evaluate its impact on defect
detection performance.

An overview of the proposed evaluation framework is shown in Fig. 4. The architecture is orga-
nized into three core phases: a GreenAI-driven data curation stage that passes low-cost procedural
generations through a HITL verification step to construct the hybrid KSDD2 dataset; a parallel train-
ing stage where separate instances of the state-of-the-art SuperSimpleNet model are deployed; and a
unified benchmarking stage. By evaluating both configurations against an identical fixed KSDD2 test
split across multiple detection, segmentation, and localization metrics, we systematically isolate the
performance gains introduced by our data generation pipeline. A detailed description of the pipeline
components is provided further in the current section.

As an initial step in the proposed framework, a stochastic procedural generation mechanism is
implemented to simulate high-frequency textural disruptions on clean surface samples, synthesizing
realistic industrial anomalies for the KSDD2 training split. The process begins with deterministic
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Figure 1: Overview of the proposed framework, illustrating the computationally efficient synthetic
data generation, HITL verification, subsequent hybrid dataset construction, parallel network training,
and comprehensive metric benchmarking stages.

environment calibration to ensure reproducibility, followed by the generation of defect geometries
using randomized overlapping elliptical primitives combined with morphological closing operations.
To achieve seamless integration, the generated shapes are subjected to Gaussian edge smoothing and
subsequently fused with the original images via alpha blending, defined as Iout = Iorig × (1 − α) +
Texture × α.

The textura-injection stage dynamically selects among three distinct degradation models—abrasion,
textured stain, and structural flaw—to replicate the physical manifestations of real-world manufactur-
ing anomalies, while employing smoothed Gaussian noise to approximate material grain and surface
irregularities. Specifically, the textured stain model simulates localized chemical discoloration (Fig. 2a)
and specular fluid depositions such as oil contamination (Fig. 2c), characterized by sharp, high-contrast
outer boundaries. The structural flaw model synthetically generates macrostructural casting porosities
and surface voids (Fig. 2b), manifesting as distinct cavities with well-defined geometries. Similarly,
the abrasion model replicates mechanical surface scratches (Fig. 2d), producing sharp linear anomalies
that simulate localized material displacement. In parallel with this injection process, deterministic
ground-truth masks are generated, with optional boundary smoothing to provide soft labels and en-
sure precise pixel-level alignment for supervised learning. This automated pipeline enables efficient
batch generation of high-fidelity synthetic samples that remain both visually and structurally consis-
tent with authentic industrial defects, thereby providing robust training data for downstream surface
defect detection algorithms.

Figure 2: Examples of industrial surface defects used for synthetic model alignment: (a) surface dis-
coloration, (b) casting porosity/void, (c) fluid contamination (oil stain), and (d) mechanical abrasion
(scratch).
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This approach is preferred over latent generative methods such as variational autoencoders (VAEs),
which tend to produce overly smooth anomalies, and adversarial frameworks such as DefectGAN, which
may introduce spatial inconsistencies and artifacts affecting label accuracy. Additionally, large-scale
generative models, including Stable Diffusion XL (SDXL) and Diffusion Transformers (DiT), while ca-
pable of high photorealism, require auxiliary mechanisms for ground-truth estimation. In contrast, the
proposed procedural framework ensures fully deterministic mask generation and precise spatial corre-
spondence between defects and annotations. Although recent methods such as DefectFill [21] provide
state-of-the-art context-aware inpainting, the proposed approach prioritizes exact pixel-level control
and annotation reliability, which are critical for training high-sensitivity detection architectures.

The generative phase is followed by a HITL validation stage, wherein the synthesized samples are
systematically reviewed to ensure fidelity and relevance. In this process, defective images and their
corresponding masks are carefully examined and only those demonstrating realistic defect character-
istics and precise spatial correspondence are retained. This curation step mitigates the inclusion of
artifacts or implausible patterns, thereby enhancing the overall quality and reliability of the augmented
dataset for subsequent training and evaluation. The resulting curated hybrid dataset is denoted as
KSDD2sg, where s refers to the synthetic augmentation process and g highlights its alignment with
green, resource-efficient data generation principles.

For our approach, the SuperSimpleNet architecture is selected as the baseline classifier to evaluate
the impact of the proposed synthetic data generation pipeline. This choice is motivated by its compu-
tational efficiency, stable training behavior, and sensitivity to subtle defect patterns—characteristics
that are representative of both the KSDD2 dataset and its hybrid extension KSDD2sg. Using a
lightweight and well-controlled model allows the analysis to focus on the contribution of the data
itself rather than on the model complexity. The performance of both configurations is evaluated using
a comprehensive set of metrics including AUROC, AP-det, seg-I-AUROC, seg-AP-det, P-AUROC,
AUPRO, AP-loc, which collectively assess detection, segmentation, and localization capabilities.

5 Experiments
This section presents the creation of the KSDD2SG hybrid dataset using procedural synthetic

data generation methods, followed by the experimental evaluation of its impact on industrial anomaly
detection performance. The experiments assess both the efficiency of the procedural synthetic data
generation framework and its contribution to defect detection and localization accuracy. To isolate
the effect of the generated data from architectural factors, the same SuperSimpleNet configuration is
trained under identical conditions using both the original KSDD2 dataset and the proposed KSDD2SG
dataset. In addition, we analyze the computational cost of the generation process to highlight the
resource-efficient characteristics of our approach within the Green AI paradigm.

5.1 Synthetic dataset generation

The first phase of the experimental framework involves the generation of the extended hybrid
dataset KSDD2sg, obtained by augmenting the original KSDD2 dataset with newly synthesized de-
fective images and their corresponding defect masks.

Synthetic data are produced using a procedural generation pipeline, in which defects are syn-
thesized within regions defined by the corresponding defects mask images, as described in Section
4. Importantly, the generated defect instances are not restricted to the original dataset annotations;
instead, the procedural generation pipeline introduces additional intra-class variability by synthesiz-
ing multiple defect modalities—including abrasion, textured stains, and structural flaws as defined in
Section 4—thereby extending the effective defect distribution in terms of both appearance diversity
and morphological characteristics beyond the original annotations. The generated synthetic images
exhibit clearly defined defect regions that correspond to the associated defect masks. The defect
texture follows the characteristics of the original surface model, although it does not achieve full pho-
torealism. This represents a deliberate trade-off consistent with the Green AI paradigm, prioritizing
computational efficiency over maximal visual fidelity.
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Specifically, the generation of 1000 images and their corresponding defect masks requires less than
150 seconds on a standard laptop (Lenovo ThinkPad, Intel i7-8850H CPU, 32 GB RAM, NVIDIA
Quadro P2000 GPU). In contrast, a generative adversarial approach such as DefectGAN (trained for
200 epochs) requires approximately 17 hours of computation on a Google Colab system equipped with
an NVIDIA A100 GPU to produce a comparable synthetic dataset [33]. Moreover, the localization
of defects in the generated defect mask images is less precise for the DefectGAN approach. Expert
human interaction is required to select the most realistic defect instances, consistent with a HITL
paradigm, which is widely adopted in interactive machine learning/AI systems. For the purposes of
this study, 500 synthetic defective images were selected, along with their corresponding defect masks.
The authors performed this selection process based on the classical metal surface defect patterns
reported in previous work [33], including peer-reviewed journal articles, textbooks, and established
industrial experience in the areas of surface inspection and quality control.

5.2 Defect detection and localization

The ablation study is conducted on both the original KSDD2 dataset and the hybrid KSDD2sg
dataset, which share an identical test subset composed exclusively of KSDD2 images. The experimental
protocol follows the SuperSimpleNet training framework, which employs structured .pyb configuration
files to define a weakly supervised data splitting strategy. These files specify a constrained learning
setting in which only a small subset of training images is associated with pixel-level defect annotations,
while the remaining samples are treated as unlabeled or weakly labeled data for semi-supervised
learning. This formulation enables the model to learn robust anomaly representations from limited
supervision while leveraging additional unlabeled data, thereby reducing annotation overhead and
computational resource requirements. Such a design is consistent with the Green AI paradigm, as it
minimizes reliance on extensive manual labeling and promotes efficient use of available data without
increasing model complexity.

Within this framework, the state-of-the-art SuperSimpleNet model is evaluated on both datasets,
with training performed for 30 epochs. All training settings and hyperparameters are kept unchanged;
only the dataset composition is modified to isolate the effect of the proposed synthetic augmentation
strategy on performance.

Split Epochs I-AUROC AP-det seg-I-AUROC seg-AP-det P-AUROC AUPRO AP-loc
53 10 0.9217 0.8278 0.9693 0.9071 0.9496 0.9581 0.6112
53 20 0.9549 0.8746 0.9558 0.9073 0.9455 0.9294 0.6535
53 30 0.9388 0.8643 0.9623 0.9107 0.9588 0.9415 0.6911
246 10 0.9793 0.8904 0.9676 0.9012 0.9827 0.9716 0.7158
246 20 0.9590 0.8895 0.9796 0.9036 0.9784 0.9642 0.7118
246 30 0.9840 0.9271 0.9845 0.9097 0.9847 0.9764 0.7475

Table 1: Performance comparison for weakly supervised splits (53 and 246) run on the original KSDD2
dataset, over 10, 20, and 30 epochs on GPU T4x2 Kaggle accelerator.

Two groups of experiments were conducted to evaluate the model under different data conditions.
The first group used the original data set and used weakly supervised split files containing 53 and 246
samples. The second group used a synthetic dataset generated from the original data. Specifically,
a weakly supervised split of 106 samples was derived from the original 53-sample split, while larger
splits containing 492 and 592 samples were generated from the original 246-sample split. This exper-
imental design enables a direct comparison between model performance on the original dataset and
on augmented synthetic datasets with increased sample sizes, allowing an assessment of the impact of
synthetic data generation on anomaly detection and localization performance. All experiments were
trained for a total of 30 epochs, with performance metrics recorded at epochs 10, 20, and 30 to monitor
learning progression and evaluate the effect of training duration on model performance.

From a training-time perspective, the duration of one epoch is mainly determined by the number
of samples contained in the *.pyb weakly split file, as presented in Table 2. As the number of samples
increases, the number of training iterations per epoch also increases, which in turn leads to longer
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epoch durations. Minor variations across splits may also arise from differences in data loading efficiency
and preprocessing overhead.

Samples in .pyb 53 106 246 492 592
Epoch Time (min:sec) 01:20 02:34 04:51 10:36 14:52

Table 2: Epoch duration as a function of the number of samples in the weakly split file.

5.2.1 Original KSDD2 dataset results

Table 1 presents a comparison of model performance on the original KSDD2 dataset using two
weakly supervised splits (53 and 246 samples), evaluated over 10, 20, and 30 training epochs on a
GPU T4x2 Kaggle accelerator. Overall, the results show that the larger 246-sample split consistently
outperforms the smaller 53-sample split across most evaluation metrics, indicating the benefit of
increased training data.

For the 53-sample split, performance improves from 10 to 20 epochs in terms of image-level AUROC
(I-AUROC increasing from 0.9217 to 0.9549) and AP-det (from 0.8278 to 0.8746), while localization
performance (AP-loc) steadily increases from 0.6112 to 0.6911 across training. However, some metrics,
such as AUPRO and segmentation-related scores, fluctuate between epochs, suggesting less stable
convergence due to limited data.

In contrast, the 246-sample split achieves stronger and more stable performance overall. At 10
epochs, it has already surpassed the detection and segmentation performance (I-AUROC 0.9793,
AP-det 0.8904, AUPRO 0.9716). Although minor variations are observed at 20 epochs, the model
achieves its best overall performance at 30 epochs, with the highest reported values across key metrics,
including I-AUROC (0.9840), AP-det (0.9271), seg-I-AUROC (0.9845), P-AUROC (0.9847), and AP-
loc (0.7475).

Overall, the results indicate that increasing the weakly supervised split size significantly improves
model robustness and final performance, while longer training (up to 30 epochs) yields the best results,
particularly for the larger 246-sample configuration.

5.2.2 Hybrid KSDD2sg dataset results

Table 3 presents the performance of the model on the synthetic KSDD2sg dataset using weakly
supervised splits of 106, 492, and 592 samples, evaluated over 10, 20, and 30 training epochs on a
GPU T4x2 Kaggle accelerator. Overall, the results demonstrate a clear positive impact of increasing
both the size of the dataset and the duration of training on the performance of the model, particularly
for detection and localization tasks.

For the smallest synthetic split (106), performance remains relatively modest and stable across
epochs, with only gradual improvements observed in I-AUROC (from 0.9226 to 0.9366) and AP-det
(from 0.8237 to 0.8597). However, other metrics such as AP-loc and AUPRO show fluctuations,
indicating limited benefit from extended training on this smaller synthetic subset. This suggests that
the 106-sample configuration does not provide sufficient diversity for consistent performance gains.

In contrast, the 492-sample split shows substantial improvement in all metrics. At 10 epochs,
the model already achieves strong performance (I-AUROC 0.9611, AP-det 0.9046), and this steadily
increases with training, reaching its best overall performance at 30 epochs, including I-AUROC of
0.9883, AP-det of 0.9434, and AP-loc of 0.7695. Similar trends are observed in segmentation and
region-based metrics, indicating more stable learning behavior and better generalization with increased
synthetic data.

The largest split (592) consistently achieves the strongest overall performance across most met-
rics. After 10 epochs, it already reaches high baseline results (I-AUROC 0.9774, AP-det 0.9230)
and continues to improve, peaking at 30 epochs with the best overall scores in the table, including
I-AUROC 0.9907, AP-det 0.9454, seg-I-AUROC 0.9909, P-AUROC 0.9938, AUPRO 0.9884, and AP-
loc 0.7873. These results indicate that the 592-sample configuration provides the most stable and
highest-performing setting, benefiting most from longer training.
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In general, Table 3 demonstrates that synthetic data augmentation significantly enhances model
performance, with larger synthetic splits consistently yielding better and more stable results, while 30
epochs emerge as the optimal training duration across all configurations.

Split Epochs I-AUROC AP-det seg-I-AUROC seg-AP-det P-AUROC AUPRO AP-loc
106 10 0.9226 0.8237 0.9503 0.8885 0.9171 0.8884 0.6164
106 20 0.9329 0.8460 0.9449 0.8772 0.9568 0.9443 0.6073
106 30 0.9366 0.8597 0.9662 0.8755 0.9416 0.9382 0.6286
492 10 0.9611 0.9046 0.9715 0.9036 0.9780 0.9634 0.7067
492 20 0.9787 0.9385 0.9743 0.9113 0.9758 0.9687 0.7249
492 30 0.9883 0.9434 0.9880 0.9232 0.9906 0.9846 0.7695
592 10 0.9774 0.9230 0.9777 0.9218 0.9848 0.9727 0.7290
592 20 0.9792 0.9203 0.9776 0.9061 0.9844 0.9746 0.7181
592 30 0.9907 0.9454 0.9909 0.9296 0.9938 0.9884 0.7873

Table 3: Performance comparison for weakly supervised splits (106, 492, 592) run on the synthetic
KSDD2sg dataset, over 10, 20, and 30 epochs on GPU T4x2 Kaggle accelerator.

5.2.3 Original versus hybrid dataset results

To conclude the experimental evaluation, an ablation study is conducted based on the best-
performing results obtained in the previous experiments. The analysis compares the original KSDD2
configuration defined in the .pyb split, consisting of 246 images, against the proposed synthetic aug-
mentation setting, which extends the training distribution with an additional 346 procedurally gen-
erated defective samples, resulting in a weakly supervised split of 592 images. This augmentation
increases data availability without requiring additional manual annotation, thereby maintaining a low
labeling cost. From a Green AI perspective, this approach enhances data diversity and model robust-
ness while preserving computational efficiency and avoiding the need for additional data collection or
more complex model architectures.

To ensure a fair comparison, the evaluation considers the best-performing configuration for each
setting, corresponding to the optimal epoch identified in the previous experiments. The results are
evaluated using the metrics described in Section 3.3, and Table 4 reports the strongest performance
achieved by the original 246-sample split and compares it with the synthetic configuration of 592-
samples.

Overall, the results show that synthetic augmentation consistently improves all evaluation metrics
under optimal training conditions. Image-level performance improves, with AUROC increasing from
0.9840 to 0.9907 and AP-det from 0.9271 to 0.9454. Similarly, segmentation performance benefits from
increased data diversity, with Seg-I-AUROC rising from 0.9845 to 0.9909 and Seg-AP-det improving
from 0.9097 to 0.9296. These results provide a direct quantitative indication of the effectiveness of
synthetic data augmentation in improving both anomaly detection and localization performance.

At the pixel level, the hybrid dataset achieved a P-AUROC of 0.9938 and an AUPRO of 0.9884,
outperforming the original dataset by 0.92% and 1.23%, respectively. The greatest gain was observed
in AP-loc, which increased from 0.7475 to 0.7873, indicating an improved localization of anomalous
regions.

These results suggest that the proposed hybrid dataset improves the diversity of features and
improves the generalizability of SuperSimpleNet, leading to better anomaly detection and localization
performance.

5.3 Visual interpretation

To provide a visual interpretation of the proposed anomaly detection process, a composite rep-
resentation is generated for each test sample as in Fig. 3. The pixel-level anomaly localization and
verification pipeline consists of five sequential components used to evaluate the correspondence be-
tween model predictions and ground-truth annotations. The first component, the input image (i),
represents the raw material surface under inspection, containing potential localized textural or struc-
tural defects. The second component, the ground-truth mask (ii), is a binary, human-annotated
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Metric Original Dataset Hybrid Dataset Relative Improvement
I-AUROC 0.9840 0.9907 +0.68%
AP-det 0.9271 0.9454 +1.97%
Seg-I-AUROC 0.9845 0.9909 +0.65%
Seg-AP-det 0.9097 0.9296 +2.19%
P-AUROC 0.9847 0.9938 +0.92%
AUPRO 0.9764 0.9884 +1.23%
AP-loc 0.7475 0.7873 +5.32%

Table 4: Ablation study comparing the original dataset and the proposed hybrid dataset at 30 epochs.

Figure 3: Composite visualization of the pixel-level anomaly localization and verification pipeline
for test samples, illustrating the relationship between input data, ground-truth annotation, model
prediction, and anomaly score representations.

reference map in which defect regions are explicitly defined at the pixel level. The third component,
the predicted mask (iii), is obtained by applying a globally selected threshold (τ) to the network’s
continuous anomaly score map, producing a binary segmentation that reflects correct detections or
missed defect regions depending on the ground truth. The fourth component, the normalized anomaly
map (iv), is derived from the raw anomaly score map via min–max normalization and provides a vi-
sually interpretable heatmap of spatial anomaly confidence. The fifth component, the raw anomaly
map (v), contains the unnormalized pixel-wise anomaly scores along with the image-level confidence
score and peak segmentation score (SScore), serving as the quantitative basis for thresholding and
performance evaluation.

5.4 Computational cost of the proposed approach: A Green AI perspective

During the experimental work in [33] based on the DefectGAN model, the dataset generation
pipeline required resizing the original images from 230 × 630 pixels to 224 × 224 pixels to satisfy the
strict square-input constraints of DefectGAN. The generative model was subsequently trained for 200
epochs to generate 63,000 synthetic instances along with their respective defect masks, collected at
different training epochs: 120, 160, and 200. Following this, a HITL curation phase was deployed
to filter out non-viable patterns. Ultimately, only 1,535 defect images were retained, as numerous
samples suffered from localization alignment errors, irregular defect scale anomalies (e.g., excessively
small or large), or severely unphotorealistic morphology. A final post-processing step was also required
to remove salt-and-pepper noise from the generated mask surfaces. In terms of pure SDG execution
time—excluding preprocessing, post-processing, and manual HITL filtering, and operating on scaled-
down inputs—the training workflows deployed via Google Colab Pro2 exhibited estimated time of
arrival (ETA) thresholds from 17 to 590 hours, depending on the available hardware configuration.

In contrast, the proposed procedural framework does not require image resizing or post-processing,
natively maintaining the original Kolektor Surface-Defect Dataset 2 (KSDD2) resolution of 230 × 630
pixels. The proposed pipeline synthesizes 1,000 complete image-mask pairs in just 150 s. Furthermore,
approximately 75% of the generated samples successfully pass the HITL validation phase, demonstrat-
ing high visual fidelity to authentic manufacturing anomalies. Crucially, rather than restricting the

2https://colab.google/
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outputs to the baseline statistical distribution of KSDD2, the proposed framework generalizes to sim-
ulate broader taxonomy variations of metal surface irregularities. A summary of raw processing time
metrics is detailed in Table 5.

Method Hardware Architecture Generation Time
DefectGAN [33] CPU 590.00 h
DefectGAN [33] TPU+high memory 58.00 h
DefectGAN [33] NVIDIA A100 GPU 17.00 h
Proposed Procedural Intel Core i7-8850H CPU 0.06 h

Table 5: Computational Generation Time Comparison for 1,500 Synthetic Samples

5.5 Energy consumption for generating synthetic data

To assess the operational efficiency of the proposed synthetic data generation pipeline, we per-
formed a comparative analysis of Energy-to-Solution (EtS) on two heterogeneous hardware platforms.
EtS is adopted as the primary efficiency metric because it captures the total energy required to
complete the full workload and is therefore suitable for comparing systems with different compute
characteristics.

The Energy-to-Solution is defined as:

EtS = E = P · t (1)

where E is the total energy consumed in watt-hours (Wh), P denotes the average active processor
power draw in watts (W), and t denotes the total execution time in hours (h). Accordingly, EtS
is expressed in watt-hours (Wh) and may be reported in kilowatt-hours (kWh) for readability and
scale normalization. This metric directly reflects the operational cost of completing the synthetic
data generation task and supports a hardware-agnostic comparison of computational efficiency. In the
spirit of Green AI, this evaluation emphasizes energy efficiency alongside task completion, rather than
relying solely on raw throughput or nominal hardware capability.

The evaluated hardware configurations are: (i) an NVIDIA A100 GPU (PCIe variant, 300, W
Thermal Design Power [TDP]) representing a centralized high-performance cloud infrastructure uti-
lized in premium environments like Google Colab Pro, and (ii) an Intel Core i7-8850H CPU (45, W
TDP) representing a localized edge workstation.

The benchmark results are summarized in Table 6.

Methodology Platform Nominal Power (W) Runtime (h) Energy-to-Solution (Wh) Energy-to-Solution (kWh)
DefectGAN NVIDIA A100 GPU 250 17.00 4250.00 4.25000
Procedural Intel Core i7-8850H CPU 45 0.06 2.70 0.0027
Savings (∆ Absolute / %) — — 16.94 4247.30 4.24730 (99.93%)

Table 6: Energy-to-Solution (EtS) comparison across generation methodologies and heterogeneous
compute platforms

The results indicate that EtS provides a clear and interpretable measure of computational efficiency
across heterogeneous architectures for different SDG methods. Although the NVIDIA A100 GPU is
designed for high-throughput parallel workloads, its EtS is substantially higher for the DefectGAN
training method due to the long execution time required by this SDG workflow (17.00 h), resulting
in an energy cost of 4.25 kWh. By contrast, the Intel Core i7-8850H CPU completes the procedural
synthetic data generation method in 0.06 h, yielding an EtS of 2.70 Wh, or 0.0027kWh. Relative
to the DefectGAN method executed on the GPU configuration, the CPU-based procedural method
achieves an absolute reduction of 4247.30 Wh, corresponding to a 99.93% decrease in EtS.

These findings suggest that, for the SDG methods evaluated in this study, energy efficiency is
determined more by the execution characteristics of the generation approach than by peak compute
capability. This is consistent with Green AI literature, which advocates treating energy consumption
and environmental cost as primary evaluation criteria in AI systems.
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6 Conclusion
In the context of Green AI, addressing data scarcity requires synthetic data generation methods

that jointly balance visual realism, computational efficiency, and downstream model performance while
minimizing energy consumption. This paper presented a Green AI-oriented procedural SDG framework
for industrial metal surface defect detection based on computationally efficient procedural synthesis.
The proposed pipeline generates realistic defective samples together with pixel-accurate defect masks,
followed by a HITL validation stage to ensure annotation quality and visual fidelity. The resulting
hybrid data set was used to train the lightweight SuperSimpleNet architecture, demonstrating that
increasing the amount of high-quality synthetic data consistently improves the detection, segmentation,
and localization performance of anomalies.

Compared to training in the original KSDD2 dataset, the hybrid data set improved all evaluation
metrics, with the largest gain of 5.32% in AP-loc, while also increasing image and pixel detection
accuracy. These results indicate that carefully designed procedural synthetic data can effectively mit-
igate data scarcity without relying on computationally expensive generative models, extensive manual
annotation, or more complex deep learning architectures. Consequently, the proposed framework pro-
vides a scalable and resource-efficient approach to develop high-performance industrial vision systems
while advancing the sustainability objectives of Green AI.

Within this framework, Visual Knowledge Discovery (VKD) [34, 35, 36, 37] offers a complemen-
tary perspective by supporting the extraction and interpretation of meaningful visual patterns and
structural regularities in both real and synthetic data. VKD facilitates the analysis of latent defect
characteristics, the identification of discriminative texture regions, and the interpretation of feature
representations learned by deep neural networks. Moreover, it provides a principled mechanism for
assessing visual consistency between real and synthetically generated defects, thereby enabling system-
atic evaluation and refinement of synthetic data generation methods. By enhancing the interpretabil-
ity of both generated data and downstream models, VKD supports more effective use of synthetic
datasets while reducing the reliance on extensive real-world data collection. In this way, VKD aligns
naturally with Green AI objectives by promoting resource-efficient, transparent, and reliable industrial
AI systems.
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