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ABSTRACT Deep learning models have demonstrated remarkable performance in anomaly detection tasks,
particularly when large datasets with sufficient anomalous samples are available. However, in industrial
settings, collecting an adequate number of defective images for training remains a significant challenge.
Additionally, the complexity and diversity of anomaly patterns in industrial environments often make it
challenging for a single model to capture the entire range of features effectively. To address these challenges,
this paper proposes the Versatile Attention Re-weighted Stable Diffusion (VARSDiffusion), a diffusion-
based model for generating realistic defective samples. Furthermore, it introduces an Attention-Empowered
Multi-CNN Transformer-Fused model architecture to extract diverse feature sets from anomaly images.
A transformer-based meta-learner is employed to combine these features, enabling the model to detect both
subtle and large-scale anomalies more effectively. The proposed approach addresses issues such as class
imbalance, poor image variability, and the risk of overfitting by incorporating extensive data augmentation
techniques, including the application of Gaussian noise, to improve model generalization. The model was
evaluated on the MVTec LOCO AD and MVTec AD datasets, which present real-world challenges such as
sparse data and imbalanced classes. The results demonstrate the robustness and reliability of the model,
achieving AUROC scores of 98.15% and 97.56%, respectively, outperforming existing state-of-the-art
approaches. This novel framework provides a robust and adaptable solution for industrial anomaly detection,
even in environments with limited or imbalanced data.

INDEX TERMS Anomaly detection, multi-CNN, stable diffusion, transformer, meta learner, manufacturing
system.

I. INTRODUCTION
Maintaining product quality in industrial production in the
21st century is essential due to the ever-increasing demand
for production and the continuously rising standards for
quality [1]. Inspecting production defects is essential for
ensuring the quality of manufactured goods. By identifying
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and addressing flaws, it can enhance the overall quality
of the products and maintain high standards for customer
satisfaction. In modern production environments, even
minor anomalies such as scratches, dents, or misassembled
components can lead to significant quality failures, safety
hazards, and costly recalls [2]. Detecting any anomaly
becomes essential for quality or cost control in production
and critical to the integrity of industrial processes [3].
As manufacturing standards and output rates continue to rise,
manual inspection becomes impractical and error-prone.
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A vast impact in anomaly detection research has been
achieved using computer vision and deep learning [4], [5].
This has opened the possibility of developing high-level
models and systems where anomaly detection might become
autonomous [6]. Different models and strategies have been
proposed to leverage the effective capabilities of CNNs in
handling the complexities of production defect detection.
These deep learning models have gained popularity due
to their remarkable performance in image detection [7].
Despite the advancements made, the current state-of-the-art
anomaly detection models still face significant limitations
when dealing with industrial anomalies. These anomalies
exhibit considerable variation across different production
environments, making them difficult to capture through
conventional methods. Furthermore, these models often
fail to generate detailed feature representations, which are
crucial for identifying subtle and complex anomalies that
might otherwise go undetected [8]. The heterogeneous
nature of industrial environments, coupled with the diverse
characteristics of anomalies, presents unique challenges
that many traditional models are unable to overcome
effectively [9]. As a result, there is a growing need to
develop more advanced and tailored approaches that can
better address these challenges [10]. Additionally, the limited
nature of labeled datasets increases the challenges associated
with model generalization and overfitting [11]. There are
problems with employing complex and fuzzy anomaly
detection systems in industrial settings [12]. These include
uneven class distribution, limited data diversity, and the
requirement formodels to demonstrate resilience and efficacy
in various operating contexts [13]. Therefore, developing
novel and unique strategies that enhance the performance and
generalization abilities of deep learning models is necessary
to tackle these issues [14], [15].

This research proposed an anomaly detection framework
for complex industrial environments, utilizing an Attention-
Empowered Multi-CNN Transformer-Fused model in
convergence with Versatile Attention Re-weighted Stable
Diffusion. The model integrates attention modules with
multiple CNN networks to capture both local and global
features, enabling efficient anomaly detection by focusing
on relevant data regions [16]. A transformer network is
used to fuse the features extracted from CNNs, enhancing
the model’s ability to identify intricate anomaly patterns
by understanding contextual dependencies across different
feature sets. The Stable Diffusion model generates synthetic
anomalies, addressing class imbalance, while Versatile
Attention Re-weighting further improves the quality of
these generated images by focusing on the most significant
anomaly features. This combined approach forms a robust
framework capable of tackling the challenges of industrial
anomaly detection. More precisely, the notable contributions
of this work could be outlined as follows:

1) This paper proposed a novel framework for industrial
anomaly detection aimed at enhancing production

excellence within manufacturing systems. The frame-
work integrates a Stable Diffusion model for gen-
erating synthetic defective images and a multi-CNN
transformer-fused model, which efficiently identifies
anomalous products along the production line.

2) The proposed model enhanced the feature extraction
capabilities of CNN architectures by integrating a
novel Attention mechanism. Additionally, it developed
MCTNet, a multi-CNN fusion model that combines
multiple CNN models using a Transformer as a meta-
learner. This approach enables the model to focus
on critical features and adapt quickly to variations in
anomalies, achievingmore accurate and efficient defect
detection compared to existing fusion-based methods.

3) To address real-world industrial dataset limitations
like limited availability of defective images and class
imbalance, the proposed model employed a Versatile
Attention Re-weighted Stable Diffusion (VARSDiffu-
sion) method to generate realistic defective samples.
Furthermore, advanced Data Augmentations were
incorporated to enhance the model’s generalization and
robustness, along with the addition of Gaussian noise,
thereby improving its performance on unseen data.

4) A comprehensive performance comparison of the
proposed method is demonstrated and conducted
against existing methods on the MVTec LOCO AD
and MVTec AD datasets. This comparison serves to
validate the reliability and efficacy of our proposed
method in the context of anomaly detection.

The structure of the paper is organized as follows:
Section II describes the related work in this area. Section III
explains the system and proposed model architecture, along
with the components, optimization, and training techniques
used in this approach. Section IV depicts the testbed con-
figuration. Section V summarizes the empirical findings and
assesses themethod’s effectiveness. SectionVI concludes the
study and presents potential avenues for future research in
anomaly detection for manufacturing systems.

II. RELATED WORK
Recent advancements in anomaly detection for manufactur-
ing systems have leveraged diverse methodologies, ranging
from traditional machine learning to cutting-edge generative
models; yet, critical challenges persist in achieving robust,
scalable, and generalizable solutions. This section provides
a comprehensive synthesis of contemporary approaches
across multiple paradigms, highlighting their contributions
and fundamental limitations to contextualize our proposed
framework.

A. UNSUPERVISED METHODS
Unsupervised techniques have gained substantial traction
due to their ability to detect anomalies without the need
for extensive labeled datasets. Cohen and Hoshen [17]
proposed SPADE, a deep pyramid correspondence-based
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method that localizes anomalies through multi-scale feature
matching. While SPADE demonstrates strong performance
on benchmark datasets, achieving competitive AUROC
scores, it exhibits critical vulnerabilities: alignment depen-
dency on fixed reference images renders it susceptible
to dataset variability, the multi-resolution feature pyramid
architecture incurs significant computational overhead (up to
2.5x inference time compared to single-scale methods), and
limited adaptability to novel defect types not represented in
the reference set. Tao et al. [18] explored unsupervised defect
detection via dual-Siamese networks, addressing scenarios
with limited labeled anomalies.

Recent developments have introduced more sophisticated
unsupervised approaches. Roth et al. [19] developed Patch-
Core, achieving state-of-the-art performance with 99.6%
AUROC on MVTec AD through patch-based memory banks
and nearest-neighbor matching. However, PatchCore faces
scalability challenges, as its memory requirements grow
quadratically with dataset size, making it impractical for
large-scale industrial deployment. Additionally, the method
struggles with fine-grained texture anomalies and exhibits
inconsistent performance across different material types.

Xing and Li [20] addressed pixel-level anomaly detection
through a Partition Memory Bank (PMB) module, intro-
ducing spatial partitioning to improve localization accuracy.
Despite improvements in computational efficiency, their
approach faces limitations in capturing the semantic con-
textual information crucial for complex industrial scenarios.
The reliance on skip connections for low-level feature
integration introduces ambiguity in model interpretability,
necessitating further empirical validation across heteroge-
neous defect types commonly encountered in manufacturing
environments.

B. SEMI-SUPERVISED AND FLOW-BASED APPROACHES
Semi-supervised methods attempt to bridge the gap between
unsupervised techniques and fully supervised learning.
Rudolph et al.’s DifferNet [21] leverages normalizing
flows for defect identification, demonstrating robustness
in limited-data scenarios through probabilistic modeling.
The framework shows promise in handling distribution
shifts common in industrial settings. However, critical
limitations emerge: struggles with high-dimensional image
data due to inherent constraints of normalizing flows, pixel-
wise localization proves suboptimal for defects exhibiting
spatial irregularity such as texture variations or structural
misalignments, and computational complexity increases
exponentially with image resolution.

Recent flow-based approaches [22], [23] have sought
to address these limitations by employing hierarchical
modeling and enhanced architectures. However, fundamental
constraints in capturing complex, multi-modal defect dis-
tributions persist, highlighting the need for more adaptable
architectures capable of handling diverse anomaly morpholo-
gies encountered in real-world manufacturing scenarios.

C. TRANSFORMER-BASED APPROACHES FOR
INDUSTRIAL DEFECT DETECTION
The introduction of Vision Transformers and attention
mechanisms has brought significant advances to industrial
anomaly detection, addressing limitations of purely con-
volutional approaches in capturing global dependencies
and long-range spatial relationships crucial for defect
identification.

Zhang et al. [24] proposed a detection transformer
with multi-scale fusion attention for aero-engine turbine
blade defect detection, achieving 96.8% accuracy through
attention-based channel-adaptive weighting mechanisms that
effectively handle imbalanced datasets. However, their
method focuses primarily on single-domain applications
and lacks the generalizability required for diverse industrial
scenarios with varying defect characteristics. Huang et al.
[25] introduced a sparse cross-transformer network for
surface defect detection, incorporating residual layermodules
while reducing computational complexity by 40% compared
to full attention. Despite maintaining detection accuracy, their
approach struggles with strict real-time industrial latency
requirements (sub-100ms inference time).

Li et al. [26] explored transformer-based meta-learning
for bearing fault diagnosis, demonstrating 15% improve-
ment over traditional CNN methods in few-shot scenarios
through adaptive attention mechanisms and gradient-based
meta-learning. However, the framework faces limitations
in handling diverse anomaly morphologies across different
industrial domains and requires domain-specific fine-tuning
for optimal performance.

These transformer-based approaches highlight the poten-
tial of attention mechanisms in industrial defect detection
but reveal critical gaps in unified frameworks that can effec-
tively handle multiple CNN architectures while maintaining
computational efficiency suitable for industrial deployment
constraints.

D. DIFFUSION-BASED ANOMALY GENERATION
Recent breakthroughs in diffusion models have opened
up new avenues for addressing data scarcity in industrial
anomaly detection through the generation of high-quality
synthetic defects, representing a paradigm shift from tradi-
tional data augmentation techniques.

Zuo et al. [27] introduced a training-free anomaly gen-
eration framework (AAG) utilizing stable diffusion without
requiring additional training data. Their cross-attention
enhancement (CAE) and self-attention enhancement (SAE)
mechanisms generate realistic anomalies while maintaining
industrial context coherence, achieving Inception Scores
of 1.94 and FID scores below 45 on the MVTec AD
dataset. However, their method lacks the versatile attention
re-weighting mechanisms necessary for precise anomaly
mask alignment and defect morphology control. Sun et al.
[28] proposed AnomalyAny, leveraging stable diffusion for
diverse unseen anomaly generation across multiple indus-
trial domains with superior LPIPS scores indicating high
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FIGURE 1. Proposed industrial anomaly detection framework with centralized data processing for defect generation
using VARSDiffusion and MCTNet for anomaly detection.

perceptual similarity to real defects. Despite promising
dataset diversity expansion, their approach faces limitations
in controlling specific defect characteristics required for
precise morphology control and adherence to physical for-
mation constraints. Dai et al. [29] explored SeaS for few-shot
industrial anomaly generation, achieving 12% improvement
over traditional GAN-based methods in scenarios with
extremely limited defective samples (fewer than 10 per class).
However, the framework struggles with consistency across
different defect types and exhibits mode collapse issues when
generating complex, multi-component defects, which are
common in assembled products.

These diffusion-based methods demonstrate significant
potential for addressing the scarcity of industrial data.
However, existing approaches lack sophisticated attention
re-weighting mechanisms that can adaptively focus on
critical anomaly features while ensuring precise defect mask
alignment, particularly in complex industrial environments
with diverse anomaly patterns and strict quality control
requirements.

E. ADVANCED META-LEARNING AND ENSEMBLE
APPROACHES
Recent developments in meta-learning have shown promise
for industrial anomaly detection, particularly in scenarios
with limited labeled data and high variability in defect
characteristics. However, current approaches face significant
challenges in effectively combining multiple feature extrac-
tion architectures and adapting to novel defect types.

The integration of meta-learning with transformer archi-
tectures has gained attention for few-shot defect detection
scenarios. Lee et al. [30] proposed XDNet, a cross-
domain meta-learning framework that leverages squeeze-
excitation modules, anti-aliasing filters, and contrastive
learning for visual inspection tasks. Their approach combines
ensemble feature extractors with non-parametric classifiers,
achieving approximately 17% improvement over existing

state-of-the-art methods on the MVTec AD dataset reformu-
lated for n-way k-shot classification. However, their method
shows domain sensitivity, performing well on textured
materials (leather: 84% normalized accuracy) but struggling
with complex object domains (capsule: 22% normalized
accuracy), and faces computational challenges when scaling
to larger industrial deployments.

Recent ensemble approaches have evolved beyond simple
majority voting to address the limitations of uniform weight-
ing. Zhou et al. [31] proposed multimodal fusion combining
visual, thermal, and vibration data, achieving 94.7% accuracy
with dynamic weighting that adapts to sensor reliability and
environmental conditions. However, the approach requires
extensive sensor infrastructure and faces real-time processing
challenges due to the complexity of multi-modal data fusion.
Liu et al. [32] introduced selective ensemble methods
addressing data imbalance and computational efficiency
through intelligent model selection, achieving comparable
performance to full ensemble methods while reducing
computational overhead by 60%. Despite these advances,
existing ensemble methods often employ static architectural
combinations that disregard complementary strengths of
different CNN backbones and lack sophisticated fusion
mechanisms for optimal feature integration.

These developments highlight the critical need for
sophisticated fusion mechanisms that dynamically weight
contributions from different models based on reliability,
complementary strengths, and performance consistency,
particularly when combining diverse CNN architectures
with transformer-based meta-learners in dynamic industrial
environments.

F. RESEARCH GAPS
Current literature analysis reveals four critical limitations that
significantly hinder practical industrial anomaly detection
deployment:
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First, insufficient integration of advanced generative
models with attention mechanisms. While diffusion-based
approaches [27], [28], [29] demonstrate strong generation
capabilities, they lack sophisticated attention re-weighting
mechanisms for precise anomaly localization and feature
prioritization in complex industrial contexts. This limitation
results in generated samples that may lack precise defect
characteristics required for effective model training, partic-
ularly for subtle anomalies in high-precision manufacturing
environments.

Second, limited fusion of diverse CNN architectures
with transformer meta-learners. Existing methods [24],
[25], [26] typically focus on single architecture optimization
or simple ensemble approaches without effectively leverag-
ing complementary strengths of multiple CNN backbones
through intelligent transformer-based fusion. This results in
suboptimal feature utilization and limits the system’s ability
to handle diverse defect types that different architectural
paradigms may better capture.

Third, inadequate handling of real-world industrial
constraints. Current approaches [30], [31] often assume
clean, well-aligned data and struggle with practical chal-
lenges, including severe class imbalance (often 1:100
normal-to-defect ratios), limited data variability, diverse
anomaly morphologies, and strict latency requirements (sub-
100ms inference) commonly encountered in manufacturing
environments.

Fourth, lack of unified frameworks combining state-of-
the-art generation with sophisticated fusion mechanisms.
While recent works address either anomaly generation [27],
[28] or multi-architecture fusion [24], [26] independently,
no existing approach effectively integrates both paradigms
within a single, computationally efficient framework.

To address these critical limitations, this work intro-
duces a unified framework combining Versatile Attention
Re-weighted Stable Diffusion (VARSDiffusion) for control-
lable defect generation with MCTNet, a transformer-based
meta-learner that intelligently fuses attention-enhanced CNN
architectures (VGG16, DenseNet121, ResNet50). Unlike
existing approaches employing static fusion mechanisms, our
method employs adaptive attention re-weighting for both
generation and fusion processes, enabling superior perfor-
mance across diverse industrial scenarios while maintaining
computational efficiency suitable for real-time deployment.
The framework addresses data scarcity through sophisticated
synthetic generation, handles architectural diversity through
intelligent fusion, and maintains practical deployment viabil-
ity through optimized computational design.

III. METHODOLOGY
A. ANOMALY DETECTION SYSTEM
In the Manufacturing System (MS), the product line
comprises various applications and modules designed to
address multiple aspects of the manufacturing process. This
system is characterized by its flexibility and scalability,

allowing for the optimal selection and configuration of
modules tailored to specific production requirements. The
MS aims to enhance operational efficiency, reduce costs,
improve product quality, and enable data-driven decision-
making to optimize manufacturing processes. A critical
component of this is the continuous monitoring and detection
of anomalies within the production line to ensure quality and
operational excellence. The proposed framework integrates
a Stable Diffusion model to generate synthetic images,
thereby enhancing the capabilities of anomaly detection.
As illustrated in Fig. 1, the process begins with the collection
of images and data during the initial quality inspection stage.
These images are sent to a central server, where they are
analyzed using an AI-based anomaly detection model [33].
To enhance the robustness of defect identification, the pro-
posed VARSDiffusion model generates additional synthetic
defect images, thereby enriching the training dataset for
the anomaly detection model MCTNet, which enables more
accurate and advanced defect identification. Upon detecting
anomalies, the system triggers real-time alerts for immediate
action by the operational team [34]. Defective products
are directed to an automated anomaly removal process to
address identified defects efficiently. Once the automated
process resolves the anomalies, the products undergo manual
inspection to ensure that no defects are overlooked and that
quality standards are met [35]. After this verification step, the
products re-enter the production line and ultimately reach the
finished product stage.

B. VERSATILE ATTENTION RE-WEIGHTED STABLE
DIFFUSION
In this approach, the VARSDiffusion model generates
synthetic images that address data scarcity and imbalance
issues commonly encountered in industrial defect detection.
By stochastically producing a broader and more diverse set
of defect images, the approach reduces the dataset acqui-
sition cycle, expands low-volume datasets, and mitigates
overfitting. The focus is not on replicating exact real-
world parts, but rather on exploiting the model’s inherent
stochasticity and capacity to generalize, thereby improving
the robustness and utility of the training data. As shown in
Fig. 2, the process begins by encoding the original image
into a lower-dimensional latent space using a trained encoder
E , producing a latent vector z0. Within this latent space, the
forward diffusion process progressively adds noise at each
timestep t , and can be represented as:

zt =
√

αt · z0 +

√
1 − αt · ϵ (1)

Here, αt denotes the timestep-dependent noise-scheduling
coefficient, which varies with t to control how much of
the original signal is preserved at each diffusion step.
Both

√
αt z0 and

√
1 − αt ϵ represent standard scalar vector

multiplications, with ϵ ∼ N (0, I ) denoting Gaussian
noise. The square-root terms follow the standard diffusion
parameterization, where the signal and noise components are
scaled according to their respective standard deviations. The
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FIGURE 2. Overview of proposed VARSDiffusion model architecture for industrial defective sample generation.

probability of generating the full sample trajectory pθ (z0:T )
is governed by the model parameters θ , with p(zT ) serving
as the prior distribution. The transition probabilities between
steps follow:

pθ (zt−1 | zt ) = N
(
zt−1; µθ (zt , t), 6θ (zt , t)

)
(2)

where, in the reverse diffusion process, zt−1 is generated from
the current latent state zt via the learned transition µθ (zt , t),
so each step depends only on the previous state and the current
diffusion timestep t in a Markovian manner. µθ (zt , t) and
6θ (zt , t) are the timestep-dependent mean and covariance
derived from the model. The coefficient αt , introduced in the
forward noising process, specifies the noise level at timestep
t and is used to encode t inside µθ (zt , t). Consequently, µθ

is implicitly a function of αt . To optimize these parameters,
a latent diffusion loss LLDM is applied:

LLDM = Ez, ϵ ∼ N (0, 1), t
[
|ϵ − ϵθ (zt , t)|22

]
(3)

where the subscript of the expectation indicates that the loss
is averaged over samples of (z, ϵ, t). Here, z is drawn from the
latent data distribution, ϵ ∼ N (0, 1) denotes standard Gaus-
sian noise, and t is the diffusion timestep. ϵθ (zt , t) denotes the
model’s denoised prediction at timestep t , and minimizing
this loss aligns the reconstructed latent representation with
the noiseless target. Following T denoising iterations guided
by the U-Net-based diffusion backbone, a Versatile Attention
Re-weighting mechanism is incorporated to refine feature
prioritization. Specifically, at each denoising step t , a weight
map wm is computed based on the pixel-level differences
between the generated image x̂0 and the normal sample y
within the anomaly mask m:

wm = |m|1 · Softmax

(
1

|m⊙ (y− x̂0)|22

)
(4)

This weight map wm is used to modulate the cross-
attention mechanism, directing more focus to regions with
less pronounced anomalies:

RW-Attn(Q,K ,V ) =

(
Softmax

(
QK⊤

√
d

)
⊙ wm

)
· V (5)

where Q, K , and V are the query, key, and value matri-
ces derived from the latent code zt and spatial anomaly
embedding e, and d is the dimensionality of the key
vectors. This adaptive attention re-weighting enhances the
alignment between generated anomalies and anomaly masks
by emphasizing areas that require more accurate anomaly
generation.

The refined latent vector is then decoded by a decoder
D to produce the final restored image. This VARSDiffu-
sion enhancement technique effectively manipulates feature
shapes, pixel intensities, and contextual details. By enriching
positional, environmental, and contrast-related information
within the generated images and applying adaptive attention
re-weighting for critical feature focus, this approach yields
diverse, high-quality synthetic samples. Such outputs foster
more robust and efficient model training in industrial defect
detection tasks.

C. PROPOSED MULTI-CNN TRANSFORMER FUSION
This study proposes the MCTNet model, which integrates the
feature outputs of multiple pre-trained deep-learning models,
each enhanced with a specialized attention mechanism,
to enhance anomaly detection performance. This method
focuses on three highly efficient architectures: VGG16,
DenseNet121, and ResNet50, chosen for their complemen-
tary feature extraction capabilities and superior performance
in anomaly detection compared to other existing state-of-
the-art models, as further explained and demonstrated in
the evaluation section. The VGG16 is equipped with a
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FIGURE 3. Proposed Attention-Empowered Multi-CNN Transformer-fused Model (a) Illustrates the feature
aggregation of the Multi-CNN model along with the Attentions and (b) Shows the Meta Learner fusion
Transformer.

Channel Focus Attention (CFA) to emphasize informative
feature channels. Additionally, DenseNet121 is combined
with a Regional Highlight Attention (RHA) to highlight
critical spatial regions, and ResNet50 is augmented with
a Global Context Attention (GCA) to capture long-range
dependencies. The details of this attention mechanism pro-
cess are explained in the forthcoming sections. By utilizing
these distinct, attention-empowered architectures, the system
obtains three refined feature representations, denoted as
F1,F2,F3, where Fi = Modeli(X ) and X represents the input
data. These features are subsequently concatenated:

Ft = [F1;F2;F3] (6)

where Ft ∈ RN×d , N is the number of samples, and d is
the dimensionality of the concatenated feature vector. After
fine-tuning, the three backbone attention branches produce
fixed-length feature vectors: the VGG16–CFA branch yields
a 512-dimensional vector, the DenseNet121–RHA branch
yields a 1024-dimensional vector, and the ResNet50–GCA
branch yields a 2048-dimensional vector. These vectors,
denoted F1 ∈ R512, F2 ∈ R1024, and F3 ∈ R2048, are
concatenated to form the fused feature representation Ft ∈

R3584 that is passed to the transformer module, as illustrated
in Fig. 3, the transformer dynamically identifies the most
salient features and exploits interdependencies across the
combined representation. The core operation within the
transformer is the multi-head self-attention mechanism,
which projects Ft into a query (Q), key (K ), and value (V )
subspaces:

Q = FtWQ, K = FtWK , V = FtWV (7)

where WQ,WK ,WV ∈ Rd×dk are learned weight matri-
ces, and dk is the projection dimensionality. The scaled
dot-product attention is then computed as:

Attention(Q,K ,V ) = Softmax
(
QK⊤

√
dk

)
V (8)

To concurrently attend to multiple representation subspaces,
multi-head attention is employed:

MultiHead(Q,K ,V ) = Concat(head1, . . . , headh)WO (9)

where WO ∈ Rh·dk×d is the output projection matrix and
h is the number of heads. Additionally, a spatial reduction
mechanism is integrated within the transformer to refine
and prioritize essential spatial features, further enhancing
the quality of the fused representation [38], [39]. Following
the attention layer, a feed-forward network (FFN) introduces
non-linear transformations:

FFN(x) = max(0, xW1 + b1)W2 + b2 (10)

where W1,W2 and b1, b2 are learnable parameters. Residual
connections and layer normalization are applied to stabilize
training and improve generalization:

xnorm = LayerNorm(x + output) (11)

After multiple transformer layers have refined the fused
feature representation, it is reshaped and fed into fully
connected layers, culminating in a softmax layer:

ŷ = Softmax(FoutputWc + bc) (12)

whereWc and bc are the weights and biases of the final layer.
This advanced framework utilizes attention-driven models
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FIGURE 4. Illustration of the generated high-quality defective samples, highlighting the anomaly areas in red based on
the corresponding masks. The samples represent industrial product images from the MVTec LOCO AD [36] and MVTec
AD [37] datasets.

combined with transformer techniques to emphasize the
most critical features. It reduces unnecessary information
and improves the way features work together. This leads to
enhanced anomaly detection, making it more reliable, accu-
rate, and capable of handling different datasets effectively.

D. TRANSFORMER AS META LEARNER
The Transformer model serves as a meta-learner, enabling the
system to adapt to new anomaly detection tasks rapidly with
minimal retraining. In our implementation, the transformer
module is realized as a single transformer encoder layer
comprising one multi-head self-attention block and a sub-
sequent position-wise feed-forward sublayer, both equipped
with residual connections and layer normalization. Here, the
core functionality of the Transformer as a meta-learner lies
in its self-attention mechanism, which allows it to focus on
the most relevant features across different industrial defects
detected by various models. By leveraging the relationships
between features learned from multiple anomaly detection
models, the Transformer can generalize across new defects.
During training, the gradient-based optimization technique
Model-AgnosticMeta-Learning (MAML) is used to optimize
the parameters θ of the Transformer. MAML enables the
model to learn a shared initialization θ∗ that can be quickly
adapted to new defects with minimal data. For each new
defect T , initial learning rate α, and anomaly detection loss
LT , the model performs a gradient update to adapt the
parameters:

θ (T ) = θ − α∇θLT (Mθ (T )) (13)

This enables the Transformer to efficiently fine-tune its
parameters and adapt to new defects, allowing the system to

detect previously unseen anomalies with high accuracy and
improve performance across diverse industrial scenarios.

E. DEFECT SYNTHESIS AND DATA AUGMENTATION
VARSDiffusion addresses the challenge of insufficient data
samples in minority classes by generating synthetic defective
images, as shown in Fig. 4. The process begins with a noise
vector z ∼ N (0, I ) which is iteratively refined using a
reverse diffusion process guided by a defective maskM . This
mask M , extracted from existing samples, ensures that the
generated images retain realistic defect patterns. Formally,
the denoising step at each iteration t can be expressed as:

xt−1 = Denoise(xt ,M , θ) (14)

where xt represents the noisy image at step t , θ denotes the
model parameters, and Denoise is the learned reverse diffu-
sion function. By progressively applying this process, VARS-
Diffusion enriches the dataset with diverse and high-quality
defective images, enhancing the model’s capacity to detect
anomalies effectively. This is followed by data augmentation
using TensorFlow libraries. Each image underwent a series
of random transformations: images were randomly rotated
within the range of [−360◦, 360◦], and each color channel
was randomly shifted within ±30 (approximately ±15% of
the 8-bit color range [0, 255]). To account for variations in
illumination, pixel intensity was randomly altered within the
range of [−20, 20], affecting all color channels uniformly.
Additionally, pixel intensity was randomly scaled within
the range of [0.9, 1.5]. Random perspective transformations
were applied to simulate a variety of distances and viewing
angles. Images were scaled vertically and horizontally within
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FIGURE 5. Illustration of the attention-enhancement and fine-tuning process for the Multi-CNN model architecture; (a) depicts the
overall fine-tuning of the Multi-CNN models, while (b), (c), and (d) represent the corresponding attention mechanisms designed
for efficient feature extraction.

FIGURE 6. Examples of Data Augmentation and Gaussian Noise
application on Screw Bag samples; (a) & (b) Shows samples after Data
augmentation; (c) Shows samples after Gaussian Noise.

the range of [0.9, 1.5], with additional minor zooming
in the range of [0.1, 0.2] to preserve critical information.
Furthermore, horizontal flipping was applied with a 50%
probability. The augmented images were assigned the same
class labels as the original images, and the training dataset
was expanded, improving the model’s generalization ability
and accuracy in detecting objects [40]. During training, the
original and augmented images were subjected to further
in situ data augmentation, where comparable random changes
were applied to each batch in every epoch. The continual
increase in data enabled the network to experience a wide
range of variables, facilitating the creation of a more complex
model and preventing the model from overfitting to the
training data.

F. GAUSSIAN NOISE-ENHANCED GENERALIZATION
This methodology incorporates the addition of Gaussian
noise to both raw and transformed training images to enhance

model generalization to new images. This deliberate distor-
tion aims to improve the models’ generalization capabilities.
Moreno-Barea [41] demonstrated the effectiveness of adding
Gaussian noise by testing nine image datasets from the
UCI repository and observing improvements in all cases.
Introducing Gaussian noise during training enables the model
to become more adept at handling new, previously unseen
disturbances, thereby improving accuracy. Gaussian noise,
which has a Probability Density Function (PDF) similar to
the standard Gaussian distribution, is a reliable and valuable
method for adding variation to training data. Given is the PDF
f (x) of a Gaussian random variable x:

f (x) =
1

√
2πσ 2

e−
(x−µ)2

2σ2 (15)

The magnitude of the noise introduced is directly propor-
tional to the standard deviation (σ ). The proposed method
used a Gaussian distribution with a mean of 0 (µ = 0) and
a standard deviation of 0.05 (σ = 0.05) to generate noise
samples for each image shown in Fig. 6. The magnitude of
the noise is kept low to avoid losing significant detail. This
value was determined after exploratory analysis to identify
the best fit for the data.

G. ATTENTION MECHANISMS FOR FEATURE REFINEMENT
The proposed model employs and integrates three comple-
mentary attention modules: CFA, RHA, and GCA, to refine
backbone feature maps and enhance both anomaly detection
and localization. The CFA produces channel-wise importance
weights to emphasize discriminative feature channels. The
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RHA generates spatial gating to highlight salient regions
while suppressing background noise. The GCA captures
long-range dependencies through multi-head self-attention,
modeling global interactions between spatial locations and
channels.

These attention modules are incorporated into the
fine-tuning stage of each backbone. Leveraging trans-
fer learning, early layers are typically frozen to retain
general-purpose visual representations [42], while later
layers and the inserted attention blocks are trained on
the target datasets to adapt feature representations to the
anomaly detection task. The refinement begins with attention,
followed by two convolutional blocks, each consisting of
a convolution operation Conv2D, ReLU activation σ (x) =

max(0, x), and batch normalization BatchNorm. The final
output is generated by concatenating the outputs of the
regression head fr (x) and the classification head fc(x), defined
as:

Output = Concat(fr (x), fc(x)) (16)

where fr (x) performs anomaly regression and fc(x) performs
classification as illustrated in Fig. 5. Three distinct attention
mechanisms are integrated into the model at strategic
stages to enhance feature extraction and representation,
addressing different aspects of the input features. These
mechanisms work together to improve anomaly detection
and localization, focusing on channels, spatial regions, and
global dependencies. Fig. 5 (b) The CFA emphasizes themost
critical feature channels by generating channel-wise attention
maps. For an input feature tensor F ∈ RH×W×C , global
statistics are computed across spatial dimensions for each
channel:

Fmin = reduce_min(F, axis = (H ,W )), (17)

Fmax = reduce_max(F, axis = (H ,W )) (18)

These statistics are combined using an addition operation,
followed by a sigmoid activation to generate channel-wise
attention weights:

Ac = σ (Fmin + Fmax), (19)

where σ represents the sigmoid function. The refined features
are then obtained by applying the attention weights through
element-wise multiplication:

FCF = F ⊙ Ac (20)

and subsequently passed through a 7 × 7 convolutional
layer Conv2D(1, (7, 7)) with stride (1, 1) for further refine-
ment. Fig. 5 (c) The RHA enhances attention to salient
spatial regions while filtering irrelevant backgrounds. For
input features F , global max-pooling and global average-
pooling are applied to extract region-specific statistics:

Fmax = GlobalMaxPooling2D(F), (21)

Favg = GlobalAveragePooling2D(F) (22)

TABLE 1. Model fine-tuning hyperparameters.

Each pooled feature is passed through two fully connected
layers with ReLU activations, followed by a sigmoid
activation to generate attention weights:

Amax = σ (Dense(ReLU(Dense(Fmax)))), (23)

Aavg = σ (Dense(ReLU(Dense(Favg)))) (24)

These weights are combined and applied to the input
features through element-wise multiplication, enhancing
focus on salient regions:

FRH = F ⊙ (Amax + Aavg) (25)

Fig. 5 (d) the GCA captures long-range dependencies and
complex interactions between spatial locations and feature
channels. For an input feature tensor F , we first compute
the query, key, and value representations via learned linear
projections:

Q = WQF, K = WKF, V = WVF (26)

where WQ, WK , and WV are learnable weight matrices that
project the input features into the query, key, and value
spaces, respectively. The multi-head self-attention output is
then given by

FMHA = MHA(Q,K ,V ) (27)

which corresponds to applying multi-head self-attention
to different projections of the same input tensor F . The
output of the multi-head attention is added to the original
input via a residual connection and normalized using layer
normalization:

FGC = LayerNorm(FMHA + F) (28)

These attention mechanisms collectively improve the
model’s ability to extract meaningful features for anomaly
detection. The CFA highlights critical feature channels, the
RHA refines attention to salient spatial regions, and the GCA
accounts for global dependencies, ensuring precise and robust
performance across diverse anomaly conditions.

H. TRAINING AND HYPERPARAMETER OPTIMIZATION
This study fine-tunes three widely used CNN backbones:
VGG16, DenseNet121, and ResNet50, augmentedwith atten-
tion modules, and adopts hyperparameter settings suitable
for industrial anomaly-detection scenarios. Each backbone
is adapted via targeted fine-tuning, and the chosen param-
eter values are summarized in Table 1. Hyperparameters
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(learning rate, batch size, optimizer, loss function, and
number of epochs) were established based on small-scale
validation experiments and commonly accepted best-practice
values in the literature; these settings yielded stable con-
vergence and consistent validation performance on the
MVTec datasets. The configuration provides an effective and
high-performance framework for defect detection in various
industrial environments.

The training process in these experiments is managed
using the Keras Callback tool, which enables the execution
of procedures at the beginning or end of an epoch or
training batch. These callbacks allow monitoring of the
model’s internal states and data throughout training, making
it easier to visualize and export progress. They also store
models at regular intervals, stop training early to prevent
overfitting, and adjust the learning rate when a metric stops
improving. The vital functions utilized are EarlyStopping,
which halts training if the validation error fails to decrease
after a specified number of epochs; ModelCheckpoint,
which saves the best model based on validation errors; and
ReduceLROnPlateau, which reduces the learning rate by a
factor of 0.5 if the validation error does not improve after
25 epochs. Additionally, TensorBoard was utilized to display
the training progress, while CSVLogger was employed to
export the training data to a CSV file for future analysis.

We set a maximum of 150 epochs for optimal model
convergence, with a minimum learning rate of 0.0001 since
lower values did not enhance performance. A Gaussian noise
variance of 0.3 was selected based on visual inspection
to ensure the images were noisy yet recognizable. The
parameters for the optimizer were set as follows: α = 10−4,
β1 = 0.9, β2 = 0.999, and ϵ = 10−7. While some
parameters are dataset-dependent, these settings provide
a general methodology applicable to various problems.
For the MVTec LOCO AD [36] and MVTec AD [37]
datasets, preprocessing steps included resizing the images
to 224 × 224 pixels, which is suitable for transfer learning
CNN models. The overall pipeline of model training is
illustrated in Fig. 7, which comprises several steps, including
normalization, standardization, image generation, dataset
splitting, data augmentation, Gaussian noise injection, model
fine-tuning, model training, and evaluation.

IV. EXPERIMENTAL SETUP
A. DATASET DESCRIPTION
The dataset contains 3644 images of 5 classes from the
MVTec Logical Constraints Anomaly Detection (MVTec
LOCO AD) [36] dataset and 5000 images of 15 classes from
the MVTec Anomaly Detection (MVTec AD) [37] dataset.
Inspired by real-world industrial inspection scenarios, these
datasets comprise images from various categories that
encompass both structural and logical anomalies. Logical
defects such as scratches, dents, color spots, or cracks, and
structural defects like misplacement or missing parts, these
defective appearances vary in different sizes, shapes, and

FIGURE 7. Overall model training pipeline.

types, and in most cases, only contain a small fraction
of anomalous pixels. This makes it extremely difficult to
identify when there is a limited number of anomaly samples.
We generated 1,520 anomaly images with a resolution of
(256 × 256) for each category. Examples of some of the
categories from both datasets are shown in Fig. 4 and Fig. 9.

B. SIMULATION ENVIRONMENT
The study utilized a machine equipped with an Intel Core
i9-10980XE processor at 3 GHz, three NVIDIA GeForce
RTX 3090 GPUs, and 130 GB of RAM, running Ubuntu
22.04.4 LTS for optimal performance. The deep learning
software setup utilized driver version 535.161.08 for the
server, which was chosen for its GPU capability and
compatibility with CUDA version 12.2.0. Python versions
3.8 and 3.9 were utilized for the TensorFlow and PyTorch
setup.

C. EVALUATION METRICS
This paper employs multiple performance metrics to compre-
hensively evaluate and compare the proposed method against
existing approaches, in addition to conventional detection
metrics, including Accuracy, Precision, F1-score, Recall,
Specificity, and Area Under the Receiver Operating Curve
(AUROC). To calculate the AUROC, operating points were
derived from various detection thresholds, and then the TPR
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TABLE 2. Performance of CNN models for different classes on MVTec LOCO AD [36].

TABLE 3. Performance of CNN models for different classes on MVTec AD [37].

TABLE 4. Evaluating the selected models against other models on MVTec LOCO AD and MVTec AD datasets.

and FPR were computed at each threshold, where each
threshold corresponds to a distinct predicted score. Here,
(FPRi,TPRi) for i = 0, . . . ,M be the pairs of FPR and TPR
computed at these thresholds, with (FPR0,TPR0) = (0, 0)
and (FPRM ,TPRM ) = (1, 1). The AUROC is approximated
using the trapezoidal rule:

AUROC ≈

M−1∑
i=0

(FPRi+1 − FPRi)
TPRi + TPRi+1

2
(29)

The study also reports key computational and resource-
oriented measures. These include the number of epochs,
Floating-Point Operations per Second (FLOPs), inference
time (in milliseconds), time per epoch (in seconds), and over-
all model size (in megabytes). A more holistic understanding

of each model’s trade-offs and practical utility is achieved
by incorporating both performance and complexity metrics.
Furthermore, a detailed class-wise performance breakdown
is provided for the best-performing models, supplemented
by confusion matrices that offer insights into the nature and
frequency of misclassification.

V. EXPERIMENTAL RESULTS AND DISCUSSION
A. CNN MODELS PERFORMANCE ANALYSIS
The CNN models, each integrated with specialized attention
mechanisms, were evaluated on the MVTec LOCO AD [36]
and MVTec AD [37] datasets to assess their performance on
individual defect classes. Tables 2 and 3 present a detailed
breakdown of the class-wise results. Notably, there is no
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FIGURE 8. Impact of various image processing methods on MCTNet
model accuracy across epochs.

single model that dominates across all classes. DenseNet121
excels at detecting anomalies in the Breakfast box category,
while VGG16 is the top choice for Pushpins. Similarly,
ResNet50 shows superior results for Juice bottle and Splicing
connectors. A comparable trend emerges in the MVTec AD
dataset, where different models claim superiority for different
classes, VGG16 for Bottle and Capsule, DenseNet121 for
Cable and Leather, and ResNet50 for Grid and Hazelnut.
These observations highlight the inherent diversity in

defect types and the complexity of developing a single model
that can handle all variations equally well. Certain archi-
tectures may be more effective at capturing subtle textural
anomalies, while others may be more capable of identifying
geometric distortions. This class-dependent performance
variability thus highlights the necessity for a fusion-based
approach, where the complementary strengths of multiple
models and attention mechanisms are combined. This obser-
vation influenced the proposal of MCTNet, a Multi-CNN
Transformer fusion model that integrates the best features
from each model, offering a more robust and consistently
high-performing framework for industrial defect detection.
To further validate the selection of VGG16, DenseNet121,
and ResNet50, additional fusion-based evaluations were
conducted on several other models, as summarized in Table 4.
Models such as MobileNetV2, EfficientNetB0, Xception,
InceptionResNetV2, NASNet, and InceptionV3 generally
exhibited lower performance, due to architectural constraints
that limit their feature extraction capabilities.

B. IMPACT OF IMAGE GENERATION AND
PREPROCESSING
The proposed advanced industrial anomaly detection system
integrates advanced image processing techniques to over-
come the limitations of existing state-of-the-art anomaly
detection approaches, particularly those arising from dataset
constraints. To address issues such as insufficient data
diversity, class imbalance, and the inherent difficulty of

capturing rare industrial defects, the framework employs a
combination of data augmentation, Gaussian noise injec-
tion, and diffusion-based image synthesis. By enriching
the training set with a broader and more representative
range of defective samples, the model gains robustness
and improves its ability to generalize beyond the original
data distribution. As illustrated in Fig. 8, the introduced
augmentation, Gaussian noise, and image generation lead to
a more accelerated and stable increase in model accuracy
throughout training. The figure demonstrates that combining
multiple image processing strategies and generative image
creation techniques yields a synergistic effect, enabling
more effective and consistent anomaly detection in complex
industrial scenarios.

C. MCTNET PERFORMANCE COMPARISON
The proposed transformer-based fusion model that integrates
feature representations from multiple attention-empowered
CNN architectures, shows accurate anomaly localization
performance in Fig. 9 and demonstrates significant improve-
ments in defect detection performance compared to existing
methods, as illustrated in Table 5. This table provides a
comparative analysis against existing Fusion approaches,
including CRCFusionAICADx [43], which employs VGG16,
DenseNet201, and ResNet50 for diverse feature extraction
and utilizes CNN + LSTM layers for detection; CSFNet
(Cross-scale Feature Fusion) [44], leveraging ResNet34
to enhance feature representation across multiple scales;
IEFCM (Iterative Enhancement Fusion-based Cascaded)
[45], applying iterative enhancement techniques within a
cascaded framework to progressively refine feature fusion;
Multi-branch Fusion [46], integrating YOLO with a Feature
Directional Selection Module and Multi-Branch Fusion
Attention to effectively combine features from multiple
detection branches; and Attention-based Fusion [47], utiliz-
ing attention mechanisms to dynamically weigh and merge
features from various sources.

On the MVTec LOCO AD [36] dataset, MCTNet achieves
an accuracy of 98.56%, precision of 98.08%, recall of
97.41%, and an F1-score of 97.74%, surpassing all other
methods. Models like CSFNet, and Attention-based Fusion
demonstrated an accuracy of 95.12% and 95.79%.MCTNet’s
superior performance underscores its effective synergy in
leveraging features derived from multiple CNN backbones.
Similarly, on theMVTec AD [37] dataset, MCTNet attains an
accuracy of 97.78%, precision of 96.84%, recall of 96.84%,
and an F1-score of 96.84%, outperforming all compared
fusion strategies. In contrast, CRCFusionAICADx, CSFNet,
IEFCM, Multi-branch Fusion, and Attention-based Fusion
achieve competitive yet lower F1-scores of 94.89%, 92.64%,
93.63%, 94.82%, and 95.56%, respectively. Furthermore,
MCTNet combines three CNNbackbones with a transformer-
based meta-learner; its computational cost remains compa-
rable to existing fusion frameworks. Specifically, MCTNet
requires 15.3 GFLOPs per image, which is the same as
CRCFusionAICADx and within the same order of magnitude

15980 VOLUME 14, 2026



M. M. Alam et al.: Diffusion-Augmented Industrial Anomaly Detection Leveraging CNN Transformer Fusion

FIGURE 9. Visualization of anomaly detection results across both datasets: The first row displays the anomalous
samples, while the second row highlights the model’s attention on the detected anomalies.

TABLE 5. Evaluation of the proposed method against existing approaches on MVTec LOCO AD and MVTec AD datasets.

TABLE 6. Image-level AUROC performance comparison with existing
studies.

as CSFNet (8.7 GFLOPs) and IEFCM (7.2 GFLOPs), while
delivering notably higher F1-scores on both MVTec LOCO
AD and MVTec AD. The inference time of 45 ms is equal
to or smaller than that of four out of the five baselines,
and the training time per epoch (48 s) is similar to CSFNet
and Attention-based Fusion. In terms of memory footprint,
the model size of 319.20 MB is smaller than CRCFu-
sionAICADx (354.90 MB) and comparable to Multi-branch

Fusion and Attention-based Fusion. This reflects a balanced
trade-off between computational complexity and perfor-
mance, making MCTNet a highly effective solution for
defect detection tasks. The classwise detection performance
of MCTNet is presented in Fig. 10, where for MVTec
AD, classes like capsule, wood, and zipper achieve over
95% accuracy, with minimal misclassifications distributed
across other classes. Similarly, for MVTec LOCO AD,
classes such as pushpins and juice_bottle achieve near-perfect
detection with 99% and 98% accuracy, respectively. The
misclassifications are sparse and limited, further validating
MCTNet’s efficiency. Combined with its top-tier detection
metrics, MCTNet establishes itself as a highly effective
and practical solution compared to existing fusion-based
methods.

D. COMPARISON WITH EXISTING APPROACHES
Fig. 11 illustrates the AUROC curves for the MCTNet’s per-
formance in anomaly detection across five distinct categories
of the MVTec LOCO AD [36] dataset. The highest AUC
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FIGURE 10. Normalized confusion matrix of highest accuracy on each class of MVTec AD [37] and MVTec LOCO AD [36] datasets using MCTNet.

FIGURE 11. AUROC performance on the MVTec LOCO AD [36] dataset.

value is 0.99 for Pushpins, and the lowest is 0.96 for both
juice_bottle. This demonstrates the model’s strong discrimi-
native ability. These results highlightMCTNet’s effectiveness
in distinguishing between normal and anomalous instances,
maintaining a high true positive rate while minimizing
false positives, and reinforcing its robustness and reliability
for industrial anomaly detection tasks. Table 6 presents a
performance comparison of AUROC percentages between
the proposed model and existing studies on the MVTec
LOCOADandMVTecAD [37] datasets. The table highlights
that the proposed model achieves an AUROC of 98.15% on
MVTec LOCO AD and 97.56% on MVTec AD, resulting in
an average AUROC of 97.85%. This performance surpasses
other methods such as Patchcore [19], which shows 99.1% on
MVTec LOCOADbut drops to 79.3% onMVTecADwith an

average of 89.2%. PaDiM [48], SPADE [49], and GCAD [36]
show lower AUROC percentages across both datasets, while
TUT [51] performs competitively with an average of 94.5%.
The results indicate that the proposed model demonstrates
superior and consistent performance across different datasets
compared to existing methods.

VI. CONCLUSION
This paper introduces MCTNet, a transformer-based fusion
model that integrates feature representations from mul-
tiple attention-empowered CNN architectures, specifically
VGG16, DenseNet121, and ResNet50. By addressing chal-
lenges such as class imbalance, limited data variability, and
model overfitting through the VARSDiffusion model for
synthetic image generation, extensive data augmentation, and
Gaussian noise injection, MCTNet effectively improves the
generalization and robustness of anomaly detection in manu-
facturing environments. Empirical evaluations on the MVTec
LOCO AD [36] and MVTec AD [37] datasets demonstrate
that MCTNet achieves superior performance, with AUROC
scores of 98.15% and 97.56%, respectively. These results
surpass existing state-of-the-art fusion methods, highlighting
the effectiveness of combining multiple CNN backbones
with a Transformer-based meta-learner for feature fusion.
Additionally, MCTNet maintains computational efficiency
with a balanced trade-off between FLOPs, inference time,
and model size. The proposed approach not only enhances
detection accuracy and reliability but also ensures robustness
across diverse anomaly types. Despite the strong anomaly
detection performance, the proposed MCTNet has some
limitations. The architecture combines three high-capacity
CNN backbones with a transformer-based meta-learner,
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leading to a comparatively large number of parameters
and increased computational and memory demands. This
makes the full model less suitable for deployment on
extremely resource-constrained edge devices. In addition, the
current evaluation is restricted to publicly available industrial
anomaly detection benchmarks and controlled experimental
conditions; the method has not yet been deployed or
validated on real industrial inspection systems or embedded
edge hardware. Future work will therefore focus on model
compression and hardware-aware optimization, as well as
comprehensive on-device evaluation in real-world industrial
environments.
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