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Abstract. Visual anomaly detection is a key task in automated indus-
trial inspection, yet its practical deployment is often hindered by the
scarcity and extreme heterogeneity of anomalous samples. While unsu-
pervised methods trained exclusively on nominal data have emerged as a
viable alternative, existing approaches frequently struggle to balance low-
latency inference with the ability to detect both structural and logical
inconsistencies. This thesis proposes a progressive research framework
to bridge this gap. Our first contribution, InAl, leverages normalizing
flows for high-speed structural defect detection, establishing a new state
of the art on the MVTec AD benchmark while significantly reducing
latency compared to embedding-based methods. Building on this, we de-
veloped MuDeNet, a dual-branch teacher-student architecture that in-
tegrates global contextual reasoning to identify logical anomalies, which
are violations of semantic constraints that appear visually normal in
isolation. MuDeNet demonstrates high competitive performance on the
MVTec LOCO benchmark, demonstrating that structural and logical
capabilities can be unified without compromising real-time constraints.
Our ongoing research addresses advanced industrial challenges, such as
high-variability environments and non-centered defects, as introduced in
the MVTec AD 2 dataset. By synthesizing the architectural strengths
of InAl and MuDeNet, this work aims to provide a robust, end-to-end
framework for reliable, high-throughput anomaly detection in large-scale
manufacturing.
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1 Introduction

Visual anomaly detection aims to identify image patterns that deviate from normality.
This task is especially relevant in industrial inspection, medical imaging [1], surveillance
[3], and autonomous systems [14], where reliable defect or event detection is essential
for safety, quality, and process control. In manufacturing, automated inspection enables
scalable and repeatable quality control while reducing the cost and variability of manual
inspection.

Existing approaches include reconstruction-based models [5], generative methods
[2,17], embedding-based techniques [12, 21|, transformers [9, 19|, teacher-student frame-
works [6,13], and distribution-based methods [22].

Despite this progress, current methods still struggle to satisfy industrial require-
ments. Reconstruction methods may introduce false positives; patch-based and memory-
based approaches can be computationally expensive or limited in their contextual rea-
soning; and large vision-language models are often unsuitable for strict real-time de-
ployment. A central open problem is therefore to detect both structural anomalies,
which correspond to local visual defects, and logical anomalies, which arise from con-
textual or semantic inconsistencies, without compromising inference speed [8, 19].

This thesis addresses this gap through a progressive research strategy for real-time
unsupervised industrial anomaly detection. The research explores novel frameworks
designed to unify structural and logical defect detection within a high-throughput
paradigm. By balancing accuracy with strict efficiency constraints, this work aims to
provide a robust solution for next-generation automated inspection systems.

The following sections present the objectives, methodology, relevance, obtained
results, and future research directions.

2 Objectives

This thesis aims to advance unsupervised anomaly detection for real-time manufactur-
ing inspection through a cumulative research strategy. Each stage addresses a more
demanding scenario while preserving the capabilities achieved in previous phases. The
research is organized around three main objectives:

1. High-throughput structural anomaly detection. The first objective addresses
the detection of structural anomalies, such as scratches, cracks, holes, deformations,
or contamination, using MVTec AD as the main benchmark [4]. To this end, we
proposed InAl [10], an unsupervised method that models nominal feature distri-
butions through normalizing flows. By mapping defect-free features to a Gaussian
latent space, anomalous regions can be identified as deviations from the learned dis-
tribution. Its multiscale and multisemantic formulation improves robustness while
avoiding nearest-neighbor retrieval, enabling high-speed inference compared with
embedding-based methods such as PatchCore [21].

2. Unified detection of structural and logical inconsistencies. The second
objective extends anomaly detection to logical inconsistencies, which cannot be
identified from local appearance alone but require contextual reasoning. This stage
focuses on MVTec LOCO |8], a benchmark that includes both structural and logical
anomalies. To address this setting, we proposed MuDeNet [11], a lightweight dual-
branch teacher-student architecture that combines local structural modeling with
global contextual reasoning. This design enables robust detection and localization
of both anomaly types under real-time constraints.



3. Robustness to high-variability industrial environments. The third objec-
tive, currently ongoing, addresses the more realistic scenarios introduced by MV Tec
AD 2 [15], including higher nominal variability, smaller and non-centered defects,
border anomalies, and varying lighting conditions. This phase aims to synthesize
the strengths of InAl and MuDeNet into a unified framework that preserves real-
time performance while improving robustness in challenging industrial conditions.

3 Methodology and Work Plan

This section outlines the structured approach used to address each research objective.
Given the cumulative nature of this thesis, a consistent methodology is applied to each
benchmark (MVTec AD, LOCO, and AD 2) phase, as visualized in Fig. 1. This ensures
that every contribution, from structural to logical anomaly detection, is built upon a
rigorous foundation of baseline reproduction and iterative validation. The research
workflow for each objective is organized as follows:

1. State-of-the-art review: Exploration and study of existing methods evaluated
on the target benchmark.

2. Baseline establishment: Reproduction of reported scores to select a representa-
tive population for comparative study.

3. Critical analysis: Identification of the main strengths and weaknesses of current
state-of-the-art approaches.

4. Iterative prototyping: Design and preliminary validation of the initial method-
ological proposals.

5. Methodological refinement: Development and iterative testing until a robust
final architecture is obtained.

6. Cross-dataset validation: Extending the evaluation of the final proposal to other
state-of-the-art datasets to ensure generalization.

7. Dissemination: Writing and publication of a research manuscript.

While each project follows the same sequential workflow, the execution has become
increasingly efficient. The first stage (InAlI) required an exhaustive study of normaliz-
ing flows and density estimation, establishing a strict reproducibility filter that favored
open-source, high-impact published research. Building on this foundation, the devel-
opment of MuDeNet was significantly streamlined. Prior experience with regression
models and comparative analysis allowed for a faster transition to the architectural
design phase. This cumulative expertise is now being applied to the third objective
(MVTec AD 2), which is currently in development. By leveraging the technical and
methodological proficiency gained from previous iterations, we have been able to navi-
gate the challenges of this recent benchmark rapidly, ensuring a more agile path toward
final validation and publication.

4 Relevance

Industrial visual inspection is a key component of large-scale manufacturing, as it
contributes to quality control, reduces production costs, and enables the detection of
defective products. Compared to manual inspection, automated systems offer greater
consistency, scalability, and throughput while avoiding the limitations of human fatigue



Year 1 Year 2 Year 3 Year 4
Q1/Q2/Q3 Q4 Q1/Q2|Q3]/Q4]/Q1|Q2|Q3]|Q4|Q1]Q2 Q3 Q4

1. Structural anomaly detection (MVTec AD)
1.1 Exploration and study of existing methods

1.2 Reproduction of scores and select best methods
1.3 Identification of strengths and weaknesses
1.4 Preliminary methodological proposals
1.5 Development of the best proposal
1.6 Extend validation on other datasets
1.7 Writing and publication of manuscript
2. Logical anomaly detection (MVTec LOCO)
2.1 Exploration and study of existing methods
2.2 Reproduction of scores and select best methods

mpleted

2.3 Identification of strengths and weaknesses
2.4 Preliminary methodological proposals
2.5 Development of the best proposal
2.6 Extend validation on other datasets
2.7 Writing and publication of manuscript
3. Advanced anomaly detection (MVTec AD 2) Ongoing
3.1 Exploration and study of existing methods
3.2 Reproduction of scores and select the best methods

3.3 Identification of strengths and weaknesses

3.4 Preliminary methodological proposals
3.5 Development of the best proposal
3.6 Extend validation on other datasets

3.7 Writing and publication of manuscript

Fig. 1. Chronogram of the research plan (2022-2026). The project is structured into
four annual cycles, with each objective following a systematic workflow across quarterly
intervals.

and subjectivity in decision-making. However, the transition from successful laboratory
experiments to reliable production-line deployment remains a significant challenge. This
research is uniquely positioned to bridge this gap, as it is conducted within an Industrial
Doctoral Program in collaboration with TKH Group.

Despite the practical importance of this field, unsupervised anomaly detection re-
mains a complex problem. In industrial settings, anomalous samples are scarce and
difficult to collect, which limits the applicability of supervised learning approaches.
This necessitates the development of methods that can learn exclusively from defect-
free nominal data. Additionally, industrial operations impose requirements that are not
always addressed in existing literature, such as guaranteed real-time inference, high ro-
bustness across varying conditions, and the critical need for a near-zero false-positive
rate or total recall.

A central contribution of this work is the validation of the “academic-to-industrial”
transfer process. Our research demonstrates that high performance on static datasets,
which often focus on maximizing metrics like AU-ROC, does not inherently translate
to operational success. Ensuring an algorithm is production-ready requires addressing
factors typically absent from benchmark datasets, such as meeting the strictly required
false-positive rates or standardizing image acquisition for training and inference across
diverse variables. This involves controlling lighting conditions, camera settings, lens
selection, distance to the target, color quality and gamut, background, speed, and even
mechanical vibrations in the machinery that could induce motion blur during image
acquisition. While these aspects are rarely the focus of academic settings, they are
essential for the viability of any model in a real-world environment.

Therefore, the relevance of this work lies in its dual perspective: beyond propos-
ing novel architectures, it develops the end-to-end pipelines necessary to ensure that



academically sound models remain robust under the rigorous constraints of real-world
industrial use.

5 Results

The first two phases of this thesis have successfully fulfilled their respective research ob-
jectives. Each proposed method was validated against the corrresponding benchmarks
and compared with state-of-the-art (SOTA) approaches, demonstrating significant im-
provements in both detection accuracy and computational efficiency.

5.1 First stage

The initial objective led to the development of InAl, an unsupervised anomaly detec-
tion method based on normalizing flows, multiscale feature analysis, and multisemantic
learning. This work resulted in an open-access publication in the Engineering Appli-
cations of Artificial Intelligence journal [10]. As illustrated in Figure 2, InAl employs
an encoder-decoder architecture that maps defect-free features to a Gaussian latent
space. Anomalies are subsequently identified as regions that deviate from this learned
distribution.

InAl was validated primarily on the MVTec AD benchmark, achieving a SOTA
Area Under the Receiver Operating Characteristic (AU-ROC) curve of 99.9%. Notably,
the model demonstrated high data efficiency, outperforming competitors even when
trained on only 20% of the nominal data. Further validation on MVTec LOCO and the
Surface Defect Magnetic (SDMT) [16] dataset confirmed its robustness. Specifically,
on MVTec LOCO, it achieved an AU-ROC of 87.0%, improving the previous SOTA by
3.6 percentage points.

Furthermore, InAT established a new efficiency benchmark, with a 1.9 ms latency,
506 images/s throughput, and 362 MB memory usage. Compared to its leading com-
petitor, InAT is approximately 10.7 times faster (reducing latency from 20.3 ms) and
offers a nearly 12-fold increase in processing capacity, rising from 42 to 506 images/s.

5.2 Second stage

Building on these foundations, the second objective led to MuDeNet, a lightweight
dual-branch teacher-student architecture designed to detect both structural and log-
ical anomalies. While structural anomalies are local, logical anomalies require global
contextual reasoning. This objective resulted in an open-access publication in the In-
formation Fusion journal [11]. As shown in Figure 3, MuDeNet addresses this duality
by fusing responses from two specialized modules during inference.

MuDeNet was first optimized on MVTec LOCO to ensure its dual-branch design
effectively captured both anomaly types. The validation scope was then expanded to
include MVTec AD and the ViSA [27] dataset, the latter providing a more diverse set
of 12 industrial categories compared to the more specific SDMT.

On MVTec LOCO, MuDeNet significantly advanced the SOTA, surpassing the
closest competitors by 5.8 and 8.0 percentage points in AU-ROC for anomaly detection
and segmentation, respectively. Across MVTec AD, MVTec LOCO, and ViSA, the
model achieved the best average performance, outperforming the leading competitor
by 1.2 and 4.0 percentage points.
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Fig. 2. Overview of InAI [10]. The method extracts semantic feature maps from the
input images and models the distribution of defect-free features in a Gaussian latent
space using normalizing flows. During inference, image regions that cannot be mapped
to this learned distribution are identified as anomalies.

Furthermore, MuDeNet optimized the efficiency established in the previous stage,
reducing latency to 1.6 ms and memory usage to 38.2 MB. By processing approximately
150 additional images per second compared to InAl, it demonstrates that superior
logical detection can be achieved with a reduced computational footprint.

5.3 Performance analysis

Tables 1 and 2 summarize the quantitative results obtained across image, pixel, and
region levels, comparing the proposed methods against several state-of-the-art competi-
tors. Pixel-level AU-ROC is influenced by anomaly size, whereas region-level AU-ROC
gives equal importance to each anomalous region, making it more suitable when small
defects are critical.

Regarding image-level anomaly classification, InAl achieves the best results on
MVTec AD, the main benchmark for structural anomaly detection. Subsequently, Mu-
DeNet extended this performance to the more complex MVTec LOCO benchmark,
becoming the reference for logical anomaly detection while matching InAI’s perfor-
mance on ViSA. This progression demonstrates how the research has successfully tran-
sitioned from mastering structural defect identification to addressing global semantic
inconsistencies, ultimately improving the aggregate performance across all datasets.

A similar trend is observed in Table 2 at the pixel and region levels. While InAT al-
ready surpassed existing baselines, MuDeNet further enhanced localization robustness,
especially within the logical anomaly domain. Since the MVTec LOCO benchmark does
not support pixel-level AU-ROC, we report only its region-level performance.
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Fig. 3. Overview of MuDeNet [11]. The framework consists of two complementary
teacher-student modules: a structural module (7 and R1) for local defects, and a log-
ical module (A and R2) for global anomalies. During inference, discrepancies between
teacher and student outputs are fused across feature levels to obtain the final anomaly
prediction.

Table 1. Image-level anomaly classification AU-ROC.

Method MVTec LOCO MVTec AD VisA‘Average
GCAD [§] 83.4 889  83.7| 85.3
SimpleNet [18] 77.5 98.2 87.9| 87.9
TFA [19] 81.6 98.7  91.4| 90.5
Patchcore [21] 80.2 98.9 94.2| 91.1
DADF [25] 83.7 98.3  94.1| 920
SFRAD [26] 82.6 99.1 95.4| 92.3
AST [23] 83.3 98.9 94.9| 92.3
SLSG [24] 86.8 96.8 93.7| 924
REB [20] 86.8 99.0 94.5| 934
InAI (ours) [10] 87.5 99.6 96.6| 94.6
MuDeNet (ours) [11] 93.3 99.5 96.6| 96.4




Table 2. Anomaly localization AU-ROC. Values are reported as (pixel-level, region-
level) tuples. For MVTec LOCO, only the region-level AU-ROC is provided because
pixel-level evaluation cannot properly handle logical anomalies.

Method MVTec LOCO MVTec AD VisA ‘ Average

SimpleNet [18] 284 (97.8, 89.6) (91.8, 68.9) | (72.7, 62.3)
Patchcore [21] 33.7 (98.1, 92.7) (94.6, 79.7) | (75.5, 68.7)
AST [23] 38.7 (94.2, 81.2) (96.7, 81.5) | (76.6, 67.1)
SLSG [24] 55.7 (97.1, 89.5) (94.8, 76.6) | (82.4, 73.9)
REB [20] 63.4 (98.9, 94.3) (96.5, 85.7) | (86.2, 81.1)
GCAD 8] 67.7 (97.5, 90.9) (97.6, 83.7) | (87.6, 83.5)
DADF [25] 67.3 (98.4, 94.1) (98.5, 86.3) | (88.0, 82.5)
TFA [19] 67.0 (98.7, 94.5) (98.8, 89.8) | (88.1, 83.8)
SFRAD [26] 66.6 (98.9, 93.5) (98.8, 92.0) | (88.1, 84.0)
InAT (ours) [10] 67.5 (98.4, 94.6) (98.8, 89.9) |(88.2, 84.0)
MuDeNet (ours) [11] 75.7 (98.6, 95.0) (99.0, 93.3)|(91.1, 88.0)

Figure 4 presents 8 of the 32 anomaly scenarios selected from the three datasets. For
each scenario, the input image and its corresponding ground-truth mask are displayed
alongside the anomaly maps predicted by InAI, MuDeNet, and the eight competing
approaches, where higher intensity regions indicate a higher probability of defects.
The first two prediction columns correspond to our proposed frameworks: InAl and
MuDeNet. These qualitative results underscore the complexity of industrial anomaly
detection. The defects often occupy a small fraction of the image, yet most baseline
methods generate a considerable number of false positives. However, the visualization
highlights a clear progressive improvement between our two contributions. While InAI
establishes a strong detection baseline, it exhibits a higher false-positive rate than
MuDeNet, our most recent architecture. This refinement is particularly evident in rows
4, 5, and 6, where MuDeNet drastically suppresses these false positives compared to
InATl while simultaneously outperforming all state-of-the-art competitors in localization
accuracy.

Figure 5 illustrates the trade-off between inference latency and image-level anomaly
classification performance. The horizontal axis represents latency in logarithmic scale,
while the vertical axis reports the average AU-ROC across all datasets. This visual-
ization highlights the iterative advancements made throughout this thesis: while InAl
established a robust baseline by balancing high accuracy with low-latency execution,
MuDeNet significantly optimized this trade-off.

6 Conclusions and future work

This paper presented the progress of an industrial thesis focused on real-time un-
supervised anomaly detection for manufacturing inspection. The research followed a
progressive strategy, moving from structural defect detection in standard industrial
scenarios to more complex settings involving logical inconsistencies and realistic de-
ployment constraints.

The results obtained thus far demonstrated that unsupervised frameworks can
achieve superior performance without compromising industrial efficiency. Our first
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Fig. 5. Trade-off between anomaly detection performance and inference latency.



contribution, InAl, proved that structural anomalies can be effectively modeled as
deviations in a Gaussian latent space using normalizing flows. Our subsequent work,
MuDeNet, extended this capability through a dual-branch architecture, successfully
incorporating the contextual reasoning required to identify logical anomalies within
millisecond latencies.

Crucially, by conducting this research in collaboration with TKH Group, we vali-
dated these methods against rigorous industrial requirements, including near-zero false-
positive rates and standardized image acquisition, ensuring the proposed pipelines re-
main robust under the constraints of high-speed production lines.

Future work will extend this research toward more realistic industrial inspection
scenarios, particularly those involving three-dimensional data. Many manufacturing
environments rely not only on 2D images but also on point clouds, which provide geo-
metric information that can reveal depth variations, surface deformations, and subtle
defects that may not be visible in RGB images alone. In this context, MVTec 3D-AD
[7] represents a relevant benchmark, as it combines 3D anomaly scenarios with their
corresponding 2D images, closely reflecting real industrial inspection settings where vi-
sual and geometric information are analyzed together. Extending anomaly detection to
this domain could represent a significant contribution to both academia and industry.

Alternatively, other significant existing limitations could be addressed. Many in-
fluential works rely on large convolutional neural networks trained at scale on massive
datasets of natural images, as they possess strong generalization capabilities and are
powerful tools for image processing. However, they lack the anomaly context to extract
optimal features for anomaly detection. Pre-trained transformers with DINOv2 offer
robust representation capabilities, but they are computationally expensive, limiting
their applicability in time-critical scenarios. Therefore, exploring alternatives to inject
anomaly context to pre-trained models for image analysis would have a broad impact
on both current and future methods.
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