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ABSTRACT Anomaly detection in industrial contexts has become a critical task in computer vision due
to its high relevance to industry applications. By grouping anomalies into coherent clusters based on their
characteristics, which is commonly known as anomaly clustering, a better understanding of the anomalies
and their causes is possible. We propose a novel anomaly clustering framework that leverages anomaly
localization to create multi-scale views for contrastive learning. Unlike previous approaches, it integrates
heatmap-guided multi-view feature extraction with self-supervised clustering, improving robustness and
scalability in industrial defect analysis. Our approach utilizes spatial localization of anomalies by a state-
of-the-art anomaly detector to generate multiple views of the image at different scales. These views are
then used to train a convolutional neural network by means of contrastive learning, allowing the network
to learn effective data representations. This technique enhances the network’s ability to distinguish between
the unique features of anomalies from different perspectives, improving representation learning for anomaly
clustering. We demonstrate the effectiveness of our method on benchmark datasets, showing an improvement
in NMI of 12.5% in clustering accuracy for objects and textures on the MVTec-AD dataset. Our approach
sets a new state-of-the-art, advancing the capabilities of anomaly clustering in industrial applications.

INDEX TERMS Anomaly clustering, contrastive learning, industrial defect analysis, self-supervised
learning.

I. INTRODUCTION become a subject of significant research interest in computer

Anomaly detection techniques distinguish between normal
(fault-free) and defective images using machine learning
models trained only on normal images. Anomalies are
identified as deviations from the normal distribution. This
technique, often seen as a one-class classification, has
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vision. Recently, several approaches based on teacher-
student networks [1], [2], reconstruction [3], [4], or memory
banks [5], [6] have been developed. Anomaly detection in
industrial manufacturing is essential for automating defect
identification and minimizing production failures. These
systems, however, do not differentiate between different
anomaly types, which is crucial for defect diagnosis and
repair. This is where anomaly clustering becomes valuable.

© 2026 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

108492

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/

VOLUME 14, 2026


https://orcid.org/0000-0002-4011-143X
https://orcid.org/0000-0002-1073-2390
https://orcid.org/0000-0003-0820-7260
https://orcid.org/0000-0002-0762-708X
https://orcid.org/0000-0002-8425-6892
https://orcid.org/0000-0002-8250-2092
https://orcid.org/0000-0003-3124-9901

O. D. Mitri et al.: Improving Industrial Anomaly Clustering via Heatmap-Based Multi-Scale Views

IEEE Access

I. Anomaly Detector

=

11l. Self Supervised for Clustering

Attraction Repulsion

l y

N
e/
e

Contrastive learning

ResNet-50 Model

IV. Clustering on Learned Embeddings

4
1
]
1
1
1
1
1
: Defect 1 S8
0 :
§ Detector ] —
< 1
< 1 \
3 |
- . Defect 3
1
]
l : > Good
|i I
|| 1
1
1
\
e
= ]
[S) 3
~ =
g g
2 _ @
< z
N g
m 4

Clustering

Anomaly Clustering

FIGURE 1. Visualization of the proposed framework. During the training phase, the anomaly detector module (orange box) first identifies defects by
generating heatmaps and by calculating a statistical anomaly threshold to binarize the anomaly heatmap. Then, the Heatmap-based Anomaly multi-scale
View Extraction (HAVE) module (red box) creates multi-scale views of the anomalies. These views are then used to train a self-supervised model in a
contrastive manner (green box).During evaluation (blue box), the images are passed through the trained model to extract features. These features are
then fed into a clustering algorithm, resulting in grouped representations that facilitate the categorization of different types of anomalies within the final

embedding space.

Anomaly clustering groups the detected anomalies in images
into clusters based on shared features or similarities, going
beyond simple detection. Once an anomaly has been iden-
tified, this categorization into distinct defect types enables
thorough statistical analyses, to uncover patterns and root
causes of specific defects within the production cycle.
Moreover, this structured information significantly facilitates
the training of downstream defect classification systems,
requiring reduced manual labeling efforts [7], [8]. However,
anomaly clustering poses several challenges. First, the defect
classes are inherently unbalanced towards the normal class.
Furthermore, anomalies are often small and subtle, making
it difficult to cluster images effectively when the images
are analyzed holistically, since global representations may
obscure defect-specific evidence with irrelevant background
information. Finally, strong visual similarity between dif-
ferent defect types reduces the discriminative power of
learned representations and makes anomaly clustering more
difficult.

This paper introduces a novel method for clustering
anomalies in images of industrial objects and textures,
leveraging a self-supervised learning framework. A visual
representation of the approach is shown in Figure 1.
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By utilizing spatial information from an anomaly detector, the
system generates multi-scale views of anomalies, providing
both local and global perspectives on individual defects.
These multi-scale views are then used for contrastive training
of a convolutional neural network, resulting in a clustered
representation of the anomaly data. Our method surpasses
current state-of-the-art (SOTA) techniques in industrial
anomaly clustering. In summary, the contributions of this
work are:

« We propose a novel method for clustering anomalies
in object and texture images based on an efficient self-
supervised learning approach.

« We introduce the Heatmap-based Anomaly multi-scale
View Extraction (HAVE) module, which leverages
heatmaps from the anomaly detection module to gen-
erate multi-scale defect views used to enhance the self-
supervised learning process of the proposed framework.

« We conduct extensive experiments on two popular
industrial anomaly detection datasets, demonstrating
that our method consistently outperforms the SOTA in
semi-supervised anomaly clustering.

« By reducing the level of supervision required and
testing our approach even under weakly semi-supervised
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conditions, we show that our method is comparable to
the semi-supervised SOTA in anomaly clustering.

Il. RELATED WORK

Over the years, anomaly detection in the industrial field has
been extensively explored [9], [10]. Solutions have evolved
across different paradigms, including supervised, unsuper-
vised, and semi-supervised approaches, each addressing
specific challenges in detecting anomalies in complex
industrial environments.

Supervised methods [11], [12] rely on labeled data to
train models to distinguish between normal and anoma-
lous patterns. These methods typically perform well when
a large amount of labeled data is available, but they
require significant manual labeling, which can be costly
and time-consuming in industrial settings. Compared to
supervised methods, semi-supervised [1], [6], [13] and
unsupervised [3], [14], [15], [16] approaches are more
practical for real-world applications, as they require far
less labeled data. To reduce the need for large amounts of
labeled data, recent works have proposed one-shot and few-
shot learning approaches [17], [18] as well as self-supervised
methods [19], [20] that yield excellent results.

While traditional anomaly detection separates data into
the two categories of normal and anomalous, we aim to
group anomalies into multiple clusters, each representing a
distinct type of anomalous behavior. Assuming that each
image contains only one type of anomaly [21], [22], this
task is similar to general image clustering, which has been
extensively studied in the literature. For example, the SPICE
framework [23] addresses clustering by dividing the neural
network into a feature model for measuring instance-level
similarity and a clustering head to identify discrepancies
at the cluster level. Van Gansbeke et al. [24] introduced
SCAN, a method that uses embedding features from a
representation learning model to compute instance similarity,
encouraging similar samples to share the same label and
thus facilitating label feature learning. The GATCluster
method [25] proposes an efficient two-step strategy for large
images: first, it computes pseudo-targets for a large batch
using a split-and-merge approach, then trains the model in
mini-batches using these pseudo-targets. However, anomaly
clustering presents several domain-specific challenges such
as an inherent defect- class imbalance and a marked inter-
class similarity between anomaly types that make it a
complex task.

In the literature, only a few works address anomaly
clustering within the industrial anomaly detection field.
The first to introduce the anomaly clustering problem
is Sohn et al. [22], who present a simple yet effective
clustering framework that leverages patch-based pre-trained
deep embeddings combined with off-the-shelf clustering
methods. Ardelean et al. [21] propose a novel approach for
clustering anomalies in largely stationary texture images
in a fully unsupervised setting. Their approach combines
blind anomaly localization with contrastive learning to solve
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this task. By accurately identifying anomalous regions,
they focus on these areas of interest and then apply
contrastive learning to improve the separability of dif-
ferent anomaly types while reducing intra-class variation.
More recently, AnomalyNCD [26] addresses multi-class
anomaly classification by explicitly incorporating anomaly-
centered priors into the learning process. To overcome the
issue of non-prominent anomalies, it introduces a main
element binarization strategy to focus on anomaly-relevant
regions, while a mask-guided representation learning module
improves feature quality in the presence of weak semantic
signals. Additionally, it supports both region-level and
image-level classification through a region merging strategy.
In contrast, the proposed framework uses anomaly heatmaps
to extract structured multi-scale representations of anomalies,
improving clustering robustness without requiring explicit
supervision or pseudo-label refinement.

lil. METHOD

Our approach introduces a new method for anomaly
clustering, extending traditional anomaly detection into a
comprehensive four-step process (cf. Figure 1). The first
component involves training a SOTA anomaly detection
backbone to identify potential defects (Sec. III-A). Next,
spatial anomaly information detected from the detector is
processed through a novel Heatmap-based Anomaly multi-
scale View Extraction (HAVE) process, which uses the
detected anomaly heatmaps to generate multi-scale views of
the corresponding anomalies (Sec. III-B). In the third step,
the generated views are used to train a network in a self-
supervised manner via contrastive learning. In this process,
views of the same image are attracted to each other, while
views of different images are repulsed, aiming to create a
clustered representation of the anomalies (Sec. III-C). After
training of the network, in the fourth step, the learned embed-
dings are clustered (Sec. III-D). The full implementation
of the proposed method is publicly available in our rep-
ository: https://gitlab.cc-asp.fraunhofer.de/omm/improving-
industrial-anomaly-clustering

A. ANOMALY DETECTOR MODEL

The first step of the proposed approach for anomaly
clustering involves the adoption of an anomaly detection
module to extract the anomaly heatmaps corresponding to the
input images. While our method is agnostic to the anomaly
detection backbone, we use PatchCore [6] due to its superior
performance on MVTec-AD [27]. However, as demonstrated
in Section IV-G, HAVE can integrate seamlessly with
alternative anomaly detectors such as MambaAD [28],
as long as the selected model produces an anomaly heatmap
at a pixel-level in the images.

PatchCore is a semi-supervised model that captures patch-
level features from normal training images and stores them
in a memory bank, creating a high-dimensional “normality”
space. During inference, each patch in a new image is
compared to the patches in this memory bank to generate
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an anomaly score. Patches that deviate from the norm will
have higher anomaly scores, allowing the model to identify
unusual patterns accurately. The model returns an anomaly
heatmap A; € RF*W for each image I; e RAXW>3
i = 1...N, and an anomaly threshold 7; € R, 7; > 0 for
each object and texture category / = 1...L.

Here, H and W are the height and width of an image
in pixels, respectively. The threshold is computed without
relying on ground truth annotations, using the k-sigma
method. Specifically, the threshold 7; is defined as 7; =
u; + k - o7, where w; and oj represent the mean and standard
deviation of all anomaly scores for category [, respectively.
The user-defined parameter k is a scaling factor that controls
the sensitivity to outliers. We selected a k-sigma threshold
such that, under the assumption of normally distributed
anomaly scores, the 0.99 quantile is reached, as stated in [27].
The anomaly detector is not simply used as a pre-processing
component to identify defects. Its role is to provide spatially
precise cues about anomalies, which guide the subsequent
generation of multi-scale views focused on defect positions.
This process suppresses irrelevant background information
and allows the contrastive learning phase to concentrate on
the appearance and context of the anomalous region.

B. HEATMAP-BASED ANOMALY MULTI-SCALE VIEW
EXTRACTION (HAVE)

Anomaly clustering requires localizing and differentiating
anomalies, which can be challenging due to their small size
and subtle variations. Instead of extracting random patches or
relying solely on global representations, we introduce HAVE,
which leverages anomaly heatmaps to generate structured
multi-scale views for contrastive training. HAVE operates in
three key steps.

The first step is represented by the processing of the
anomaly heatmaps generated by the anomaly detection
backbone. Given an input image /; and its corresponding
anomaly heatmap A;, obtained from an anomaly detection
model, we threshold the heatmap to extract regions of interest
Mypin < 1(A; > T;) where T; is the anomaly threshold
introduced above. The resulting binary mask My, highlights
anomalous regions while discarding irrelevant background
information.

As a second step, we extract from the input images a set
of multi-scale views centered around the detected anomalies.
The anomalous regions represented in the binary mask
Mpy;in are partitioned into components C; using the Spaghetti
connected-components labeling algorithm [29]. For each
component ¢;; € C; with centroid p; ; and for each crop-
scale factor s; € S from a user-defined set of scale factors
S C R, we generate square views vj-{ 2 centered at p; ;, with
size (s;-t), where t € Nis the target size. Here, the superscript
d indicates defective images. Each cropped view is then
rescaled to ¢t x t, ie., Vf’{z,' < scale(crop(;, rizj, 1)
where r;;; = (i, piz, s;). The crop-scale factor s; controls
the field of view of the defect-centered crop. In this setting,
s; > 1 results in a larger crop enabling more global context,
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whereas s; < 1 yields a narrow crop with an apparent
zoom-in. This ensures that defects are examined from
multiple perspectives, reinforcing robust feature learning by
allowing the framework to capture both global context and
fine-grained details.

Finally, the cropping values R, comprising the tuples
ri.j of all defective images, are stored and later applied
to “good” images 7%°°¢ according to vfz)j <« scale
(crop(y, rij, 1)), where I, € 18994 are randomly selected
normal images, to generate corresponding views. This step
encourage spatial alignment between defect-centered views
and their undamaged counterparts, increasing the likelihood
that views with and without defects are extracted from
the same spatial region. This promotes contrastive learning,
particularly the learning of local discriminative features.
Algorithm 1 summarizes the entire process carried out for
each image in the dataset.

Algorithm 1 HAVE&4s Main Algorithm in the Semi-
Supervised Setting
Require:
1) Set of input images {I;}Y |, I; € RF>*W>3
2) Set of anomaly heatmaps {A,-}ﬁvzl, A; € REXW
3) k-sigma-based anomaly threshold 7;
4) Set of crop-scale factors S = {s;}
5) Target image size ¢
Output:
o Set of views (V,-)i.V: |» Where:
Vi= (v, Yoy ISl with each v € RIX0

izjlj=1.....|S|
I: R< 0
2. [2°°4 ¢
3: for each image I; € I do
4: Vi< 0

5 Mypin < 1(A; > T))

6 if sum(Mpin) > 0 A class(l;) # “good” then
7: C; < connected_component s(Mypj,)

8 for each ¢; in C; do

9 pi; < centroid(c;)

10: for each s;in S do
11: Fizj < (i, Pizs 8))
12: V;i,z‘j < scale(crop(;, rizj, 1))
13: R <~ RUr

14: Vi< V;U Vizj
15: end for

16: end for

17:  else

18: jeood o ygood  p.

19:  end if

20: end for

21: for eachr; ;in R do

2: I < random(/2°°9)

23: Vf,z,j < scale(crop(y, rizj, 1))
24 Vi< V;U V?,z,j
25: end for
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C. SELF-SUPERVISED LEARNING FOR CLUSTERING
Inspired by the SimCLR framework [30], this work proposes
an adapted approach specifically tailored for anomaly
clustering. The proposed network architecture comprises a
convolutional encoder based on the ResNet-50 model [31]
and an MLP projector. The encoder utilizes convolutional
layers to capture high-level structural and spatial informa-
tion within input images, facilitating the identification of
anomalous features. The MLP projector projects the extracted
features into a compact latent space during the training.
The network learns data representations by maximizing
the agreement between scaled views of the same sample.
Specifically, agreement is maximized between different
views of the same image for anomalous images. For defect-
free images, the available class information is exploited, and
thus, the agreement is maximized among all views of such
images. We evaluate the impact of the agreement strategy for
defect-free images in Section IV-F4 of the ablation study.

To enforce this contrastive learning process, we selected
the Normalized Temperature-scaled Cross-Entropy Loss
(NT-Xent) [32] as the objective loss function. NT-Xent
promotes smaller distances between the embeddings of the
positive pairs in the latent space while pushing apart the
embeddings of the negative pairs and is defined as

exp(sim(z;, zj)/7)
> L) exp(sim(z;, zx)/ )
(D

where sim(z;, z;) represents the cosine similarity between the
embeddings z; and z;, 1jx;; € {0, 1} is an indicator function
evaluating to 1 if k # i, and t represents a non-negative
temperature parameter. Specifically, 7 is a scaling factor of
the exponential function to change the degree of contrast
between positive and negative pairs. A low 7 amplifies the
differences between similar embeddings. Consequently, the
exponential function will penalize negative pairs with slight
similarity to a greater extent. On the other hand, with a
high 7, the difference between positive and negative pairs
is reduced.

NT-Xent(z;, zj) = — log

D. CLUSTERING ON LEARNED EMBEDDINGS

Once training is complete, clustering is performed. In this
phase the original images, without crops, are passed through
the trained network, which is used as features extractor. The
extracted features are then clustered using K-means [33].
We assume that the number of clusters K is known for
performance evaluation, similar to [21], [22], and [26].

IV. EXPERIMENTS

To evaluate the effectiveness of our contributions, we con-
ducted a comparative analysis between the anomaly clus-
tering approach introduced in this work and existing SOTA
approaches on three distinct datasets. In addition, we con-
ducted an extensive ablation study to examine the impact of
each individual component.
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A. DATASETS

To test our approach, we selected three widely used datasets
for anomaly detection in industrial image settings: MVTec
Anomaly Detection (MVTec-AD) [27], Magnetic Tile Defect
(MTD) [34] and the Metal Parts Defect Detection Dataset
(MPDD) [35]. For all the datasets, the training set exclusively
comprises defect-free images, while the test set includes
images featuring various types of defects and defect-free
images.

The MVTec-AD dataset consists of 5,354 high-resolution
color images and is a widely adopted benchmark in recent
studies focusing on anomaly detection and localization. This
dataset comprises 3,629 training images and 1,725 test
images distributed across 15 categories. Among these
categories, five represent various textures, while the rest
encompass a range of products with diverse attributes.
As in Sohn et al. [22], the “‘combined” defect-classes con-
taining multiple types of anomalies were removed from the
dataset.

The MTD dataset is designed for saliency detection of
surface defects and consists of 1,076 images for training and
660 images for testing. The MTD dataset contains six types
of defects: blowhole, break, crack, fray, uneven, and free.

The MPDD dataset consists of metal components exhibit-
ing significant variability in object positioning, orientation,
lighting conditions, and background complexity. The dataset
comprises 888 training and 458 test images, categorized into
Six categories.

B. METRICS

Similar to previous works on anomaly clustering [21], [22],
the metrics Normalized Mutual Information (NMI), Adjusted
Rand Index (ARI), and F1 score are used for performance
evaluation. NMI is a metric based on information theory and
is calculated as the ratio of normalized mutual information
to the arithmetic mean between the entropies of the predicted
cluster and label ground truth. NMI takes values from O to 1,
where 1 represents the perfect match. ARI is based on the
Rand index [36] and assesses how each pair of elements
is evaluated in the partitions produced by the clustering
algorithm and the reference partition with the ground truth
labels. ARI ranges from —1 to 1, where 1 represents a perfect
match and 0 random similarity. Negative ARI values indicate
a worse match than a randomly expected match. Finally, the
F1 score was used to account for the imbalance between
defect classes.

The optimal matching between the ground truth and
the predicted cluster is performed by the Jonker-Volgenant
algorithm [37] provided by the SciPy library [38]. Compared
to the Hungarian algorithm [39] used in Sohn et al. [22], the
Jonker-Volgenant algorithm [37] addresses the same problem
with faster execution time.

C. TRAINING SETUP

Using the official implementation, we trained the Patch-
Core [6] model with a WideResNet-50 [40] backbone
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TABLE 1. NMI, ARI and F1 scores for semi-supervised and weakly semi-supervised anomaly clustering methods on the MVTec-AD and MTD datasets.
We compare the current SOTA with our method built upon two different anomaly detection backbones: PatchCore and MambaAD. For all metrics a higher
value is better 1. The best NMI metrics are reported in bold, while the second-best results are underlined.

| Model | Metric | MVTec-AD | _MID
| | || Average Objects  Average Textures — Average All || Average
Sohn et al NMIt 0.577 0.669 0.608 0.390
[22] : ARIT 0.449 0.570 0.489 0.314
F11 0.628 0.698 0.651 0.490
NMIt 0.687 0.833 0.736 -
T Af"c“f,ﬂygg]]) ARt 0.622 0.777 0.674 .
E F11 0.775 0.865 0.805 -
-]
= NMIt 0.627 0.755 0.670 0.380
5
2 :;r;i’cmhglgg(?;ﬂ ARt 0.557 0.688 0.601 0.390
E F11 0.740 0.826 0.769 0.617
%
NMIt 0.705 0.788 0.733 0.491
Our-PatchCore ARI?T 0.644 0.738 0.675 0.451
F11 0.758 0.824 0.780 0.421
NMIt 0.744 0.826 0.771 0.447
Our-MambaAD ARI?T 0.680 0.799 0.719 0.338
F11 0.752 0.866 0.790 0.323
& NMIt 0.645 0.777 0.689 0.398
x Our-PatchCore ARIT 0.540 0.678 0.586 0.486
g F11 0.706 0.816 0.743 0.474
/5]
E’ NMIt 0.602 0.751 0.652 0.424
S Our-MambaAD ARIT 0.521 0.702 0.582 0.526
= F11 0.691 0.818 0.734 0.442
network, pre-trained on the ImageNet [41] dataset, at a reso- D. RESULTS

lution of 224 x 224 pixels. The heatmaps are scaled and pro-
cessed according to the procedure outlined in Section III-B.
The crop-scale factors S used were {0.8,1.0,4.0}. The
extracted views as well as the original images are all rescaled
to the target image size t. In our experiments, we set ¢
to 512 pixels for MVTec-AD and MPDD datasets, and to
256 pixels for the MTD dataset, due to the lower resolution
of the original images. The ResNet-50 [31] contrastive
network was trained with an input resolution of ¢ x ¢ pixels,
using the NT-Xent loss function Eq. (1) with temperatures
v = 0.2. The network is fine-tuned using pre-trained
ImageNet [41] weights available in the PyTorch library.
We explored different combinations of learning rates and
batch sizes; given the modest size of the dataset, we used
batch sizes of {16, 32} and learning rates of {1075, 107°}.
During training, we used the AdamW optimizer [42] with
a weight decay of 107%. A data augmentation strategy
is also applied, incorporating affine transformations and
random color distortions. The affine transformation includes
random rotations up to 90 degrees, slight translations, and
scale variations to preserve local anomaly features within
each view. Our method requires approximately 120 minutes
for multi-scale view generation and self-supervised training
on the MVTec dataset using a single NVIDIA Tesla
A100 GPU.
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We compared the performance of our model to the current
state-of-the-art approach by Sohn et al. [22] in the semi-
supervised setting for MVTec-AD and MTD datasets.
Following the same protocol as Sohn et al. [22], we assume
access to ground truth labels only for normal data in the
semi-supervised scenario. Table 1 presents aggregated results
obtained by averaging the performance over three runs.
Detailed results by category, including standard deviation,
are shown in Table 8 of the Appendix. As we can see,
our method achieves the best performance and significantly
outperforms the previous state-of-the-art on all the individual
categories of the MVTec-AD datasets, except for one
object category and one texture category. On both the
average of texture and object categories in the MVTec-AD
dataset, our framework outperforms all others across all
metrics. Overall, our approach improves by 0.125, 0.186,
and 0.129 on the NMI, ARI and F1 metrics, respectively,
for the MVTec-AD dataset compared to the previous SOTA.
These results highlight the effectiveness of our frame-
work in accurately clustering and identifying anomalies,
with consistent advantages across both object and texture
categories.

On the MTD dataset as well, our approach surpasses
the SOTA method by Sohn et al. [22], with an improvement
of 0.101 for NMI and 0.137 for ARI. However, the
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FIGURE 2. Visualization of network features for the MVTec-AD Hazelnut
category before (top) and after (bottom) contrastive learning. Feature
vectors are projected into two dimensions using t-SNE. The color of each
instance corresponds to the respective type of anomaly in the ground
truth.

F1 score remains higher for the approach by Sohn et al.
Although our approach achieves good cluster separation,
the lower F1 score indicates issues with the model’s
accuracy, particularly in correctly classifying anomalies.
We believe that this discrepancy is due to inconsistencies
in image format and resolution, resulting from a non-
uniform acquisition process in the MTD dataset. These
variations in image properties across different instances could
contribute to the challenges the model faces in making precise
classifications, especially for anomalies in certain defect
classes.

In Figure 2, we provide the t-distributed Stochastic
Neighbor Embedding (t-SNE) visualizations of the Hazelnut
class features of MVTec-AD dataset. Specifically, the
figure illustrates a comparison between the distribution
of test set instances in the latent space at the beginning
(Fig. 2, top) and the end (Fig. 2, bottom) of the self-
supervised contrastive-based training process. As we can
see, the initial feature distribution is more scattered, with
limited structure distinguishing different anomaly types.
After training, however, we observed a marked improve-
ment in the separability of anomaly features, resulting in
distinct clusters corresponding to specific anomaly types.
This clear clustering indicates that the contrastive learning
approach enables the model to capture more discriminative
features, effectively grouping similar anomalies together
while maintaining separation between distinct types. Further
qualitative comparisons with Sohn et al. [22] and Anoma-
lyNCD [26] based on t-SNE visualizations are reported in the
Appendix.
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TABLE 2. Model performance evaluation under different crop-scale
factors s. The results from the overall best-performing combination are
reported in bold while the scores of the best-performing zoom level for
each crop type are underlined. Higher s corresponds to wider crops (more
context), while smaller s corresponds to narrower crops (more details).

Narrow Crop | Original | Wide Crop
NMIt | ARIt | FI
(s<1) (s=1) (s>1) T T T
- | 10 | - || 0302 | 0.182 | 0447
- 1.0 25 0.641 | 0559 | 0.689
- 1.0 3.0 0674 | 0593 | 0.715
- 1.0 35 0.670 | 0.608 | 0.702
- 1.0 40 0.671 | 0.605 | 0.720
- 1.0 45 0.641 | 0567 | 0.686
0.4 1.0 - 0469 | 0374 | 0.534
0.6 1.0 - 0467 | 0376 | 0.551
0.8 1.0 - 0462 | 0326 | 0.531
0.8 1.0 3.0 0.667 | 059 | 0.712
04 1.0 40 0.678 | 0.611 | 0.734
0.8 1.0 40 0.687 | 0.627 | 0.740
0.6 1.0 4.0 0.675 | 059 | 0.716

E. WEAKLY SEMI-SUPERVISED

We analyse the weakly semi-supervised setting on datasets
where the classification of images as “good” or ‘“‘anoma-
lous” relies solely on predictions from the anomaly detector.
In the semi-supervised setting, ideal anomaly detection
is assumed, while the weakly semi-supervised case is
susceptible to false negatives, which may lead to erroneously
including “‘good” images in the batch. This contamination
can compromise clustering quality and degrade overall
performance. The generation of views in the HAVE module
was adapted to the weakly semi-supervised setting. For this
purpose Algorithm 1, which describes the process in the semi-
supervised case, is slightly modified. In Line 6 the condition
is changed to sum(Myi,) > 0, i.e., the additional condition
class(l;) # “good” is dropped.

As shown in Table 1, the weakly semi-supervised approach
leads to lower performance compared to the semi-supervised
setting. This is evidently due to the information provided to
the detector model and its performance. Nevertheless, our
weakly semi-supervised results surpass the semi-supervised
approach by Sohn et al. [22] for MVTec-AD and are com-
parable for MTD. On the MTD dataset, the weakly semi-
supervised method exhibits notably low NMI, ARI, and
F1 scores, which correlate with suboptimal anomaly detec-
tion performance of PatchCore, as detailed in the Appendix.

F. ABLATION STUDY

In this section, we present the details of the ablation study
conducted to validate the importance of each component of
the proposed framework.

1) EFFECTIVENESS OF MULTI-SCALE AUGMENTATION
To assess the effectiveness of our multi-scale augmentation
strategy within HAVE, we analyze the model’s performance
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FIGURE 3. Evaluation of clustering performance in MVTec-AD dataset
across different = using NMI.

under different combinations of crop-scale factors s on the
MVTec-AD dataset. Smaller values of s produce narrow
crops that emphasize fine-grained details, whereas larger
values yield wide crops that include more contextual
information. The results, obtained with fixed hyperparam-
eters and T set to 0.1, are averaged over three runs and
reported in Table 2. As a baseline, we evaluate the clustering
performance by applying the K-means algorithm [33] directly
to the features extracted from the ResNet-50 [31], pre-trained
on ImageNet [41].

We then conduct a two-view analysis, combining the
original image with either narrow crops (s<1) or wide
crops (s>1). The results show that wide crops contribute
more significantly to performance improvements than narrow
ones, as reported in Table 2, particularly for crop factors
between 3.0 and 4.0, which effectively capture broader
contextual cues while maintaining sufficient detail. Narrow
crops still improve the performance compared to the single-
view baseline but with a smaller gain, suggesting that
emphasizing local details alone is less beneficial than
incorporating additional context.

Extending the analysis to three views, we integrate both
narrow and wide crops, further enhancing performance
compared to the best two-view model. Among the tested
configurations, the combination {0.8, 1.0, 4.0} achieves the
highest performance, suggesting that multi-scale augmen-
tation exploits complementary information from different
zoom levels, improving the model’s ability to capture both
global and local anomaly features.

2) SENSITIVITY ANALYSIS

Selecting the appropriate value for parameter t in the NTXent
loss plays a crucial role in the success of the task as it
controls the degree of separation between the embeddings
in contrastive learning. To evaluate its impact, we analyzed
the performance of the model on the MVTec-AD dataset
when selecting different temperature values t. The results,
summarized in Figure 3, indicate a notable decline in the
network’s ability to learn effective data representations as t
increases. The optimal value of NMI is achieved when T is set
to 0.2, which, on average, yields the best performance across
the dataset.
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3) ROTATION AS DATA AUGMENTATION

We investigated the relationship between clustering quality
and the application of varying degrees of image rotation in the
training data augmentation pipeline. Networks were trained
with maximum rotation augmentations set to {30, 45, 90}
degrees, and six models were developed per scenario,
each employing different combinations of hyperparameters.
All the models were trained with v set to 0.1. Results
are reported in Table 3. As observed, our work surpasses
the current SOTA across all metrics, even without image
rotations. Nonetheless, rotations help the model achieve
better generalization in learning data representations. While
90-degree rotations can, on average, enhance the NMI
metric, their impact is not equal between textures and
objects. In particular, texture categories benefit more from
augmentation, with a total increase of 0.115 in NMI,
compared to objects, where performance remains more or
less unchanged. This, in our opinion, can be explained by the
property of texture categories to be more invariant to rotations
than object categories. The increase in variety provided by
rotation for these categories provides additional examples
that are more consistent with the natural variations of textures

(e.g., grids).

4) GOOD INSTANCES AGGREGATION

In this section, we investigate the effect of maximizing the
agreement across all views of all “good” images during
contrastive training. We compare the case where the networks
were trained using the same criterion for both anomalous
and good classes with those where all views of all good
images are aggregated together. We trained six models per
scenario, with different combinations of hyperparameters
applying a 90-degree rotation. All the models were trained
with 7 set to 0.1. Table 4 shows the results for each
class of the the MVTec-AD dataset. Without the use of
good instances aggregation, our work outperform already the
current SOTA. However, using good class aggregation during
contrastive training significantly improves performance in all
the observed metrics.

G. GENERALITY ON DIFFERENT AD BACKBONES

To further demonstrate the backbone-agnostic nature of
our work, we evaluated its performance when using Mam-
baAD [28] a model for multi-class anomaly detection
based on Mamba [43], as the anomaly detection backbone.
Similar to PatchCore [6], MambaAD [28] produces pixel-
level anomaly heatmaps for each image, allowing seamless
integration in our pipeline. We trained the backbone with
its official implementation within the ADer framework [44].
Table 1 presents results on MVTec-AD and MTD, averaged
over three runs. In the semi-supervised setting, MambaAD
surpasses Sohn et al. [22] and our results with PatchCore on
the MVTec dataset. This improvement may be attributed
to the richer multi-scale information contained in the
anomaly heatmaps, which align better with our approach.
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TABLE 3. Variation in clustering results for selected MVTec-AD categories when adjusting the degree of rotation used as data augmentation. For all

metrics a higher value is better 1. The best NMI metrics are reported in bold.

MVTec-AD || w/o Rotation [ Rotation 30 [ Rotation 45 [ Rotation 90
Categories || NMIt | ARIt | FIf || NMIf | ARIf | FIt || NMIt | ARIt | FIf || NMIf | AR | Fit
bottle 0.761 0.710 0.879 0.697 0.647 0.854 0.688 0.622 0.840 0.789 0.748 0.898
cable 0.769 0.782 0.824 0.675 0.737 0.631 0.708 0.831 0.775 0.748 0.767 0.773
capsule 0.486 0.317 0.586 0.531 0.346 0.609 0.467 0.322 0.567 0.569 0.431 0.647
hazelnut 0.892 0912 0.947 0.836 0.850 0.877 0.871 0.875 0.907 0.844 0.829 0.864
metal nut 0.748 0.659 0.823 0.705 0.583 0.711 0.846 0.790 0.899 0.738 0.564 0.679
pill 0.573 0.446 0.607 0.505 0.329 0.596 0.553 0.372 0.649 0.521 0.359 0.591
screw 0.392 0.388 0.478 0.417 0.425 0.421 0.586 0.449 0.443 0.466 0.447 0.499
toothbrush 0.508 0.498 0.844 0.430 0.370 | 0.798 0.467 0.432 0.821 0.438 0.378 0.798
transistor 0.640 0.568 0.588 0.655 0.470 | 0.620 0.618 0.748 0.648 0.670 0.536 0.579
zipper 0.780 0.744 0.794 0.709 0.640 | 0.654 0.811 0.748 0.733 0.821 0.756 0.754
carpet 0.800 0.742 0.835 0.758 0.671 0.685 0.743 0.674 0.800 0.805 0.780 0.885
grid 0.375 0.366 0.428 0.397 0.453 0.470 0.507 0.468 0.479 0.555 0.503 0.638
leather 0.739 0.679 0.721 0.858 0.866 0.927 0.894 0.878 0.927 0.937 0.936 0.963
tile 0.942 0.943 0.972 0.979 0.975 0.992 0.949 0.946 0.970 0.979 0.975 0.992
wood 0.548 0.440 0.619 0.746 0.660 | 0.799 0.755 0.681 0.801 0.702 0.613 0.706
Average object 0.655 0.602 0.737 0.616 0.540 0.677 0.662 0.619 0.728 0.661 0.605 0.669
Average texture 0.681 0.634 0.715 0.748 0.725 0.769 0.770 0.729 0.795 0.796 0.761 0.837
Average 0.663 0.601 0.723 0.652 0.581 0.709 0.697 0.643 0.749 0.706 0.706 0.751

TABLE 4. Semi-supervised results on MVTec-AD dataset, with and
without good instance aggregation processing. All categories and the
averages are reported. The best NMI metrics are reported in bold.

With good instances

w/o good instances
Dataset g .
aggregation

aggregation

MVTec-AD || NMIt | ARIT | FIf || NMIT | ARIt | FIt
bottle 0.701 0.620 | 0.827 0.789 0.748 | 0.898
cable 0.703 0.691 0.699 0.748 0.767 | 0.773

capsule 0.344 0.182 0.435 0.569 0.431 0.647
hazelnut 0.737 0.712 | 0.840 0.844 0.829 | 0.864
metal nut 0.684 0.580 | 0.747 0.738 0.564 | 0.679
pill 0.478 0.326 | 0.621 0.521 0.359 | 0.591
screw 0.535 0.349 | 0.535 0.466 0.447 | 0.499
toothbrush 0.231 0.019 | 0.618 0.438 0.378 | 0.798
transistor 0.557 0.507 | 0.507 0.670 0.536 | 0.579
zipper 0.756 0.706 | 0.812 0.821 0.756 | 0.754
carpet 0.700 0.678 | 0.812 0.805 0.780 | 0.885
grid 0.447 0.282 | 0.395 0.555 0.503 | 0.638
leather 0.889 0.881 0.923 0.937 0.936 | 0.963

tile 0.959 0.951 0.985 0.979 0.975 | 0.992
wood 0.713 0.603 | 0.677 0.702 0.613 | 0.706
Average Object 0.572 0.469 | 0.657 0.661 0.582 | 0.708
Average Texture 0.742 0.679 0.758 0.796 0.761 0.837
Average 0.629 0.539 | 0.691 0.706 0.642 | 0.751

In contrast, in the weakly semi-supervised case, the perfor-
mance of the MambaAD-based framework degrades more
significantly than the one of the PatchCore-based one,
though it still surpasses Sohn et al. [22], even though it
works in a semi-supervised setting. Consistent with the
observation in Section IV-E, this degradation correlates
with the anomaly detector’s performance. Specifically, the
categories capsule, pill and screw, which exhibit the lowest
clustering performance, also show the lowest AUROC scores.
On the MTD dataset, the results with the MambaAD

108500

backbone show improvements in both the semi-supervised
and weakly semi-supervised settings compared to the semi-
supervised approach of Sohn et al. [22], but remain lower
than those achieved with PatchCore [6]. This outcome may
be influenced by MambaAD’s [28] increased sensitivity to
the dataset’s limited resolution.

H. FAILURE ANALYSIS AND INTER-CLASS SIMILARITY

We analysed the structure of the learned embedding space
and the distribution of clustering errors across the different
categories to evaluate the performance of the proposed
framework.

In particular, we quantified intra-class compactness and
inter-class separability using the cosine distance. Specifically,
inter-class separability was measured by calculating the
cosine distance between the centroids of the different defect
classes within each category, whilst intra-class compactness
was calculated as the cosine distance between each embed-
ding and the centroid of its reference defect class. Figure 5
shows, for each category in the MVTec-AD dataset, the
relationship between the average intra-class distance and the
average inter-class distance.

As expected, the best-clustered categories tend to exhibit
low intra-class distance and high inter-class distance,
indicating more compact and better-separated embeddings.
Conversely, categories showing lower clustering performance
are associated with lower separation between centroids and,
in some cases, greater intra-class dispersion. This confirms
that inter-class similarity represents one of the main sources
of error in the method.

Further evidence emerges from the analysis of the
confusion matrices presented in the Appendix, which show
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FIGURE 4. Examples of inter-class similarity among the Hazelnut,
Capsule, Carpet, and Magnetic Tile anomaly types in the MVTec-AD and
MTD datasets. Each class presents two visually similar images from
different anomaly types that our system clusters together, even though
these images belong to distinct anomaly categories.

that the incorrectly clustered classes often concentrate on a
limited number of pairs of visually distinguishable defect
categories, rather than being distributed uniformly across
all classes.

I. IMPLEMENTATION DETAILS AND RUNTIME ANALYSIS

In real-world deployment, the framework is inherently
divided into an offline stage and an online stage. The offline
stage includes running the anomaly detection backbone on
the available data, generating the multi-scale views through
HAVE, training the contrastive encoder, extracting defect
embeddings, and fitting the K-means model on the learned
latent representation. The online stage is considerably lighter,
as it only requires extracting the embedding of the incoming
sample with the trained encoder and assigning it to the
nearest cluster centroid. When the method is deployed
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FIGURE 5. Relationship between average intra-class cosine distance and
average inter-class centroid cosine distance for each MVTec-AD category.
Categories with better clustering performance tend to exhibit lower
intra-class distance and higher inter-class distance.

in an end-to-end inspection pipeline, an upstream anomaly
detector can be used as a gating stage, so that clustering
is performed only for samples identified as defective.
Therefore the online computation cost is substantially lower
than the offline one since it does not involve multi-
view generation, contrastive optimization, and K-means
fitting.

The offline complexity mainly depends on the contrastive
learning of the multi-scale views generated by HAVE. Let
N4 be the number of defective images and C the average
number of anomalous connected components per defective
image, the total number of generated views is approximately
V a 2NYCS. Therefore, the dominant offline cost for
a fixed encoder architecture and input resolution can be
expressed as O(EV) = O(EN?CS), where E is the number
of training epochs. When dealing with large industrial
datasets, the proposed pipeline can be further optimized
by parallelizing the HAVE module, thereby reducing the
preprocessing bottleneck. Furthermore, larger datasets may
benefit from the use of larger batch sizes during contrastive
training.

The view generation and K-means fitting stages are
comparatively lighter, with costs O(N + V) and O(NKT),
respectively, where 7 is the number of iterations and
assuming fixed crop resolution and embedding dimension.
The online stage complexity depends on the nearest-
centroid assignment and scales linearly with the number
of clusters K, ie., O(K) assuming fixed embedding
dimensionality.

We evaluated the inference time on a workstation equipped
with an NVIDIA RTX 4070 GPU, an AMD Ryzen
Threadripper 7960s processor, and 256 GB RAM memory.
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TABLE 5. Results obtained on MPDD dataset, comparing AnomalyNCD-PC
method with our semi-supervised and weakly semi-supervised anomaly
clustering. For all metrics a higher value is better 1. The best NMI metrics
are reported in bold.

Supervision H Semi-supervised H Weakly semi-supervised

MPDD AnomalyNCD-PC Our-PC Our-PC

126]

Metric || NMIt | ARIt | FI+ || NMI | ARIY | Fit || NMI | ARIt | Fit
Br. black 0616 | 0603 | 0785 || 0.740 | 0676 | 0.797 || 0.341 | 0.266 | 0.649
Br.brown || 0355 | 0281 | 0.675 || 0.721 | 0.681 | 0.815 || 0.567 | 0536 | 0.767
Br. white 1.00 100 | 1.00 || 0.896 | 0922 | 0948 || 0.776 | 0.775 | 0.934
Connector || 0.628 | 0.661 | 0.909 || 0.852 | 0908 | 0.973 || 0496 | 0522 | 0.855
Metal P1. 0695 | 0614 | 079 || 0787 | 0727 | 0.778 || 0.807 | 0.778 | 0.895

Tubes 0280 | 0.103 | 0.673 || 1000 | 1.000 | 1.000 || 0430 | 0429 | 0817
Average || 0.698 | 0.544 | 0.806 || 0.833 | 0.838 | 0.907 || 0.570 | 0551 | 0.820

On preprocessed inputs with batch size 1, the encoder
requires 6.21 ms median latency (p50), while nearest-centroid
assignment requires only 0.11 ms. The combined clustering-
stage latency is therefore 6.33 ms (p50), showing that the
online cost is dominated by feature extraction rather than
by cluster assignment. To assess scalability with respect to
the number of clusters, we refitted K-means with K €
{2,4,8,16,32,64} on the learned embeddings and mea-
sured online nearest-centroid assignment latency using the
corresponding real centroids. Assignment latency remained
nearly constant in the tested range (about 0.11-0.13 ms p50),
while end-to-end clustering-stage latency remained around
6.34-6.38 ms p50. This indicates that, for realistic industrial
settings, the online clustering stage scales well and is
dominated by encoder inference rather than by the number
of cluster centroids.

J. RESULTS ON MPDD DATASET

To further evaluate the robustness of our approach, we assess
its performance on the MPDD dataset [35]. We compare
our method with AnomalyNCD [26] using a PatchCore
backbone. The results, averaged over three runs, are reported
in Table 5. In the semi-supervised settings, our method
achieves strong clustering performance, outperforming the
AnomalyNCD-PC method and demonstrating how multi-
scale information allows the model to learn defect charac-
teristics even with images with high variability in pose and
lighting, like those from MPDD.

In the weakly semi-supervised settings, the average perfor-
mance is consistently lower than in the semi-supervised case,
with varying degrees of impact across different categories,
and also in this case we can see a correlation with the AD
performance as observed in Sections I'V-E and IV-G.

K. LIMITATIONS

While our approach demonstrated improved performance
compared to previous-state-of-the art, there are still some
limitations that emerged during its development, highlighting
suggesting potential further refinements. First, a primary
limitation of our approach is that the proposed architecture
is highly dependent on the performance of the anomaly
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TABLE 6. AUROC at image-level and pixel-level for PatchCore [6] and
MambaAD [28] on MVTec-AD and MTD datasets. For all metrics, a higher
value is better 1.

AD I PatchCore [6] | MambaAD [28]
Image-level | Pixel-level | Image-level Pixel-level
MVTec-AD ‘ ‘ AUROCT | AUROCT | AUROCT ‘ AUROCT
bottle 1.0 0.987 1.00 0.990
cable 0.988 0.985 0.984 0.964
capsule 0.996 0.992 0.936 0.984
hazelnut 1.0 0.989 1.00 0.990
metal nut 0.999 0.987 0.997 0.971
pill 0.966 0.983 0.952 0.971
screw 0.982 0.996 0.948 0.994
toothbrush 0.905 0.988 0.955 0.989
transistor 0.991 0.942 1.00 0.967
zipper 0.992 0.989 0.989 0.982
carpet 0.976 0.991 0.999 0.992
grid 0.998 0.987 1.00 0.992
leather 1.0 0.994 1.00 0.993
tile 1.0 0.963 0.986 0.936
wood 0.987 0.949 0.987 0.945
Average Object 0.982 0.984 0.976 0.980
Average Texture 0.992 0.977 0.994 0.972
Average 0.985 0.982 0.982 0.977
MTD Image-level | Pixel-level | Image-level Pixel-level
AUROCT AUROCT AUROCT AUROC?T
Average || 0941 | 0808 | 0958 | 0846

TABLE 7. AUROC at image-level and pixel-level for PatchCore [6] on
MPDD dataset. For all metrics, a higher value is better 1.

Dataset I Metrics

Image-level Pixel-level

MPDD AUROCT | AUROCt
Bracket Black 0.957 0.994
Bracket Brown 0.983 0.976
Bracket White 0.984 0.997
Connector 0.974 0.996
Metal Plate 1.0 0.995
Tubes 0.929 0.991
Average I 0.971 | 0.991

detection module. Specifically, the detection and segmen-
tation of anomalies in the input image are driven by an
anomaly detection model. Since the quality of the detected
anomalies directly influences the clustering results, any
weaknesses in the anomaly detection model can negatively
impact the overall performance of our framework. While
this dependency on the anomaly detection module represents
a limitation, we believe it also serves as a strength of
our approach. The flexibility of our framework allows
for seamless integration with various anomaly detection
backbones beyond PatchCore. This adaptability enables
the framework to be easily applied to different industrial
environments and tasks, where the choice of anomaly
detection model might vary based on specific requirements
or constraints.

Furthemore, as also confirmed by the failure analysis in
Section IV-H, a drop in performance can be observed due
to the very prominent visual similarity between different
defect classes in the selected datasets. In Figure 4, we show
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TABLE 8. NMI, ARI and F1 scores with standard deviation for semi-supervised and weakly semi-supervised anomaly clustering methods on the MVTec-AD
and MTD datasets. For all metrics a higher value is better 1.

Supervision ||

Semi-supervised

Weakly semi-supervised

Dataset || Our-PatchCore i Our-MambaAD i Our-PatchCore i Our-MambaAD
MVTec-AD || NMIt | ARIt | FIt+ || NMM | ARM | FIt || NMIt | ARIt | FIt || NMM | ARM |  FIf
bottle 0.7574+0.184 | 0.688+0.164 | 0.864+0.112 0.777+0.275 | 0.722+0.296 | 0.885+0.185 0.760+0.137 | 0.673+0.127 | 0.856+0.086 0.830+0.183 | 0.785+0.193 | 0.906+0.137
cable 0.800+0.135 | 0.819+0.110 | 0.730+0.089 0.86440.066 | 0.906+0.096 | 0.792+0.219 0.786+0.066 | 0.761+0.121 0.7514+0.143 0.75240.133 | 0.672+0.137 | 0.800+£0.156
capsule 0.6354+0.227 | 0.523+0.216 | 0.692+0.212 0.5631+0.160 | 0.420+0.143 | 0.572+0.158 0.5514+0.199 | 0.438+0.237 | 0.621+0.286 0.34540.091 0.1961+0.124 | 0.494+0.073
hazelnut 0.888+0.305 | 0.905+0.284 | 0.925+0.261 0.8331+0.194 | 0.832+0.208 | 0.855+0.269 0.9574+0.137 | 0.968+0.123 | 0.977+0.107 0.748+0.130 | 0.639+0.088 | 0.762+0.305
metal nut 0.808+0.317 | 0.724+0.384 | 0.862:0.333 0.8724+0.192 | 0.806+0.275 | 0.922+0.185 0.596+0.075 | 0.370+0.073 | 0.690-£0.080 0.786+0.277 | 0.736+0.316 | 0.880-£0.224
pill 0.506+0.128 | 0.316+0.114 | 0.554+0.268 0.52740.100 | 0.365+0.074 | 0.563+0.171 0.386+0.129 | 0.196+0.095 | 0.477+0.232 0.328+0.125 | 0.142+0.114 | 0.418+0.094
screw 0.506+0.064 | 0.514+0.047 | 0.548+0.150 0.486+0.149 | 0.472+0.161 0.5351+0.145 0.487+0.102 | 0.346+0.223 | 0.485+0.221 0.216%0.198 | 0.131+0.154 | 0.341£0.127
toothbrush 0.5624+0.407 | 0.560+0.476 | 0.862+0.273 1.0040.000 1.00£0.000 1.00£0.000 0.39840.000 | 0.313+0.000 | 0.775+0.000 0.64240.000 | 0.71440.000 | 0.905+0.000
transistor 0.802+0.170 | 0.669+0.431 0.75840.347 0.7141+0.116 | 0.53940.132 | 0.633+0.128 0.777+0.169 | 0.663+0.468 | 0.713+0.229 0.658+0.255 | 0.61640.142 | 0.695+0.319
zipper 0.781+0.073 | 0.721+0.158 | 0.779+0.229 0.80140.157 | 0.737%+0.177 | 0.761+£0.076 0.75040.185 | 0.675+0.178 | 0.719+0.168 0.716+0.172 | 0.583+0.186 | 0.714+0.132
carpet 0.79940.152 | 0.766+0.192 | 0.844+0.219 0.8254+0.086 | 0.813+0.164 | 0.887+0.183 0.75340.101 0.5574+0.407 | 0.834+0.389 0.83440.136 | 0.816+0.175 | 0.889+0.172
grid 0.61440.175 | 0.523+0.179 | 0.659+0.135 0.6594+0.356 | 0.630+0.323 | 0.700+0.349 0.688+0.189 | 0.641+0.201 0.73240.167 0.5644+0.219 | 0.533+0.208 | 0.617+0.220
leather 0.840+0.232 | 0.818+0.273 | 0.883+0.248 0.880+0.243 | 0.857+0.274 | 0.904+0.258 0.8624+0.090 | 0.843+0.133 | 0.922+0.091 0.8504+0.037 | 0.833+0.030 | 0.899+0.022
tile 0.9364+0.109 | 0.932+0.123 | 0.955+0.062 0.95440.117 | 0.953+0.114 | 0.969+0.108 0.80240.097 | 0.681+0.258 | 0.796+£0.265 0.82940.133 | 0.764+0.221 0.8741+0.213
wood 0.7544+0.293 | 0.651+0.351 0.779+0.341 0.8114+0.094 | 0.739+0.184 | 0.872+0.167 0.7814+0.128 | 0.668+0.153 | 0.884+0.153 0.680+0.292 | 0.566+0.378 | 0.810+0.246
MTD || NMIt | ARIt | FIt+ || NMM | ARM | FIt || NMIt | ARIt | FIt || NMM | ARMH |  FIf
Average H 0.49140.004 ‘ 0.4514-0.005 ‘ 0.42140.024 H 0.44740.008 ‘ 0.3384+0.016 ‘ 0.3231+0.019 H 0.398+0.009 ‘ 0.4861-0.094 ‘ 0.47410.027 H 0.42440.030 ‘ 0.5264-0.079 ‘ 0.4424-0.023
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FIGURE 6. Qualitative comparison of different anomaly clustering methods using t-SNE visualizations on the MVTec-AD dataset.

a few examples from the MVTec-AD and MTD datasets,
highlighting instances visually similar defect classes in the
Hazelnut, Caspule, Carpet, and Magnetic Tile categories.
In these case, the model may cluster together samples
belonging to disting different defect classes because their
visual differences are subtle and difficult to separate based
solely on appearance. This makes the formation of well-
separated anomaly clusters considerably more challenging.
For example, in the Capsule category of MVTec-AD,
the anomaly types “Crack” and “Poke” appear visually
similar, and our approach may group them into the same
cluster.

VOLUME 14, 2026

Finally, from a trustworthiness and ethical perspective, the
proposed framework is intended as a decision-support tool
for industrial inspection rather than as a fully autonomous
replacement for human operators. Its practical reliability
may be affected by inaccurate anomaly localization, visually
similar defect categories and performance degradation caused
by domain shift. For this reason, the method could be applied
in a human-in-the-loop deployment, where ambiguous cases
can be reviewed by an operator and periodic monitoring can
be used to detect drift and trigger recalibration or centroid
updates. Demographic fairness is not directly relevant in
this setting. Since industrial inspection images may contain
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FIGURE 7. Row-normalized confusion matrices for selected MVTec-AD categories after optimal label matching between predicted clusters and

ground-truth classes using the Jonker-Volgenant algorithm.

proprietary information, deployment should comply with the
applicable access-control and data-protection requirements.

V. CONCLUSION
In this work, we introduced a novel framework for
industrial anomaly clustering, leveraging spatial localization
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and contrastive learning. Our approach achieves state-of-
the-art performance on MVTec-AD and MTD datasets,
demonstrating its robustness across diverse industrial defects.
Our contributions are multi-faceted. First, we propose an effi-
cient method for extracting rich, multi-scale view anomaly
representations, enabling robust self-supervised learning
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without the need for extensive labeled data. This contribution
addresses a critical gap in the industrial anomaly detection
landscape, where the scarcity of labeled data often impedes
the deployment of supervised models. Second, we present
comprehensive experiments on benchmark datasets (MVTec-
AD and Magnetic Tile Defect), showing consistent and
substantial gains in clustering performance metrics (NMI,
ARI, and F1 score) compared to existing methods. Notably,
our model maintained high performance even under weakly
semi-supervised conditions, underscoring its robustness and
applicability in real-world industrial scenarios. Moreover, the
flexibility of our framework allows for seamless integration
with various anomaly detection backbones beyond Patch-
Core, expanding its potential use cases in diverse industrial
environments.

Our approach not only advances the understanding of
anomaly clustering in computer vision but also provides
practical insights for improving automated defect analysis in
manufacturing contexts.

Future work may explore the adaptation of our framework
to different types of anomalies and environments, as well
as the application of more sophisticated data augmentation
strategies to further enhance model generalization.

APPENDIX

ANOMALY DETECTOR RESULTS

Tables 6 and 7 report the performance results of the anomaly
detection models used during the first phase of our proposed
work. Specifically, Table 6 presents the AUROC scores
at both the image-level and pixel-level for PatchCore [6]
and MambaAD [28] on the MVTec-AD and MTD datasets.
Table 7, on the other hand, provides the corresponding
AUROC results for PatchCore on the MPDD dataset.

APPENDIX

EXTENDED RESULTS

In Table 8, the results of our approach on the MVTec-AD
dataset are reported per class, along with the MTD and
standard deviation computed over three runs. We compare
our method built upon two different anomaly detection
backbones: PatchCore [6] and MambaAD [28].

APPENDIX

ADDITIONAL T-SNE VISUALIZATION

In this section, we provide additional qualitative results to
further assess the effectiveness of our method. Specifically
Figure 6 presents a t-SNE visualization comparison between
our approach, Sohn et al. [22] and AnomalyNCD [26] on
selected classes on the MVTec-AD dataset. Compared with
other methods, our approach exhibits clearer separation
and fewer clustering errors between the different defect
categories.

APPENDIX

CONFUSION MATRICES

In Figure 7 we provide the confusion matrices for selected
MVTec-AD categories. The matrices are row-normalized
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and highlight, for each ground-truth defect class, how
samples are distributed across the matched predicted classes.
Strong diagonal responses indicate well-separated clusters,
whereas off-diagonal activations reveal the most frequent
misclassifications between different defect classes.
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