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Abstract

Anomaly detection is a crucial process in industrial
manufacturing and has made significant advancements
recently. However, there is a large variance between
the data used for development and the data collected in
production environments. Conventional benchmarks
typically evaluate algorithms in overly ideal conditions
where the training and testing data share identical
specifications, leading to overestimated performance
that fails to hold up in real-world applications. To
address this gap, we present Texture-AD, a compre-
hensive benchmark designed to systematically evalu-
ate model robustness under realistic domain shifts.
This dataset includes images of 15 types of cloth, 14
types of semiconductor wafers, and 10 types of metal
plates acquired under different optical schemes. The
key design innovation is the significant difference be-
tween the training set and the test set. The training
set only contains normal samples from a certain sub-
class, while the test set introduces samples from pre-
viously unseen subclasses, along with colors, textures,
and controllable variations in illumination. This setup
replicates the practical challenge of detecting defects
on product types or under imaging conditions not ob-
served during training. Specifically, to adapt to di-
verse products in automated pipelines, we present a
new evaluation method and results of baseline algo-
rithms. The experimental results show that Texture-
AD is a difficult challenge for state-of-the-art algo-
rithms. To our knowledge, Texture-AD is the first
dataset to be devoted to evaluating industrial defect
detection algorithms in the real world. The dataset is
available at https://huggingface.co/datasets/texture-
ad/Texture-AD-Benchmark.

Keywords: Anomaly Detection, Benchmark
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1. Introduction

Industrial inspection algorithms are typically devel-
oped and tested using collected data before deploy-
ment, for use in automated quality control equipment
on production lines. In recent years, a variety of de-
tection methods have been developed for detecting an
anomalous image region in image data through contem-
porary machine learning approaches. These method-
ologies have demonstrated promising results on estab-
lished datasets. Present evaluation strategies typically
entail integrating flawless production data of a single
object category during the training stage and evaluat-
ing performance using data containing anomalies.

The acquisition of flawless production data has be-
come more accessible when contrasted with defective
data. However, a production line is often required
to deal with various specifications of similar products,
such as gray cloth, red cloth, mesh cloth, different
types of wafers, as well as black brushed metal plates,
gold frosted metal plates, etc. While these differ-
ent specifications share certain common features, they
also present significant differences. Additionally, mi-
nor fluctuations in external conditions, such as light-
ing environment and camera settings, result in a data
distribution after deployment that is unlikely to align
with the data collected during the training phase. This
situation places increased requirements on the robust-
ness of the algorithms.

Humans have the natural ability to visually discern
the similarities and differences in images and to de-
tect defects and irregularities within them. Currently,
there are many commonly used datasets for anomaly
detection, which vary greatly in the scenes and scale
they contain. For example, datasets related to cloth
texture [19, 29] generally have a good amount of data,
but they differ significantly from actual production
scenarios. In addition, as chips become an increas-
ingly important field of research worldwide, wafer de-
fect detection has become an essential part of the pro-
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Figure 2: t-SNE feature visualization maps of Texture-AD and carpet, leather, and tile in MV Tec.

cess. Therefore, the demand for wafer defect detection
datasets [33] in industrial inspection is also growing,
yet there are very few open-source wafer defect de-
tection datasets available. Moreover, there are more
datasets related to metal defects in industrial produc-
tion [2, 30, 42, 20, 11, 41], but they generally include
material types and apply to a more limited range of sce-
narios. There are also datasets related to crack defects
[13, 35], such as cracks in bridge surfaces and concrete
floors.

So far, modern machine learning systems have en-

countered considerable challenges in addressing related
issues, mainly because the existing datasets are not
particularly well-suited to real-world scenarios. Cur-
rently, the evaluation of anomaly detection algorithms
often relies on datasets such as MVTec [1], where
the features of flawless and defective items exhibit a
high degree of consistency, resulting in higher perfor-
mance metrics than those observed in actual deploy-
ment. Therefore, this paper proposes the Texture-AD
dataset [31], which clearly demonstrates the differences
between Texture-AD and the MVTec dataset in Table



Table 1: Evaluation protocol difference between Texture-AD and MVTec.

Category Train Test
Images | Category Labels | Images | Category Labels
MVTec 0] O O (@)
Ours 0] O O X

1. As shown in Figure 1, the training data provided
by the MVTec dataset and the test data completely
belong to the same product, making it impossible to
evaluate the algorithms under development correctly.
Therefore, in Texture-AD, we provide a variety of spec-
ifications of three products as the training set, and
at the same time, provide the same type of products
with different specifications from the training set as
the test set, which can evaluate the performance of
the algorithm based on the consideration of algorithm
robustness and generalization ability. Furthermore,
as shown in the Figure2, using the feature visualiza-
tion technology based on t-SNE, a comparative anal-
ysis was conducted on the deep feature distributions
of Texture-AD and three representative texture sub-
classes (carpet, leather, and tile) in the MVTec dataset.
The results indicated that within a certain category
of Texture-AD, different subclasses exhibited signifi-
cant intra-class discreteness in the feature space. Addi-
tionally, the feature clusters corresponding to different
categories were clearly separated, demonstrating high
intra-class diversity and significant inter-class distinc-
tion. In contrast, the feature distributions of similar
samples in MVTec were more compact, with relatively
smaller inter-class distances. This contrast highlights
the core advantage of Texture-AD in simulating real in-
dustrial inspection scenarios, as this dataset constructs
a more diverse and complex feature space by covering
various product specifications, changing optical con-
ditions, and natural defects. Therefore, Texture-AD
more effectively evaluated the robustness, generaliza-
tion ability, and feature separation performance of un-
supervised anomaly detection algorithms in an open
set environment. Through this approach provides a
benchmark testing platform that is closer to the ac-
tual production environment and better supports the
development of algorithms intended for practical de-
ployment. The training set of this dataset includes 15
subclasses of cloth images, 14 subclasses of wafer im-
ages, and 10 subclasses of metal plate images. All cloth
images come from the same type of cloth, wafer images
come from 14 different subclasses of wafers, and metal
plate images come from metal plates with 5 different
colors of brushed and matte surfaces, photographed un-
der similar lighting conditions. The test set includes

defective cloth images, wafer images, and metal plate
images photographed from the actual production pro-
cess, which show slight differences in camera settings,
lighting conditions, and the design of cloth, wafers, and
metal plates compared to the training set.

The contributions of our paper can be summarized
into three main aspects:

e We present a novel and comprehensive dataset for
unsupervised anomaly detection in industrial qual-
ity inspection. It simulates real-world industrial
inspection scenarios, and it has a sufficient number
of data samples and data scale, including 43120
high-resolution images collected in various optical
environments from 39 different subclasses under
three major categories, which contain a variety of
different types of defects.

e We conduct a comprehensive evaluation of cur-
rent state-of-the-art methods for unsupervised
anomaly detection, assessing their segmentation
and classification performance on the anomalous
images during the development process.

e We provide a well-designed evaluation proto-
col to compare the performance of unsupervised
anomaly detection algorithms in actual develop-
ment environments.

2. Related Work

Computer vision equipment for detecting surface de-
fects has largely replaced manual inspections across
industries like 3C electronics, automotive, machinery,
semiconductors, chemicals, and so on. Traditional
methods use standard image processing and classi-
fiers with handcrafted features, while effective imag-
ing schemes ensure clear defect visibility under uniform
lighting. Recently, deep learning has become prevalent
for defect detection.

DAGM2007 dataset [19] is artificially generated but
resembles real-world problems. Six categories referred
to as the development dataset should be used for al-
gorithm development. The remaining four categories
(referred to as the competition dataset) can be used
to evaluate performance. AITEX dataset [29] is an im-
age dataset focused on the textile industry, designed to
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Figure 3: Example images of all fifteen different colors and textures of cloth from the Texture-AD dataset. For
each category, the first row displays anomaly-free examples. The second row shows examples of the anomaly.

support research and application of machine learning
and computer vision technology in the field of textile
quality inspection. However, the aforementioned two
datasets have issues with unclear defect labeling and a
rather singular background type and defect type, which
cannot fully simulate the complex detection scenarios
in actual industrial environments.

The WM-811K dataset [33] is a dataset specifically
for semiconductor wafer map defect type identification,
with images in the dataset mainly coming from ac-
tual production environments of wafer maps, obtained
through electrical testing, and used to describe the
state of wafer defects. However, the WM-811K repre-
sents without texture details and pattern information.

A dataset [2] collected six typical surface defects of
hot-rolled steel strips. This surface defect dataset faces
two major challenges: large differences in appearance
among defects within the same category, and similari-
ties between defects of different categories, with defect

images affected by lighting and material changes. The
NEU-surface-defect-database [30] has six typical sur-
face defects of hot-rolled steel strips, namely rolling
scale, patches, cracks, pitted surfaces, inclusions, and
scratches. The improved X-SDD dataset [12] includes:
seven typical types of hot-rolled steel strip defect im-
ages. Due to the imbalance of sample quantity in X-
SDD, it provides conditions for researchers to solve the
problem of sample imbalance. The SD-saliency-900
dataset [20] includes three types of steel strip surface
defects (inclusions, patches, and scratches), including
steel surface defect detection images and correspond-
ing pixel-level binary masks. RSDDS-113 dataset [11],
with samples taken from the actual industrial produc-
tion line of a section steel factory, collects 20 track sec-
tions with defect information. Each pair of images in
this dataset consists of a left camera image and the cor-
responding depth image; the dataset has a high degree
of annotation credibility, but the number of data sam-



Figure 4: Example images of all ten different colors and textures of metal plates from the Texture-AD dataset.
For each category, the first row displays anomaly-free examples. The second row shows examples of the anomaly.

Figure 5: Example images of all fourteen different colors and textures of wafers from the Texture-AD dataset. For
each category, the first row displays anomaly-free examples. The second row shows examples of the anomaly.

ples is fewer. The Rail-5k dataset [41] is used for the
task of steel rail surface defect detection. The dataset
can be used for two settings, the first is a supervised
setting trained with marked images, the fine-grained
nature of defect categories, and the long-tail distribu-
tion make it difficult for visual algorithms to solve. The

second is a semi-supervised learning setting promoted
by unmarked images, including possible image damage
and domain shift with marked images. The dataset can
support both supervised and semi-supervised learning
settings. In actual production, there may be unknown
types of defects, making it difficult for the aforemen-



tioned traditional datasets based on known defect pat-
terns to cope. In addition, it is difficult to obtain a
large number of defect samples in the aforementioned
datasets, leading to the problem of small sample sizes
when training deep learning models.

The Concrete Crack Images for Classification
dataset [13] is created specifically for the task of con-
crete crack classification. This dataset typically con-
tains tens of thousands of images of concrete surfaces,
showing cracks of different types and severities. The
Crack-Detection dataset [35] is designed specifically for
crack detection tasks, containing images for training
and evaluating crack identification algorithms. These
images usually come from various material surfaces,
especially concrete and other construction engineer-
ing materials, because cracks in these materials may
lead to structural problems. The images in the afore-
mentioned datasets have issues with varying quality,
including resolution, lighting conditions, angles, and
background complexity, which may affect the perfor-
mance of crack detection algorithms in the deployment
process.

MVTec [4] contains images of anomalous samples
with various defects, manually generated. This is a
popular dataset for unsupervised anomaly detection
that simulates real-world industrial inspection scenar-
ios. The dataset provides the possibility of evaluat-
ing unsupervised anomaly detection methods for vari-
ous textures and object classes with different types of
anomalies. Since it provides pixel-level precise ground
truth labels for the abnormal areas in the images, it
is possible to evaluate anomaly detection methods for
image-level classification and pixel-level segmentation.

In industrial settings, the prevalence of normal sam-
ples over defective ones creates a dataset imbalance,
affecting model training and generalization. Acquir-
ing a significant number of defective samples is costly
and time-consuming, especially for rare defects. Cur-
rent datasets may not cover all defect types, limiting
the model’s ability to identify unusual defects. The
complexity of industrial products’ appearance and po-
tential labeling inconsistencies adds to the challenge
of defect detection. Moreover, the need for real-time
responses in industry is often not met by existing
datasets, leading to models that may not perform well
in new environments.

3. Dataset

The anomaly detection dataset we propose includes
15 subclasses of cloth, covering a variety of colors, ma-
terials, and texture defects, 14 different subclasses of
wafers, and 10 subclasses of metal plates, including 5
colors each with brushed and matte finishes, totaling 10

subclasses of textures. Examples and comparisons of
normal images and representative defect images from
the three aforementioned categories are shown in Fig-
ure 3, Figure 4, and Figure 5. The defects in our
dataset are imperfections that occur in actual produc-
tion environments, making it extremely valuable for
the study of industrial quality inspection algorithms.
Cloth defects include pencil marks, cuts, marker stains,
water stains, black and white dots, threads, incon-
sistent sewing distances, and color differences caused
by dyeing. Wafer and metal plate defects include
scratches, stains, and inherent manufacturing defects,
all of which naturally occur in the production process.
As shown in Figure 6, our dataset contains a total of
43120 images, with 28973 images used for training and
validation, and 14147 images for testing. The training
set includes only defect-free images. The test set con-
tains two types of images: images with various types of
defects and defect-free images. Figure 7 shows the per-
centage of the image area occupied by the anomalous
regions.

Specific to the division of the dataset, we provide
good production images from multiple subclasses for
each category as the training set, allowing the model
to learn the characteristics and differences of each sub-
class. At the same time, we also provide defect images
and good production images from the same category for
the test set to evaluate the model’s recognition ability
when facing actual defects. The number of samples for
each category and the specific allocation of subclasses
are detailed in the appendix for reference.

3.1. Data Generation

All images were captured using a high-resolution in-
dustrial camera (MV-CS200-10 GC) at a resolution
of 5472 x 3648 pixels, in conjunction with two light
sources. The optical scheme was altered by adjusting
the position and brightness of the light sources. We
programmatically controlled the brightness and inci-
dence angle of two light sources to systematically sim-
ulate non-uniform illumination conditions commonly
encountered in production environments. Specifically,
the brightness of each light source was varied linearly
between 70% and 130% of its rated intensity, while the
incidence angle was adjusted within +15° relative to
the sample surface normal. This controlled variation
generated a diverse range of lighting conditions, en-
compassing differences in brightness, reflections, and
shadow patterns.

To better align with the defects produced in the in-
dustrial manufacturing process, we created some arti-
ficial defects on the cloth, while the wafers and metal
plates exhibited naturally occurring defects. In the ex-
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Figure 7: Statistics of the percentage of the image area
occupied by the anomaly regions.

perimental design, our work employed a physical sim-
ulation method to construct a dataset of cloth defects.
Specifically, stains were created on the cloth surface
using artificial contaminants (such as pencil graphite
and lime water suspension), and controlled mechani-
cal damage (such as sharp instrument scratching) was
used to simulate scratches. As a result, synthetic de-
fect samples with clear annotations were generated.
This method has a certain apparent similarity in vi-
sual features, such as macroscopic morphology, con-
trast, and texture fracture, to the defects produced
during real production due to contamination and me-
chanical scratching, providing the model with repeat-
able and diverse training samples. The introduction
of synthetic data enhances the ability of the model to
recognize the basic visual patterns of defects and im-
proves its robustness in detecting different types of de-
fects. By combining such physically synthesized data
with real samples for mixed training, it is possible to
effectively enrich the diversity of the features learned
by the model, providing it with more comprehensive
representation information of defects, and thereby en-
hancing its generalization performance and practicality

in complex real scenarios.

3.2. Data Labeling

Our image acquisition and defect annotation pro-
cess is depicted in Figure 8. The defects in our dataset
were manually annotated using the LabelMe annota-
tion tool. To ensure high performance and strong gen-
eralization capability of deeplearning-based industrial
defect detection models, our annotation pipeline rigor-
ously adheres to a systematic data annotation protocol.
This protocol emphasizes the principles of annotation
consistency, geometric accuracy, and stringent qual-
ity control, with clearly defined standards for defect
definition and visual representation. All annotations
are required to ensure that bounding boxes or seg-
mentation masks precisely align with the actual edges
of defects. Unified handling rules have been estab-
lished for challenging scenarios such as small, blurry,
and densely clustered defects. The annotation task
is carried out jointly by three engineers with exten-
sive expertise in defect detection labeling. Initially,
the three annotators independently label the same set
of data, after which the union of their annotations is
taken. Subsequently, state-of-the-art industrial defect
detection algorithms are employed for auxiliary iden-
tification. Based on the algorithmic outputs, a sec-
ond round of manual annotation is performed, followed
by a two-level review process and regular calibration
meetings. This workflow forms a closed-loop quality
assurance system aimed at minimizing noise and am-
biguity from the data source. The outcome is a set
of high-quality, consistent benchmark ground-truth an-
notations that provide a reliable foundation for model
training and underpin the robustness and reliability of
downstream algorithms.

Subsequently, these images were cropped to the ap-
propriate output size. All images have a resolution of
1024 x 1024 pixels. The training set images were ob-
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defects, while the wafer and metal plate images consist solely of natural defects. The defect annotation work for

the images was performed using LabelMe.

tained under relatively stable lighting conditions. How-
ever, for the test set, we intentionally varied the optical
scheme to simulate the imaging discrepancies between
the algorithm training phase and actual deployment.
We provided pixel-level ground truth annotations for
each defective image area.

4. Anomaly Detection Methods

The current research trend in anomaly detection is
primarily focused on unsupervised anomaly detection.
This trend has emerged due to the fact that obtaining
anomalous samples requires a significant investment of
human and financial resources. In this research con-
text, training data contains only normal samples, while
test data includes both normal and anomalous samples.
Industrial image anomaly detection is a specific branch
within the field of anomaly detection, and we mainly
evaluate and compare it using the following three re-
search directions.

4.1. Synthesis-based Anomaly Detection

Some supervised learning methods use a lim-
ited number of anomaly samples to synthesize more
anomaly samples to enhance training effectiveness. For
example, A basic architecture that integrates Cycle-
GAN [8] with ResNet/U-Net as the generator is used
to transfer defects from one image to another [25].
SDGAN [17] achieved better results than CycleGAN

by improving the style transfer network. DRAEM [39]
first restores the normal image with pseudo-anomaly
interference to obtain feature representation and then
uses a discriminator network to distinguish anomalies,
demonstrating excellent performance. Although this
field has made certain research progress, it still has a
huge development space compared to other fields with
clear research directions.

4.2. Reconstruction-based Anomaly Detection

These methods are based on the assumption that
a reconstruction model trained only on normal sam-
ples can successfully reconstruct images in normal ar-
eas [0, 7, 40, 26, 37] but fail in abnormal areas. Early
attempts included autoencoders(AE) [6, 9], variational
autoencoders(VAE) [10, 15] and generative adversarial
networks(GAN) [26, 1, 22, 38]. However, these meth-
ods may cause the model to learn certain tricks, lead-
ing to the effective recovery of anomalies as well. To
address this issue, researchers have adopted various
strategies, such as introducing guidance information
(structure [43] or semantics [28, 34]), memory mech-
anisms [12, 14, 21], iterative mechanisms [10], image
masking strategies [36], and pseudo-anomaly [9, 23]
PyramidFlow [16], based on the transformer and fur-
ther design, set a new record on MVTec.



4.3. Feature-Embedding Based Methods

Feature embedding methods are committed to dis-
tinguishing normal and abnormal samples at the fea-
ture representation level. Uniformed Students [5] pio-
neered the use of discriminative latent embeddings for
anomaly detection. This model is simple and effective,
significantly outperforming other benchmark methods.
STPM [32] and MKD [27] utilize multi-scale features
on different network layers for feature distillation, al-
though there are differences in their methods. In ad-
dition, SimpleNet [18] has achieved satisfactory results
by introducing noise into the feature embedding to sim-
ulate negative samples.

5. Benchmark
5.1. Baseline Methods

5.1.1 SimpleNet

SimpleNet [18] proposed a simple and easy-to-apply
network for detecting and localizing anomalies in im-
ages. We evaluated using the publicly available Sim-
pleNet implementation on PyTorch. The backbone
network used Wide Resnet50 as the backbone network,
setting the feature dimension of the feature extractor
to 1536 to accommodate 329 x 329 sized input images.
The anomaly feature generator added isotropic Gaus-
sian noise N (0, 0?), where o defaults to 0.015. The sub-
sequent discriminator includes a linear layer, a batch
normalization layer, a leaky ReLLU with a slope of 0.2,
and a linear layer. The Adam optimizer was used, with
learning rates of 0.0001 and 0.0002 set for the feature
adapter and discriminator, respectively, and a weight
decay of 0.00001. Each dataset was trained for 160
epochs with a batch size of 8.

5.1.2 PyramidFlow

PyramidFlow [16] proposed a new anomaly localiza-
tion method, which is based on the defect contrastive
localization paradigm using a pyramid of normalization
flows for multi-scale fusion and volume normalization
to achieve high-resolution defect localization. We used
a fixed pyramid layer number L = 8, image resolution
of 256 x 256, and channel number C' = 24, and var-
ied the stacked layer number D to explore the trends
in memory usage and model parameterization. During
training, sample mean normalization was used, and the
running mean was updated with a momentum of 0.1.
At test time, volume normalization was based on the
running mean.

5.1.3 Mean-Shift

Mean-Shift [24] introduced a novel self-supervised rep-
resentation learning method to improve anomaly de-
tection. It pointed out that traditional contrastive
learning methods are not suitable for pre-trained fea-
tures. Hence, they proposed the Mean-Shifted Con-
trastive Loss. In the experiments targeting ResNet152,
we fine-tuned the last two blocks of a ResNet152 model
pre-trained on the ImageNet dataset and added an /5
normalization layer, a process that lasted for 10 train-
ing epochs. For the experiments with ResNetl8, we
fine-tuned the entire backbone of a ResNet18 model
pre-trained on ImageNet and similarly added an ¢ nor-
malization layer, a process that included 20 training
epochs. In both cases, we minimized the Mean-Shifted
Contrastive loss function with a temperature parame-
ter T set to 0.25. We used the Stochastic Gradient De-
scent (SGD) optimizer with a weight decay of 5x 1075,
and without momentum. We set the size of each mini-
batch to 64.
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Figure 9: The comparison of the average Image-

AUROC obtained by various algorithms on Texture-
AD and MVTec.

5.1.4 DRAEM

In addition to reconstruction methods, DRAEM [39]
primarily regards surface anomaly detection as a dis-
criminative problem and proposes a Discriminatively
Trained Reconstruction Anomaly Embedding Model
(DRAEM). This method learns the joint representa-
tion of anomalous images and their anomaly-free re-
constructions while learning the decision boundary be-
tween normal and anomalous examples. The method
can directly localize anomalies without the need for ad-
ditional complex post-processing of the network out-
put, and can be trained using simple and universal
anomaly simulation. In our experiments, the network
was trained for 700 epochs. The learning rate was set
to 1074, and it was multiplied by 0.1 after 400 and 600



Table 2: Comparison of state-of-the-art works on the cloth of Texture-AD. Image-AUROC (top row) and Pixel-

AUROC (bottom row) are displayed in each entry.

Category subclassl subclass2 subclass3  subclassd  subclassh  Average
SimpleNet 65.08 59.26 53.83 70.40 68.47 64.41
p 58.30 51.52 63.48 70.68 54.47 59.69
- 57.88 63.18 60.74 59.39 49.72 53.18
yra oW1 68.00 57.06 60.74 57.26 34.84 55.58
Mean-Shift 66;22 33;66 66;21 65;69 39;54 54;26
57.58 50.21 55.44 58.01 55.95 55.44

DRAEM 60.99 65.36 56.91 53.45 77.03 62.75
\SFL 50.00 54.01 50.00 50.00 50.14 50.83
ow 56.11 63.14 51.66 47.44 42.93 52.12

. 65.65 76.98 55.69 42.38 72.20 62.58
Efficient AD 62.76 58.92 47.08 38.75 61.77 53.86

Input Image

Groud Truth

Heatmap

Figure 10: Visualization of SimpleNet results. It presents the anomaly segmentation results for three categories of
materials in Texture-AD: cloth, wafer, and metal plate. The top row demonstrates the original image, the middle
row shows pixel defect region annotation, and the bottom row is the heatmap of SimpleNet.

epochs. Image rotation from —45 to 45 degrees was
used as a data augmentation method.

5.1.5 MSFlow

MSFlow [11] proposed a multi-scale flow-based frame-
work for unsupervised anomaly detection, which uti-
lizes normalization flows to handle features at different
scales to adapt to anomalies of various sizes. During
the experimental process, we used Wide ResNet50 and
ResNet18 as feature extractors. The training was con-
ducted with a batch size of 16. The optimizer used
was Adam with an initial learning rate of 107, and
the learning rate was reduced at 70% and 90% of the
training progress.

5.1.6 EfficientAD

EfficientAD [3] proposed a lightweight feature extrac-
tor that processes images with millisecond-level latency

on modern GPUs, using a student-teacher approach to
detect anomalous features and effectively detect logical
anomalies. In the experiments, we set the hard feature
loss mining factor (phard) to 0.999, meaning that on
average, 10% of the values in each dimension are used
for backpropagation. The Adam optimizer was used
with an initial learning rate of 10~* and a weight decay
of 107°. During training, if the number of iterations
exceeded 66500, the learning rate was reduced to 107°.

5.2. Evaluation Method

To ensure comparability with existing research and
alignment with real-world application scenarios, this
section elaborates on the adopted evaluation protocol,
data preprocessing pipeline, performance metrics, and
specific implementation details.



Table 3: Comparison of state-of-the-art works on the
wafer of Texture-AD. Image-AUROC (top row) and
Pixel-AUROC (bottom row) are displayed in each en-

try.

Category [subclasslsubclass2subclass3subclassd Average
SimpleNet 52.11  59.66  53.66  50.68 54.03
P 57.18  66.16  57.58  53.40 58.58
PyramidFlow 55.54  43.35  52.76  46.36  49.50
Y 51.23 39.47 51.52 44.63  46.71
Mean-Shift 52_.83 53_.29 55;44 48;28 52;47
55.69  57.09  59.22  52.46 56.12
DRAEM 44.91 34.10 35.01 43.59  39.40
51.19  49.78  53.64  50.00 51.15
MSFlow [ 4101 3410 3501 4350 39.40
. 50.28 42.25 50.23 45.51  47.07
BfficientAD | 5576 3308 5153 4002 45.32

Table 4: Comparison of state-of-the-art works on the
metal plate of Texture-AD. Image-AUROC (top row)
and Pixel-AUROC (bottom row) are displayed in each
entry.

Category |subclassl subclass2 subclass3 Average
SimpleNet 59.07 59.87 57.83 58.92
P 6227 5833 5897  59.86
PyramidFlow 52.87 48.74 58.92 53.51
Y 53.42 48.86 57.67 53.31
Mean-Shift 44;34 47;39 45;04 53;29
52.07 56.32 51.48 45.59
DRAEM 58.41 51.53 57.31 55.75
62.90 53.54 59.78 58.74
MSFlow 65.37 57.34 60.37 61.02
. 65.27 55.46 68.73 63.30
EfficentAD | 5960 5104 5491 5521

5.2.1 Training and Testing Protocol

As shown in Table 1, the information available during
the training phase of this benchmark is consistent with
the MVTec AD dataset, i.e., only normal (defect-free)
samples are used. However, to simulate the generaliza-
tion requirement of models for unknown product types
in real industrial scenarios, a key distinction is that the
use of sub-category labels is prohibited during the test-
ing process. This means that the model must be able to
correctly identify anomalies without prior knowledge of
which specific sub-category (e.g., cloth, wafer, or metal
plate) the test sample belongs to. This setting signifi-
cantly increases the challenge of the task and aims to
evaluate the algorithm’s performance under more re-

alistic and open conditions that are closer to actual
production.

5.2.2 Data Augmentation

Given that deep learning-based evaluation methods
typically require training on large-scale datasets to
fully converge, we adopted a systematic data augmen-
tation strategy to expand the training set, prevent-
ing overfitting and enhancing model robustness. This
strategy applies to both texture and object categories.
The specific procedure is as follows: First, all images
are resized to fit the model’s input dimensions. Then,
apart from basic mirror flipping, we do not introduce
other complex spatial or color transformations to en-
sure the authenticity of the augmented data and avoid
introducing artifacts similar to real defects. Through
this process, we augment the training samples for each
category to 10000 images, providing sufficient and di-
verse normal samples for deep models to learn from.

5.2.3 Evaluation Metric

To ensure fair comparison with mainstream research
[4, 38, 5], we adopt the Area Under the Receiver Oper-
ating Characteristic Curve (AUROC) as the core eval-
uation metric. This metric measures the model’s over-
all ability to distinguish between positive and negative
samples at different discrimination thresholds, is in-
sensitive to class imbalance, and is thus well-suited for
anomaly detection tasks.

Specifically, the evaluation is conducted at two lev-
els:

o Image-Level Anomaly Detection (Image-Level
AUROC): Denoted as I-AUROC. This metric eval-
uates the model’s ability to classify an entire image
as "normal” or "anomalous”. It provides a direct
basis for the model’s performance in rapid quality
screening and sorting on the production line.

o Pixel-Wise Anomaly Localization (Pixel-Wise AU-
ROC): Denoted as P-AUROC. This metric eval-
uates the model’s ability to precisely localize
anomalous regions at the pixel level. It offers valu-
able spatial information for subsequent repair or
process analysis and is a key indicator of the algo-
rithm’s localization accuracy.

5.3. Result

As shown in Table 2, Table 3, and Table 4, we
present the evaluation results of anomaly image classi-
fication and anomaly region segmentation for all meth-
ods and dataset categories, reflecting the challenges



that current algorithms still face in cross-category gen-
eralization and adaptation to complex real-world sce-
narios, respectively. No method performs consistently
well across all texture categories. In the cloth cate-
gory, SimpleNet outperforms the other methods. This
is attributed to its sensitive modeling ability for tex-
ture local features. But in the wafer category, DRAEM
performs better than SimpleNet, indicating that the
method based on joint learning of reconstruction and
discrimination has advantages in images of semicon-
ductor wafers with relatively regular structures and
variable defect shapes. In the metal plate category, Ef-
ficientAD leads in second place by 4.38% in I-AUROC,
demonstrating its lightweight architecture’s ability to
maintain detection speed while being robust to metal
surface reflections and complex optical changes. Fur-
ther analysis of the performance of each subclass re-
veals that certain defect types and material variations
pose significant challenges to the algorithm. For exam-
ple, in the cloth subclass 5, the Pixel-AUROC of most
methods significantly decreases, due to the small defect
area and high similarity to background texture in this
type of cloth. In the wafer subclass 4, the performance
of all methods is generally low, indicating that subtle
point-like or contamination defects in a uniform back-
ground remain difficult to detect. In the metal plate
subclass 3, Efficient AD has a higher Pixel- AUROC, re-
flecting its strong ability to locate scratches and blem-
ishes on the metal surface. Compared with the MVTec
dataset, the average performance of all methods on
Texture-AD has significantly decreased, revealing the
limitations of existing algorithms in dealing with mul-
tiple product specifications, cross-category generaliza-
tion, and complex imaging conditions in real industrial
environments. For instance, intentional differences in
lighting and product models between training and test-
ing sets cause algorithms to overly rely on the distribu-
tion of training data to easily experience performance
degradation. In conclusion, Texture-AD not only as-
sesses the overall detection capability of the algorithm
but also reveals its weaknesses through fine-grained
category and defect analysis, such as insufficient sensi-
tivity to small defects and limited adaptability to ma-
terial and lighting changes. These findings suggest that
future research can focus on improving the stability of
the model in cross-category generalization, small defect
detection, and complex imaging conditions, promoting
the development of anomaly detection algorithms to-
wards more practical and robust directions. As shown
in Figure 9, when applying our dataset Texture-AD for
evaluation alongside the MVTec dataset, it was found
that the evaluation results of our dataset are generally
lower, which can expose the problem domains where

the algorithm fails, facilitating targeted optimization
of the algorithm’s weak points in subsequent improve-
ments. Here are the evaluation results of each method.
Some examples of performance were provided in Figure
10. All experimental results are the mean of 3 repli-
cates.

5.4. Conclusion

We introduce the Texture-AD Anomaly Detection
Benchmark, a novel dataset for unsupervised anomaly
detection that mimics real-world industrial detection
scenarios. The dataset provides a way to evaluate un-
supervised anomaly detection methods in realistic al-
gorithm development scenarios. Since pixel-accurate
ground truth labels of anomaly regions in images are
provided, both image-level classification and pixel-level
segmentation anomaly detection methods can be eval-
uated. Several state-of-the-art methods are evaluated
on this dataset. The evaluation provided a benchmark
for showing how different algorithms perform in real-
world application scenarios and indicating that there
is still much room for improvement. We hope that the
proposed dataset will stimulate the development of new
unsupervised anomaly detection methods.
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