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Characteristics of Industrial Anomaly Data

Visual Defects (Additive Defects) Logical Defects (Subtractive Defects)

Visually distinct from normal conditions, 
such as stains, cracks, etc.

Partial loss of local information on normal 
products

“industrial defects”,“industrial anomalies”denote defects in industrial products.

Based on normal industrial products, parts that violate the rules of normal 
products are determined as defects (anomalies).



Location RandomnessShape RandomnessVisual Randomness

Characteristics of Industrial Anomaly Data



Industrial Novel Class Discovery :

Multi-class Classification Task

Crack HoleCut PrintNormal

Industrial Anomaly Detection:

Binary Classification Task

Normal Anomalous

Only distinguish between: Normal or Anomalous Distinguish between: Normal, Anomaly Type 1, Anomaly Type 2, …

Supervised defect classification methods have become relatively mature and are widely applied.

Research Tasks

Industrial Anomaly Detection and Novel Class Discovery 
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Anomaly Clustering Methods

Industrial Defect Clustering Method Based on Anomaly Region Focusing, 
such as Anomaly Clustering,Uniformaly, etc.

Anomaly Clustering

Uniformaly

Model the features of abnormal regions and perform clustering to achieve classification.



Limitations of existing methods

Challenges in anomaly clustering methods: low feature discriminability

Strong semantics, easy to focus on

Natural scene images
High

feature discriminability

Weak semantics, difficult to focus on

Industrial scene images
Low

feature discriminability



Two-stage knowledge transfer methods based on shared networks, 
such as CCN,MCL,DTC, etc.

Leverage labeled data to learn classification prior knowledge, 

thereby assisting in the classification of unlabeled data.

Novel Class Discovery

MCL DTC



Clustering methods based on self-supervised contrastive learning of image features, 
such as GCD,XCon,etc.

Utilize the differences between image features for contrastive learning and clustering 

to achieve classification.

XCon GCD

Novel Class Discovery



Classification methods based on pseudo-label generation and parameterized classifiers,

such as UNO, SCKD, BYOP, etc.

Generate pseudo-labels for unlabeled data to train parameterized classifiers 

to achieve classification.

UNO SCKD

Novel Class Discovery



Challenges in novel category discovery methods: 

difficulty in focusing on local minor defects.

Natural scene images Industrial scene images

The target object is centrally 

positioned with a large area.

The target defect is randomly 

positioned with a small area.

Limitations of existing methods
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Adaptive iterative optimization, focusing on abnormal regions for classification.

Research motivation

Motivation



Method

Input test images, perform adaptive binarization and defect region extraction, 

and enhance feature discriminability of different defect categories via self-supervised training.

Input the test images into the above-trained model again.

Train

Infer

Binarization Representation learningRegion extraction

Framework



Crop-1Unlabeled image

Anomaly map

Binarization results

MEBin

MEBin — Overview

Crop-2

Crop-3

Method



Search upper bound

Search lower bound

MEBin—— Setting threshold search range

Given a batch of anomaly  maps to be binarized, calculate the maximum and minimum 

values of the anomaly scores for the images in this batch, and adaptively determine the 

threshold search interval based on these extreme values.

Product image

Anomaly map

3D visualization of anomaly map

The maximum value 

of anomaly scores（1）

The minimum value 

of abnormal scores

Method



segmented regions：0 segmented regions：1 segmented regions：2

segmented regions：3segmented regions：3segmented regions：3

segmented regions：6 segmented regions：10segmented regions：7

Defect regions start to segment — the number 

of segmented regions increases

Defect regions are gradually and completely 

segmented — the number of segmented regions

stabilizes

Noise appears in normal regions — the 

number of segmented regions changes

MEBin——Traverse the threshold search interval and count the number of segmented regions

Method



threshold index
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10 20 30 40 50 600

Stable interval: A threshold interval where the number of segmented regions remains constant and exceeds a predefined 

minimum length. Calculate all stable intervals and use the minimum threshold of the longest stable interval as the 

estimated threshold.

the estimated 

threshold

MEBin——Calculate the stable interval and adaptively estimate the threshold

By selecting the 'minimum' threshold within the longest stable interval, we aim to reduce false negatives (missed detections).

Method



MGViT

Patches containing defects 

retain their original attention.Leverage mask constraints on the            token

to guide the model to focus exclusively on patches containing 

defects for classification.

For patches without defects, the 

corresponding attention is set to 0.

Leverage mask constraints to guide the model to focus on defects and extract 

features from defective regions.

ViT：Self Attention

MGViT：Mask-Guided Attention

Method



𝑸𝒄𝒍𝒔

𝑲
MatMul

𝑸𝒑𝒂𝒕𝒄𝒉

𝑽

Softmax

Mat

Mul𝑲
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Mask Guided Attention (MGA)

Class token

Attention

… MGA MGA MGA MGA

In cases where the predicted masks are rough, the features gradually focus on the anomalous 

regions as the guidance deepens.

C

MGViT

Method



Representation learning

Data augmentation methods

1.random crop

2.horizontal flip, hflip

3.vertical flip, vflip

4.colorjitter

5.rotate

6.adjust sharpness

7.gaussian blur

8. posterize

Unlabeled dataset——pseudo label generation

Set to 0.07

Set to 0.1

Pseudo 

label

prediction

Pseudo label Prediction

：input image ：linear classifierLogits output by the linear classifier

Method



loss

Regularization loss

Overall training 

objective

Classification loss for 

unlabeled dataset

Pseudo label 

calculation loss

Classification loss for 

auxiliary dataset
Ground truth  

calculation loss

Contrastive 

loss

+

Classification 

loss

Cross-entropy loss

Method



Region Merging

The larger the area, the greater the weight, which suppresses the influence of small-area 

false detections on the final classification results.

Sub-image weights 

The prediction result of the original image 

is the weighted sum of the prediction 

results of sub-images.

Sub-image defect area (number 

of defective pixels)

Method



Quantitative experimental results（MVTec AD、MTD）

MVTec AD

8.8%NMI improvement

9.5% ARI improvement

10.8%  F1 improvement

Without using normal samples from 

the training set

MVTec AD

12.8%NMI improvement

18.5% ARI improvement

15.3% F1 improvement

Using normal samples from 

the training set

Experiment



Qualitative experimental results--t-SNE visualization of features

Novel anomaly class discovery in industrial scenarios generates features with smaller intra-class distances and larger inter-class distances.

Experiment



Ablation—MEBin

MEBin achieves the lowest false positive and false negative rates, leading to the optimal 

overall classification performance of the model and demonstrating adaptability to various 

defect detection algorithms.

Experiment



Ablation — Qualitative results of MEBin
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Image GT Anomaly map Otsu THR=0.3 THR=0.5 THR=0.7 MEBin

MEBin

THR=0.55

MEBin

THR=0.59

MEBin

THR=0.55

MEBin

THR=0.74

The binarization results of MEBin are closest to the ground-truth annotations.

Experiment



Ablation—MEBin

The model achieves the optimal classification metrics 

when using the mask-guided attention (MGA) approach.

Experiment



Image
GT

mask

Predicted

mask

DINO

attention

Supervised

attention

MG

attention

Using an unsupervised setting, it achieves defect attention effects close to those of supervised methods, 

saving significant human and material resources.

Ablation—MGViT

Experiment



Ablation—auxiliary dataset

Using auxiliary datasets can improve the 

overall performance of the model.

Hole Cut Cut Poke

Cut Cut Poke Poke

Hole Cut Cut Poke

Results with labled data Results without labled data

With the aid of labeled defect classes, it 

can effectively distinguish different 

defect classes with similar appearances.

These defects are sometimes not easily 

distinguishable by the human eye.

Experiment



Ablation—Region Merging

Using averaging predictions of sub-images , the model achieves the best overall 

performance, surpassing direct averaging and anomaly score-weighted averaging.

Experiment
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