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Surface defect detection
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Example: Visual inspection of pharmaceutical products

NCAA 2021

sensum.eu
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Deep learning paradigm

▪ Conventional approach: programming specific solutions

▪ New paradigm: data-driven learning-based sloutions

GOSTOP
2016-2020

DIVID
2018-2021
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Learning regimes

Unsupervised Supervised

Mixed
supervision

Weak
supervisionZero-shot

Few-shot
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Learning regimes
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Learning regimes – full supervision

Supervised

learning
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Supervised learning

0
.9

9
7

Segmentation stage

Classification stage

WACV 2018



9

Supervised learning - TriNet

NCAA 2021
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Supervised learning - SegDecNet

ICVS 2019 JIM 2020
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Supervised learning - SegDecNet

JIM 2020
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Learning regimes – unsupervised learning

Unsupervised

learning
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Unsupervised learning

▪ Only defect-free images required

▪ Negative-class-only learning

▪ Detection AUROC on MVTec AD:

PR 2021 ICCV 2021 ECCV 2022

RIAD DRAEM DSR

[paperswithcode.com]

2023

Transfusion

Reconstruction Discrimination Diffusion
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Unsupervised learning - RIAD

▪ Reconstructive approach

PR 2021

DIVID
2018-2021

CompVis
2019-2024
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DIVID
2018-2021

CompVis
2019-2024

Unsupervised learning - RIAD

PR 2021
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Unsupervised learning - DRAEM

▪ Reconstructive models

▪ Good approximation of data 

▪ Unsupervised learning

▪ General, task-independent

▪ Enable reconstruction and outlier detection

▪ Discriminative models

▪ Supervised learning

▪ Task-dependent

▪ Compact representations

▪ No reconstruction

▪ Outlier detection as classification

 Combine reconstructive model 
and discriminative classifier
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Unsupervised learning - DRAEM

▪ Reconstructive and discriminative approach

▪ Generate synthetic anomalies

ICCV 2021

DIVID
2018-2021

CompVis
2019-2024
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Unsupervised learning - DRAEM

ICCV 2021DIVID
2018-2021

CompVis
2019-2024
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Unsupervised learning - DSR

▪ Generate syntetic anomalies in the quantized feature space

ECCV 2022

MV4.0
2021-2024
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Unsupervised learning - DSR
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Unsupervised learning - DSR

▪ Results on KSDD2
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Unsupervised learning - Transfusion

▪ TRANSparent
difFUSION

▪ Using Diffusion model 
estimate

▪ Anomaly mask

▪ Anomaly

▪ Normal image

MV4.0
2021-2024

ECCV 2024
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Unsupervised learning - Transfusion



24

Unsupervised learning - Transfusion

ECCV 2024
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Learning regimes

Mixed supervision - from fully supervised to weakly supervised learning
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Learning with mixed supervision

COMIND 2021

DIVID
2018-2021
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From supervised to weakly supervised learning

COMIND 2021

DIVID
2018-2021
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Learning regimes

Mixed supervision - from unsupervised to supervised learning
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Learning with mixed supervision

QCAV 2023
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Learning regimes

All learning regimes
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SuperSimpleNet

[3] Z. Liu, Y. Zhou, Y. Xu, Z. Wang, SimpleNet: A Simple Network for Image Anomaly Detection and Localization, CVPR 2023.

[4] B. Rolih, M. Fučka D. Skočaj, No Label Left Behind: A Unified Surface Defect Detection Model for all Supervision Regimes, JIM, 2024.

MV4.0
2021-2024

JIM 2025
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Anomaly generation

▪ True &
synthetic
anomalies

▪ Perlin noise

▪ Gaussian
noise

▪ Label

▪ Image level

▪ Pixel level

▪ Weakly supervised

▪ Unsupervised
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Segmentation-detection module

▪ Segmentation head

▪ Classification head

▪ Capturing global context

▪ Detection of small defects

▪ Enables mixed supervision
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Inference
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Datasets and performance metrics

▪ Supervised

▪ SensumSODF

▪ KolektorSDD2

▪ Unsupervised

▪ MVTec AD

▪ VisA

▪ Detection

▪ AUC

▪ 𝐴𝑃𝑑𝑒𝑡

▪ Localisation

▪ AUPRO

▪ 𝐴𝑃𝑙𝑜𝑐
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Experimental results

▪ Capabilities of SOTA methods:

▪ Unsupervised learning results
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Experimental results – mixed supervision

▪ Weakly supervised -> Mixed supervision -> Fully supervised

▪ SensumSODF:
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Experimental results – mixed supervision

▪ Weakly supervised -> Mixed supervision -> Fully supervised

▪ KolektorSDD2
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Qualitative experimental results

Image Label Unsup. 
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Efficiency
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Spectrum of learning regimes
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Learning regimes

Few-shot

Zero-shot
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Zero-shot anomaly detection

▪ The problem is in fact General Defect Detection / Segmentation

▪ Training on Testset A → Testing on Testset B

▪ Leveraging knowladge encoded in LLMs (& VLMs)

▪ Current SOTA

▪ Use CLIP as a backbone

▪ Use trainable text embeddings to encode generic notions of normality and 
abnormality

Train Test
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Research questions and proposed solution

▪ Why VLMs? Is text really needed? Why not VFMs?

▪ Problems:

▪ Existing datasets have low data diversity
→ Most backbones do not generalize

▪ Current methods finetune only later layers 
→ Features are suboptimal for zero-shot anomaly detection

▪ Proposed solution:

▪ Synthetic dataset generation scheme 
→ high data diversity 

▪ AnomalyVFM: Rather than complex additions add simple parameter efficient 
drop-ins across all layers 
→ features adapted for anomaly detection
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Synthetic Dataset Generation

● Generate a list of Objects and possible defects with an LLM (GPT-4o)

● Generate an image of an object with a pretrained DiT (FLUX)
○ Disclaimer: The prompt is simplified here for the sake of presentation

● Foreground extracted with IS-Net

● To ensure defect is inpainted on the object

● Foreground extracted with IS-Net

● Anomaly Location (a simple rectangle) is sampled on the foreground

● Anomaly inpainted only in the anomaly location (RePaint)

● Features extracted from images with a pretrained model (DINOv2)

● Anomaly mask approximated as the feature difference

● If no pixel is positive, we discard the sample

MUXAD
2025-2027

CVPR 2026
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Examples of synthetic images
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AnomalyVFM

▪ Add LoRA to each layer of VFM

▪ Add Decoder and Predictor

▪ Optimize with Confidence weighted loss (akin to DUST3R)

▪ Strong VFM for anomaly detection
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Experimental results – Zero-shot AD

▪ 9 industrial and
9 medical datasets

▪ Detection and
localisation

▪ Performance metrics:

▪ AUROC

▪ F1-max

MUXAD
2025-2027

CVPR 2026
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Zero-shot AD – quantitative results
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Zero-shot Anomaly Detection

+3.3%

Industrial datasets

Medical datasets
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Zero-shot AD – qualitative results
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Few-shot anomaly detection

▪ Simply fine-tune zero shot
model using few normal 
samples

▪ Results on MVTec AD:

▪ Better than few-shot
SOTA!

▪ AnomalyVFM strong
backbone for anomaly
detection
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VFM for AD – using it as a backbone

▪ Preliminary results

▪ Results show great potential

▪ MVTec AD under the multi-class setting (one model for all categories)
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Practical considerations

MV
vs.
DL

Academia
vs.

industry

Development
and

mainainance

Industrial
appications
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Industrial applications

▪ Data-driven deep-learning approach to surface-defect detection
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Conventional MV vs. DL

▪ O: „Deep learning is just a hype and a non-
understandable and nonreliable black box“

▪ Y: „Deep learning is all you need“

▪ Use adequate HW (camera, lenses, illumination, 
background) to constrain the problem

▪ garbage in garbage out

▪ Use good old MV techniques when they suffice

▪ for less challenging or well-defined problems

▪ in controlled environments

▪ Use MV techniques to constrain the problem

▪ and make DL learning easier

▪ requiring less training images

▪ Use DL where the problem is data-driven or hard

▪ in less-controlled environments for more general tasks

▪ or to speed up the development cycle
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Adequate tools

Routine solutions Rule-based solutions Data-driven solutions General intelligence
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Function approximator

▪ Deep model as a function approximator

▪ Different training possibilities:

function known unknown

𝑓 𝑥 ሶ= 𝑦 𝑥𝑡𝑟 , 𝑦𝑡𝑟 𝑓

𝑓 𝑥 𝑥𝑡𝑟 𝑓

𝑓 𝑥 ሶ= መ𝑓(𝑥) 𝑥𝑡𝑟 , መ𝑓 𝑓

𝑓 𝑓−1(𝑦) ሶ= 𝑦 𝑦𝑡𝑟 , 𝑓
−1 𝑓

𝑓 𝑔(𝑥) ሶ= 𝑦 𝑔, 𝑥𝑡𝑟 , 𝑦𝑡𝑟 𝑓

𝑔 𝑓(𝑥) ሶ= 𝑦 𝑔, 𝑥𝑡𝑟 , 𝑦𝑡𝑟 𝑓
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Development and maintainance

▪ Data, data, data!

▪ Sufficient amount of representative data

▪ Correctly labelled data

▪ Adequate design of deep architecture

▪ Adequate backbone, architecture, loss function,…

▪ Learning, parameter optimisation

▪ Efficient implementation

▪ Exectution speed

▪ Integration

▪ Development and maintainance

▪ Incremental improvement of the learned model

▪ Adaptation to the changes in the environment
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Real world considerations

▪ Human in the loop

▪ at least for some time

▪ Challenges

▪ Robustness

▪ Dependency on the training set

▪ Domain shift

▪ Non-adaptability

▪ Non-interpretepability

▪ Opportunities

▪ Learning under mixed supervision

▪ Explainabilty

▪ Tunable parameters

▪ Compability with conventional MV

▪ Agility, quick adaptability

ICPR 2020

DIVID
2018-2021
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Development and maintainance

MV4.0
2021-2024
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Code

▪ Supervised methods

▪ SedDecNet

▪ SuperSimpleNet

▪ Unsupervised methods

▪ PatchCore

▪ EfficientAD

▪ DRAEM

▪ INP-Former

▪ Mixed supervision

▪ Mixed SegDecNet

▪ SuperSimpleNet

▪ Few-Shot methods

▪ PromptAD

▪ AnomalyDINO

▪ Zero-Shot methods

▪ AnomalyVFM

▪ AdaClip

▪ Various methods and resources

▪ Anomalib

▪ Awesome Industrial Anomaly Detection

▪ And many many more…

https://github.com/skokec/segdec-net-jim2019
https://github.com/blaz-r/SuperSimpleNet
https://github.com/amazon-science/patchcore-inspection
https://github.com/nelson1425/EfficientAD
https://github.com/VitjanZ/DRAEM
https://github.com/luow23/INP-Former
https://github.com/vicoslab/mixed-segdec-net-comind2021
https://github.com/blaz-r/SuperSimpleNet
https://github.com/FuNz-0/PromptAD
https://github.com/dammsi/AnomalyDINO
https://github.com/MaticFuc/AnomalyVFM
https://github.com/caoyunkang/AdaCLIP
https://github.com/open-edge-platform/anomalib
https://github.com/M-3LAB/awesome-industrial-anomaly-detection
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Conclusion

▪ Data-driven learning-based solutions
▪ AI/DL/CV/MV/AD – key enabling technologies 
▪ Wide applicability, interdisciplinarity
▪ Robustness
▪ Industry 4.0 and beyond
▪ New challenges, new opportunities
▪ Collaboration between academia and industrial partners


