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Overview: Our anomaly detection framework

We train an AutoEncoder with Skip connections (AESc) to reconstruct a
clean version of an arbitrary input image.

. Step 1 - Train an AESc to reconstruct a clean image
(Dataset = clean images only!)

Key originality:
→use an autoencoder

with skip connections
→ corrupt the training

images with our
Stain noise model

Step 2 - Detect anomalies on new images
(Dataset = arbritrary image, i.e. with or without defects)

Either the reconstruc-
tion residual or un-
certainy can be used
to detect abnormal
regions

Anomalies are detected based on the reconstruction residual or uncertainty. Validation
of the framework has been conducted over the MVTec AD dataset [1].

Keep in touch!

We would be happy to share additional knowledge/experiments with
you. Do not hesitate to contact us!
Our implementation is available on Github.
https://github.com/anncollin/AnomalyDetection-Keras
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Step 2 - Detect anomalies

Encoder

D
ecoder

-

Anomaly map

Pixel-wise
detection

L2 Norm Image-wise
detection

Residual-based detection

Uncertainty-based detection
Anomaly map

Monte Carlo
dropout σ2

Pixel-wise
detection

L2 Norm Image-wise
detection

Quantitative Results

We compared our approach (Uncertainty- & Residual-based detection) with 2 SotA methods:
• ITAE [2] for Image-Wise detection
•AEL2 [1] for Pixel-Wise detection

Residual indicator works well for Image-Wise detection
Uncertainty indicator works well for Pixel-Wise detection

.
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Qualitative Results

Residual & Uncertainty
indicators handle low con-
trast defects differently

Mask Input Prediction Residual Uncertainty

Low contras
t

defects
are more

visible
on the un-

certain
ty indicat

or

.
Residual map

=
Sporadic spots

Uncertainty indicator
increases the FP rate

https://github.com/anncollin/AnomalyDetection-Keras

