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Introduction \

« Background:

In some contexts of industrial defect inspection, training data of any kind is
unavailable. Consequently, the system must learn to identify anomalies solely from
the test samples themselves as displayed in Figure 1.

* Motivation:
- The absence of annotated training data results in a lack of prior knowledge.

- Algorithms deployed in industrial settings must satisfy demanding criteria for
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Figure 1: Comparison between our
FSLC method and other unsupervised
anomaly detection methods.

Main Idea \

train data
. FSLC (ours)
L. . . .:-:j similarity
test sample

groundtruth

* Assumption:

Within a batch of data from an industrial line, normal patterns are
statistically dominant, occurring in most instances, while any given anomaly is
sparse, being confined to a very small fraction of images.

+ Design Concept:

- A coreset of sparse down-sampled features provides neighborhood-
based coverage that approximates the full feature distribution in the feature
space as shown in Figure 2.

- An effective
anomaly score can be
derived by incorporating
prior assumptions about
the data distribution.

(a) all data points (b) random sampling (c) k-center sampling
Figure 2: Visualization of the differences between random
sampling and k-center sampling.

Method

1. Feature Extraction:
- Vision Transformer:

Image encoder from pretrained CLIP network from OpenAl
- Multi-scale:

Output features from different layers
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- Expanding:

2. Coreset Initialization:
- Stepwise Down-sampling:

The procedure begins with the
sparse sampling of r images. Following
this, an initial coreset
sampling from the aggregate of all local

3. Coreset Learning:
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Figure 4: The visualization of the
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4. Data Scoring:
- Pixel Scores

Add several other features into 4 to get Nearest distance in coreset
( Figure 4(a) to Figure 4(b) ) - Image Scores
T - Filtering: Evaluate by integrating max-N scores
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Figure 3: Overview of FSLC. Following the extraction of muti-scale local features, an
initialization and a subsequent learning process are employed to form a coreset. This
coreset is then utilized to reassess anomaly scores for the data.
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