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Study and design of interpretable models for detecting anomalies in spectral
data stream: Application to the contamination of vacuum process chambers
for microelectronics.
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INTRODUCTION

The continuous flux of data, known as data streams, has become a vital source of big data presented in various industries.

Using spectral data in a data stream typically implies analyzing the spectrum of light emitted or absorbed by materials in real
time.

Data stream anomaly detection, involves the process of identifying unusual patterns or events in the continuous flow of data.

Some challenges include:
e Full dataset not available in advance.
e High velocity of streams.
e Evolution of data characteristics over time.
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Fig 1: Example of Spectral data. Fig 2: Example of Data Stream. [1]



TYPE OF METHODS

Categories for algorithms based on:
o Offline learning: use historical data to learn a model that indicates the anomaly level of the points.
e Semi-online learning: the algorithms perform offline learning on a part of the data to obtain a model, then applies real-time
anomaly detection on the subsequent data streams.
e Online learning: uses incremental learning algorithms to continuously update the model to adapt to changes in the data

stream.
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Fig 3. Categories for anomaly detection techniques. [2]



VALIDATION

1. Data Stream 2. Selecting a method
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Fig 4. Main ideas MCOD. [4]
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Fig 5. Main ideas ARCUS. [5]
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3. Calculating the anomaly score 4. Interpreting the results
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