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Monitoring robots performing repetitive tasks GPU Implementation
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Expenmental valldatlon

Segmentation works with real data
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Reasoning with time series of different lengths
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Subsequence-DTW finds pattern
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Soft-DTW computes a barycenter for

a set of signals with different lengths
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3 step “golden batch” approach

Phds, ongoing and completed:
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. Operator programs the robot

m’umm\ \:\L‘“L[LLJ % ¢ Christoffel Function based Anomaly Detection for Satellite Telemetry, GRIVET Florian
Test run provides reference cycle ¢ Explainable GNNs for Anomaly Detection and Diagnosis, OZGUNAY Sena

* Machine learning for design and tests in production environments, BILLET Léa

2. Monitor the robot * Al, data fusion for diagnosis and flight variables estimation, LIMA LOPES Lucas Gabriel

Segment using subsequence-DTW

¢ Unsupervised Multimodal Learning for Fault Diagnosis and Prognosis, POUJADE Kelian

* Model validation and enhancement for health monitoring, HATTE Léonie

3. Compute “golden batch” 7mum“‘mmm ‘ v’ Machine learning based radiation hardening of space electronics, DORISE Adrien
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) - v Warped Time Series Anomaly Detection, LACOQUELLE Charlotte
4. Detect anomalies L L UU{M” \UU MH\W J‘u v Outlier detection in data streams in wireless sensor networks, DUCHARLET Kévin
DTW distance to barycenter i v' Detection and diagnosis in photovoltaic power plants, SEPULVEDA-OVIEDO Edgar H.
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