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Goals of this project

summarize deep learning methods used in Image
Classification and Time Series Classification
apply chosen architectures on acoustic emission signal
and compare their usability
explore their ability to generalize on signals from
different sensors
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Image Classification architectures
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Time Series Classification
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The accuracy comparison plot on several TSC tasks. Source: [1].
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Experiments

Experiment + setup
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Examined architectures
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Perceptron architecture.
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InceptionTime architecture.
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InceptionTime module
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Experiment 1
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Perceptron models applied to all signal from the first experiment.
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Experiment 1
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Simple ConvNets applied to all signal from the first experiment.
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Experiment 1
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EfficientNet models applied to all signal from the first experiment.
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Experiment 1

0 100 200 300 400 500 600
Experiment time [second]

0.0

0.2

0.4

0.6

0.8

1.0

P
re

di
ct

ed
va

lu
e

Training class 0
Validation class 0

Training class 1
Validation class 1

0
1
2
3
4
5
6
7

InceptionTime models applied to all signal from the first experiment.
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Experiment 2
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Simple ConvNets models applied to all the signal from the channel 0 second
experiment.
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Experiment 2
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EfficientNet models applied to all the signal from the channel 0 second
experiment.
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Experiment 2
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InceptionTime models applied to all the signal from the channel 0 second
experiment.
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Cross-channel generalization
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Simple ConvNets applied to all the channel 1 signal from the second
experiment.
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Cross-channel generalization
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EfficientNet models applied to all the channel 1 signal from the second
experiment.
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Cross-channel generalization
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InceptionTime models applied to all the channel 1 signal from the second
experiment.
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Conclusion

Perceptron model is inappropriate for the plastic
deformation detection
2D convolutional networks are capable of detecting
the plastic deformation, however, they require an
additional transformation
InceptionTime has a great potential for many tasks
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