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Smart Computers?

INPUTS
OUTPUTS

Tasks human can’t do
or don'’t like to do
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Machine Learning!
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Learning Categories

Supervised Learning

Reinforcement Learning

Unsupervised Learning




How works our Brain?
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How to model the human Brain?
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Deep Belief Network
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Ampﬁtude (mV)

A

Applications

2 E
Time (s)

e 1-Dimensional sensory signal analysis and automated quality decision (Good/Bad)
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Industrial Acoustic Quality Check Today
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How to Use Deep Belief Networks?
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Acoustic Signal Sampling
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Train the Brain
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Sensor signals
ONLY from GOOD
samples

20-30min
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Use the Brain

Input signal

> e — ——

Reconstruction

error
>

Decision
threshold ? @

Trained Tilear

0.1-1s

Reconstructed test signal
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Dataset Split

Good
samples

Learning
Set

Defective
samples




Experiment Results: Electromotors

e Cumulative Distribution of Reconstruction Errors
e Red part: defective samples Scores
e Green part: good samples
e Red dash line: threshold value for

Decision making

Validation set Test set
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Experiment Results: Electromotors

Reconstruction Error Plot of Measurements at 85rpm (Raw Vibration Signal)
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Tilear Reconstruction Error
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CSEM Tilear vs Industrial state of the Art*

- State of the
87

True Positive
False Positive 8
False Negative 5

True Negative 78

* RTE Akustik + Priuftechnik GmbH

92%

8%

6%

94%

81

CSEM Tilear
90

95%

5%

2%

98%
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Visualization of Activity Patterns: 15t Hidden Layer

X
Input Data Xx X «
—— g e, e s g, e g ) .-.—|-41—\.-_—'-.-.—|-.-'—.-|—|--\.-'—.-;—|:-—._ - - x
:. L | ' x X x
' 256 Encoder ' X X :xxx
1 |
L ' X X

1

1024 | X x x X

W : X x X % . X
o ‘I ' ) 'I”lI I 1 (m} DD 0

1024 | x* o«

I x X BX (]
Wy l | X = 0 0

| x x X X D x (m)

1024 | X X
| X o

e - Good Sampl oo
P Bottleneck Layer / Code Layer | O ©Goodsamples u]
X Defective Samples X

oo ' ' I
oo Cse Copyright 2016 CSEM | Swissphotonics Workshop | Philipp Schmid | Page 17



Visualization of Activity Patterns: 2" Hidden Layer
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Visualization of Activity Patterns: 4t" Hidden Layer
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e Conclusion: the features learned by the DBN based auto-encoder can be

used to discriminate these classes.
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Features Selected from 15t Fine-Tuned Layer

Selected Learned Features from 1st Fine-Tuned Layer
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» Selected features learned by the 15t Layer in Tilear Auto-encoder
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Low input samples vs. overfitting

Motivation

% Minimum number of training samples
g P

Problem

s Overfitting

Solution

*»* Dropout Technique
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CSEM Industrial Integration
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Outlook: Predictive Maintenance

=0 =
m:\l s £ f ol £
| | =l | / b =
ot | ; oo} | | 200} 200
af | ] | / s — ol —
| ‘p 10m| .‘ / 1000} 100
Y A | \‘ . B B E -
Qp s .‘.' £ - [ Y’,\r\f—- ] e e e ——
53 \‘ / m| \ ; st ]
- \ - \ ol -
15| Vol 150 ‘\ f 500 | 1600
\ \_/ - —
N B R LD I B R R [ R T R
‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ Tree () Tims ()
E 0
| 0| 000 e
25, 250 2500 210
2| 20| 2000 a0
1500 . - wETT - 1500/ 1500
m 10| 00 0o
m | m o E
(S == — opmm = P e | ol
m | m am
m 1000 0 100
m 1500 = 1900
g T3 3 4 5 & 00 B T R I R
............... ol Tine )

o0 ' ' I
oo Cse Copyright 2016 CSEM | Swissphotonics Workshop | Philipp Schmid | Page 23






