Operationalize deep learning: How to deploy
and consume your LSTM networks for
predictive maintenance scenarios

Francesca Lazzeri & Fidan Boylu Uz, Data Scientists
Microsoft, Al & Research
Y @frlazzeri & @FidanBoyluUz

Strata,



Session Goals

- Understand

- How deep learning can be used in Predictive Maintenance

- Compare
- Traditional predictive maintenance based on feature engineering
- Deep Learning approach

+ Apply
- Introduction to Azure Machine Learning Workbench
- How to operationalize your Deep Learning models



What is Predictive Maintenance?

Predict the possibility of failure of an asset in the near future so that the assets can be monitored proactively to take
action before the failures occur.
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Will the component pass the Should | replace the break
next stage of testing on factory disks in my car or can | wait for
floor or do | need to rework? another month?

What is the likelihood of delay ‘ When is my solar panel or
due to mechanical issues? wind turbine going to fail next?

Which circuit breakers in my
system are likely to fail in the
next month?

What is the root cause of the What maintenance task should
test failure? | perform on my elevator?

When is this aircraft
component likely to fail next?




Fxample Scenario
» Predictive Maintenance Template

https://gallery.cortanaintelligence.com/Collection/PredictaMaintenance Template 3
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 More realistic scenario
https://gallery.cortanaintelligence.com/Collection/PredictiveMaintenance-Modelling-Guide-1
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raditional Predictive Maintenance
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- https://azure.microsoft.com/en-us/documentation/articles/cortana-analytics playbook-predictive-
maintenance/



https://azure.microsoft.com/en-us/documentation/articles/cortana-analytics-playbook-predictive-maintenance/

Deep Learning for Predictive Maintenance

 Problems with traditional approach:
Manual construction of features
Look back period/window — How long?
What type of aggregation? Std., min., max., avg., etc.
Which ones work better?
Aggregation over long time periods — information loss
Hard to reuse the model since it won't apply to a different data set.

» (Can we abstract the window in an automatic way?
Deep learning to extract the right features

Recurrent Neural Nets
Long Short Term Memory (LSTM) Networks



LSTMs
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An unrolled recurrent neural network.

(‘the’, ‘cat’, ‘in’, ‘the’, ‘hat’, ‘is’, ‘my’, ‘favourite’, ‘book’)
e http://karpathy.qgithub.io/2015/05/21/rnn-effectiveness/

e http://colah.qithub.io/posts/2015-08-UnderstandingLSTMs/
e https://resnet.microsoft.com/video/38264
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http://colah.github.io/posts/2015-08-Understanding-LSTMs/
http://colah.github.io/posts/2015-08-Understanding-LSTMs/
https://resnet.microsoft.com/video/38264

| STMs for Predictive Maintenance

Deep Learning for Predictive Maintenance Tutorial

https://github.com/Azure/lstms_for_predictive_maintenance

Uses same dataset with Predictive Maintenance Template

Same data preparation and labeling steps except the feature engineering

Uses labell for binary classification
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https://github.com/Azure/lstms_for_predictive_maintenance

| STMs for Predictive Maintenance

e LSTMs In time series

« Pick a sequence length (similar to picking window size for feature
engineering) (e.g. sequence_length = 50)

« Prepare sequences for Keras:

- 3D tensor (samples, time steps, features)
«  samples: the number of training sequences
« time steps: the look back window or sequence length
«  features is the number of features of each sequence at each time step

- For each engine id, for each cycle (time step), use 25 features for the
last 50 cycles.

° seq_array.shape

(15631, 50, 25)

(‘the’, ‘cat’, ‘in’, ‘the’, ‘hat’, ‘is’, ‘my’, ‘favourite’, ‘book’)



| STMs for Predictive Maintenance
o Keras with CNTK backend.

nb_features = seq_array.shape[2]
nb_out = label array.shape[1]

model = Sequential()

model.add(LSTM(
input_shape=(sequence length, nb_features),
units=188,
return_sequences=True))

model . add(Dropout(8.2))

model.add  LSTM{
units=58,
return_sequences=False)
model .add(Dropout(8.2))

model .add(Dense(units=nb _out, activation="sigmoid'))
model.compile(loss="binary crossentropy’, optimizer="adam', metrics=['accuracy’])



| STMs for Predictive Maintenance

Fit the network

Compare test set performance between traditional and LSTM



