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Monitoring under variable working conditions

The variable operating condition scenario is complex due to variations in 
the statistical distributions of the characteristic components of the 
vibration signature

• is the operating condition

• Each             is the operating parameter that can assume values in the 
finite set 
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Monitoring under variable working conditions

Different operating conditions are characterized by different distributions

• A data-driven model for condition monitoring when deployed has to 
generalize well on out-of-distribution data

• Monitoring data under operating condition in the tail of the in-
distribution could not be classified as well as other in-distribution data

• The generalization performance of a data-driven approach for condition 
monitoring is evaluated on the unseen operating conditions in the test 
set
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Context in data-driven approaches

• The role of context in condition monitoring algorithms is to provide the 
necessary background for the correct interpretation of the data and for 
informed decision making

• Context is used to condition the model in order to increase the 
generalization ability of the model

• Context allows condition monitoring systems to tailor their analysis to 
the unique characteristics of the machine operation and its environment
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Context-aware model

Consider one machine or a fleet of machines operating in different context 
(operating conditions or external conditions)

• A joint model merging the data from multiple contexts would be 
complex to train considering different distributions at different context
 How to input context in a one model?

• Training a model  for each context doesn`t allow to share information 
between models
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Hypernetworks

• A network receive a conditioning vector as input to generate weights for 
a target network

• The idea is to share information during training between monitoring 
data from different distributions, providing different weights for different 
context

• Context is input for a hypernetwork to generate weights  for a target 
network
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Hypernetworks
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Hypernetworks

• Soft Weight Sharing
• Few-shot learning: Soft Weight Sharing allows to train efficiently on a few amount of labeled samples
• Context-Adaptive DNNs
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Test rig
• One-stage gearbox

• Several experiment performed with
different levels of gear pitting

• Tri-axial accelerometer on the gearbox case
close to the bearing house on the output

• Data acquired in the steady state regime

• Several experiments performed under
different operating conditions
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Dataset
• PHM 2023 gearbox dataset

• 15 different rotation speeds and 6 different loads

• Different speed and load combinations,
78 different combinations in the dataset

• 7 classes of incremental levels of pitting severity

• Different acquisition time
- 2s for low rpm
- 6s for medium rpm
- 3s for high rpm

Predicting pitting severity in gearboxes under unseen operating conditions and fault severities using convolutional neural networks with power spectral density inputs
R Vaerenberg, D Marx, SA Hosseinli, F De Fabritiis… - PROCEEDINGS OF THE ANNUAL CONFERENCE OF …, 2023
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Fault identification and severity classification

With reference to a gearbox, the goal is to classify, from the vibration 
signals of one accelerometer, the severity of the pitting on the gear

• Seven severity levels  Multiclass classification problem

• Unseen operating conditions  Out-of-distribution samples in the test 
set

• Three different acquisition length  less information on samples in the 
tail of the in-distribution
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Preprocessing

PSD
• window length of 8192 points 
• segment of 40960 points
• Augmentation: segment overlap 50%

Signal acquired
(time domain)

Augmentation PSD(s)

Predicting pitting severity in gearboxes under unseen operating conditions and fault severities using convolutional neural networks with power spectral density inputs
R Vaerenberg, D Marx, SA Hosseinli, F De Fabritiis… - PROCEEDINGS OF THE ANNUAL CONFERENCE OF …, 2023

Train set
~60%

Validation set
~10%

Test set
~30%
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Proposed methodology: Training iteration

Training set

Context Hypernetwork (FCNN)
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SOTA method: Training iteration

Training set

Context
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Scenario

Test set ~30% of the whole dataset

Val set ~10% of the whole dataset

Train set ~ 60%

Augmented dataset size: 10 539 samples
Operating Conditions [spped rpm, load kN]Severity

[[100, 50], [100, 200], [100, 300], [400, 50], [700, 300], [800, 200], [800, 
300], [2100, 200], [2100, 300], [2700, 50]]

0

[[100, 500], [200, 300], [300, 100], [300, 200], [400, 100], [400, 200], [900, 
100], [900, 500], [1200, 200], [2700, 100], [3000, 200]]

1

[[100, 50], [400, 100], [600, 100], [600, 200], [700, 300], [1200, 50]]2

[[100, 200], [100, 400], [100, 500], [200, 100], [200, 200], [200, 500], [300, 
100], [500, 200], [600, 50], [600, 400], [600, 500], [900, 50], [2100, 50], 
[3000, 200]]

3

[[100, 300], [300, 100], [300, 200], [600, 500], [1200, 300], [3600, 50], 
[3600, 100]]

4

[[100, 50], [100, 100], [100, 200], [100, 300], [300, 400], [500, 100], [500, 
200], [600, 300], [600, 400], [800, 200], [800, 500], [1000, 500], [1200, 
500], [2100, 50], [3000, 200]]

5

[[200, 100], [200, 200], [200, 400], [300, 100], [300, 200], [600, 100], [600, 
200], [1000, 100], [1200, 200]]

6

Missing operating conditions in the training set
present in the test set
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Results

HyperNN Baseline sota

Train ACC: 0.8796, AUC: 0.9873
Test ACC: 0.8404, AUC: 0.9714

Train ACC: 0.7201, AUC: 0.9422
Test ACC: 0.7014, AUC: 0.9330

Accuracy on unseen conditions 
per severity

0) 0.8667
1) 0.9367
2) 0.2321
3) 0.9866
4) 0.8519
5) 0.4789
6) 0.7723

0.6
0.6582
0.5714
0.7248
0.7778
0.2857
0.7727

severity

Global

Per each class

HyperNN Baseline sota
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Conclusion

• The proposed context-aware methodology has been applied on a 
multiclass classification problem for gear pitting severity classification  
in gearboxes

• The proposed model outperform the sota on in-distribution data and 
out-of-distribution data

• Context allows condition monitoring systems to tailor their analysis to 
the unique characteristics of the machine operation
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