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An approach to building an efficient diagnosis system for middle range
rotational machinery using multimodal deep learning and diagnosis database.
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Abstract

For the purpose of detecting anomaly of rotational machinery, the vibration diagnostic method is often used.
However, it requires experts to understand insights of cause or sign of abnormal progression. We have
developed SA-FRONTIER-PRO, a diagnosis system that assists operators to acquire vibration signals, analyze
measured data, and examine machinery through an inquiry approach. To step forward towards further efficiency,
we employ multimodal deep learning techniques to mimic decision-making process of experts especially

focusing on how to perceive and extract features from measurement data.
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Fig.1 Appearance of SA-FRONTIER-PRO
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Fig.2 Example of SA-FRONTIER-PRO diagnosis report
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Fig.3 Features and corresponding time-domain signals
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Fig.4 Sliding-window technique for the feature extraction
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Fig.5 Multimodal deep neural network structure
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Table 1 FFT feature extraction layers of the network

Layer Input Filter Filter Stride
Size Number Size
CONV1 2,048 32 32 2
POOLI 1,024 32 4 4
CONV2 256 64 16 2
POOL2 128 64 4 4
CONV3 32 128 2
POOL3 16 128 2 2

Table 2 AMP feature extraction layers of the network

Layer Input Filter Filter Stride
Size Number Size
CONVI 256 32 32 2
POOLI1 128 32 2 2
CONV2 64 64 16 2
POOL2 32 64 2 2
CONV3 16 128 1
POOL3 16 128 2 2

Table 3 WAVE feature extraction layers of the network

Layer Input Filter Filter Stride
Size Number Size
CONV1 25,600 16 64 2
POOLI 12,800 16 5 5
CONV2 2,560 32 32 2
POOL2 1,280 32 4 4
CONV3 320 64 16 2
POOL3 160 64 4 4
CONV4 40 128 2
POOLA4 20 128 2 2

Table 4 Classification layers of the network

Layer Input Size Output Size
FC1 3,328 1600
FC2 1,600 800
Output 800 16
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Fig.6 Confusion Matrix of ENV evaluated with test data



Table 5 Accuracy of ENV evaluated with test data

Class | Precision | Recall | F-measure | Accuracy | Entry
2 0.997 0.952 0.974 0976 | 312

3 1.000 1.000 1.000 1.000 26

4 1.000 1.000 1.000 1.000 62

7 1.000 0.950 0.974 0.999 20

8 1.000 1.000 1.000 1.000 15

10 1.000 1.000 1.000 1.000 | 187

11 0.732 1.000 0.845 0.978 41

12 1.000 1.000 1.000 1.000 17
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Fig.11 Macro F1 score under disturbance on AMP (VEL)
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Fig.12 Macro F1 score under disturbance on WAVE (VEL)
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Fig.16 Appearance of the rotation machinery simulator
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Confusion matrix: test data ENV
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Fig.17 Confusion Matrix of ENV simulator data

Table 6 Accuracy of ENV simulator data

Class | Precision | Recall | F-measure | Accuracy | Entry
2 1.000 0.975 0.987 0986 | 592

3 0.959 1.000 0.979 0.990 | 259

4 0.969 1.000 0.984 0.998 63

6 1.000 1.000 1.000 1.000 17

11 0.943 1.000 0.971 0.998 33

13 1.000 1.000 1.000 1.000 91

15 1.000 1.000 1.000 1.000 15
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