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Deep learning-based fault diagnosis systems for prognostics and health management of mechanical systems is an active
research topic. Notably, the absence and class imbalance of fault data (insufficient fault data compared to normal data)
have been shown to cause many challenges in developing fault diagnosis systems for the manufacturing fields.
Therefore, this paper presents case studies using deep learning algorithms in the absence or class imbalance of fault
data. Auto-encoder-based anomaly detection method, which can be used when fault data is absent, was applied to
diagnose faults in a robotic spot welding process. The anomaly detection threshold was set based on the reconstruction
error of trained normal data and the confidence level of the distribution of normal data. The anomaly detection
performance of the auto-encoder was verified using non-trained normal data and three sets of fault data through the
threshold. As a case study for insufficient fault data, synthetic data was generated based on cGAN and applied to
diagnose fault of bearing. Using the imbalanced dataset to generate synthetic fault data and to reduce the imbalance
ratio, it was confirmed that the accuracy of the synthetic data generation-based 2DCNN fault diagnosis model was

improved.
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Fig. 1 Robotic spot welding monitoring system

Table 1 Information on failure mode

Failure mode Description

Angular misalignment  5° between specimen and electrode tip

Electrode tip wear Tip area >19 mm?

Shunting effect 109 mm welding space

Table 2 Spot welding parameter settings

Welding current [KA] 5.5
Electrode force [kgf] 150
Welding time [sec] 0.2167 (13 cycles)
Holding time [sec] 0.25 (15 cycles)
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Fig. 2 Spot welding sensor data

Table 3 Architecture and hyperparameters of the Auto-encoder

Encoder Decoder

First layer 1D conv.
Second layer Max pooling

Third layer 1D conv. 1D conv. transposed

for all layers

Fourth layer Max pooling

Fifth layer 1D conv.

Num. of filters 32,128,512 512,128, 64,32,3

Num. of kernel size 3 for all layers 4,3,5,3,5

Num. of strides 3 for all layers

ReLU for all layers,

Activation function . .
Sigmoid for Decoder’s last layer

Epochs 1,000
Batch size 32
Optimizer Adam (Learning rate = 0.001)

Loss function Mean Absolute Error (MAE)

Table 4 Z-score and threshold for each confidence level

Confidence level Z-score Threshold
0.9 1.65 U+t ox1.65
0.95 1.96 U+t ox1.96
0.99 2.56 Ut ox2.56
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Fig. 3 Histogram of reconstruction and thresholds

Table 5 Accuracy of the anomaly detection model

Threshold (Confidence level)

Failure mode

0.9 0.95 0.99
Normal [%] 92 96 98
Misalignment [%] 96 94 34
Electrode tip wear [%] 96 94 48
Shunt effect [%] 100 98 86
Average [%] 96 95.5 66.5
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Fig. 4 Bearing simulator and sensor attachment [17] (Adapted from
Ref. 17 on the basis of OA)

Table 6 Configuration of class imbalance dataset

Fault mode Number of data Damage type
Normal 500 None
Ball 25 1-line scratch
Cage 25 Crack
Outer 25 2-line scratch
Inner 25 2-line scratch

Vertical

STFT,
* Normalize,
Horizontal Resize

Frequency(Hz)

64 X64X3

o ! Time(sec) *

Fig. 5 STFT-based preprocessing (Applied to normal data)

Table 7 Parameter settings for STFT

Window size 400
Overlap size 80
Frequency range [Hz] 1-400
Normal Ball Cage Outer Inner

: Real Data Condition (5D)
: Fake Data Condition (5D)
: Noise (32D)

Generator

Fig. 6 Architecture of the cGAN model
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Table 8 Architecture and hyperparameters of the cGAN model

Generator Discriminator
Conv. layer Strided transposed conv. Strided conv.
Pooling Not used
Activation Leaky ReLU (& = 0.2) for all conv. layers,
function Sigmoid for discriminator’s last layer
Stride 2,2
Kernel 3,3
Epochs 1,000
Batch size 100
Optimizer Adam (Learning rate = 0.0002)

Table 9 Configuration of augmented class imbalance dataset

Fault mode Number of real data Number of fake data
Normal 500 None
Ball 25 75
Cage 25 75
Outer 25 75
Inner 25 75
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