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RFDGAN: Real-Time Fault Detection Model
Using 1D CNN and GAN
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< 1D GAN - Loss Function

- & AF0|M= GANS| 7| 27| A4 (vanishing gradient)t 2 £ & 1|(model collapse) XS
s Z238t7| QI8 HEZ|X|EE 1-Wassersteing AL

- Wasserstein vs JS or KL dirvergence
- =27t RLUSE 2EE EEfEJ_ 67} OOI OFL|™ PRt Q= AX|X| g=Ct & [,
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< 1D GAN - Style based Generator
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- Generator= discriminator?} 251X £t &E MMH EAS =0|l= HAS B0 =2 &
- Discriminator?t generator?| 4% &2 | <=2

- WGAN-GP loss function2 M83}0{, ot

L=_E [D®]- E [DG)]+
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Precision Accuracy
TP TP + TN
TP + FP TP+ FP+ FN + TN
Recall F1 score
TP 5 > Precision X Recall
TP + FN Precision + Recall
Predicted Predicted
Yes No
Actual TP FN
Yes (True Positive) (False Negative)
Actual FP TN
No (False Positive) (True Negative)

Fréchet Inception Distance

dZ ((mr C), (mW' CW))
= ”m - mw“% + TI‘(C + CW - Z(ch)l/z)
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[ Z|& 1D CNN #+Z AA )

Optimal structure of 1D CNN

Number Filter size: 100 Filter size: 200
of
layers Acc Time (S) Acc Time (S)
1 0.51 30.29 0.50 29.23
2 0.54 33.78 0.53 33.15
3 0.54 36.12 0.54 35.86
4 0.55 42.43 0.55 41.54

tO|E =2 Qs A4t =&/40| &1, O|O|H 7 BiO] ERsiCh= HEZS
D CNNe| txE =&

TASHK| 2 | HO|HE O|25t0 ded2 TIAsIF o, HO|E <
T 37|2 1001 20092 AE S XY

P 220 2% A|ZHS D2{8t0] "E A7|= 100, layer= 270 AH
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Generated result by mapping network(3 layers), (a) traditional (b) style-based 2, (c) style-based 4, (d) style-based 6
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Al

Number of layers
Method
1 2 3 4
Traditional 67.00 52.53 49.17 49.03
Style-based 2 45.21 31.21 15.24 14.98
Style-based 4 41.87 29.45 12.36 12.56
Style-based 8 40.55 26.20 13.14 12.49
FID = 49.17 . FID = 12.36
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Layer= 37, mapping networkE 4702 F-d¥S WM, WA 2= FX[oH & ELH0f| AT

AHO|7F =X

17




E4f

[ Z|& 1D GAN +X 4A4 ]

Classification result for various generator designs

Method Accuracy Precision Recall F1 Score
A Baseline 0.54 0.00 0.00 0.00
BA+RO 0.69 0.50 0.73 0.59
C A+ SMOTE 0.71 0.64 0.76 0.69
D A + GAN 0.86 0.89 0.83 0.85
E + DCGAN 0.91 0.89 0.86 0.87
F + WGAN-GP loss function 0.94 0.94 0.95 0.95
G + Add mapping network (RFDGAN) 0.99 0.99 0.98 0.99

e RO, SMOTER} €2 7|& L2 AAE HO|HE 2| WX Z5t= THEO
W7 M=o 2&F 450 B

. HMEZ Eoff &4 &2 WGAN-GP loss functione AME 357 Lt mapping networkE
F7reh A7t Al 27 450 £2 208 2Y

« M= IE2 FE SHCE 0|F2 U0 5 M =&2| Hl&=2 LIEtW = precision=
Soff 2O Chet Mz[d= 2522, RFDGANO| 20t d55 E/= € &= U=
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Algorithm 1. REDGAN ¢t 173
Input: The set of pilot data y; € D,,,.

the set of train data Dypgin.

the size for the real abnormal num(real).

the size for the fake abnormal num(fake).

the switch variable S

the generated data quality until i** batch, FID;
the generating quality threshold h

the set of generated data y¢ € Derain’

Output: The detection accuracy for each true/fake
abnormal data of the diffusion process
initialize the switch, § =0
While num(real) < num(fake) and FID; > h do
pre-train the 1D CNN model using y; in D,
train the 1D GAN model using Dy, ;i
if num(real) = num(fake) then
S=1
update the 1D CNN model using y;*
end
i=i+1
End

Zl/7bd GO E =7} ZOIX|ALL, EFot B8 RUS T
M7HK| HHE R O 2 2al

- —1—

sy =7

- FIDZI HIO|E 40 Cist &5 =HQl h ECF & ALE
2t j

- lHWH FIDRt i — 1H® FID2| XtO|7F Aol i U}




L Appendix

[ WGAN-GP weight clipping ]

Diminished capacity. Lots of Lipschitz functions are not included in this family

Exploding or vanishing gradients depending on ¢

Weights tend to saturate ie. -c or ¢

Unstable with momentum-based SGD techniques

In general, there are problems with weight clipping for Lipschitz condition.

Weiga ciping Gt pesty arg max, By, [f0)] + Exs, [f )]
LS

Optimal f*,  [[Vf (x|l =1

E [D®] - E [D@]+2_E [(IV:D®)Il2 - 1)?]
~ x~Pp £~P3
- J J
—-0.02  —0.01 0.00 0.01 0.02 050 —0.25 0.00 0.25 0.50 Y Y

Weights Weights Original critic loss Our gradient penalty
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