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FD

» Fault diagnosis (FD) is one of the research hotspots in industrial engineering
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Principal component analysis (PCA)
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Sparse principal component analysis (SPCA)
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PCA

» Liu-Zhang-Xu, JPC, 2017
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CCA

» Canonical correlation analysis (CCA)
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Motivation

» PCA v.s. CCA
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» What shall we do
» How to improve performance?
» How to develop efficient algorithms?
» How to apply to industrial engineering?
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Sparse Representation



Robust PCA
» Xiu-Yang-Kong-Liu, JPC, 2020
. 1
i §||X — XBAT [ + M1Bl2,1
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U
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min 5Hx—XBAT—E||2F+A1||B||2,1+A2||EH1+A3TI-(BTLhB)
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> Alternating direction method of multipliers (ADMM)

L S IX = XCAT — EJ + Ma[IDlas + dal[Ells + AsTH(BT L76)

st. ATA=Il,B=C, B=D



Robust PCA

» Fault detection rate (FDR)

Fault No. PCA RPCA SJSPCA LRPCA

T? SPE T? SPE T2 SPE T? SPE
1 99.13 99.88 99.25 99.88 99.25 99.88 | 99.25 100
2 98.38 9575 98.38 98.00 98.38 99.00| 98.38 99.75
3 0.88 2.63 1.88 3.25 225 425 3.88 6.75
4 20.88 100 3025 100 3450 100 39.38 100
5 2413 2088 2875 2425 3025 24.25| 3450 2450
6 99.13 100 99.25 100 99.38 100 99.38 100
7 100 100 100 100 100 100 100 100
8 96.88 8363 97.13 9150 97.13 96.75| 9850 96.75
9 175 175 2.63 2.50 175 2.50 3.75 2.75
10 29.63 2575 3313 3275 3400 3038 | 36.13 3458
1 40.63 74.88 4637 8125 4838 84.88 | 49.50 90.25
12 98.38 8950 98,50 9075 9850 90.75| 99.25 90.75
13 93.63 9525 9363 9625 9363 97.50| 9363 99.75
14 99.25 100 99.50 100 99.88 100 99.88 100
15 1.38 3.00 2.50 3.88 1.50 3.88 3.75 7.25
16 1350 27.38 1413 3225 1463 3950 | 16.78 39.50
17 76.25 9538 78.00 9588 8350 96.25| 88.63 96.75
18 89.25 90.13 8938 9125 8938 9250 | 90.63 9250
19 1413 1850 1625 2438 1625 2238 | 16.75 2847
20 3175 4975 4213 5225 3938 6825 | 4838 69.63
21 3925 4725 3950 4738 44.63 4925 4575 5238
Average 55.63 60.14 57.64 6282 5841 6498 | 60.29 66.75

(@PCA

» Monitoring results for Fault 10
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Sparse constrained PCA

» Xiu-Yang-Kong-Liu, DDCLS, 2020 / Xiu-Miao-Liu, IEEE TII, 2023
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» Alternating direction method of multipliers (ADMM)
» Two-stage monitoring framework

» Perform fault detection using residual generators
» Do fault isolation by shrinking the sparsity level s



Sparse constrained PCA

> Simulation examples » Application on the cylinder-piston process

(a) SUSPCA (b) LSPCA
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Sparse CCA
» Xiu-Yang-Kong-Liu, TCSII, 2021

1
min = XA~ YB||2

A,B
st. ATX'XA=1 B'Y'YB=1
. \
T,ig §||XA — YB||2 4+ M||All21 + X2 Bll2.1
st. ATX"XA=1, B'Y'YB=1
. \
min > |[XA~ YB|E + Atl|All21 + A2l Bllag + pa Tr(AT L1A) + 2 Tr(B T Lo B)

st. ATX'XA=1, B'Y'YB=]

> Alternating minimization algorithm (AMA)
» The generated sequence {(A¥, BX)} converges to a local minimizer



Sparse CCA

> Offline modeling
» Normalize the training
datasets
» Compute the projections using
SISCCA
» Determine the control limit
and construct detection logic
» Online monitoring
» Normalize the testing datasets
» Calculate the monitoring
statistics
» Make a decision according to
the detection logic

» Monitoring results of FDR and FAR

CCA SCCA JSCCA SISCCA
Fault No.

FDR FAR FDR FAR FDR FAR FDR FAR

1 99.25  0.00 9938 0.00 99.50 0.00 [ 99.75  0.00
2 98.62 0.63 9947 0.00 9947 0.0 | 9947  0.00
3 3380 250 3664 188 3820 0.00 | 4138 0.00
4 100 1.88 100 0.63 100 0.00 100 0.00
5 29.63 1.88 31.00 0.63 3450 0.0 | 36.62 0.00
6 99.88  0.63  99.90  0.00 100 0.00 100 0.00
7 100 1.88 100 0.63 100 0.63 100 0.00
8 9325 1.88 9500 0.63 9526 0.00 | 97.85 0.00
9 3120 313 3525 250 3850 0.63 | 40.87 0.63
10 2750 125 3262 000 36.13 0.0 | 39.58 0.00
11 66.37 0.63 6991 0.00 72.00 0.0 | 78.50 0.00
12 90.75 125 9387 063 9450 0.63 | 9637 0.00
13 9137 0.63 9200 063 9367 0.00 | 9529 0.00
14 8500 1.88 8650 0.63 88.12 0.63 | 89.82 0.63
15 36.20 313 3957 125 40.84 0.63 | 4237 0.00
16 15.88  7.50 19.13 438 2275 313 | 2637 125
17 3337 313 3600 3.13 3725 313 | 4175 250
18 87.88 1.88 89.70 0.63 91.56 0.63 | 9412  0.00
19 22.25 125 2566 125 2708 125 2993 125
20 49.63 063 5180 0.00 5575 0.00 | 5575 0.00
21 90.00 125 91.75 125 9363 0.63 | 96.60 0.63
Average  65.80 1.85 67.86 098 69.46 057 | 71.54 0.33




Sparse constrained CCA

» Xiu-Miao-Liu, IEEE TNNLS, 2024

min — Tr(ATXTYB)
A,B

st. ATXTXA=1, B'Y'YB=1
)

min —Tr(A" X" YB)
A,B

st. ATXTXA=1, BTY'YB=1
[All2.0 < 51, [[Bll2.0 < 52
> Alternating minimization algorithm (AMA) + Manifold optimization
i - %Tr(CTD) + gHXA - ClIz + gHYB - D|2
s.t. ||A||270 < s, ||BH2’() <s
C'C=1,D'D=1



Sparse constrained CCA

» Suppose that {A¥} is a generated sequence and X has an upper restricted isometry

constant Gs,. Whenever 0 < ayx < =L—, it holds that
251 O

G(AR) < GAY) = 2[4 — AY|.
When k — oo, it derives that [|A*T? — A¥||r — 0 and [|[(V G(A))supp(ar)llF — 0.
> Suppose that {CK} is a generated sequence. Then there exist ; > 0 and 3 > 0 such that
H(CHH) = H(CH) < ~B|[ V¥ 2.

» Suppose that {(AX, BX, C¥, D¥)} is a sequence generated. Moreover, X and Y satisfy
SRIP with constants Gy, C2s, and Cys,, Cos,, respectively. Then the sequence converges to
a stationary point. Further, our algorithm returns an e-stationary point in at most

[(F(A%, B° C° D°) — F*)/((51 + &2 +2B)e) | + 1

iterations, where F* denotes a lower bound with &1, G», and /3 being constants.



Kernel CCA

» Xiu-Li, IEEE JSEN, 2023

min — Tr(ATXTYB)
A,B

st. ATXTXA=1, B'Y'YB=1
[All2,0 < s1, |1B

4

min  — Tr(AT Ky Ky B) + M Tr(AT L1A) + X\ Tr(BT L,B)

st. ATKiKxA=1, B'Ky,KyB =1
|All2,0 < 51, [|Bll2,0 < 52
> Note that Kx = (®x, Px) = [kx(xi,x;)]7 =1, Ky = (Py, ®y) = [ky (¥, ¥)]7 =1
> Alternating direction method of multipliers (ADMM)?
» Alternating minimization algorithm (AMA)?

l2,0 < s



Kernel CCA

» First, compute the classical KCCA to get a good initial point
A i 1||K A— Tx|?
= a — —_
re mAn 5 X XIIF
1
B= in Z||KyB— Tyllz
argmin S [|Ky vllE

» Next, solve the sparse and graph constrained problems
> Update A
min %HKXA ~ Txl2 + MTH(AT L1A)

st [|Allzo < s
» Update B
min %”KyB— TyllF + ATx(B" [2B)

s.t. HBszo <s
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Deep Learning



Deep CCA

> Xiu-Miao-Yang-Liu, IEEE TII, 2022
min —Tr(ATXTYB)

)

st. AAXTXA=1, B'Y'YB=1
|All2,0 < 515 [|Bll20 < 52

4
min  — Tr(ATF(X)g(Y) " B)

)

st. ATFOXO)F(X)TA=1, BT g(Y)g(Y) ' B=1
|Al2,0 < s1, [|Bll2o <

» Loss is defined as

STHATF(X)E(Y)TB) + 5 Y I — (7)) + Zny,—q DI?



Deep CCA

» Monitoring results of FDR and FAR

Fault No. CCA CCA-SCO KCCA KCCA-SCO DCCA DCCA-SCO
FDR FAR FDR FAR FDR FDR FAR FDR FAR FDR FAR
IDV(1) 99.75%  0.63%  99.75%  0.63%  99.88% 99.88%  0.00%  99.88%  0.00% | 99.88%  0.00%
1DV(2) 96.50%  0.63% 97.25%  0.63%  98.38% 98.38%  0.00% 98.47% 0.00% | 99.50%  0.00%
IDV(4) 100%  1.88% 100%  1.25% 100% 100%  0.63% 100%  0.63% 100%  0.00%
IDV(5) 100%  3.75% 100%  3.25% 100% 100%  2.50% 100%  2.50% 100%  1.88%
IDV(6) 100%  4.38% 100%  4.38% 100% 100%  3.25% 100%  3.25% 100%  3.25%
1DV(7) 100%  3.75% 100%  3.25% 100% 100% 1.75% 100%  1.25% 100%  0.63%
IDV(8) 96.50%  1.88%  97.50%  1.88%  97.85% 98.25%  0.63%  98.88%  0.63% | 99.38%  0.00%
TDV(10) 86.88% 1.25% 87.75% 0.63%  89.58% 89.75% 0.63%  90.38%  0.00% | 93.88%  0.00%
IDV(11) 76.50%  0.63% 77.50% 0.63%  78.50% 79.63%  0.63%  80.13%  0.63% | 84.50%  0.00%
IDV(12) 99.00%  1.25%  99.00%  0.63%  99.25% 99.37%  0.00%  99.50% 0.63% | 99.75%  0.00%
IDV(13) 95.75%  0.63%  96.13%  0.63%  96.50% 96.50%  0.63%  96.75%  0.00% | 96.88%  0.00%
1DV(14) 100%  1.88% 100%  1.25% 100% 100%  0.63% 100%  0.63% 100%  0.63%
IDV(16) 93.00%  7.50% 94.38% 5.63%  95.63% 96.63%  1.25%  96.63%  1.25% | 98.75%  0.63%
1DV(17) 94.13%  3.13% 94.13%  2.50%  94.25% 95.13%  1.75%  9575% 1.25% | 96.38%  1.25%
IDV(18) 90.88%  1.88% 91.25% 125%  92.50% 92.75%  0.00%  93.50% 0.63% | 95.63%  0.00%
IDV(19) 92.00% 1.25% 92.63% 125% 9425% 94.25%  0.63%  94.93%  0.63% | 95.50%  0.63%
IDV(20) 86.88% 0.63% 87.13% 0.63% 87.75% 87.75%  0.00%  88.88%  1.25% | 89.38%  0.00%

» Detection time

CCA  CCA-SCO KCCA KCCA-SCO DCCA  DCCA-SCO

0.044 0.072 15.676 22556 2.806 3.097
» Monitoring performance
Hidden layers 1 2 3
FDR 89.75%  93.88%  93.88%
FAR 0.63% 0.00% 0.00%
» Average comparison
o —— :
I SCO-Free
99 . sCO

Average FDR




Dual RNN

» Xiu-Zhang-Guo-Liu-Yang, IEEE TIM, 2024
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Dual RNN

» Monitoring results of FDR

» Probability plots

Probabilty
Probabilty

Probability
Probabity

Probabity

Proabilty

No. [ DPCA [ DKPCA SAM LQ-SAM | RIKPCA KLD RNN D-RNN | D-LSTM [ D-GRU
1 99.13% | 99.25% 99.50% 99.50% 99.13% 99.25% 99.50% 99.75% 99.50% 99.75%
2 98.50% 98.50% 97.38% 97.50% 98.50% 98.50% 98.25% 98.50% 98.63% 98.50%
3 0.38% 0.38% 2.38% 2.50% 3.63% 3.75% 2.50% 4.63% 3.25% 2.25%
4 0.88% 1.75% 24.00% 25.25% 2.75% 22.50% 99.63% 99.75% 100.00 % 99.63%
5 2438% | 23.63% 28.88% 31.75% 21.00% 27.00% 32.50% 26.63% 27.88% 31.50%
6 99.75% | 98.88% | 100.00% | 100.00% [ 100.00% | 100.00% | 100.00% | 100.00% | 100.00% | 100.00%
7 3550% | 36.50% 99.13% 99.50% 38.75% 98.75% | 100.00% | 100.00% | 100.00% | 100.00%
8 97.25% 97.13% 97.63% 97.25% 97.50% 97.50% 95.63% 97.63% 96.75% 96.88%
9 0.38% 1.13% 0.88% 1.25% 3.86% 4.00% 1.38% 4.50% 2.25% 1.75%
10 | 2513% | 26.63% 43.00% 43.13% 29.38% 44.50% 27.38% 60.75% 43.13% 49.75%
11 10.86% 5.50% 45.00% 49.63% 6.50% 33.63% 61.13% 52.63% 63.00% 60.75%
12 199.00% | 99.00% | 99.63% 99.00% 99.00% 99.63% 88.38% 99.00% 93.88% 93.00%
13 94.75% 94.25% 99.63% 99.75% 95.50% 95.63% 93.25% 95.13% 93.63% 93.25%
14 19975% | 93.13% 99.38% 99.63% 94.75% 99.75% 89.00% | 100.00% 87.88% 92.63%
15 0.50% 0.75% 2.00% 3.50% 4.25% 4.13% 1.63% 4.13% 2.63% 3.50%
16 1386% | 14.25% 20.63% 21.50% 14.25% 21.50% 17.75% 30.88% 20.50% 27.13%
17 | 8138% | 75.75% 79.88% 83.38% 83.25% 90.25% 53.25% 94.50% 84.38% 88.13%
18 88.88% 89.25% 95.88% 96.13% 90.75% 95.75% 87.63% 90.00% 88.00% 88.25%
19 11.88% | 5.88% 20.38% 21.63% 11.75% 25.75% 15.13% 29.75% 21.50% 24.25%
20 20.50% 20.13% 43.75% 45.88% 21.50% 44.50% 49.50% 51.50% 51.63% 52.00%
21 42.00% | 36.25% 39.00% 42.63% 40.75% 56.75% 28.25% 49.50% 34.50% 39.25%
Ave. | 49.74% | 48.52% 58.96% 60.06% 50.31% 58.12% 59.13% 66.15% 62.52% 63.91%

(b)

()

()



Deep TL

> Yu,

Master’'s Thesis, 2024

» Loss is defined as

» Deep joint probability adaptation network (DJPAN) + AlexNet / ResNet50

min =" J(0(xs.i),ysi) + A Y _ de(Ds, D)
i=1

leL

DA



Deep TL

» Data processing » Transfer accuracy
Methods
Tasks
AlexNet DDC DecpCoral DAN DANN DSAN BNM DIPAN
SP0O — SP1 74.82 75.18 73.57 82.50 88.84 7491 88.21 90.98
SP0O — SP2 71.09 72.13 77.12 78.06 81.45 82.11 85.78 89.74
SPO — SP3 76.01 76.28 72.99 74.08 81.32 84.25 71.25
u SP1 - SPO 4442 47.38 59.68 78.74 88.27 75.69 73.98
SP1 -» SP2 64.41 68.64 68.08 85.40 99.44 92.09 82.77
SP1 — SP3 67.22 7747 7448 83.42 86.45 84.98 87.73 86.27
SP2 — SPO 5891 61.20 65.59 67.21 69.30 64.92 69.49 81.22
SP2 — SP1 70.89 75.36 78.30 9241 96.25 85.71 91.96 95.45
SP2 — SP3 68.32 75.27 85.35 90.11 81.32 87.82 79.58 90.29
SP3 —» SPO 61.98 64.92 65.97 7112 7321 72.16 69.59 79.03
Reo1s RE036 REOSt oFols oFo3s SP3 = SPI 57.86 6259 6241 68.30 7214 61.88 7473 7089
SP3 > SPI 5226 5471 5433 7533 8013 6714 7646 .20
. . . . R N

OF 0.54 FO18 F036 FO54
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Future Work

» Deep CCA for FD

» Chen-Liang-Ding-Yang-Peng-Yuan, A comparative study of deep neural network-aided
canonical correlation analysis-based process monitoring and fault detection methods, IEEE
TNNLS, 2022

» Song-Zheng-Jin-Shi-Tao-Tan, A fault-targeted gated recurrent unit-canonical correlation
analysis method for incipient fault detection, IEEE TII, 2024

» Deep transfer learning for FD

» Zhao-Zhang-Yu-Sun-Wang-Yan-Chen, Applications of unsupervised deep transfer learning to
intelligent fault diagnosis: A survey and comparative study, IEEE TIM, 2021

» Chen-Yang-Xue-Huang-Ferrero-Wang, Deep transfer learning for bearing fault diagnosis: A
systematic review since 2016, |IEEE TIM, 2023

» Large language models for FD

» Zheng-Pan-Liu-Chen, Empirical study on fine-tuning pre-trained large language models for
fault diagnosis of complex systems, RESS, 2024

» Zhang-Xu-Li-Sun-Bao-Zhang, LLM-TSFD: An industrial time series human-in-the-loop fault
diagnosis method based on a large language model, ESA, 2025

» Tao-Liu-Ning-Cao-Huang-Lu, LLM-based framework for bearing fault diagnosis, MSSP, 2025
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