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Fault detection method based on sparse non-negative matrix factorization
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Abstract: In this paper, a novel fault detection method based on sparse non-negative matrix factorization (SNMF)
is proposed. NMF (non-negative matrix factorization) is a new dimension reduction technique that can find a
low-rank matrix approximation from the original data. In contrast to the conventional multivariate statistical
process monitoring methods, for example PCA, NMF has no assumption about the nature of latent variables,
except for non-negativity. Combining linear sparse coding and NMF, SNMF can learn much sparser representation
via imposing sparseness constraints. During factorization, low-rank matrix is orthogonalized to remove redundant
information and concentrate information on fewer directions of projection. Then, SNMF is used to extract the
latent variables that drive a process and new statistical metrics are defined for fault detection. Kernel density
estimation (KDE) is adopted to calculate the confidence limits of defined statistical metrics. Afterwards, the
proposed method is applied to the Tennessee Eastman process to evaluate the monitoring performance, comparing
with conventional NMF and PCA. The results from the experiment show the feasibility of the new method.
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Fig.1 Process flow sheet of Tennessee Eastman process
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Table 2 Process faults for TE process

No. Description Type
1 A/C feed ratio, B composition constant (stream 4) step
2 B composition, A/C ratio constant (stream 4) step
3 D feed temperature step
4 reactor cooling water inlet temperature step
5 condenser cooling water inlet temperature step
6 A feed loss (stream 1) step
7 C header pressure loss-reduced availability (stream 4) step
8 A, B, C feed composition (stream 4) random variation
9 D feed temperature (stream 2) random variation
10 C feed temperature (stream 4) random variation
11 reactor cooling water inlet temperature random variation
12 condenser cooling water inlet temperature random variation
13 reaction kinetics slow drift

14 reactor cooling water valve sticking

15 condenser cooling water valve sticking

16 unknown unknown

17 unknown unknown

18 unknown unknown

19 unknown unknown

20 unknown unknown

21 value for stream 4 was fixed at steady state position constant position

%3 PCA, NMF, SNMF 3 #7547 TE SIZRIEFRENZR
Table 3 Fault detection rates of PCA, NMF and SNMF in TE process

PCA NMF SNMF
Fault number
% SPE/% N/% SPE/% N1% SPE/%
1 99.25 99.875 99.625 99.625 99.75 99.125
2 98.625 98.625 98.625 98.25 98.625 98.5
4 26.125 100 87.875 96.5 99.375 99.25
5 22.875 35.375 24.625 42125 32.125 53
6 98.75 100 100 99.875 100 99.875
7 100 100 100 99.875 100 100
8 97.25 97.375 96.875 93.75 97.375 95.5
10 2425 475 37.625 47.125 38.625 53.375
1 435 70.875 36.875 62.125 63 64.875
12 98.25 96.125 91 92.25 90.75 93
13 94.5 95 93.25 91.5 93.875 93.125
14 98.5 100 86.875 87.625 91.875 90.125
16 8.5 46.125 53.875 63.625 66.5 64.625
17 76.25 95.75 55.875 57.25 59 60.75
19 6.375 20.875 18.25 215 20.625 22875
20 24.125 56.5 37.75 53.875 50.25 53

N, ISR 21 ~KASHATUES, Ha ) WK, o FEEROY 10,

{HXEECN 0 I, SNMF BINMESHI NMF; e 3.2 Z5RHE

R IE BGOSR, ARITIEAEERHET . o B WO I A D PR B I A R AR e . 3 AT
{EE /NI RE R AR B, Frilgads: R MA R IR 3 fr.
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Fig.2 Monitoring results of PCA, NMF and SNMF for fault 4
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