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Robust Weighted Fuzzy Clustering for Sewage Treatment Process Monitoring
ZHANG Rui-Yao' ZHOU Ping'

Abstract Aiming at the problems of strong nonlinearity, little prior knowledge of faults, and difficulty in identify-
ing abnormal working-conditions in the sewage treatment process, this paper proposes a novel process monitoring
method based on robust weighted fuzzy c-means (RoW-FCM) clustering and kernel partial least squares (KPLS).
First, the KPLS algorithm is presented to reduce the dimensionality of the high-dimensional input variables for the
sewage treatment process with complicated nonlinear coupling characteristics. Second, the fact that in view of the
traditional fuzzy c-means algorithm based on nearest neighbor assignment is sensitive to outliers and there are un-
balanced clusters in clustering, an RoW-FCM clustering algorithm is proposed, which fully considers the relation-
ship between samples. For this RoOW-FCM, by introducing the possibility partition matrix as the weight parameter
to distinguish and weight different samples, the robustness of outlier data clustering is improved, and the problem
of unbalanced cluster is solved by introducing the cluster size control parameter. By clustering the score matrix
after dimension reduction with KPLS, the membership matrix can be obtained, which will be used for detecting the
abnormal working-conditions. On this basis, the regression model between the membership matrix and the process
variables is established, and the resulted variable contribution matrix, which describes the explanatory degree of
each cluster, will be used to identify the abnormal working-conditions. At last, both numerical simulation and data
experiments of sewage treatment process show that the proposed method has better robust performance and better
effect in detecting and identifying the abnormal working-conditions.
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Fig.1  Schematic diagram of sewage treatment process
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Fig.2  The monitoring algorithm modeling

strategy in this paper
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#1 FCM. PCM. PFCM. RoW-FCM %%Z#(
Table 1 FCM, PCM, PFCM, RoW-FCM clustering parameters
o FCM PCM PFCM RoW-FCM
" vt vl wi wi vl vl owl owi ul v wl oW
1 0.973 0.027 0.799 0.798 0.021 0.979 0.026 0.547 0.991 0.009 0.833 0.999
2 0.991 0.009 0.859 0.858 0.010 0.989 0.032 0.755 0.989 0.011 0.839 0.999
3 0.995 0.005 0.861 0.860 0.002 0.998 0.032 0.940 1.00 0.000 1.000 1.000
4 0.967 0.033 0.848 0.848 0.026 0.975 0.032 0.555 0.989 0.011 0.834 0.999
5 0.988 0.012 0.916 0.916 0.013 0.987 0.042 0.770 0.986 0.014 0.840 0.998
[§ 0.012 0.988 0.916 0.917 0.987 0.013 0.770 0.042 0.012 0.988 0.999 0.861
7 0.009 0.991 0.859 0.860 0.989 0.011 0.755 0.032 0.011 0.989 0.999 0.835
8 0.005 0.995 0.861 0.862 0.998 0.002 0.940 0.032 0.000 0.999 1.000 0.998
9 0.033 0.967 0.848 0.849 0.975 0.026 0.555 0.032 0.011 0.989 0.999 0.835
10 0.027 0.973 0.799 0.800 0.979 0.021 0.547 0.026 0.010 0.990 0.999 0.811
11 0.500 0.500 0.997 0.997 0.500 0.500 0.125 0.125 0.069 0.931 0.985 0.274
12 0.500 0.500 0.632 0.632 0.500 0.500 0.026 0.026 0.997 0.004 0.060 0.999
. v, = (-3.616, 0.383) v, = (0.001, 0.369) v, = (~3.736, 0.240) v, = (~3.989, 0.010)
4 oL
- v, = (3.616, 0.384) vy = (0.007, 0.369) v, = (3.736, 0.240) vy = (3.910, 0.000)
N r = 0.543 = 4.016 = 0.357 7 = 0.010
i B 25
7= 0.543 = 4.010 = 0.357 7 = 0.090
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Table 2  The main process variables that affect the effluent quality of the sewage treatment process
gL fEae) BRI E X P (o A L
1 Qin KB 15 Ss3 SR 35 tEV R R DR
2 SNt in MK E IR E 16 Sarks SRSEI 3 LR
3 Xpma SR L 1 7 T AR 17 XpHa FSLM 4 VE PSR IR AR
4 Sno SBE 1 A R 18 Xpay SRS 4 V5P A SR A E
5 Ss1 S 1 5 AR DR 19 S04 SNE 4 VAR AER EE
6 Savk, SN 1 e 20 Sia i 4 FRIRE
7 Xpua SR 2 V1 R AR 21 Ss4 i 4 YRR A NUR Y
8 Snop ST 2 B G B 22 Sarka SRRLI 4 i
9 Ssa S 2 5 A AR DR & 23 XpH,s FSL 5 P R AR
10 Savk2 SRV 2 e 24 Xpas S 5 S P R AR
11 Xpns SR 3V 1 S R T AR 25 Sos SN 5 VA AR
12 Xpags Je i 3 EtE AR E A R 26 Snis i 5 =RIRE
13 Sos SR 3 VAR AR I 27 Ss5 SN 5 B eV R AT MR
14 Swuz R 3 R E 28 Savks SRR 5

H FCM. PCM. PFCM LA} A& RoW-FCM P4

SJB AR B, A0 PCM B3N RE W ) 381 795 i S

BEAE NN SR L HEAT X b, IR Tl 5k 0
30 IR 2 RAE NI A 85 2R, Wik 3 Fios,
RERWE 7 ~ 10 fros. WLUEH, PCM Hiki T
FEEARE, HRIIRE, 4550H 8 1 PCM

W L. AR, AT PLE 3] FCM. PECM FIASC RoW-
FCM =FhJ5 v 35 e o W I 31 53 8 T 00, {H2 % 30
FCM Ml PECM 4 Flt 595 10 552 J8 Ji2 0 PR A % Bl 3%
K, HAE 0.5 FHEIX /3 EAH &, SECRHIRE
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Table 3  Clustering accuracies and numbers of iterations of different algorithms
, RAWSERIREL
RRIEMHF (% PNV
— AR () (BRI 10, 300405 50)
FCM PCM PFCM RoW-FCM FCM PCM PFCM RoW-FCM
IEH T 92.3 80.8 93.9 97.5 — — — —
S L1 75.0 6.3 76.3 96.0 45.1 14 29.1 23.6
ST 2 80.3 3.5 77.5 97.0 — — — —
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Table 4 Abnormal condition recognition result table
s IEH L SFETH 1 ST 2 %' IEH Tt FE TN 1 SH T 2
1 0.133 0.339 0.528 15 0.254 0.465 0.281
2 0.150 0.321 0.530 16 0.297 0.255 0.448
3 0.454 0.481 0.065 17 0.450 0.464 0.086
4 0.453 0.395 0.152 18 0.354 0.424 0.223
5 0.093 0.577 0.331 19 0.238 0.260 0.503
6 0.305 0.247 0.448 20 0.124 0.352 0.524
7 0.456 0.477 0.067 21 0.236 0.482 0.283
8 0.010 0.307 0.683 22 0.281 0.245 0.475
9 0.241 0.473 0.286 23 0.446 0.458 0.096
10 0.361 0.290 0.349 24 0.352 0.418 0.230
11 0.453 0.471 0.076 25 0.052 0.310 0.639
12 0.353 0.429 0.218 26 0.118 0.314 0.568
13 0.255 0.167 0.578 27 0.229 0.482 0.289
14 0.208 0.425 0.367 28 0.291 0.259 0.450
0.7
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Recognition results of abnormal conditions
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