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Abstract: A novel online self-organizing fuzzy neural network (FNN) based on the improved Levenberg-Marquardt
(ILM) learning algorithm and singular value decomposition (SVD) is proposed to predict the effluent total phosphorus
(TP) in a wastewater treatment process. The centers and widths of membership functions and weights of output layer are
trained by ILM learning algorithm. Meanwhile, the output matrix of the rule layer is decomposed with SVD, which is
implemented by one-sided Jacobi’s transformation. The neurons of rule layer are adjusted dynamically with growing and
pruning algorithms, which are based on the singular values. In addition, the convergence of the proposed ILM-SVDFNN
has been proved both in the structure fixed phase and the structure adjusting phase. Finally, the validity and practicability of
the model are illustrated with three examples, including typical nonlinear system identification, Mackey-Glass time series
prediction, and prediction of effluent TP. Simulation results demonstrate that the proposed ILM-SVDFNN generates a
fuzzy neural network automatically and effectively with a highly accurate and compact structure, and it can well satisfy the
detection accuracy and real-time requirements of the prediction of effluent TP.
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4 SEIGHEFT(Experimental studies)
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Table 1 Performance comparison of different

algorithms (all results were averaged on
30 independent runs)

2 YHERIZ 02 7T

Bk -

No. Time/s RMSE APE
ILM-SVDFNN 5 6.93  0.0062 0.0107
LM-SVDFNN 5 933 0.0063 0.0109
DENN!! 6 1723 0.0283 0.0104*
GDFNN!?I 8 18.12  0.0108 0.0040*
SOFMLS!3! 6 16.22  0.0290 0.0107*
FAOS-PENN! 6 725  0.0252 0.0093
GP-FNN!!! 6 16.14  0.0107 0.0039
SOFNN-ACAIY 6 9.56  0.0105 0.0039
SOFNNGA!!"! 4 6331 0.0146 0.0054*

T No R AR JE A2 7o Time Rz A7 (8]
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1 Z[yi(t) —yP ()]
MEEPE T )

MZE A LLE H, ILM-SVDENN Il i{RMSE Ay

0.0062, B /N T HAB S (APE A8 5). e 2R 24

x 100%. (50)
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4.2 Mackey-Glass B [A] J3 %1 Tt #l] (Mackey-Glass
time-series prediction)
Mackey-GlassH 8] ¢ 51 ] (5 1) Fik 1 157
z(t+1)=(1—-a)x(t)+ l—ﬁg;(fo(tT—)T)’
He:a=01,b=0.2, 7 =17, 2(0) = 1.2. T
RN R E{x(t), 2(t — At), - ,z(t — (n
— 1) At} RIM (¢ + H) 918,
KYH = At = 6,n = 4, BIRME 1R
z(t+ H) = f(x(t), z(t — 6), z(t — 12), z(t — 18)).
(52)
FRIE R (52), 73 IR WX 2% 456 4l 4821 F14-80
—20- 1A PR AR FE X (51) 72 A2 1000/ MEEAR, e
AT SOOMFEARFH TN 2R, TR 500 MEAH T,
BloZs H T IRt FERUN Z 2 e A i 0, A%
KA e R 6N LA, RIFBEIRE — NEONKE
fRII LR 458, P74 T IR R8T AR R ZERMSE
AL HH 2K,
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Fig. 6 Number variation of normalized neurons
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& 2 TRl kA b & (3B 17300k KT 34H)
Table 2 Performance comparison of different

algorithms(all results were averaged on
30 independent runs)

2RI Z A2 7T

Hik )

No. Time/s RMSE APE
ILM-SVDFNN 6 15.04  0.0086 0.0072
LM-SVDFNN 6 19.78  0.0086 0.0075
DENNMU 7 9223  0.0131 0.0093*
GDENN!!2! 11 87.12  0.0118  0.0084*
SOFMLS! 7 52.35%  0.0471 0.0335*
FAOS-PENN'4 11 18.18  0.0127 0.0090
GP-FNN!! 9 56.14  0.0107 0.0076
SOENN-ACA'®! 7 2733 0.0107 0.0076
SOFNNGA!!! 7 168.35% 0.0132  0.0094*

VE: No. ZOREZ AU ZME o8 TimeRoRig{Ti [l
87 FORESASCRAMEAE, ZHICHR15] 40 HIEER.

MF20] LA H, ILM-SVDENN ) 5 2 41 28 713k
N6, IBATI 1] 915.04 s, MIARMSERIAPESY %I A
0.0086410.0072, Fir A fabr#f A T- H AR V. #HILLM
HE, UM RIS AT (A>T 4.74 s, 45 AR
ILM-SVDFNNiil i Bt HE LM S £ 2% =) 8035 1 X 2% 45
FATELE F SV, 4812 5 A8 STz AT RE1S B4
KA.
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4.3 757K Ab B H /K S 8% T (Predicting effluent
total phosphorus in WWTP)

KERIBEHEN Z IR, REREREY KRS
A, IIMTSBUKME E & 7 R G o™ ERIES G
R, I EKAE (RS KA BE 5 Je P HETsohn
(GB18918-2002)) HX B (I HEAT /™ Ks IO FRHE. BEE
HEBOPRAE B B2 e, Dot S AR 51 T K, 15 KA BT
Xt EVBRAGTIE FEE P SR thoRs Bt sy . PRI AR SR
FHILM-SVDENNAA) f H 7ICE i T A 7R, DA 2
BRI R K.

T 7K AR ER A A S N e o S B v A B e He i
F3FR. MAER TIN5 7K AR B T 3R 201 546
8 L4021 %5, 1 SR /MR A (sym8/ N L 22 70
i BRI 2O REAT FERRALEE, ALPERCR INE 10771,
RS PEA L B AEAIL1 23 AR A A R i 2,
HAR369MREAAE N UIZRAE, #459-18-2- 1 Tl A5
.

A3 THEEAEXL
Table 3 Measurable variables and significance
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MEI117] BLE H, ILM-SVDENNZES BT B Ae 1%
MR M ZTT, 3 H—IRAT LM Z N TUR 4T,
Bz — R B A U — R BRI — N e
TCH PR A 25 AN RAZ BT R AR 2 SR ARTE R
VT2 B P 2 0 e, PR o RS K AB BT IR AN
FERCRT M ETREA, T A2 — B ] AR A A B
Bz HoAh B HLUREN DL S g E AR v A B i HiE 58
. A 12 FE 13 7] BUE H, 5 K A0 B 7K 8
Tole %) TN S 8 s o, OO 5% 22 = AR R 7 420.1 mg/L
Z ), /N SE R K AL B R RS W S YRR 2
40.5 mg/L.

M Z4R] LLF H, ILM-SVDENN ] Il i RMSEA
APE 73 5l 5 0.1061F10.1161, A~ 1X /s T EBP-FNN,



232 oA R 5 N A

34 3

mHSEMAEEME B — e REERE. ILM-
SVDENN HJiz 4T} ] 4 22.15 s, H ILM-ENNJ&Z> 1
12.23 s, tKLM-SVDFNN& /b 1 — %, iX 32 %
FE IR 1% ) ZH BB o 22 X 488 4] G s AR 00 D) B e
A TR R R, S AN RO TN B AN BN 5L
AN GRAEAZARNT L2, 01 R R 3% SO LM I TR
TR £ AR A o B AR B R SO 2 I ILM-
SVDFNN il 5 7Y 55 47 i A2 17 H /K Ll 28 ik
FERTIIN R 75 3K, A3 BT B & B R B e 2 i /K
B E Tk

% 4 TR AR AR (B B AT 30K K -FH18)
Table 4 Performance comparison of different
algorithms(all results were averaged on
30 independent runs)

ik No. Time/s RMSE APE
ILM-SVDFNN 10 22.15 0.1061  0.1161
LM-SVDENN 10 40.05 0.1078  0.1167
ILM-FNN 10? 34.38 0.1296  0.1412
EBP-SVDFNN 14 85.76 0.1766  0.1690
EBP-FNN 10? 11437  0.1944  0.1840
DENN 12 56.87 0.1763  0.1644
GDFNN 9 46.83 0.1539  0.1628

TE: No AR i &M ZAP 2 TCH; TimerRiz AT a];
EBPHRINR IR ZE R AL F8 5
ORI R H AT,

5 458 (Conclusions)

ASCHE T U LM BEIEAISVDR & | —Fh e 2 B
H LSRR 26, I T T R 2R P 2R G i A A
75 7K AL R FE HA KRB TR SO3E LMy i S
P ARG RN, 5T FRB e R E. 18
i 1 ) il Jacobi 8 e SEIS VD, 7] LA € 7 F1E 5
TN JERPEE T2 (B X K R, 45 A K AEBTHRR,
NI BE % SR X 2 S5 R 7E 25 L S0 HE . /K BT
I, AELRIE R G EA DL & Mackey—Glassit [7] 7 471 i
SEIG 5 B 45 SRAGAIE T AT 22 IR TLM-S VDFNNAMY
BENE 3145 — AN URE 187 110 X 4% 5 Ky, T L 194 8% 7 A ik
J& - TROMRE FE Az AL RE D1 ER A O FE B, XK
Ab P R S S ) SE R AS I HLA — 8 B I SR X
B A, B AR SCNREAR SSRGS, BN AS T
HE (P [R] (] B ] CAEEE /N, PAFe i e A H
oA 5 B AR TR RFEARSELS, T kb iz 4T
i8], 55 ZEEUROK 1 [RIBR AP 4, 1X rT g2 S ECE IS
B ERFERNZ A RE I BRI, 75 B — Dt A
Y.
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