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Structure Design for Recurrent Fuzzy Neural Network Based on
Wavelet Transform Fuzzy Markov Chain

QIAO Jun-Fei? DING Hai-Xu'»? LI Wen-Jing" 2

Abstract
difficult to be self-adaptive, this paper proposes an RFNN structure model based on wavelet transform fuzzy Markov chain

Aiming to solve the problem that the recursive variable in the recurrent fuzzy neural network (RFNN) is

(WTFMC). Firstly, it records the fuzzy membership degree of hidden layer neurons in time dimension, and decomposes
the time series by wavelet transform. The future period of the subsequence is predicted by fuzzy Markov chain, and the
adaptive recursive variables are obtained by combining the predictors into the recursive function. Secondly, the gradient
descent algorithm is utilized to update the parameters of RFNN in order to ensure the accuracy of neural network. Finally,
the feasibility and validity of the neural network model are demonstrated by several benchmark problems in nonlinear
system modeling and the prediction of key water quality parameters in the practical wastewater treatment.
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FNN [¥)5 )8 eR 22 Rt 7 b )3 38, 580 1 25 (1)
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BERE SRR S, Lin 2504 30 0 76 5 2 AN
N2 2Z BV ST SOt 2, W 28 b — ) Z0) 1) i H AR
NBARTHIEN, B8R T M EaEbE. Wu 2500
FEH T RS B TR RENN, RO fih 28 1 4%
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RO, BT T3 VA A 5T 25 1 0 99 2% 10 oF 5 A
. Zhang 2508 HiF T — R R IACZ (Long
short-term memory, LSTM) M5 H T Z B0 T
AR, 1 45 BE A B A M A ] T A IHREAE, 12
fe SRS (RO HER 2, 5 A Gt ad A PR 28 Y 28 A 1,
LSTM 4 2% it % B8 fef- by Y0l ik ) > 470 v [ g AN ZE 3R
AR R A, SR HE N R  FE B+ AR A I
Ko, Tovk RUFHIE ) TR 4E B . AR om ) D FE AR
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IV 1 A9 T T 4 i O 245 (1) T g )t AT gk /s I %
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JYREAT 1R, DRI D% 8% PN 308 1R 8 A 52 B0 — 5 1 I )
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2545 15T TR 470 8 P S8 e AR A A = ), g b
0 286 290 SU FRp AT STt B2, e T ) 1Y % AR R SR R
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LA, AR R S S A S U TE DL D 9 25 (1) )
ATERE, K /AN AR e I 25 G A5OR H /R BB DL |
S AR ) RS T A AR B RN B SRV DAORAE
D0 5% TR WS SSOKE 8. S SR T J LA U 1] BRI 7K
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Fig.1 WTFMC-RFNN prediction model
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WTFMC-RFNN X%} Henon VBV RGN ShER
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B UEWZ SR BV VR A R SRS AR R 2
(Root mean squared error, RMSE) P4l Fitill £ 4
ER, i (24) Fros.




2372 H ]|

¥ {1

46 %
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ASzE Rl 6 Henon YR E R Fe i 8] 241 Tl
k5 3F WTFMC-RENN () F #vk, H2ia R
T

y(t +1) = —Hy*(t) + Qy(t — 1)+ 1.0  (25)

X H =14, Q = 0.3, y MAIEHEN [y(1),y(0)]
= [0.4,0.4]. FEEFEA 2000 41, HH+ 1000 41k
Wk, T4 1000 4L RMAR. 20 9 45 1) N2 Al
LMk 2, RIEEREZ A TN O 2 X 3
AN, BUWZ S IR E S SR E A ECh 3, Fith
JERZ TN 1.

WTFMC-RFNN %} Henon & £ 45 i 6] 41
1% RMSE Wil 2 iR, 76K FH AR R 85 8 1
WTFMC-RENN U5 T $din 48 1) RBAFE
1Mt RENN B A SR A SOE . 6 A A
(PPN Sk Z= an i 3 1 4 o,

0.18 T T T T T T T T T
— WTFMC-RFNN
0.16 = = RFNN 1

0.14

4 RMSE
(=] (=] [l (=]
o =) o = —
S N (=] —_ (39

o
=)
)

L
~ -
See o

N

0 50 160 15‘0 2()"0 250 300 350 400 450 500
AR
Kl 2 Henon ARG VIZAFEA RMSE
Fig.2 RMSE values in the training process of the Henon

=}

chaotic system

VSR A TR U IR RS G PN s A 3
e BT A2 B CHE U B A BDR 22 R 2% (Inter-
actively recurrent self-evolving fuzzy neural net-
work, TRSFNN)[26] | Jy35 5t I 15 kA0 ARORY 4o 5 190 &%
(Recurrent self-evolving FNN with local feedback,
RSEFNN-LF)P7 | 47 W24 2] (1) TSK AL ISR
M (TSK-type recurrent fuzzy network with su-
pervised learning, TRFN-S)[28] /N i 45 #e s )1 4
22 M 4 (Wavelet-based recurrent fuzzy neural
network, WRFNN)??! F1 RENN HH17 Lb4g, M
1 W[ LAE H WTFMC-RFNN HLA7 5/ (1 B 5 2 4o
20N (3) Fds/ M YIZ: RMSE (0.0030) Al
X RMSE (0.0057). Bk, 5Bk F LRy 4t 1L,

WTFMC-RENN #i&E 4T Henon Wy 8] 741 1Y
L1 R G A

1.5

W)
<

195 ol 05 0 05 I 15
we=1)
3 Henon JRIERGI A SRR
Fig.3 Desired and predicted outputs of the Henon
chaotic system

03
5107

TR 7

0 ldO 206 30‘0 406 50‘0 60I0 70‘0 SOIO 90IO 1 000
WARFE AP 5
&l 4 Henon YRV ZGEMINARE A 1) P00 1% 22
Fig.4 Prediction error in the testing process of the
Henon chaotic system
%1 RFMZR Henon I 741 (1T &5
Table 1  Prediction results of Henon chaotic time series

with different networks

W 5% I gk RMSE  #llit RMSE
WTFMC-RFNN 3 0.0030 0.0057
IRSFNN (Ful)!2¢] 3 0.0160 0.0140
IRSFNN(TSK) ¢! 4 0.0170 0.0150
RSEFNN-LF[27] 9 0.0320 0.0230
TRFN-S[28l 6 0.0280 0.0270
WRFNNI[2?] 7 0.1910 0.1880
RFNN 3 0.0088 0.0136

4.2 ETSRGEPHI
ARSI S AT IR B A R G OK
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I53F WTFMC-RENN [ %41k, HkikUanr:

y(t+1) =0.72y(t) + 0.025y(t — L)us(t — 1)+
0.01u2(t — 2) + 0.2u; (t — 3) (26)
o,y AR y(1) = y(2) = y(3) = y(4) = 0,
u(t) = 1.05sin(t/45). FEHFEA 2000 41, F41 1000
YLHR N ZR, T4 1000 2 KM, o il Re A
(1 w(t) RIEX e

sin (5%) t < 250
1.0, 250 <t < 500
u(t) = ¢ —1.0, 500 < ¢ < 750
0.3sin (3£) + 0.1 (3%) +
[ 0.6(%), 750 <t < 1000

(27)

1

R

0.6

0.4

0.2

UARUR

0

il

-0.8

0 100 200 300 400 500 600 700 800 900 1000
WARFEA R

6 ZIBRGHERUGIER
Fig.6 Sample fitting effect of dynamic system

0.1
PREE N 28 VN AR ST AR 5, SRR s £ = 0.08|
ST 5 X A4 A, BRI 2 55 R 006
Lo AN A, Hrth EARA TN 1. ol |
WTFMC-RFNN 5 RFENN X} 87 #F 1R & 46 ool
% RMSE Wi 5 fis, XM kg, 50 Mwwmw
WTFMC-RENN [ 7 K 5 (0 SR, 2 "
itk RENN HAT BRI SR . kb A % '
(RTINS Z= ] 64 BT P, 004y
R ~0.06
. —— WTFMC-RFNN ~0.08
~0107700 200 300 400 500 600 700 800 900 1000
0.03 WRFEA TS
00251 K7 BhaAS RS A B Tl 2 2
E Fig.7 Prediction error in the testing process of
f;@ 0021 dynamic system
=0015F
001k | R 2 NFEMEX NSRS TIN5 R
Table 2 Prediction results of dynamic network with
0.005 & __________ ] different networks
O0 16 26 36 46 56 66 76 86 96 100 W £ Mm% YIgs RMSE i RMSE
TEACIREL WTFMC-RFNN 4 0.0021 0.011
5 HAERRGIZGAEEA RMSE IRSFNN(Ful)(20) 3 0.011 0.031
Fig.5 RMSE values in the training process of the IRSFNN(TSK)[] 3 0.015 0.036
dynamic system RSEFNN-LF[27] 4 0.020 0.040
TRFN-S28] 3 0.032 0.047
9T AR % W9 25 SR [ A R, ) bl S EG iE WRFNN29] 5 0.064 0.098
I T IRSFNNE6 | RSEFNN-LFE27, TRFN-S28, RSONFIN!20] 4 0.025 0.078
WRFENNERI 3 U5 [ 412U 4 B4 25 4% (Re- HO-RNFS31 3 0.054 0.082
RFNN 4 0.0047 0.025

current self-organizing neural fuzzy inference net-
work, RSONFIN)BO & i i 9 i 48 45 4 & 4t
(High-order recurrent neuro-fuzzy system, HO-
RNFS)BU il RENN AT T Hog, s 2 o
PLFE H WTFMC-RFNN HA H/MIilZ RMSE

(0.0021) Frs/ il RMSE (0.011). P, 5P
LR 75 e, WTFMC-RFNN B & & T34
RGP
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4.3 Mackey-Glass B8] F 5 Fi

ALY A TR Mackey-Glass B ) R 51 Fiil
FesiF WTFMC-RENN {4 %chk, kR k-

bx(t — 1)

x(t+1)= m

(1—a)z(t) + (28)
Kb, a0 =01, b = 0.2, 7 = 17, 2(0) = 1.2. Fil

B (29) Fhos, ) At = 6.

z(t+ At) =

flz(t), z(t — At), z(t — 2At), x(t — 3AL)]

(29)

EHUFEAS 1000 21, b 500 240k IZR, FR

500 41H SRR, #2819 2% I N 2 4 oA B0k
4, ) R B AT ECN 4 X 6 A, B
2 JE AR SR AR TN O 6, Fnth = ez oT o 1.
WTFMC-RFNN X} Mackey-Glass i [f] J¥ %]
fZs RMSE @il 8 irow, wl & 7Rk HI AR [R] ) &5
Fit, WTFMC-RFENN [R Ay o151 5080 4 1 e
JZ, Pl RENN A5 R 40 31l ot 2. el
FEA BN AR S ZE sl 9. B 10 s, T
D2 0 25 AR R AT R0, 6 EESEBR B I T TRFN-
S8 B A 22 M 4% (Dynamic fuzzy neural
network, D-FNN)B2 | 3T 57 K i) 5 [7] 9 1) Jag i 36
VAR #h 22 W 4% (Locally recurrent fuzzy neural
network with support vector regression, LRFNN-
SVR) W2 BEF Ty REHE 42 (1 SCA Bl [RDRL 7 FF AR o
2 W 4% (Functional-link-based neural fuzzy net-
work with cultural cooperative particle swarm
optimization FLNFN-CCPSO)®3, e # 7 £ [
LA TR LB A 22 I 4% (Fast and accurate online

0.12 T ; i T ; T ; ; T
" — WTFMC-RFNN
= = RFNN
0.1 1
0.08
S
=
~ 0.06
N
0.04
i
\
v
0.02H
~
N e e e e
0 . . . . . . . . .
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AR EL

Kl 8 Mackey-Glass I R4 Z5FEA RMSE
Fig.8 RMSE values in the training process of

Mackey-Glass time series

self-organizing scheme for parsimonious fuzzy neu-
ral networks, FAOS-PFNN)B4 I RENN #4177 Lk
&, W% 3 FJLLE H WTFMC-RFNN R4 R/
Y% RMSE (0.0070) F1ill it RMSE (0.0079). [Al
ik, UL EJURI VAN B, WTFMC-RENN B &
T Mackey-Glass W [i] 771 ] G 5.

4.4 AELMERZEPHA

AR SZIG R JE e AR 2 AR 4 T R 56 IE
WTFMC-RENN ({0, gk

y()y(t — Dly(t) +2.5]

yt+1) = (t) (30)
(0 g 1)
1.4 —
13 e s |
12 ﬁ ﬂ
11
w !
fé 09
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05 | i
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Fig.9 Sample fitting effect of Mackey-Glass time series
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Fig.10 Prediction error in the testing process of

Mackey-Glass time series

A, w(t) = sin(27/25),t € [1,600];4(0) =
y(1) = 0. =X (30) w/ 4, B h 3 MwmA
y(t),y(t — 1), u(t) A1 A%l y(t + 1) 4l &

HUREAS 600 41, ot 500 41 H k145, T4 100 4
FHRIAR. #h2E W 2% B4 N JZ & oA Bl 3, £)8
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TofR K& FT WTFMC S 18 RO fh 28 W 4 £ 0 % v 2375

JE R EUZ A TCAN SN 3 X 6 A, BUNZE . 2
L JE R E TN 6, Frt 2ol 1.
WTFMC-RFNN 5 RENN %} AE£k % & 48 16
W&k RMSE Wil 11 Frow, 76K FAH [ 16 458
WTFMC-RENN K 4 o1 87 £ 48 19 G FE B2,
PRI B RENN HAT SR () AW SO B . % U RE
AT Kk ZE an b 124 B’ 13 i,

£ 3 RN Mackey-Glass B [H) 371 i Tieill 45 5
Table 3  Prediction results of Mackey-Glass time series

with different networks

) 2% % 1% RMSE ik RMSE
WTFMC-RFNN 6 0.0070 0.0079
TRFN-S[28] 5 - 0.0124
D-FNNI32] 10 - 0.0082
LRFNN-SVRI[!'?] 3 0.0407 0.0550
FLNFN-CCPSO[33] - 0.0083 0.0084
FAOS-PFNN[4 11 0.0073 0.0127
RFNN 6 0.0098 0.0171
0.05 : ; ; ; ; ; ; ; ;
0.04 i

Y% RMSE

Se o
___________________

](I)O ]éO 1‘40 ]60 ]éO 200
EARHL
K11 JEZIE RSV A RMSE
Fig.11 RMSE values in the training process of

0 20 40 60 80

nonlinear systems

T IR i WY 4 R R ) R, ) b SE 5
#HL T IRSFNN (TSK). RSEFNN-LF. TRFN-
S. WRFNN. HO-RNFS. FAOS-PFNNP4| 5%
O 28 W 4% (Dynamic fuzzy neural networks,
DENN)BSL, | SCZ) 2 B #1221 2% (Generalized
dynamic fuzzy neural networks, G-DFNN)B6 i
RFNN g7 L8 S, WK 4 v L& th WTEFMC-
RENN HA &Mk RMSE (0.0023) Flfz /M)
WX RMSE (0.0048). ik, 5 LA JUR 7725 L,
WTFMC-RENN 53 & T ARGt R U A

— S
= o= T4

0 1‘0 2‘0 3IO 4lO 5‘0 6I0 7‘0 SIO 9b 100
TRAT A7
12 R RGGRCR
Fig.12 Sample fitting effect of nonlinear system
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Fig.13 Prediction error in the testing process of

nonlinear system

T4 AR LT AR TR G ) TN 4 AR
Table 4

identification with different networks

Prediction results of nonlinear system

ZE g Ik RMSE il RMSE
WTFMC-RFNN 6 0.0023 0.0048
IRSFNN(TSK) 8 0.0065 0.0131
RSEFNN-LF 7 0.0077 0.0125
TRFN-S 6 0.0048 0.0104
WRFNN 10 0.0059 0.0146
HO-RNF'S 6 0.0051 0.0097
FAOS-PFNN/[34] 5 - 0.0252
DFNNI33] 6 - 0.0283
GDFNN{3¢] 8 - 0.0108
RFNN 6 0.0087 0.0167

4.5 FIKAIE — HKERIKE TN
HKE A (NH,-N) S35 K A BE b AR 7K i ) T
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Lfabr e —, RAGBENARGNE . RINAR L, 2
SR AE S I HEAf U HIR BE . A SCRIH WTFMC-
RENN XJ 75 7K A 3k B2 o K s e AT A, 1
I 7K B A (Total nitrogen, TN). A %A (NOs-
N). WAHES (NO2-N) . AHLA . &% (Total phos-
phorus, TP). WA A VF M4 WK (Mixed liquid
susp-ended solids, MLSS) LA gt ith 5 e UL B bb
(Settling velocity, SV) 1£4 WTFMC-RFNN [fJ%i
ANZE i, WTFMC-RFNN (#4148 &8 o K ZUA
AL BT H K T A R AT B, LA 3
300 & H s i RN [R) M AT 51, S BUHT 200 41
VE R INZEREAS, 410 100 AAE S MRAEAS. il
W L8 IR N S e AN 7, SR8 B BUZ M T
AN T X124, BN BIHE S S E M0
ANECh 12, =& IR 1

WTFMC-RFNN Xf /K2 & 1)I12: RMSE 4
14 Fors, fERHAH R 258, WTFMC-RFNN
R0 VR T B R R OGRS, BRI Lk RENN AL
A S B PR A ST AT SISt A AR 1 S 2k S B
AW 15, B 16 Fros. A 7 i i kY g A5 Y
(A 2, S seKiE ; T TREN-S. WR-FNN,
HO-RNFS #l RENN #4174, IRSFNN (TSK).
RSEFNN-LF. M\ 5 A LUAE Hf WTFMC-RFNN
HA B DMREEME A (12). SRl
RMSE (0.0041) A/~ RMSE (0.0351).
I, 5L EJUR T vEX, WTFMC-RFNN 836 A
TG IKAL B b IR K S R R A

03 T T T T
— WTFMC-RFNN
= = RFNN
0.25 1
0.2

il RMSE
o
S

0.1F

80 100 120 140 160
IEARIEL
K14 HKEEIZEA RMSE
Fig.14 RMSE values in the training process of
effluent NH4-N

180 200

5 it
St s VARG Ao 220 D0 5% 110 336 U1 ¥ LA 19 3 1 9

R R L SR T AT WTFMC H i RO
2 M2 RTINS, HAT DL RS AL

2 i 46 %
8 T T
— SIfs%

71 - il |
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Fig.15 Sample fitting effect of efluent NH4-N
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Fig. 16 Prediction error in the testing process of
efluent NH4-N

R 5 AN M2 K A T 2 R
Table 5 Prediction results of efluent NH4-N with

different networks with different networks

W & Mg W% RMSE  i{ RMSE
WTFMC-RFNN 12 0.0041 0.0351
IRSEFNN (TSK) 16 0.0052 0.0468
RSEFNN-LF 12 0.0048 0.0404
TRFN-S 14 0.0045 0.0394
WRFNN 15 0.0053 0.0529
HO-RNFS 15 0.0047 0.0458
RFNN 12 0.0041 0.0437

I o 45 P 0 D 5% 1 I e 00 i A\ e R R
IR AR, SEL T 2% (RSl S AR aid )1 4
LRI LE, AZAE AT T I AE 22 AN IE LI %K)
A S, HAT SR A A BES) 245 B RE )5 T x
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