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Abstract: Due to the nonlinear and highly time-varying issues of wastewater treatment processes, a wastewater treat-

ment control method based on adaptive recurrent fuzzy neural network (RFNN) is proposed. Firstly, the adaptive RFNN

identifier is used to establish the nonlinear dynamic model of wastewater treatment process. The model can afford the state

variable information of wastewater treatment process to RFNN controller, which can ensure the accuracy of manipulated

variable is adjusted by controller. Secondly, RFNN identifier and RFNN controller are learning through gradient descent

algorithm with an adaptive learning rate, which guarantee the convergence of learning process of RFNN, and a function is

constructed by lyapunov theory to prove the convergence of this algorithm. Finally, the simulation experiment carried out

based on BSM1 platform. Compared with PID, model predictive control and forward neural network control techniques,

the simulation results show that the proposed method can improve obviously the control accuracy of wastewater treatment.
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Fig. 1 The layout of AO

3 (Control system design)
3.1 (Control system architec-

ture design)
,
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, ,

.

,

, RFNN
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2 RFNN

Fig. 2 The online modeling control system of wastewater

treatment based on RFNN
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3.2 RFNN (RFNN structure design)
3.2.1 RFNN (RFNN identifier

structure design)

,
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,

.

MIMO RFNN 3 .

3 MIMO RFNN

Fig. 3 Network structure of the general MIMO RFNN

,

3 RFNN ,

. RFNN

ẎYY (k) =GGG(XXX(k),uuu(k)), (1)

:

XXX(k) = (www(k),μμμ(k),σσσ(k)), (2)

uuu(k) = [kLa Qa]
T, (3)

ẎYY (k) = [Q0 SNO]
T. (4)

www RFNN , μμμ σσσ

, uuu RFNN

, kLa , Qa , Q0

, SNO .

4 MIMO RFNN

Fig. 4 Network structure of the Split MIMO RFNN

RFNN XXX kLa, Qa Q0,

SNO . XXX

, ,

,

. ,

, 4 .

RFNN

ẎYY (k) =GGG(XXX1(k),XXX2(k),uuu(k)), (5)

:

XXX1 = (www1(k),μμμ1(k),σσσ1(k)), (6)

XXX2 = (www2(k),μμμ2(k),σσσ2(k)), (7)
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3.2.2 RFNN (RFNN controller

structure design)
RFNN 4 ,

YYY C(k) =GGGC(XXXC
1 (k),XXX

C
2 (k),uuu

C(k)), (15)

:

uuuC(k) = [e1 e2]
T, (16)

YYY C(k) = [ΔkLa ΔQa]
T. (17)

e1 , e2
, XXXC

1

e1, e2 ΔkLa , XXXC
2

e1, e2 ΔQa .

3.3 (Parameter learning)
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3.4 (Adaptive

learning algorithm and convergence analysis)
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. ,
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0 , .

:

ΔV (t) = ΔV1(t) + ΔV2(t) + · · ·+ΔVN0
(t),

(32)



1256 33

ΔVp(t) = Vp(t+ 1)− Vp(t) =

1

2
(e2p(t+ 1)− e2p(t)). (33)
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3.5 (Performance analysis)
BSM1

[18],

, ISE

IAE Devmax
,

:

IAE =
� t=tf

t=t0
|ei|dt, (48)

ISE =
� t=tf

t=t0
e2idt, (49)

Devmax = max |ei|. (50)

IAE ; ISE

; Devmax
.

4 (Simulation research)

BSM1 ,

BSM1 14 , 7

, 7

. kLa, Qa, DO,

SNO, .

, kLa

Qa .

, , 8–9

1.8 mg/L, 9–10

2.2 mg/L, 2 mg/L;

8–9 0.8 mg/L, 10–14 1.2

mg/L, 1 mg/L. 5–8

. , , ,

RFNN

, ; ,

.
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5

Fig. 5 Modeling result of DO identifier

6

Fig. 6 Modeling result of SNO identifier

7

Fig. 7 Control result of DO concentration

8

Fig. 8 Control result of SNO concentration

1 ,

PID, MPC NNOMC ,

RFNN IAE, ISE Devmax

3 . 2

, PID, MPC NNOMC

, RFNN

IAE, ISE Devmax3

. , RFNN

,

.

1

Table 1 Performance comparisons of DO under

different controllers

IAE ISE Devmax

RFNNMC 0.024 2.40× 10−4 0.0563

PID[1] 0.218∗ 3.11× 10−3∗ 0.1885∗

MPC[2] 0.089∗ 2.60× 10−3∗ 0.1254∗

NNOMC[10] 0.039∗ 5.31× 10−4∗ 0.0725∗

DADNNC[11] 0.032∗ 3.95× 10−4∗ 0.0606∗

* :

2

Table 2 Performance comparisons of SNO under

different controllers

IAE ISE Devmax

RFNNMC 0.026 3.18× 10−4 0.0827

PID[10] 0.220∗ 1.44× 10−2∗ 0.2584∗

MPC[10] 0.095∗ 7.46× 10−3∗ 0.2048∗

NNOMC[10] 0.049∗ 7.18× 10−4∗ 0.1626∗

* :

5 (Conclusions)
,

.

RFNN ,

,

.

, ,

,

, .

, 0.0563 mg/L

, 0.0827 mg/L

. ,

.
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